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7.1.

General objective

The general objective of this thesis was to develop, test and compare methods for
hippocampus segmentation and hippocampal atrophy quantification. For that
purpose, commonly used available automatic segmentation methods were
compared and regionally analysed. A semi-automatic hippocampus segmentation
method was developed and tested to outline subcortical brain structures. Finally, a
hippocampal atrophy quantification analysis was performed and methods with high
statistical power to measure hippocampal atrophy rates were identified.
In the present chapter, the main findings of these studies are summarized and
discussed in the context of previous research studies. With the perspective on
clinical applications, developments and findings of this work are combined and
possible clinical work flows in neuroradiology and radiotherapy are introduced.
Finally, future perspectives are presented, and recommendations are given.

7.2.

Summary of findings

The aim of this thesis, to optimize methods for hippocampus segmentation and
atrophy measurements in the field of neuroradiology and radiotherapy, was
addressed as follows:
The first topic presented in this thesis was the quantification of reproducibility and
differences between manual and automatic segmentations (chapter 2). The most
important finding of this study was that manual segmentations had poorer
reproducibility for within-session rescans than one of the automatic segmentation
methods (FSL-FIRST). Also, systematic regional differences between methods
were detected. These findings reflected the different underlying definitions of the
hippocampal structure used by the different methods, thus emphasizing the need
for a harmonized hippocampal outlining protocol [1–3]. Furthermore, FSL-FIRST’s
higher outline reproducibility indicated that automatic methods can have reduced
segmentation variabilities. However, the benefits of outline reproducibility should be
treated with care, because good reproducibility in itself does not necessarily imply
that the hippocampus is outlined accurately or that the method is sensitive to
disease-related change.
In chapter 3 hippocampus segmentation agreement was determined between
multiple observers using a radiotherapy delineation protocol (RTOG), for the
purpose of planning hippocampus sparing radiotherapy. The ICCs of 0.56 and 0.69
for the left and right hippocampus respectively, were relatively low compared to
segmentations performed in neuroradiology, which usually exhibit inter-rater ICCs
higher than 0.85 [4]. Also, the average overlap index of all observers (0.62) was
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much lower than the average overlap index of the study from chapter 2 (0.79).
Segmentations from the study of chapter 2 were performed by a single radiology
technician with multiple years of hippocampal delineation experience. In chapter 3,
the participating observers had different specialisms (radiotherapy technician,
oncologist, neuroradiologist), and used a hippocampus delineation protocol which
was relatively new to them. This might explain the difference between the overlap
indices of these studies and it also leads to the conclusion of chapter 3 that
conformity of delineations could for instance be improved by using a better
delineation protocol and providing more training. Nevertheless, this variability had
limited effect on the ability to reach the clinical goal of reducing the average radiation
dose to the hippocampus because in almost all cases, all dose constraints were
met.
In chapter 4, a novel semi-automatic delineation tool, FASTSURF, was presented.
In this proof of concept study, sparse delineations were simulated and FASTSURF’s
performance was evaluated in comparison with manual and automatic
segmentations. It was shown that FASTSURF segmentations have higher
agreement with manual hippocampus segmentation than both tested automatic
segmentation methods, even when only six to seven contours were used as input.
Possible bias in favour of FASTSURF was limited by comparing the semi-automatic
reconstruction to the manual delineation of a different back-to-back scan. The same
conclusion, that five to eight input contours suffice, was reached for different
outlining protocols and datasets where no back-to-back scans were available. It was
also found that with only five input contours, FASTSURF was already better
reproducible than the automatic methods FreeSurfer and FSL-FIRST.
The work described in chapter 5 evaluated whether FASTSURF can be used to
segment subcortical structures such as the putamen, caudate nucleus and thalamus
as a key ingredient of a novel protocol to make a standard segmentation reference
set in an optimized labour-saving manner. Similar to chapter 4, FASTSURF
segmentations had excellent overlap with complete manual segmentations,
concluding that FASTSURF is indeed a time-saving alternative to fully manual
segmentations.
Hippocampal atrophy rates as measured on structural MRI are an important
biomarker in clinical drug trials. Chapter 6 compared eight different methods to
determine one-year hippocampal atrophy rates on structural MRI in presence of AD
and MCI and evaluated plausibility, reproducibility and sensitivity of those methods.
Results showed that registration-based methods outperformed manual
segmentations regarding all three aspects. The registration methods with best
performance, in descending order, were ANTs, Elastix and NiftyReg. This study
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specifically addressed the feasibility of using these methods to detect radiationinduced hippocampal volume loss. By consulting recent radiotherapy literature to
obtain a rough estimate of the expected effect size, this chapter predicts that
radiation-induced hippocampal volume loss should be detectable even with a fairly
small sample size (N≈20 per group) when one of these automated methods is used.
Remarkably, with fully manual delineation with the outlining protocol used in [5] such
detection would require much larger sample sizes (N≈90).

