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Abstract 

Background: Cochlear implants (CI) are implantable medical devices that enable 
the perception of sounds and the understanding of speech by electrically stimulating 
the auditory nerve in case of inner ear damage. The stimulation takes place via an array 
of electrodes surgically inserted in the cochlea. After CI implantation, cone beam com-
puted tomography (CBCT) is used to evaluate the position of the electrodes. Moreover, 
CBCT is used in research studies to investigate the relationship between the position 
of the electrodes and the hearing outcome of CI user. In clinical routine, the estimation 
of the position of the CI electrodes is done manually, which is very time-consuming.

Results: The aim of this study was to optimize procedures of automatic electrode 
localization from CBCT data following CI implantation. For this, we analyzed the perfor-
mance of automatic electrode localization for 150 CBCT data sets of 10 different types 
of electrode arrays. Our own implementation of the method by Noble and Dawant 
(Lecture notes in computer science (Including subseries lecture notes in artificial 
intelligence and lecture notes in bioinformatics), Springer, pp 152–159, 2015. https:// 
doi. org/ 10. 1007/ 978-3- 319- 24571-3_ 19) for automated electrode localization served 
as a benchmark for evaluation. Differences in the detection rate and the localization 
accuracy across types of electrode arrays were evaluated and errors were classified. 
Based on this analysis, we developed a strategy to optimize procedures of automatic 
electrode localization. It was shown that particularly distantly spaced electrodes 
in combination with a deep insertion can lead to apical–basal confusions in the locali-
zation procedure. This confusion prevents electrodes from being detected or assigned 
correctly, leading to a deterioration in localization accuracy.

Conclusions: We propose an extended cost function for automatic electrode locali-
zation methods that prevents double detection of electrodes to avoid apical–basal 
confusions. This significantly increased the detection rate by 11.15 percent points 
and improved the overall localization accuracy by 0.53 mm (1.75 voxels). In comparison 
to other methods, our proposed cost function does not require any prior knowledge 
about the individual cochlea anatomy.
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Background
Cochlear implants (CIs) are implantable medical devices that can restore hearing to 
people suffering from severe to profound sensorineural hearing loss through electrical 
stimulation of the auditory nerve [1, 2]. The CI consists of two parts, the external and 
the internal part. The external part consists of a microphone, a sound processor, a bat-
tery and a transmitter coil. The internal part, which consists of a receiver coil and an 
electrode array (EA), is surgically implanted. After CI implantation, in many clinics and 
hospitals cone beam computed tomography (CBCT) scans are obtained to determine 
the position of the CI electrodes in the cochlea [3, 4]. The position of the CI electrodes is 
used to make sure that all electrodes are properly inserted inside the cochlea. Moreover, 
the position of the CI electrodes may be used in the future to support the programming 
and fitting of the CI [5–9]. Speech understanding outcomes very widely among CI users 
and some research findings suggest a relationship between the position of the CI elec-
trodes and the patient’s hearing outcome [10–14]. To test this assumption, it is necessary 
to determine the location of the CI electrodes in the cochlea using CBCT recordings and 
compare them with the speech understanding results of many subjects.

Determining the location of the CI electrodes in the cochlea is often performed manu-
ally, which is very time-consuming. In addition, manual localization requires knowledge 
of the anatomical structures of the cochlea and can therefore only be performed by a 
trained expert. In order to determine the positions of the CI electrodes in a large num-
ber of CBCT data sets, it is necessary to automate the procedure.

