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A B S T R A C T

Background and objective: This work investigates multi-annotator segmentation framework for semantic image
segmentation using deep learning approaches.
Methods: The framework consists of various deep learning models which perform independently, and then their
decisions are fused by a combiner network. The underlying idea of the multi-annotator (ensemble) segmentation
framework is to take advantage of the synergistic effect created by the complementary information provided by
the different annotators to reach a peak performance superior to each of the annotators when performing alone.
The performance of the multi-annotator framework was assessed for the challenging task of the hippocampus
head and body segmentation from MR images. Atlas-based segmentation method, deep learning-based multi-
view segmentation approach, as well as different decision fusion algorithms, such as STAPLE and shape-based
averaging, were assessed versus the proposed multi-annotator segmentation framework.
Results: Among the different deep learning architectures and loss functions, ResNet model with cross-entropy loss
function (ResNet-CE) exhibited the best performance (best performing single model) with a Dice of 88.6 ± 1.8 %
and 88.6 ± 1.8 % for the hippocampus head and body, respectively. However, the multi-annotator segmentation
framework (which also involved Resnet-CE as one of the annotators) exhibited superior performance with Dice of
91.1 ± 1.3 % (head) and 91.0 ± 1.3 % (body) compared to the atlas-based method with Dice of 88.5 ± 1.5 %
(head) and 88.4 ± 1.5 % (body) and multi-view approach with Dice of 89.0 ± 1.4 % (head) and 88.9 ± 1.5 %
(body).
Conclusion: The multi-annotator segmentation framework exhibits superior performance over each annotator
alone which could be employed almost for all machine learning-related problems to enhance the overall effec-
tiveness of the deep/machine learning algorithms.

1. Introduction

The hippocampus, which converts short-term memory to long-
lasting memory, is one of the earliest subcortical regions that undergo
remarkable tissue loss/degradation within the progression of Alz-
heimer’s Disease. In this regard, the shape and volume of the hippo-
campi have been considered to be early and effective biomarkers for the
prediction and diagnosis of Alzheimer’s Disease [1], schizophrenia [2],
and epilepsy [3]. Hence, the development of automated algorithms for
the identification and delineation of hippocampi from anatomical im-
ages, such as magnetic resonance images (MRI), is of great interest [4].
The hippocampal atrophy is the early clinical manifestation of various

neurological diseases, wherein clinicians need to (manually) segment
this tissue and perform morphological analysis [5]. Manual delineation
is regarded as the reference/gold standard for the morphological anal-
ysis of the hippocampus, yet is highly time-consuming, tedious, and
suffers from intra- and inter-observer variability [6].

Automated hippocampal delineation, which is a pixel-wise semantic
tissue/organ segmentation task, has remarkably progressed owing to the
recent development of deep learning approaches and their efficient ca-
pabilities to extract meaningful/discriminative image features [7,8].
The hippocampus, as a gray matter structure, bears relatively very low
contrast with the neighboring structures/tissues in MR images (for
instance T1-weighted MPRAGE sequence). In addition, its irregular
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shape, small volume, and large variations across the different subjects
have rendered the automated hippocampus segmentation highly chal-
lenging [9]. In this regard, a number of segmentation models based on
convolutional neural networks have been proposed to reliably delineate
the hippocampus structures across different individuals presenting with
either normal or affected brain morphology due to neurodegenerative
diseases [9–11].

To cope with the challenge of semantic segmentation of complex
tissues/organs, the focus has been on the development of fully con-
volutional networks providing an effectively large receptive field to
guarantee high-level semantic feature/information extraction/detection
[12]. The fusion of features obtained from the multi-scale processing of
input images proved to be a highly efficient way of aggregating com-
plementary information to create comprehensive feature maps [13,14].
In addition, in multi-channel semantic segmentation, for instance multi-
sequence MR image segmentation, not only every single channel should
create an effective feature map, but the model should also establish
efficient connections between the different feature maps from the
different channels [15].