7.3.

General discussion

Hippocampus segmentation
Manual segmentations are usually considered as the “gold standard” method and
the base for all semi-automatic or automatic segmentation methods. Every method
is validated with manual segmentations as gold standard by using overlap indices,
volume correlations or other similar measures [6]. Generally, a method with high
agreement to manual segmentations is considered a good segmentation method.
Manual segmentation accuracy determined by the ICC (volume comparison) or
overlap indices is relatively high as shown in chapter 2 or in [4] in which multiple
studies are listed showing ICCs higher than 0.85 for manual hippocampus
segmentation. Higher manual delineation disagreement was presented in chapter
3, which was most likely due to a delineation protocol which was new to the
observers and which had little hippocampus segmentation training.
Similar reliability scores were obtained by FSL-FIRST and FreeSurfer in chapter 2
and for instance in [7]. Furthermore, good agreement with manual segmentations
were observed in multiple studies for FSL-FIRST and FreeSurfer in [8–13] and for
different multi-atlas segmentation methods in [14–16]. These findings suggest that
automatic segmentation methods can replace trained observers. However, chapters
2 and 5 also showed that automatic segmentation methods can fail or produce
erroneous segmentations. Imaging limitations such as reduced signal-to-noise ratio
(SNR), contrast-to-noise ratio (CNR), imaging artefacts and intensity non-uniformity
highly affect the segmentation task and especially intensity-based automatic MRI
analysis decreases in performance [17]. Moreover, unusual pathology and anatomy
are difficult to account for and can lead into large errors for automatic segmentation
methods.
This thesis made use of the fact that outlining the hippocampus on every slice of an
MRI is inefficient and a lot of redundant information is provided, which makes it
possible to reduce the amount of observer input. The same is true for the
segmentation of deep grey nuclei. These considerations show the need for the
development of semi-automatic methods and render the proposed FASTSURF
176
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method highly relevant. FASTSURF is novel because it is completely based on
mesh processing procedures without taking into account any (intensity) information
from the image. It should be noted that before the development of FASTSURF,
another method was developed and investigated using a priori shape information
and sparse contours, but the results of that method were limited.
Usually, semi-automatic methods are based on deformable models such as active
contour or shape models (ACM and ASM), or atlas-based registration, or
classification methods. Semi-automatic hippocampus segmentation using ACM or
ASM have been proposed almost three decades ago, in which either initial lines
[18], initial contours [19] or initial points [20,21] need to be drawn to create a model
for deformation. Chupin et al. developed a region growing based method in which
initial points are placed in the amygdala and hippocampus to minimize the error in
detecting the border between those structures [22]. In atlas-based semi-automatic
segmentation methods either landmarks need to be selected or key regions need
to be segmented to improve atlas registration [23–25]. Alejo et al. proposed a
combined supervised and unsupervised classification method in which a contour
has to be outlined for the supervised classification [26].
Compared to those methods, FASTSURF has several advantages:
1. FASTSURF does not require intensity information to complete the hippocampus
from partial contours, therefore it is less prone to errors arising from noise,
artefacts, anatomical abnormalities or gross pathological changes in the image.
2. A (trained) observer can outline the initial sparse contours for FASTSURF using
conventional segmentation protocols. For methods in which landmarks need to
be selected or specific regions need to be outlined extra training for the observer
is required.
3. The computation to complete the hippocampus is extremely fast compared to
for instance atlas-based semi-automatic segmentation methods.
4. With simulated sparse contours, FASTSURF has been validated with large
datasets. Dill et al. lists semi-automatic segmentation methods with
corresponding dataset sizes on which these methods were validated. For all of
these methods, the dataset sizes were much smaller than the number of scans
on which FASTSURF was tested [16].
In comparison to the deformable model-based method FSL-FIRST and atlas-based
method FreeSurfer, FASTSURF with only five input contours was in better
agreement with manual segmentations (chapter 4). These promising results
suggest that it may be advantageous to use FASTSURF instead of FSL-FIRST or
FreeSurfer for cross-sectional segmentation. Furthermore, chapter 5 showed that
for deep grey nuclei structures FASTSURF segmentations were almost identical to
177
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manual segmentations, emphasizing that FASTSURF has the potential to be used
to create standard reference sets and completely replace fully manual
segmentations. Such reference sets are very important to create atlases and train
and validate automatic segmentation methods, especially in diseases with evident
concomitant pathological changes such as MS.
Atrophy measurement
The most straightforward way to quantify atrophy is by segmenting brain structures
on both baseline and follow up images. Alternatively, one can use non-linear
registration and measure atrophy rates from the deformation fields or by using a