Several approaches for automatic localization of CI electrodes have already been devel-
oped [15]. On the one hand, there are approaches that are only suitable for specific EAs. 
EAs can be classified depending on whether the electrode contacts are closely spaced or 
distantly spaced. For closely spaced EAs, the individual CI electrodes are not visible on 
the CBCT image, making it difficult to locate the centers of the individual contacts. For 
distantly spaced EAs, the contacts are separated from each other so that their centers 
can be clearly determined. For distantly spaced EAs, one difficulty for the algorithms is 
to determine how the individual contacts are connected to each other. In a first approach 
for closely spaced EAs, Zhao et al. [16] proposed to first compute a feature image from 
the intensity image and the vesselness response of a volume of interest (VOI). Then, 
using a voxel thinning technique, the medial axis lines for the resulting structures were 
calculated and the centerline candidates were determined [17]. Then, a cost function was 
used to find a path with nodes that had the lowest cost. The nodes represent the position 
of the CI electrodes. Finally, the estimated path was resampled according to the expected 
electrode spacing. This method was developed only for EAs with closely spaced contacts 
and is not suitable for other EAs. A second approach by Braithwaite et  al. [5] used a 
defined filter chain (a threshold filter, a spherical filter, and a Gaussian filter) to find the 
centers of each contact in the CT image. Then, a sorting algorithm was used to arrange 
the individual contacts in the correct order. If the contacts were too close together, it 
was not possible to identify the centers of the individual contacts using the filter chain. 
A first approach suitable for all types of EA used gradient vector flow snakes to locate 
the 3D centerlines of the EA [9]. A second approach from Noble and Dawant [8], pro-
posed a graph-based method for electrode localization. Here, a midline extraction [17] 
was used to determine candidate points that could represent possible locations of CI 
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electrodes. Then, using a pathfinding algorithm, a cost function was used to reduce the 
number of candidate points to match the number of CI electrodes and minimize costs. 
The path is then refined so that individual nodes can be localized at sub-voxel posi-
tions. In Zhao et  al. [18], the approach of Noble and Dawant [8] is further developed 
by the method used to generate candidate points and how these are used in the cost 
function. To generate the candidate points, the selected volume of interest (VOI) is first 
scaled up to a size of 0.1 × 0.1 × 0.1  mm3. A feature image  If is then calculated. Each fea-
ture image is thresholded to 0, creating a region of interest (ROI). Next, a voxel thin-
ning method [17] is applied to the ROIs to generate candidate points. Then, similar to 
Noble and Dawant [8], a pathfinding algorithm is used to determine the position of the 
CI electrodes. For this purpose, the found paths are evaluated using a cost function. But 
unlike Noble and Dawant [8], the shape-based cost function in Zhao et al. [18] takes into 
account the degree of insertion (DOI) by punishing candidate points that have a smaller 
DOI value than the last node added into the path as well as the candidate points that 
are inserted more than half a turn (180°) before or after the endpoint of the path. For 
this, the DOI is estimated through a registration procedure based on prior knowledge of 
cochlear anatomy preferably obtained from pre-operative CBCT data. This method has 
the disadvantage, that it requires manual intervention or the use of additional algorithms 
for the estimation which increase the complexity of the procedure. Another approach 
by Bennink et al. [19] used standardized image processing steps to determine the posi-
tion of the CI electrodes. Here, the CT image is first smoothed with a Gaussian filter. 
Then, a curve tracing is performed that successively searches for the voxels with the 
highest intensity within a given area. Finally, the obtained curve is smoothed and corre-
lated with the inter-electrode distances defined in the CI specifications to determine the 
final electrode position. However, this procedure requires some prior knowledge, e.g., 
the EA must intersect the left or right boundary of the ROI. In addition, there are con-
cerns that the tracking method of the procedure may fail if the individual contacts are 
too far apart. Chi et al. [6] proposed a method in which the position of the CI electrodes 
is determined using a deep learning approach. To do this, a likelihood map is first cre-
ated in which the values of the voxels are proportional to the distance to the nearest con-
tact. Then, the electrode contacts are determined using a thresholding approach. This 
approach had the advantage that only the number of electrodes in an EA is required as 
prior knowledge. However, a direct comparison with Noble and Dawant [8] showed that 
electrodes could not be successfully located for all datasets examined. In contrast, Noble 
and Dawant [8] were able to correctly localize the electrodes in all datasets. Moreover, in 
the cases where localization was successful, the mean localization error of the algorithm 
by Chi et al. [6] was 0.01 mm better than the algorithm of Noble and Dawant [8]. More 
recently, an approach based on a Markov random field (MRF) model for electrode locali-
zation was proposed by Hachmann and Nogueira [7]. The method aims at minimizing 
the MRF energy by estimating the maximum a posterior probability (MAP) of the deter-
mined EA. In doing so, the method optimizes the localization of all electrodes simulta-
neously with respect to the distance and angle between each contact. All the mentioned 
approaches are suitable for all common types of EAs. However, these approaches have 
weaknesses for distantly space and for deeply inserted EAs. In these cases, confusion 
often occurs in the assignment of basal and apical electrodes (Fig. 1). This in turn can 
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significantly worsen the localization accuracy. In addition, the presented approaches 
were all analyzed with only a relatively small CBCT dataset or using specific EAs. In the 
presented study, we investigate an extension of the localization method of Noble and 
Dawant [8], representative of a localization algorithm developed for EAs with distantly 
located electrodes. For this purpose, 150 CBCT data with different EAs were selected 
and analyzed. Using an own implementation of the reference algorithm by Noble and 
Dawant [8] resulted in localization errors of the CI electrodes. First, the apical electrodes 
of an EA were more often not detected. In addition, a confusion between basal and api-
cal electrodes was observed for distantly spaced EAs with an insertion angle larger than 
360°. This behavior is illustrated in Fig. 1. The left image shows that the first 10 basal 
electrodes were correctly recognized. After that, the two basal electrodes, instead of the 
next apical electrodes, were detected again. In the right image, after detecting the first 
two basal electrodes, the localization algorithm jumps to the tenth electrode, which is 
much more apical. Both behaviors of confusion can be explained by the fact that the dis-
tance between the individual electrodes and the distance between a basal and an apical 
electrode is approximately the same due to the helix shape of the cochlea. This leads to a 
wrong assignment of the individual CI electrodes. This phenomenon does not occur in 
closely spaced EAs because the electrodes are usually less deeply inserted into the coch-
lea. Second, even if the electrodes are deeply inserted, the distance between the indi-
vidual electrodes is smaller than the distance between a basal electrode and an apical 
electrode at an insertion angle greater than 360°.

The aim of this study is to characterize the apical–basal electrode localization confu-
sion in a newly created dataset containing EAs from different manufacturers and mod-
els. Moreover, the current work presents a novel method that can be incorporated in the 
algorithm of Noble and Dawant [8] and corrects the apical–basal confusion of electrodes 

Fig. 1 Two examples of apical–basal confusion of the electrode array (EA) Flex 24 from MED-EL. Left: 
electrodes are detected consecutively in ascending number, from electrode 1 (base) electrode 10 (apex) 
using an implementation of the algorithm by Noble and Dawant [8]. Next, the algorithm detects electrode 
number 2 again. Right: after detecting electrode number 2, the algorithm detects electrode number 10. 
Afterwards, the EA is detected in reverse order
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without any prior knowledge about the individual cochlea anatomy and does not require 
any pre-operative CBCT data.

Results
Three versions of the automatic electrode localization algorithm were evaluated: (1) gen-
eralized threshold; (2) individualized threshold; (3) advanced cost function. The algo-
rithm results were evaluated through manual inspection, through correct detection rate 
and through detection accuracy.

Detection rate

Figure 2 shows the average detection rate for the three algorithms (generalized thresh-
old, the individualized threshold and the individualized threshold in combination with 
the extended cost function) and for each EA type. Figure  3 shows the detection rates 
obtained for the three conditions obtained for each EA type as a function of the elec-
trode number.

As shown in Fig. 2, the detection rate increased by 24.1 percentage points using indi-
vidualized thresholds compared to generalized thresholds. An improvement for the indi-
vidualized thresholds algorithm was observed except for the Hybrid-L and for the Flex 
16. For these two datasets, it was noticeable that artifacts were more likely to be detected 
with the individualized threshold algorithm compared to the generalized threshold algo-
rithm. Moreover, with the Hybrid-L EA from Cochlear, the only threshold with which 
candidate points could be generated on all CI electrodes was α1 = 2.37%, therefore, it is 
only conceivable to increase the detection rate to 100% with the selected threshold value 
by optimizing the localization process.

