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Abstract. The locus coeruleus (LC) is a small brain structure in the
brainstem that may play an important role in the pathogenesis of Alzheimer’s Disease (AD) and Parkinson’s Disease (PD). The majority of studies to date have relied on using manual segmentation methods to segment
the LC, which is time consuming and leads to substantial interindividual
variability across raters. Automated segmentation approaches might be
less error-prone leading to a higher consistency in Magnetic Resonance
Imaging (MRI) contrast assessments of the LC across scans and studies.
The objective of this study was to investigate whether a convolutional
neural network (CNN)-based automated segmentation method allows for
reliably delineating the LC in in vivo MR images. The obtained results
indicate performance superior to the inter-rater agreement, i.e. approximately 70% Dice similarity coefficient (DSC).

1

Introduction

The LC is a nucleus located alongside the fourth ventricle in the pons. This small
nucleus in the brainstem is the major source of noradrenaline modulation in the
brain and is involved in a variety of important brain functions such as memory,
learning, attention and arousal. Recently, it has attracted increasing interest
since it may also play an important role in the pathogenesis of neurodegenerative
disorders such as PD [1] and AD [2,3].
Similar to the substantia nigra (SN), the LC contains large amounts of
neuromelanin (NM) - a pigmented polymer that results from the oxidation
of catecholamines such as noradrenaline in the LC. This allows for in vivo
visualization of the LC using neuromelanin sensitive MRI (NMs-MRI), e.g.,
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T1 -weighted Fast Low Angle Shot (FLASH) imaging [4] and Magnetization
Transfer (MT)-weighted imaging as recently reviewed [5].
A reliable segmentation is often the prerequisite for the extraction of (potential) biomarkers, e.g., contrast ratios between the LC and a reference region,
which are used for further analyses of the characteristics of this structure in
different cohorts (for instance subjects with AD, PD or healthy controls). For
the analysis of larger cohorts, a manual segmentation approach is unfeasible,
since it is tedious, time consuming and may be prone to errors [6]. Instead, automated segmentation approaches are required. To date, few methods have been
published for the segmentation of the LC. The existing approaches are similar to
those used for the segmentation of the SN [7] and sometimes have been applied
to both structures [6,8].
Several methods dependent purely on the intensity of the voxels. For instance,
the localization of a region of interest (ROI) based on landmarks found in histological analyses and the subsequent application of an intensity threshold within
the specified volume [6,9] were proposed. This approach is inherently biased
towards high intensity voxels which may pose a problem when applied to pathological cases where the signal intensity is typically decreased and the resulting
contrast ratios in relation to a reference region might be overestimated. Alternatively, a fixed-numbered set of 10-connected brightest voxels can be chosen from
within the ROI [10,11]. Besides, different atlas registration-based approaches
have been developed [8,12]. However, they strongly depend on the quality of
the registration output and are computationally expensive due to the required
multiple co-registrations.
Recently, CNNs have been successfully applied to the automated segmentation of the SN [7]. Since SN and LC show similar imaging characteristics, we
investigate here a CNN approach for LC segmentation.

2
2.1

Materials and Methods
Data and manual segmentations

For this study, the same data set as in [4] was employed. It consists of T1 -weighted
FLASH 3T MRI scans of 82 healthy subjects: 25 younger (22-30 years old; 13
male, 12 female) and 57 older adults (61-80 years; 19 male, 38 female). The
images were acquired with an isotropic voxel size of 0.75mm. Prior to delineation
of the LC, they were upsampled by means of a sinc filter to an isotropic resolution
of 0.375mm. Furthermore, a bias field correction was applied. We refer the reader
to [4] for more details on the characteristics of the data set.
The inter-rater agreement was determined for this study based on manual
segmentations from two independent raters, rater 1 (R1) and rater 2 (R2). The
DSC is on average 0.495 ± 0.158 and 0.457 ± 0.155 for the left and right LC,
respectively, which is comparable to the 0.499 reported in [8], but lower than the
approximately 0.6 (left LC) and 0.55 (right LC) from [12]. These relatively low
values underline the difficulty of the segmentation task. The comparison with the
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inter-rater agreement of the SN of around 0.7 [8] indicates that LC segmentation
might be even more challenging.
2.2