method called boundary shift integral (BSI, [27]). The BSI aligns baseline and repeat
images with rigid registration and determines the shift in boundary location using
differences in voxel intensities. BSI was not investigated in this dissertation,
because Boyes et al. showed that determining hippocampal atrophy using
deformation fields resulting from non-linear registration (Jacobian integration) was
more accurate than BSI [28]. However, hippocampal atrophy determined by BSI
was similar to manually measured atrophy rates [29] and since Boyes’s article from
2006 the BSI has been further developed and improved [30,31] and is therefore still
a method of choice in ongoing clinical drug trials (NCT03446001). Furthermore, in
[32] a multi-atlas segmentation method (MAPS) has been combined with BSI and
showed better atrophy reproducibility in a longitudinal single-session scan-rescan
setup than FreeSurfer, FSL-FIRST, AdaBoost (machine learning based) and MAPS
independently.
In concordance with literature [33–35], it has been shown in chapter 6 that
registration-based methods outperformed manual segmentations for determining
longitudinal hippocampal atrophy. Also, Yushkevich et al. [36] compared their nonlinear registration-based hippocampal atrophy estimations with a study in which a
semi-automatic method was used to determine hippocampal atrophy [37], and
showed that non-linear registration is more sensitive in measuring atrophy rates.
FASTSURF is based on manually segmented sparse segmentation. This implies
that FASTSURF might be equally poor as fully manual segmentation in measuring
atrophy rates when using independent FASTSURF segmentations on all time
points. On the other hand, FASTSURF results in intrinsically smooth surfaces,
implying that, compared to manual segmentations, the subtraction of uncorrelated
errors is avoided. In manual segmentations, that is one of the causes of its poor
performance in atrophy determination. Alternatively, single-timepoint FASTSURF
segmentations could be combined with a Jacobian integration-based quantification
of volume change between scans.
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The results described in this thesis highlight the fact that hippocampus
segmentation and hippocampal atrophy determination are complementary image
processing tasks, with very different benefits from automatic data analysis methods.
Whereas atrophy measurement seems hardly possible with manual expert
segmentation, probably due to the extremely high accuracy requirements (submillimetre, see Chapter 1 Segmentation sensitivity) and uncorrelated noise in
baseline and follow-up delineation, highly reproducible atrophy determinations are
possible with adequately chosen automated methods. Accurate hippocampus
segmentation still requires expert input, using either fully manual or semi-automatic
protocols.
Advantage in using mesh-based methods
Throughout this thesis it has been shown that mesh-based methods allow an
accurate analysis of reproducibility in a scan-rescan setting, which is an important
validation of different segmentation methods. In this context, by using registration
parameters obtained from linear registration, meshes are very useful to bring
shapes to the same position in space without information loss and shape
deformation. With binary image volumes, due to interpolation and thresholding,
computing such overlap indices leads to substantial errors as shown in chapter 1.
Furthermore, with meshes it is possible to perform other precise measures such as
surface distance measures to determine regional atrophy patterns.
In combination with deformation fields obtained from a non-linear registration
process, hippocampal meshes can be deformed and atrophy rates can be
measured as accurately as with Jacobian integration (chapter 6). The advantage of
meshes compared to Jacobian integration is that shape deformation can be
immediately visually inspected in 3D.
Finally, this thesis shows that meshes provide a completely novel way to implement
semi-automatic delineation methods, such as the FASTSURF technique described
in chapter 2.
Limitations of the work in this thesis
In three chapters of this dissertation manual hippocampus segmentation were
compared to automatic segmentation methods or FASTSURF (chapter 2, 4 and 6).
The longitudinal scan-rescan MRI dataset on which 360 hippocampi were manually
segmented is an excellent dataset to analyze segmentation and atrophy
performance. The minor limitation for this segmentation dataset is that a single
observer segmented all hippocampi, potentially biasing the segmentation results,
while improving consistency.
179
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Chapter 4 and 5 showed that FASTSURF is a promising time-saving method for the
segmentation of the hippocampus and deep grey nuclei. However, FASTSURF is
limited in a few aspects which need further attention:
-

-

In chapter 4 and 5 FASTSURF was only validated with simulated sparse
contours and not with independently created manual sparse contours.
FASTSURF can only be used for relatively smooth structures, not for delineation
of irregular structures such as tumours.
So far, for FASTSURF only one contour on each slice can be outlined, which
might not always be sufficient. However, this is not a fundamental limitation
because it is conceptually straightforward to connect a single contour on one
slice to two or more contours on the next, by defining an appropriate connecting
mesh.
If a structure contains cavities that should be excluded from the volume, special
precautions in the outlining software need to be implemented to account for this.