One explanation, for the low detection rate of these types of EAs, is the relatively high 
threshold values of α1 = 2.66% and α1 = 2.37%. This leads to a mean limiting intensity 
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of 1150 HU and 1017 HU. Cortical bone shows an intensity of up to 300 HU in CBCT 
images [19]. Thus, the filtered image does not only contain artifacts belonging to CI elec-
trodes, but also to the bone. Therefore, candidate points are also generated on bones and 
causing that more nodes in the path are placed on locations corresponding with arti-
facts. The largest increase in detection rate was achieved with the Nucleus CI24RE (CA) 
and Nucleus CI624 EAs (45.15–55.52 percentage points) and the smallest increase with 
the MED-EL EAs (0–25 percentage points). With the implementation of the extended 
cost function, the average detection rate could be further increased by 11.2 percentage 
points compared to the individual threshold algorithm. The detection rate for the MED-
EL EAs was particularly increased (between 7.2 and 31.1 percentage points). When 
looking at the detection rate of the individual electrodes, it can be seen that for many 
EAs the detection rate was increased specially for the apical electrodes.
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A Friedman’s test showed significant differences in detection rate obtained by the gen-
eral thresholds, the individual thresholds and the individual thresholds combined with 
the advanced cost function version of the electrode localization algorithm (p < 0.001).

Additionally, Dunn–Bonferroni post hoc tests revealed significant differences in the 
detection rates obtained from all pairwise comparisons: general thresholds and individ-
ual thresholds (p < 0.001), general thresholds and individual thresholds combined with 
the advanced cost function (p < 0.001), individual thresholds and individual thresholds 
combined with the advanced cost function (p < 0.001). These significance values have 
been adjusted using the Bonferroni correction for multiple testing.

Localization accuracy

Figure 4 presents the localization with the generalized threshold algorithm in red, the 
individualized thresholds algorithm in yellow, and the advanced cost function with indi-
vidualized threshold in green.

First of all, it can be seen that the localization accuracy with the individualized thresh-
old algorithm is greater than with the generalized threshold algorithm. The exceptions 
are the EAs Flex 16 from MED-EL, where the localization accuracy with the general-
ized and individualized threshold algorithms is the same, and the EAs Hybrid-L from 
Cochlear, where the localization accuracy with the generalized threshold algorithm is 
better than with the individualized threshold algorithm. Both exceptions can be justi-
fied by the same explanation as the one given in the detection rate results. On average, 
the localization accuracy with the individualized threshold algorithm was 0.95 mm (3.15 
voxels) better than with the generalized threshold algorithm. Therefore, the individual-
ized threshold algorithm was used for further investigations in this work. After expand-
ing the cost function, the localization accuracy increased for all EAs. On average, the 
localization accuracy was improved by 0.53 mm (1.75 voxels), resulting in a localization 
accuracy of 1.06 mm (3.54 voxels). The increase was strongest for the EAs Flex 28, Flex 
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24 and Flex 20 from MED-EL and the EA Hybrid-L from Cochlear. In these EAs, due 
to their large electrode spacing, there was increased confusion between apical–basal 
electrodes. The results in Fig. 4 indicate that this confusion can be avoided by using the 
newly proposed advanced cost function algorithm.

A Friedman’s test conducted to determine differences in localization accuracy 
obtained for general thresholds, individual thresholds and individual thresholds com-
bined with the advanced cost function showed significant differences between condi-
tions (p < 0.001).

Supplemented Dunn–Bonferroni post hoc tests revealed significant differences 
between all pairwise comparisons, general thresholds and individual thresholds 
(p < 0.001), general thresholds and individual thresholds combined with the advanced 
cost function (p < 0.001), individual thresholds and individual thresholds combined with 
the advanced cost function (p < 0.001). Significance values have been adjusted using the 
Bonferroni correction for multiple testing.

Discussion
This work deals with the optimization of an automatic localization procedure for the 
detection of CI electrodes in 150 CBCT images. In general, the localization procedure 
is based on an own implementation of the algorithm developed by Noble and Dawant 
[8] as described in Hachmann and Nogueira [7]. In the first step of this work, a dataset 
containing 150 CBCTs was created. In the next step, the positions of the CI electrodes 
for the dataset were determined both manually and using the automatic localization 
algorithm. Then, the errors that occurred when locating the CI electrodes using the 
algorithm were classified. These errors consist of a double detection of individual elec-
trodes and a confusion in the assignment of apical and basal electrodes. Next, several 
parameters of the algorithm were adjusted. First, the threshold α1 was optimized from 
the cumulative histogram of intensity values across the ROI. For this purpose, threshold 
values were selected for each EA (individualized algorithm) or a general threshold value 
across all EAs was used (generalized algorithm). The results showed better localization 
results for the individualized threshold algorithm. For this reason, the individualized 
threshold algorithm was used in subsequent optimizations. In a second optimization 
step, the cost function proposed by Noble and Dawant [8] was extended with the cost 
term CR , which should prevent that an electrode is detected twice. This version of the 
algorithm is termed advanced cost function.