Besides, to further improve the performance of neural networks for
the task of semantic segmentation, the attention technique, mimicking
the cognitive attention, is introduced which tends to enhance the
importance of the more relevant/determining features/regions while
fading out the rest [16]. This would allow the models to devote more
computing power on a sub-section but an important part of the data
[17]. Depending on the size/structure of the target organ/tissue, a hi-
erarchical attention mechanism could be employed to create a
comprehensive feature map using a context-aware feature extraction
module. Different stages of such a network would concentrate to detect/
extract low-level (voxel-level) to high-level semantic information from
the important part of the input data to efficiently guide the tissue/organ
segmentation [18].

Most studies in the literature set out to develop a single but powerful
semantic segmentation model which enables reliable and accurate
delineation of the target organs/tissues [19]. However, several works
have demonstrated that a combination of multiple annotators or
ensemble learning (though each of which has a sub-optimal perfor-
mance) is able to outperform a single powerful annotator [20–22]. In
this regard, a number of deep learning-based multi-view solutions have
been proposed to deal with computer-aided detection problems [22,23].
Though the decisions by the different annotators would not be uncor-
related, a sort of latent complementary and interrelated information
exists within the different annotators’ decisions regarding the true
delineation of the target tissue/organ [20,24]. In other words, an effi-
cient combination of weak/sub-optimal annotations would create a
synergistic impact to outperform a single powerful/comprehensive
annotator.

The idea of employing multiple annotators to delineate a target
structure has been investigated for hippocampus segmentation from a
single MR input image [25]. To this end, the different neural network
annotators (with the same architecture) estimated the boundary of the
target organ from different perspectives (views of the input image) [26].
The target structure was segmented from 9 different views of the input
MR images, wherein a three-dimensional network aggregated/com-
bined the label decisions from the multiple views.

In this study, we aimed to conduct a thorough evaluation of the
performance of a single annotator compared to multiple annotators in
the intricate task of hippocampus body and head segmentation [27].
Various neural networks, each characterized by distinct structures and
loss functions, will be employed as multiple annotators. These will be
juxtaposed against the top-performing single annotator. Instead of pre-
senting varied perspectives in a 2-dimensional mode to a single neural
network [25], we will leverage different network architectures and loss
functions in a 3-dimensional (3D) mode, fostering a diverse array of
label decisions for a synergistic multi-annotator segmentation approach.
Additionally, we will implement atlas-based methods [28] to establish a

performance baseline for evaluating the segmentation frameworks of
both single and multi-annotators.

The main contributions of this study lie in several key areas. Firstly, a
novel approach was introduced to ensemble deep learning segmentation
by diversifying the deep learning architectures used for training sub-
models within the ensemble. Unlike previous studies that typically
rely on a single architecture, this work thoroughly explored various
architectures to identify the most effective ones, thus enhancing seg-
mentation performance. Secondly, the number of sub-models within the
ensemble was optimized, providing flexibility across different datasets
and applications, and maximizing segmentation accuracy. Additionally,
an exhaustive analysis of a wide range of loss functions was conducted in
conjunction with different deep learning models, optimizing the selec-
tion to tailor the ensemble framework for specific datasets and tasks,
thereby improving segmentation accuracy and robustness. Finally, our
comprehensive comparative analysis included evaluations against
shape-based averaging, atlas-based methods, and multi-view segmen-
tation, highlighting the superiority of ensemble deep learning in terms of
accuracy, robustness, and outlier reduction, particularly in medical
imaging applications.

2. Materials and methods

2.1. Datasets

Two datasets consisting of MR images with manually defined hip-
pocampus labels were employed in this study. The first dataset was
obtained from Alzheimer’s Disease Neuroimaging Initiative
(http://www.loni.usc.edu/ADNI) containing 50 T1-weighted brain MR
images together with the corresponding hippocampus masks. Since the
hippocampus only occupies a small area of the brain in MR images, the
MR images were cropped roughly to contain separately left and right
hippocampus. In total, 100 training samples (considering left and right
hippocampus separately) were created from the 50 subjects. This dataset
was used only for pretraining of the models.