Network model

Inspired by results obtained for SN segmentation [7], we applied a U-Net-like [13]
network. However, to address the even smaller size of the LC (as compared to
the SN), we employed an architecture similar to 3D-U-Net [14], which exploits
information in neighboring slices. The network is composed of blocks that each
contain two convolutional layers (kernel size of 3 × 3 × 3) which are each followed
by a ReLU activation and a batch normalization layer. Three of such blocks
form the contracting path, one is used for the bottom and another three blocks
make up the expansive path. The downsampling is carried out by MaxPooling
(2 × 2 × 2) and the upsampling using transposed convolutional layers.
The subjects were separated into 10 subsets and a 10-fold cross validation
has been carried out in order to assess the potential of our network for LC
segmentation. In every iteration, one of the 10 subsets was left out as test set
while the others composed the training set. This was repeated until every subset
was once used for testing. All evaluation values in the results section have been
computed based on the segmentation masks resulting from the test iteration of
each subset. For the training, patches of the size 64 × 64 × 64 voxels were chosen
as the input to the network. These were extracted randomly from all over the
whole-brain volumes. However, the probability of a patch containing the LC was
set to 50% to avoid a negative bias. Other forms of data augmentation such as
rotation and scaling were not applied to avoid further interpolation of the data.
The fuzzy DSC [15] was used as a loss function and Adam (learning rate 0.001,
β1 = 0.9, β2 = 0.999) was chosen as the optimization scheme. The networks were
trained for 250 epochs where for each epoch, 10 random patches were extracted
from each subject in the training subsets. The manual segmentations of R1 were
used as ground truth for the training. When applying the network to the subjects
in the test set, overlapping (by half of the patch size) patches were extracted
and processed by the network. The resulting masks were combined by creating
their union.
An investigation of preliminary results revealed that the network tends to
segment very small regions outside of the brainstem in some of the subjects.
Fig. 1. Violinplots comparing the obtained
DSCs of the proposed method with the
masks of R1 and the inter-rater agreement
(between R1 and R2).
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Due to the tiny size of these false positive regions, they did not have a noticeable impact on the DSC or the median intensity contrast ratios. However, the
maximum intensity was mostly located in these voxels and therefore, caused erroneous maximum intensity contrast ratios as will be shown later. To address
this issue, we applied two simple post-processing steps to the network’s masks:
First, some of the most outer slices of the volume were removed (fixed number
across all subjects to roughly narrow down the region) and second, all connected
segments with a size smaller than 50 voxels were disregarded. An alternative
post-processing could be the application of a mask of the brainstem, which can
be generated by popular tools like FSL [16] or using another CNN as demonstrated in a method for SN segmentation [7].

3

Results

The average DSCs of the network’s masks and the segmentations of R1 for the
left, right LC and the combination of both are 0.711 ± 0.096, 0.697 ± 0.091 and
0.705 ± 0.082. These values are higher than both, the inter-rater agreement (left
LC: 0.501±0.148, right LC: 0.463±0.147, both: 0.485±0.135), which can be seen
in Figure 1, as well as the results of a recently proposed atlas registration-based
approach [8] (0.404 ± 0.141). However, latter comparison is to be taken with
a grain of salt as [8] was evaluated on a different dataset. When compared to
the masks created by R2, the network performs comparable to the inter-rater

(a) Axial Slice

(b) Coronal Slice
Fig. 2. Selected slices of an example of average network performance (DSC for the left
LC: 0.706, right LC: 0.683, combined: 0.696). Green color indicates agreement between
network and R1, red voxels were segmented by R1 but not the network (false negatives)
and blue voxels were segmented by the network but not R1 (false positives). On the
right, the respective section is shown without the masks.
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agreement: 0.499 ± 0.119 (left LC), 0.467 ± 0.126 (right LC) and 0.486 ± 0.108
(combined). Figure 2 shows the example of an average network result.
Furthermore, the contrast ratios between the masks of the LC and a reference
region within the pons were calculated. Contrast ratios are an important element
in analyzing LC properties [4], which is why the influence of the automatic LC
segmentations on these values was evaluated. Hence, the intra-class correlation
(ICC) with a confidence level of 0.95 was determined between the contrast ratios
based on manual (R1) and automatic LC masks (each in relation to the same
reference region [4]). For the median intensity contrast ratios, ICCs of 0.893 (left
LC) and 0.871 (right LC) could be achieved. The maximum intensity contrast
ratios are in a similar range with ICCs of 0.842 (left LC) and 0.974 (right LC).
Without the previously described post-processing, the ICCs of the maximum
ratios were −0.008 (left LC) and −0.014 (right LC).

4

Discussion

We applied a 3D-U-Net-like CNN for segmenting the LC in T1 -weighted FLASH
NMs-MRI data. The obtained DSC and ICC values indicate a good correlation
between the network and R1 as well as a performace in the range of the inter-rater
agreement when compared to R2. Together, this indicates the high potential
of the proposed method as an alternative to manual delineation. Small-sized
false positive regions outside of the brainstem produced by the network can be
addressed using different simple post-processing techniques.
However, several interesting aspects remain to be investigated in future work,
for instance, an extensive evaluation of different network architectures, 2D instead of 3D input, and a direct comparison to the current state-of-the-art atlas registration-based LC segmentation methods. Furthermore, methods for the
avoidance of the above-mentioned erroneous regions outside of the brainstem
need to be addressed in more detail. To fully automate the LC analysis process
as a whole, automatic delineation of the reference regions is also needed.
Considering that the performance of the proposed approach is already in the
range or above the inter-rater agreement, we plan to set the focus of further investigations to the evaluation and improvement of the robustness of this method
rather than to the increase of the performance. In particular, the robustness with
respect to cohorts of subjects that show pathologies such as AD and PD and the
resulting changes in the LC are of interest. Their investigation poses a challenge
since they are characterized by a loss in signal intensity due to less NM in the LC
region. Also, the robustness against domain shift in terms of different acquisition
techniques such as the different MRI sequences suitable for LC imaging as well
as methods for handling and leveraging the ambiguities of the masks created by
different raters will be investigated in our future work.
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