Dataset

Related work in the area of CI electrode localization used smaller datasets containing 
fewer CBCTs and less variety of EAs [7, 8, 16]. In our study, we used 150 CBCTs, with 
ten different EAs resulting in 15 CBCTs datasets per EA. In selecting the EAs, care was 
taken to ensure that at least one EA was selected from each CI manufacturer. Care was 
also taken to select both distantly spaced and closely spaced electrode contacts. The 
new dataset allowed us to investigate the influence of different parameters such as elec-
trode spacing or length of the EA on the localization performance of the automated 
localization process. For this purpose, a threshold value extracted from the cumula-
tive histogram of intensity values across the ROI was adjusted. Furthermore, additional 
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optimization strategies were developed. The CBCT data were generated with various CT 
scanners or scanner settings. However, no visual differences in image quality (in terms 
of contrast or extent of electrode artifact, etc.) were observed during manual labeling 
by experts. Furthermore, we assume that our method of automatic electrode localiza-
tion is robust against heterogeneous datasets, with or without our optimization. This is 
particularly due to the fact that the automatic electrode localization is performed after 
several post-processing steps, such as thresholding and the use of binary masks, which 
minimize the effects of different scanners or scanner settings.

Effect of using advanced parametrization: generalized and individualized threshold 

approach

When analyzing the localization results with the newly created CBCT dataset, it was 
found that errors occurred during localization. Double detection of electrodes occurred 
and confusion of apical and basal electrodes in the localization process was observed. 
Manual inspection of the results showed that especially the apical electrodes were 
more difficult to detect. Furthermore, it was observed that there were often no can-
didate points on the apical electrodes, which are mandatory for the procedure to cor-
rectly determine the electrode position. This phenomenon was particularly evident 
in the MED-EL EAs, where the 5 most apical electrodes had a lower intensity in the 
CBCT datasets due to their design. To address this error, the threshold α1 of the cumu-
lative histogram was adjusted according to Noble and Dawant [8]. The threshold was 
chosen so that there was at least one candidate point on each CI electrode and second, 
a generalized threshold was chosen across all EAs. The results show that with individ-
ualized threshold the localization accuracy was 0.95  mm (3.15 voxels) higher and the 
detection rate was 24.1 percentage points higher than with the generalized threshold. 
Another phenomenon that occurred more frequently with the generalized threshold 
approach was that artifacts belonging to bones were incorrectly detected. This could be 
minimized with the individually adjusted threshold. In addition, with the individualized 
threshold it was possible to assign at least one candidate point to each CI electrode. This 
procedure caused that all electrodes could be detected in the correct order with further 
optimizations.

Effect of using the advanced cost function

To address the problem of double detection of electrodes, an additional cost factor  CR 
was added to the existing cost function proposed by Noble and Dawant [8]. The mean 
localization accuracy after optimizing the cost function with the individual threshold 
was 1.59 mm (5.29 voxels). Compared with the localization accuracy obtained with the 
individual threshold, the localization accuracy with the new cost factor was increased 
by 33% to 1.06 mm (3.54 voxels). The average detection rate with the new cost function 
was 90.67%, improving the detection rate by 11.15 percentage points compared to the 
individualized threshold algorithm. When manually reviewing the localization results 
obtained with the advanced cost function algorithm, it was observed that double detec-
tion of electrodes occurred only in 3 CBCTs. These CBCTs corresponded with the EA 
Hybrid-L from Cochlear. Thus, double detection of electrodes was avoided in 98% of the 
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CBCT datasets. However, basal to apical confusion errors still occurred in the localiza-
tion process.

This is especially important for CIs with a large insertion angle and a large electrode 
distance, since an apical–basal confusion is more likely to occur. This happens when 
during the localization process the distance from a basal electrode to an apically located 
electrode is similar to the inter electrode distance. In addition, the electrode localization 
accuracy was optimized by setting the threshold of the cumulative histogram such that 
at least one candidate point lies on each CI electrode.

With our implementation and using the described optimizations, we have exam-
ined the localization accuracy when an electrode is detected. The average accuracy is 
0.42 mm (1.40 voxels). In comparison the localization accuracy is in average 1.06 mm 
(3.54 voxels). This shows that when an electrode is detected, it is localized close to the 
electrodes. The errors that still occur in the localization are related to the correct assign-
ment of the electrodes from the base to the apex.

With our proposed algorithm we are able to determine the positions of the electrodes 
in the cochlea for different types of EAs using a CBCT, which is not possible for all exist-
ing methods [5, 16]. The optimizations made can avoid double detection of CI electrodes 
in the localization procedure. This is particularly important for EAs with a large inser-
tion angle and a large electrode spacing, as apical–basal confusion occurs here as part 
of the localization process. Thus, here the distance of a basal electrode to an apically 
located electrode can be similar to the electrode spacing. The problem of double detec-
tion of electrodes was not relevant for the algorithm by Braithwaite et al. [5], because in 
their algorithm the center of each electrode is determined by a filter chain. When sorting 
the order of the center points, there can be no double detection, because each electrode 
is characterized by only one center point.

The issue of electrode misassignment was also considered by Zhao et al. [18]. To avoid 
localization errors (such as apical–basal confusion), Zhao et al. [18] estimated the DOI. 
This estimation, in turn, requires prior registration of cochlear anatomy based on, ide-
ally, pre-operative CBCT data. Although their approach is very conclusive, our approach 
offers some advantages, such as not requiring any image registration which may be com-
putationally expensive.

Our algorithm requires prior knowledge about the number of electrodes, distance 
between each electrode and the position of the most basal electrode for the localization 
process. The method of Bennink et al. [19] requires more preconditions such as that the 
EA must intersect the ROI on the left or right boundary. However, it is equally conceiv-
able that the EA cuts the ROI in front, behind, above or below. However, there are some 
approaches that do not require prior knowledge of the position of the most basal elec-
trode [5, 8, 16]. The approach of Chi et al. [6] only requires the number of electrodes as 
prior knowledge. Unlike Chi et al. [6] and other deep learning methods, our approach 
does not require a training dataset and it is in principle directly applicable to all types of 
EAs.