The second dataset belongs to the medical segmentation Decathlon
challenge (http://medicaldecathlon.com) containing in total (consid-
ering left and right hippocampus separately) 260 3D T1-weighted
MPRAGE sequence (TI/TE/TR, 860/3.7/8.0 ms and a voxel size of
1.0 mm3) MR images. The binary masks of the hippocampus head and
body were manually defined on the MR images [6]. This dataset was
used for final training (fine-tuning) and evaluation of the models. Prior
to the implementation of the segmentation algorithms, the MR images
underwent denoising and N4 bias corrections [29,30]. Then, the in-
tensity normalization on the MR images was carried out using intensity
levels at 90 % cumulative histogram of each image independently.

2.2. Multi-annotator (ensemble) seminal segmentation

Multi-annotator seminal segmentation leverages the synergistic
benefits of integrating label decisions frommultiple annotators to yield a
solution superior to each annotator’s individual outcome. Each anno-
tator addresses the segmentation problem uniquely, showcasing varied
perspectives or sensitivities to underlying features/information. An
effective framework capitalizes on the complementary information
present in the sub-optimal annotators’ decisions. For the multi-
annotator segmentation, diverse deep learning architectures with
distinct loss functions were employed to autonomously segment the
hippocampus from the input MR image (Fig. 1). Each network was
individually optimized for peak performance in 3D mode, delineating
the hippocampus head and body. The best-performing network was
chosen to integrate label decisions from different networks using the
combiner network (depicted as “Combiner” in Fig. 1). The combiner
network fuses decisions based on 3D probability maps independently
generated by diverse networks/annotators, in addition to incorporating
the input image.
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2.3. Alternative approaches

2.3.1. Multi-view segmentation
Alternative to the multi-annotator segmentation approach, the

identification, and delineation of the target organ/tissue could be per-
formed from multiple views (such as sagittal, coronal, and axial) using
an identical neural network followed by an aggregator network to
combine the label decisions [25,26]. Fig. 2 illustrates the multi-view
segmentation approach proposed in [26], wherein the input MR image
is processed from nine different views including sagittal, coronal, axial,
and six diagonal views. In the next step, the different label decisions are
fused (by the combiner network) in 3D mode. The input of the combiner
network are the 9 probability maps generated from the 9 different views
plus the input 3D MR image. To implement this approach, the best
performing neural network architecture was employed to serve as the
combiner as well as the annotator from the different views.

2.3.2. Atlas-based
Despite the exceptional capability/performance of the deep learning

algorithms to decode the complex patterns/relationships of the input
data [31], sub-optimal performance may be observed regarding
capturing/modeling of the shape/morphology characteristics of the
target structure [32]. In this regard, atlas-based methods are able to
properly account for the shape/morphology of the target structure

owing to the presence of prior knowledge in the form of template/atlas
images [33]. In this light, two voxel-wise weighting atlas-based ap-
proaches were implemented for comparison with the deep learning-
based methods. These methods rely on the phase congruency maps
(PCMs) [34] and local normalized cross-correlation (LNCC) similarity
indices [35], calculated between the target MR image and each of the
template/atlas images, to define voxel-wise weighting factors for the
fusion of the template/atlas images registered to the target MR image.
These approaches are referred to as Atlas-PCM and Atlas-LNCC,
respectively.

2.3.3. Decision fusion techniques
Given the label decisions generated by the different annotators

(Fig. 1), the final label map can be also calculated using the popular label
fusion techniques, including majority voting [28], simultaneous truth
and performance level estimation (STAPLE) [36], and shape-based
averaging [37,38]. For the sake of comprehensive investigation, the
performance of the deep learning-based multi-annotator segmentation
framework, as well as the atlas-based methods, was compared with the
above-mentioned label fusions techniques.