The harmonized hippocampus outlining protocol (HarP) is the most modern and
most widely accepted outlining protocol. Therefore, in the ideal case longitudinal
hippocampus segmentation in a scan-rescan MRI setting outlined using HarP would
complete a validation for FASTSURF or automatic segmentation methods.
In chapter 6, non-linear registration was performed on 3D T1 weighted MPRAGE
MRI scans acquired at various locations from different vendors (GE, Philips and
Siemens). Image post-processing procedures such as bias field correction or
intensity normalization might improve registration performance and make the
registration more robust across images from different vendors. Furthermore, for
images acquired with different sequences parameters of non-linear registration
methods most probably need to be tuned to those images. However, even without
such procedures, the results in chapter 6 are very promising.
As mentioned in the introduction, imaging limitations such as resolution, noise and
artefacts affect the investigation of segmentation and hippocampal atrophy. In this
thesis, only segmentations of T1-weighted images were investigated. In the future
perspective and development section of this chapter it is discussed why high field
MRI T2-weighted images might be advantageous.
Clinical workflow
Considering the need for fast and accurate hippocampus segmentation and reliable
automatic atrophy measurement methods in clinical neuroradiology and
radiotherapy, two possible clinical workflows are presented resulting from the work
of this dissertation.
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In subjects with neurodegenerative diseases in which hippocampal atrophy is a
secondary outcome measure in clinical trials the subject must undergo longitudinal
MRI scan sessions with the same MRI protocol. To obtain the hippocampus
segmentation of the baseline MRI, a trained operator can delineate approximately
five contours of the hippocampus and use FASTSURF to complete the
segmentation. Then, with a symmetric non-linear registration method (for instance
ANTs, Elastix or NiftyReg) the baseline MRI can be mapped to the follow up MRI
and atrophy rates can be determined by either measuring the longitudinal volume
change of the baseline and the mapped hippocampus using mesh-based methods
or by using Jacobian integration. The same workflow is applicable for clinical trials
in which the assessment of radiation induced brain atrophy is of interest.
In subjects that receive HA-PCI, a subject must obtain a brain MRI and CT
simulation scan, which is used for HA-PCI treatment planning. The MRI must be
mapped to the CT scan prior hippocampus delineation. Using FASTSURF with
approximately five input contours left and right hippocampus delineations can be
obtained, and hippocampal avoidance region can be generated by expanding
hippocampal contours by 5mm. To create the HA-PCI treatment plan, also the whole
brain and lenses must be contoured, and the planning CT and accompanying
contours must be transferred to a treatment planning system. Finally, a radiotherapy
treatment plan can be determined which minimizes the dose to the lenses and the
hippocampi.
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7.4.