In future work, it is conceivable that the extended cost function could be integrated 
into the algorithm proposed by Hachmann and Nogueira [7] to avoid double detection 
of electrodes. The algorithm can optimize all electrode positions simultaneously in terms 
of distances and angles together. For this purpose, an initial path is determined at the 
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beginning of the localization process. This path contains as many nodes as electrodes are 
expected in the EA. The nodes have a defined distance to each other corresponding with 
the interelectrode distance. In the course of the localization, this path is then iteratively 
adapted to the electrode positions. However, in its current status, the algorithm is very 
computationally and time intensive, which makes it less suitable for the analysis of large 
data sets. Previous studies show that it is difficult to find a localization procedure that is 
suitable for all types of EAs [5, 16]. To solve this problem, a newly developed localization 
method could combine different localization methods: one for widely spaced electrode 
contacts and one for closely spaced electrode contacts depending on the electrode dis-
tance and the resolution of the CBCT scanner.

Conclusions
This work presented two optimizations of an algorithm to automatically locate CI elec-
trodes in CBCT datasets. For this purpose, a new dataset of 150 CBCT images with 10 
different types of EAs were created. In a first optimization of the algorithm, threshold 
estimation from the cumulative histogram of intensity values in the dataset was adjusted 
so that there was at least one candidate point on each CI electrode. In a second opti-
mization, a new cost factor was added to the existing cost function of the algorithm. 
Compared to existing methods, our proposed extension of the cost function enables 
the minimization of double electrode detections without requiring prior knowledge of 
the individual cochlear anatomy. The optimizations significantly improved the detec-
tion rate by 11.15 percentage points and increased the overall localization accuracy by 
0.53 mm (1.75 voxels).

Methods
Dataset

The dataset used for evaluation consists of postoperative CBCT scans from 150 
implanted CI users including 10 different EAs (15 each) (see Table  1). The dataset 
was created to analyze the accuracy of the localization algorithm if applied to various 
EAs differing in the number and size of the electrodes or the spacing between them. 
The CBCT scans were acquired either with a Xoran Minicat (South State Road, Ann 

Table 1 Chosen electrode arrays

Name Manufacturer Number of electrodes Electrode 
spacing 
(mm)

Flex 28 MED-EL 12 2.1

Flex 24 MED-EL 12 1.9

Flex 20 MED-EL 12 1.5

Flex 16 MED-EL 12 1.0

MidScala AB 16 + 1 0.975

SlimJ AB 16 + 1 1.3

Neuro ZTI EVO Oticon 20 1.2

Hybrid-L Cochlear 22 + 1 0.6–0.8

Nucleus CI24RE (CA) Cochlear 22 0.39–0.81

Nucleus CI624 Cochlear 22 0.824–0.95
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Arbor, United States) or with a Xoran xCat (South State Road, Ann Arbor, United 
States). The resolution of all CBCT scans was 0.3 × 0.3 × 0.3 mm (except one has the 
resolution 0.125 × 0.125 × 0.125  mm). The selected dataset contained EAs from the 
four CI manufactures MED-EL (Innsbruck, Austria), Advanced Bionics (Valencia, 
CA, Unites States), Oticon Medical (Vallauris, France) and Cochlear (Macquarie Park, 
NSW, Australia). CBCT scanning was performed postoperatively for all subjects, fol-
lowing the implantation. Tables 2 and 3 provide an overview of the CT scanners and 
the corresponding settings used for each CI user. The seven most basal electrodes 
of the MED-EL Flex EA consist of double contacts, and the five most apical are sin-
gle electrode contacts. For this reason, the CBCT scans resulted in lower intensities 
for the apical electrodes compared to the basal electrodes. The MidScala and SlimJ 
EAs from Advanced Bionics have 16 active contacts and one non-stimulating marker 
contact. For these EAs, the distance between the individual active electrodes is con-
stant and the distance between the most basal electrode and the marker is 3 mm. The 
Neuro ZTI EVO EA from Oticon Medical has also a constant distance between the 
electrodes. The EAs from Cochlear contain 22 electrodes. The Hybrid-L EA from 
Cochlear also features a non-stimulating marker contact.

For the entire dataset, a clinical expert determined the electrode locations manu-
ally in two different ways. For distantly spaced electrodes, locations were determined 

Table 2 Overview of the scan parameters used

CT scanner KVP (kV) X-ray tube current 
(mA)

Exposure time 
(ms)

Grayscale 
range (Bit)

MiniCAT Setting 1 120 7 8400 16

Setting 2 125 7 8400 16

xCAT Setting 1 120 6 9600 16

Setting 2 120 14 9600 16

Morita Setting 1 90 7 30,800 16

Table 3 Overview of which CI user was scanned with which CBCT parameter; NA = not applicable

Electrode type CT scanner

XoranTechnologies Morita

MiniCAT xCAT 

Setting 1 Setting 2 Setting 1 Setting 2 Setting 1

MED-EL FLEX 28 2–10 NA NA 1,11–15 NA

MED-EL FLEX 24 NA 1,4,5,8,9,10 2,3,6,7,11–15 NA NA

MED-EL FLEX 20 3 4–6,8–10 7,11–15 1,2 NA

MED-EL FLEX 16 9 1–5,7,10 6,8,11–14 NA 15

AB MidScala 6 7,10,13,15 8,9,14 1–5,11,12 NA

AB SlimJ 2–4,7,8 9,10 12–15 1,5,6,11 NA

Oticon Neuro ZTI EVO NA 8 1–7,10–15 NA NA

Cochlear Hybrid-L NA 1–3,6,9,10,12 4,5,7,8,11,13–15 NA NA

Cochlear Nucleus CI24RE NA 7,8,13,15 1–6,9–14 NA NA

Cochlear Nucleus CI624 1–7,13 NA NA 8–12,15 NA
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labeling the center of the individual electrodes. The location of closely spaced elec-
trodes was determined using a spline that was fitted through the EA. Individual elec-
trode locations were determined using the known geometry of the EA according to 
Krüger et al. [20]. The manually determined electrode locations were used as ground 
truth (GT).

The dataset was used to evaluate the improvement that the extension of the cost function 
we proposed has on the detection rate and localization accuracy.