2.4. Implementation details

To realize the multi-annotator segmentation framework, a number of

Fig. 1. illustration of the multi-annotator segmentation framework, wherein independently generated 3D probability maps by distinct annotators (networks) are
integrated by the combiner network to produce the ultimate organ/tissue mask.
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neural network architectures with different loss functions were imple-
mented to serve as the different annotators in Fig. 1. These networks
include Dense-Vnet [39], ResNet [40], no-new-net (NNnet) [10], eCNN
[41], HolisticNet [42], SimGAN [43,44], and 3D_Unet [45]. In addition
to the different neural network architectures, different loss functions
[46], including cross-entropy (CE), Dice, Dice no-square (Dice_NS),
generalizedWasserstein Dice (GW_Dice), sensitivity_specificity (SS), and
Tversky, were examined for each of these networks to determine the best
combination of the models (for the task of multi-annotator segmenta-
tion) as well as the best performing network and loss function. These
models were trained using a 10 fold cross-validation scheme, then the
different combinations of the models were examined to determine the
optimal configuration of the multi-annotator segmentation network
(which networks with which loss functions). To increase the size of the
training dataset, data augmentation technique including rotation within
a range of (− 15◦ to 15◦), ±15 % scaling, elastic deformation with sigma
= 1, and random flipping was exploited.

The best performing single model (turned out to be ResNet with CE
loss function (Resnet-CE)) was selected for the combiner network in the
multi-annotator framework (Fig. 1) as well as realization of the multi-
view segmentation approach (Fig. 2).

2.5. Evaluation strategy

The evaluation of the different semantic segmentation methods was
performed versus the manually defined label masks of the hippocampus
body and head using standard image segmentation metrics, including
Dice cooefficient (Eq. (1), Jaccard coefficient (JC) (Eq. (2), relative
volume difference (RVD) (Eq. (3), sensitivity (S) (Eq. (4), mean absolute
surface distance (MASD) (Eq. (5), and Hausdorff distance (HD) (Eq. (6).

Dice(Ref ,Tst) =
2|Ref ∩ Tst|
|Ref | + |Tst|

(1)

RVD(Ref ,Tst) = 100×
|Tst| − |Ref |

|Ref |
(2)

JC(Ref ,Tst) =
|Ref ∩ Tst|
|Ref ∪ Tst|

(3)

S(Ref ,Tst) =
|Ref ∩ Tst|

|Tst|
(4)

MASD(Ref ,Tst) =
dave

(
SRef , STst

)
+dave(STst, SRef )
2

(5)

HD(Ref ,Tst) = max
Ref

{min
Tst

{d(Ref ,Tst)}} (6)

where Ref is the reference binary mask, Tst denotes the estimated binary
mask of the target structures from the MR images. dave(SRef,STst) stands
for the average of the direct distances from all points on the surface of
the reference mask SRef to the estimated surface mask STst. The Hausdorff
distance indicates the maximum distance between the boundaries of the
reference volume (Ref) and the estimated structure volume (Tst).

The paired t-test analysis was performed to investigate the signifi-
cance of the differences between the results obtained from the different
segmentation approaches, considering p-values smaller than 0.05 as
statistically significant.

3. Results

To realize the multi-annotator segmentation framework (Fig. 1), the
different neural network architectures, along with a number of
commonly used loss functions, were implemented to determine the most
efficient combination of the models as well as the best performing single
model. Overall, the ResNet model with cross-entropy (CE) loss function
(Resnet-CE) exhibited superior performance with Dice = 88.7 ± 1.6 and
88.6 ± 1.8 for the hippocampus head and body, respectively, among all
network architectures and loss functions. Hence, the Resnet-CE model,
as the best performing model, was selected to implement the multi-view
segmentation framework (Fig. 2) as well as the combiner network in the
multi-annotator framework (Fig. 1). Among the various combinations of
the network architectures and loss functions, the multi-annotator