Future perspectives and developments

FASTSURF
In the future, FASTSURF might find its role in creating standard reference
segmentation sets and, as described in the clinical workflow section, it could be
used in clinical trials in which changes of anatomical structures need to be
determined. For these applications, the FASTSURF algorithm needs to be
implemented in a delineation tool for ease of use. Furthermore, FASTSURF should
be validated against fully manual and automatic segmentation methods using
independently obtained manual sparse contours. For an even more complete
validation, a multiple observer analysis should be performed, in which experienced
and inexperienced/untrained observers use FASTSURF with a well-defined
segmentation protocol.
FASTSURF should be further improved and developed to increase its performance.
A possible improvement of FASTSURF might be the inclusion of drawing sparse
contours in multiple directions (coronal/axial/sagittal) to increase segmentation
accuracy and ease of use.
T2-weighted MRI and hippocampal subfield analysis
Almost a decade ago, special oblique coronal T2-weighted high field strength (3T7T) MRI sequences have been developed to increase in-plane resolution of images
(~0.5x0.5mm2) and to provide better intensity contrast in the hippocampal region
[38–43]. The slice thickness for those methods is usually thicker (~2.0mm),
nevertheless the voxel volume can be reduced [38]. It has been shown that whole
hippocampal volumes measured on T1- and T2-weighted MRI did not differ [44], but
because T2-weighted images provide better intensity contrast in the hippocampal
region and higher in-plane resolution, the study concludes that measurements on
T2-weighted images are more sensitive [44]. Furthermore, visual evaluation on T2weighted images seems to provide a better discrimination power between AD and
MCI groups [45]. Finally, on T2-weighted MRI manually segmenting hippocampal
subfields is possible [38–43,46,47]. Hippocampal subfield analysis was shown to be
more sensitive to disease effects, as for instance in AD related neuronal tangles
tend to happen most in the CA1 region of the hippocampus [48–50]. Also, annual
atrophy rates in the CA regions and dentate gyrus have been shown to be
significantly larger (~1% to 1.5% larger) in MCI than in controls [44]. However,
manually segmenting hippocampal subfield is even more labour intensive then
measuring whole hippocampal volumes, but atlas-based (semi-)automatic
segmentation of these subfields seems to be possible [47,51,52]. These findings
suggest that measuring hippocampal (subfield) volumes on high field strength T2
182
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weighted MRI is more sensitive than measuring volume on T1 weighted MRI with
lower (1.5T) field strength. But it should be noted that determining 1-3% atrophy
rates in smaller regions might be more challenging than measuring whole
hippocampus atrophy rates on clinical T1-weighted MRI.
Deep learning algorithms
Due to its popularity in many areas of medical image analysis in the last few years
[53], the topic deep learning in the field of brain image analysis cannot be overlooked
and will be briefly discussed.
Deep learning is a machine learning technique, which computes predictions using
imaging features from large image databases. The difference between classical
machine learning techniques and deep learning is that features are learned from
data and are not designed by human engineers [54]. It is appearing that such selflearned imaging features may be useful for quantitative brain image analysis.
Deep learning consists of neural networks with multiple layers, usually more than
five [53]. Neural networks are decision trees with features as inputs and an output
prediction. Due to the large quantity of necessary training data, deep learning is
computationally very expensive. However, advances in graphics processing units
(GPU) massively accelerate deep learning training and makes deep learning
algorithms more accessible [54].
Akkus et al. give an excellent overview of deep learning algorithms used for brain
segmentation [53] and it is shown that convolutional neural networks (CNNs) are
the most commonly used for image classification and segmentation. CNNs are a
type of multi-layer models consisting of trainable filters and pooling operations which
are alternatingly applied on the input images [55,56]. Akkus et al. also show that
CNN-based deep learning approaches achieved high segmentation accuracy
results [53]. For instance, dice overlap indices higher than 0.8 for sub-cortical
structures were obtained in [57]. Similarly, for the hippocampus, WM, GM and CSF
Dice overlap values of 80.45%, 86.15%, 89.46% and 84.25% were obtained with
only five training MRIs, respectively [58]. The later article also shows that the dice
overlap for the hippocampus increased to 84.91% using 25 training MRIs,
concluding that segmentation accuracy can be increased using more training data.
In [59] a CNN model was trained with a large dataset of automated FreeSurfer
hippocampus segmentation and simulated data. CNN based segmentations
correlated well with FreeSurfer segmentations, but less erroneous segmentations
were observed, and the trained model was much faster in segmenting one
hippocampus (<30s) compared to FSL-FIRST (~10min) or FreeSurfer (~4h).
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The segmentation results of deep learning algorithms seem very promising.
However, a large amount of training data is necessary for deep neural networks to
make them robust for different types of scanners, image inhomogeneities or
anatomical variation. FASTSURF could be used for to create such training datasets.

7.5.

Conclusions

In this thesis it has been shown that testing and developing methods to analyse
anatomical structures is challenging. The following main conclusions can be drawn
from the work presented:
-

-

-

-

-
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For manual segmentations a well described outlining protocol and good
guidelines are important (chapter 3). However, manually segmenting
anatomical structures is subjective and segmentations can only be reproduced
to some extent (chapter 2 and chapter 6). Furthermore, outlining brain
structures on every slice of T1-weighted 1.5T or 3T MRI is very inefficient and
a lot of redundant information is provided.
FASTSURF is a novel segmentation method which reduces segmentation time.
It can be used to create standard segmentation reference sets or to outline brain
structures to create avoidance treatment plans in radiotherapy (chapter 4 and
chapter 5).
Mesh representations of 3D objects are recommended for accurate
segmentation comparison in which segmentations need to be mapped to the
same space.
Non-linear registration methods are recommended to determine hippocampal
atrophy rates (chapter 6). FASTSURF could be used to obtain a baseline
segmentation for such a registration-based setting.
Generally, the quality of segmentations should be visually inspected (preferably
in 3D) to avoid and correct for segmentation errors.
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