Evaluation criteria

The localization accuracy La and the detection rate were used to evaluate the automatic 
electrode localization algorithm. The localization accuracy is based on the averaged locali-
zation error defined as the Euclidean distance between a predicted electrode elpd,N and the 
GT electrode position elGT,N with the same label or electrode number N (see Eq. 1):

The detection rate was defined as the number of correctly detected electrodes eldetect 
divided by the total number of electrodes eli in the EA (Eq. 2). An electrode is correctly 
detected if the Euclidian distance between the location of the automatically predicted elec-
trode elpd and the location of the GT electrode elGT was less than or equal to 0.9 mm (3 
voxels):

Graph-based algorithm to locate cochlear implant electrodes

In the present study, automated electrode localization was performed using an implemen-
tation of the graph-based procedure according to Hachmann and Nogueira [7] which can 
be considered own implementation of Noble and Dawant [8]. Figure 5 illustrates the pro-
cessing steps of the algorithm as a block diagram. It takes as input a region of interest (ROI). 
First, candidate voxels representing potential electrode locations are selected. The next 
steps consist of a path finding algorithm for a rough electrode localization and a refinement 
procedure enabling sub-voxel electrode localization.

The input for the localization procedure is a ROI obtained from CBCT data contain-
ing the electrode contacts. The ROI was determined based on the GT coordinates. The 
automatic segmentation of the ROI needs to be implemented in future versions of the 

(1)La =

N
∑

i=1

∥

∥elpd,Ni
− elGT,Ni

∥

∥

2

N
.

(2)Detection rate =

∑

eldetect
∑

eli
∗ 100,

(3)eldetect =

{ ∥

∥elGT − elpd
∥

∥

2
≤ 0.9mm 1 (detected)

else 0 (not detected)

Fig. 5 Block diagram illustrating the processing steps to determine the cochlear implant electrode position. 
This process follows the same structure as Noble and Dawant [8] and Hachmann and Nogueira [7]
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algorithm. For this purpose, based on the GT coordinates, a region was defined around the 
EA with a minimum distance of 3 mm (10 voxels) to the electrodes. Next, a binary mask 
was generated from the ROI defining a threshold. For this purpose, the cumulative histo-
gram of the intensity values of the voxels contained in the ROI were calculated to define a 
threshold that depends on the ROI’s dynamic range. According to Noble and Dawant [8], 
0.08% of the maximum value of the ROI’s cumulative histogram can be used as threshold 
α1. From the contours of the resulting binary mask, centerlines were determined whose 
voxel coordinates served as candidate points for possible electrode locations [17]. From the 
candidate points, the path finding algorithm generated all possible paths p consisting of L 
nodes. The number of nodes (L) corresponds to the number of electrodes in the EA. In 
contrast to Noble and Dawant [8], we used the first node given by the GT corresponding to 
the most basal electrode location to reduce computing time. According to Hachmann and 
Nogueira [7], the most basal GT coordinate serves as a reference for the seed node of the 
path finding algorithm. This significantly shortens the evaluation time while having mini-
mal impact on the determination of localization accuracy [7]. Paths were built up starting 
from the seed node as first path node  p1. These paths were evaluated using an initial cost 
function as shown in Eq. (4):

The initial cost function  Costinitial consists of an intensity-based CI and an initial shape-
based CS,initial component, where c are the selected candidate points and p are the points 
already located in the path, which in the case of the initial cost function, was the initial 
seed point. The intensity-based component is calculated as described below (see Eq. (5)):

In Eq. (5), Imax is the maximum intensity of the ROI, I(c) is the intensity of child node c, 
i is the length of the path p. α3 and α4 are set to 0.1 and 14. The initial shape-based com-
ponent is calculated according to Eq. (6)):

The next step is to sort out paths in which the two nodes in the path do not have the 
desired distance to each other. The desired distance is obtained from the inter electrode 
spacing defined by the manufactured specifications. Further child nodes c are added to 
the path as path node pi+1 if located within a certain distance from the path as nodes pi 
(Eq. 7):

In Eq.  (7), di is the distance between electrodes with indices i and i + 1 counted 
from apex to base. In the equation 

∥

∥pi − c
∥

∥

2
 describes the Euclidean distance 

between two vector points, which is also called norm 2. This is defined as follows: 
�x�2 =

√

x21 + x22 + x2x  , with x = pi − c . Furthermore, a child node should not already 
exist in the path. The cost of each possible child node is calculated using the cost 

(4)Costinitial(c,p) = C I(c,p)+ CS,initial(c,p).

(5)CI(c, p) =
(Imax − I(c))

2000
·

{

α3 i ≥ α4
1 else

.

(6)CS,initial(c,p) =
∥

∥c − p1
∥

∥

2
− d1.

(7)
di

2
<

∥

∥pi − c
∥

∥

2
< 2 · di.
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function shown in Eq. (8). This cost function consists of an intensity-based CI and a 
shape-based part CS . Equation (8) shows the calculation of intensity-based costs:

In the intensity-based component, child nodes that correspond to a high intensity 
in the ROI are preferred. For the last L+ 1− α4 electrodes, this cost term is reduced 
because apical electrodes are less bright in the CBCT image. Equation (9) shows the 
calculation of the cost of the shape-based part  CS:

According to Noble and Dawant [8], the constants in Eq.  (9) were set to α5 = 1.0, 
α6 = 5.2 and α7 = 2.0. The first part of the shape-based cost function Cs was a 
smoothing term that incurs a high cost if adding a child node would result in a sharp 
bend in the EA. The second part is a distance term that rejects child nodes that do 
not have the expected distance di to the last node in path p. The calculation of the 
cost is performed for all possible child nodes and is added to the already existing 
costs, from the previous iterations (see Eqs. 11, 12):

where

After this the P = 10 paths with lowest cost are saved. This is repeated until the 
number of nodes L in the path is reached. The path with the lowest cost is selected 
as the optimal path.

In the last step, the optimal path is refined so that the position of each node can be 
estimated on sub-voxel positions. First, a rectangular grid is placed around each 
point of L,{li}Li=1 to define node points, which are sampled by 
{n}i =

{

li + α8[x, y, z]
}

x,y,z∈[−α9,α9]
 . Here, α8 and α9 are defined to be 0.12 and 3 mm, 

respectively. This step aims at refining each estimated position li of every ith elec-
trode with a nearby candidate {n}i . The cost is thereby determined by means of a 
second cost function (see Eq. (13)):

Here, Gσ (I(c)) corresponds to the Gaussian filter response of the image with 
σ = 0.3mm . α10 and α11 are set to 50 and 20, respectively. The first term of the sec-
ond cost function is a scaled blob finding filter. The second term penalizes child 
nodes c that are not within the expected distance from the last found path electrode 
pi. The path finding process is the same as the previous localization step.

(8)Cost1(c, p) = CI(c, p)+ CS(c, p).

(9)

Cs(c, p) = α5 −

(

1−

{

Cos(c, p) Cos(c, p) < 0.5
1 else

)

+

{

−α6Dst(c, p) Dst(c, p) < 0
α7Dst(c, p) else

,

(10)Cos(c,p) =

(

c − pi
)(

pi − pi−1

)

∥

∥c − pi
∥

∥

∥

∥pi − pi−1

∥

∥

; Dst(c,p) =
∥

∥c − pi
∥

∥

2
− di.

(11)Cost1,k = Cost1,k−1 + Cost1,

(12)k = 1, . . . , L.

(13)Cost2(c, p) = −Gσ (I(c))+

{

−α10Dst(c, p) Dst(c, p) < 0
α11Dst(c, p) else

.



Page 16 of 21Thormählen et al. BioMedical Engineering OnLine           (2024) 23:65 

New advances and parametrization for automatic localization of cochlear implant 

electrodes

As reported by Hachmann and Nogueira [7], the Noble and Dawant [8] method was 
not able to correctly detect the position of all electrodes. First, it was found that dou-
ble detection of the most basal electrode occurred at the beginning of the localization 
process. Furthermore, some electrodes were detected twice. In the present study, the 
localization accuracy of the method was investigated with different EAs. The decrease 
in the detection rate for the apical electrodes can be explained firstly by the nature of the 
pathfinding method used by Noble and Dawant [8]. The method adds a new node to the 
path at each iteration in the pathfinding process. This new node must satisfy certain con-
straints and is expected to minimize the cost function. However, some nodes are added 
to the path that do not match the desired position of a CI electrode. If a node is detected 
incorrectly, there is a high probability that subsequent nodes will also be detected incor-
rectly. Thus, the probability of correctly detecting an electrode at the beginning is higher 
than at the end of the search path, procedure last nodes in the path correspond to the 
apical electrodes. Furthermore, in our dataset it was found that where the often no can-
didate points are placed on the apical electrodes, which is a prerequisite to localize them 
(see Fig. 6, left). This effect was particularly clear for MED-EL EAs, because the apical 
electrodes have lower intensity in the CBCT image due to their design.

In our implementation of the algorithm by Noble and Dawant [8], the extraction of the 
centerlines from the binary mask was performed differently. It was analyzed whether it is 
possible to generate at least one candidate point on all electrodes with a threshold value 
proposed by Noble from the cumulative histogram. The threshold was set to α1 = 0.08% as 
in Noble and Dawant [8]. As observed in Fig. 6 (right), no candidate points were gener-
ated on the apical electrodes. Moreover, it can be seen in Fig. 6 (right) that no artifact can 
be seen on CI electrodes 8,9,11 and 12. This means that the threshold derived from the 

Fig. 6 Generated candidate points for an example of the MED-EL’s electrode array Flex 28 for the method 
according to Noble and Dawant [8] with a threshold α1 of 0.08% (right)
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cumulative histogram caused removal of relevant information from the ROI required for 
the localization of electrodes in EAs of MED-EL.

Therefore, it was necessary to re-parameterize the threshold from the cumulative histo-
gram for each EA type. The aim was to select the threshold that maximized the likelihood 
that each CI electrode gets assigned at least one candidate point.

To ensure this, the manually determined electrode positions are used for the determina-
tion. To parameterize the threshold α1, a range of values from 0.01 to 3% with a step size of 
0.01% was investigated. This range was chosen so that there was a threshold for which all 
CI electrodes were included in the ROI and there were hardly any disturbing artifacts in 
the ROI. For each threshold, Fig. 7 shows how many electrodes have at least one candidate 
point within the radius of the GT position, where the radius is 0.9 mm (3 pixels). Table 4 
shows the thresholds for each EA and the averaged thresholds across EAs. 

Advanced cost function

For large insertion angles, the apical electrodes are close to the basal electrodes with a dis-
tance that is in the same range as the electrode spacing of the neighboring electrodes or 
inter-electrode distance. Paths that cross the EA from the apical to the basal side or vice 
versa might have a lower cost than pathways that arrange the electrodes in the correct 
order. In addition, Hachmann and Nogueira [7] reported that in the procedure of Noble 
and Dawant [8], the most basal electrode is often detected twice. Therefore, we proposed an 
extended cost function to prevent this behavior as follows:

(14)Costadv. = CI(c, p)+ CS(c, p)+ CR(c, p),

(15)CR =

{

0 diffmin > α12
∞ else

.
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CR (redetection of CI electrodes) is the new extended cost term. To determine this cost 
term CR, the Euclidean distances from a candidate point c to each node already found in 
the path p are first calculated. Then, the smallest difference  diffmin between the candidate 
point c and a path node pi is determined. This could be expressed mathematically as 
diffmin = min(diff) . Now  diffmin is compared to the defined threshold value α12, which 
describes the limit range for which no further child node c will be added to the path 
around a node found in the path. The threshold α12 is set to 2/3 of the electrode spacing 
defined in the EA specification. If  diffmin is less than α12, a cost of infinity is assigned to 
CR, and if  diffmin is greater than this threshold a cost of 0 is assigned. The new cost factor 
CR is integrated as a summand into the existing cost function of Noble and Dawant [8] as 
shown in Eq. (14).

Analysis of errors made by the algorithm to automatically localize cochlear implant 

electrodes

In the first step of the analysis, the results of the automatic localization algorithm were 
manually analyzed. In this way, errors that occurred during the automatic localization 
process can be classified. Table 5 shows these errors in percentage.

Three types of errors were considered: first, the electrodes can be detected twice. Sec-
ond, the apical and basal electrodes can be confused during the detection process, in this 
case two subtypes of errors can be identified. In the first subtype, an apical–basal (a–b) 
confusion can occur (see Fig. 1, left). In this case, first basal electrodes are detected cor-
rectly, but afterwards it may happen that one of the basal electrodes is detected again. 
In the second subtype, a basal–apical confusion is considered (see Fig. 1, right). Here, 
an apical electrode is detected after the first basal electrode and the electrodes are then 
detected backwards. Third, nodes are incorrectly placed at locations corresponding with 
artifacts caused by, e.g., bones or wire leads in the localization procedure. Using the gen-
eralized threshold algorithm the third type of errors occurs in 55% of the CBCT data 
sets. This can be explained by the high threshold value used in the generalized threshold 
algorithm causing that many candidate points are located on artifacts and not on the 
actual CI electrodes. With the individualized threshold, this error occurs only in 12% 

Table 4 Individual threshold derived from the cumulative histogram for each electrode array (EA) 
and average across EAs

EA Customer Threshold 
α1 (%)

Flex 28 MED-EL 0.60

Flex 24 MED-EL 0.96

Flex 20 MED-EL 0.74

Flex 16 MED-EL 2.66

MidScala AB 0.49

SlimJ AB 0.22

Neuro ZTI EVO Oticon 0.20

Hybrid-L Cochlear 2.37

Nucleus CI24RE (CA) Cochlear 0.48

Nucleus CI624 Cochlear 0.64

Generalized Threshold – 2.66
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of the CBCT data sets. The error is most pronounced with the Flex 16 EAs from MED-
EL (67%) and with the Hybrid-L EAs from Cochlear (47%). For both types of EAs, the 
threshold value was chosen very high compared to the other EAs, generating many can-
didate points on artifacts. Thus, for this EAs it is more likely that nodes in the path are 
placed on artifacts and therefore detected as electrodes by the localization procedure. In 
addition, the Flex 20 EAs from MED-EL, Nucleus CI24RE and Nucleus CI624 also occa-
sionally detected artifacts as nodes in the path. This indicates that the selected threshold 
also generates candidate points on artifacts. By extending the cost function, the error 
could not be minimized. This was expected, since the newly proposed advanced cost 
function does not aim at minimizing the detection of artifacts. However, for some data 
sets, the number of cases where nodes in the path were located on artifacts increased by 
7 percentage points for MED-EL’s Flex 24, by 7 percentage points for MED-EL’s Flex 20, 
and by 27 percentage points for Cochlear’s Hybrid-L. When comparing the CBCT data 
sets in which artifact detection occurred and after extending the advanced cost func-
tion based on the individual threshold results, it was found that the advanced cost func-
tion eliminated localization errors related to double electrode detection, but resulted in 
artifact detection. On average, localization errors occurred for the generalized threshold 
and the individualized threshold algorithms for a similar number of data sets. Using the 
newly proposed advanced cost function, the detection error could be reduced. Errors 
occurred only in 3 CBCT data sets of the EA Hybrid-L from Cochlear. For these datasets, 
no improvement in localization could be achieved using the new advanced cost function. 
Compared to the generalized threshold algorithm, there was an increased confusion of 
apical–basal electrodes than with the individualized threshold. Using the advanced cost 
function, the apical–basal confusion were completely eliminated. When considering the 

Table 5 Manually analyzed detected errors for three versions of the algorithm: generalized 
threshold, individualized threshold and individualized threshold with advanced cost function

Three types of errors are considered: first, the detection of artifacts, where the localization process erroneously includes 
in the path nodes that corresponds with artifacts. Second, the detection error describing the double detection of CI 
electrodes. Third, apical and basal (a–b) confusion of electrodes

Electrode 
array

Generalized threshold Individualized threshold Individualized threshold with 
advanced cost function

Detection 
of 
artifacts 
(%)

Double 
detection 
(%)

Confusion 
a–b (%)

Detection 
of 
artifacts 
(%)

Double 
detection 
(%)

Confusion 
a–b (%)

Detection 
of 
artifacts 
(%)

Double 
detection 
(%)

Confusion 
a–b (%)

Flex 28 33 33 13 0 40 20 0 0 0

Flex 24 87 13 0 20 20 27 27 0 0

Flex 20 53 47 0 0 67 0 7 0 0

Flex 16 67 13 0 67 13 0 67 0 0

MidScala 73 7 0 0 0 0 0 0 0

SlimJ 73 7 0 0 27 7 0 0 0

Neuro ZTI 
EVO

53 27 7 0 7 7 0 0 0

Hybrid-L 47 33 0 47 47 0 67 20 0

Nucleus 
CI24RE

7 47 0 7 0 0 7 0 0

Nucleus 
CI624

73 13 0 13 0 0 13 0 0

Average 55 25 2 15 23 6 19 2 0



Page 20 of 21Thormählen et al. BioMedical Engineering OnLine           (2024) 23:65 

data sets where basal apical electrode confusions were observed, no double detection of 
electrodes occurred. Thus, duplicate detection of electrodes was eliminated by extend-
ing the cost function in 98% of the CBCT data sets.

Statistical analysis

All statistical analyses were performed using the Friedman’s test and Dunn–Bonferroni 
post hoc tests. A p-value of less than 0.001 was chosen as the level of significance.
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