Fig. 2. Multi-view segmentation where 2D segmentations from the nine different views are combined to generate the final segmentation mask [26].
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segmentation framework reached its peak performance with the
following models: Resnet-CE, Dense-Vnet with sensitivity–specificity
loss function (DVnet-SS), ResNet with Tversky loss function (Resnet-Tv),
no-new-net with Dice loss function (NNnet-Dice), HolisticNet with cross-
entropy loss function (Holnet-CE), and Dense-Vnet with generalized
Wasserstein Dice loss function (DVnet-WD). These six models are not
necessarily the best performing among the several architectures and loss
functions implemented in this work. However, the combination of these
models in the form of multi-annotator led to the best overall outcome.
Other models, such as Dense-Vnet with Tversky loss function (DVnet-
Tv), ResNet with Dice, and generalized Wasserstein Dice loss functions
(Resnet-Dice and Resnet-WD, respectively), and no-new-net with cross-
entropy loss function (NN-CE) exhibited even better results compared to
the selected models. Nevertheless, the combination of these models led
to a sub-optimal performance supposedly due to their highly correlated
outcomes. Table 1 compares Dice indices obtained from these models.

In this segmentation task focusing on the hippocampus head, our
investigation revealed that the optimal number of annotators was
determined to be six. Surprisingly, the addition of more annotators did
not yield improvements in the overall segmentation quality, as evi-
denced in Supplemental Fig. 1. On the contrary, augmenting the number
of annotators actually led to a degradation in model performance. This
deterioration can be attributed to the heightened complexity introduced
by an increased number of annotators, which posed challenges for the
combiner model in effectively integrating diverse segmentation outputs.
This crucial observation underscores the importance of optimizing the
number of annotators for each specific segmentation task. Moving for-
ward, it becomes imperative to carefully consider and tailor the number
of annotators to maximize segmentation efficacy in future endeavors.

Fig. 3 depicts representative views of the hippocampus body and
head segmented by the different approaches. The visual inspection
revealed some differences between the binary masks obtained from the
different approaches as a result of the vague hippocampus boundary in
the input MR images. To meticulously investigate the performance of
these methods, the overall quantitative metrics should be considered.

Table 2 summarizes the segmentation accuracy of the different deep
learning models, atlas-based, as well as commonly used decision fusion
algorithms, such as STAPLE and shape-based averaging (SBA). It should
be noted that majority voting, STAPLE, and SBA algorithms were
applied to the outcomes of the six deep learning models, which were
employed in the multi-annotator segmentation framework. Regarding
the quantitative metrics, the multi-annotator method (Dice = 91.1 and
91.0) outperformed the Resnet-CE model as the best performing deep
learning model (Dice= 87.7 and 88.6), multi-view method (Dice= 89.0
and 88.9), and the Atlas-LNCC approach (Dice = 88.5 and 88.4) for the
hippocampus head and body segmentation, respectively. The p-values
calculated between the multi-annotator segmentation approach and
other methods are presented in Table 3 which demonstrates that these
differences are statistically significant.

Figs. 4 to 7 depict the box plots of the Dice and HD metrics achieved
by the different segmentation frameworks for the hippocampus body
and head. The Resnet-CE model, as the best performing single deep
learning network, exhibited a comparable performance to atlas-based
and STAPLE methods. However, this model failed to properly identify
the hippocampus from the input MR images in two cases which are
visible in Figs. 3 to 6 as outliers. Fig. 7 illustrates one of these outliers
wherein the other approaches could properly detect the hippocampus
body and head, while the Resnet-CE model led to a gross error.

4. Discussion

4.1. Multi-annotator performance

The primary aim of this work was to introduce/investigate the multi-
annotator segmentation framework in comparison to the conventional
deep learning approach (wherein a single network is trained and eval-
uated), atlas-based method, and deep learning-based multi-view seg-
mentation strategy. The primary idea behind the multi-annotator
segmentation framework relies on the fact that different deep learning
architectures as well as loss functions would capture certain features/
signals/characteristics from the input image (or bear particular sensi-
tivity to certain image features) in order to identify the target organs/
tissues. In this light, a multi-annotator segmentation framework would
benefit from the complementary information provided by the different
annotators to create a synergistic effect beyond the capacity of each of
the annotators alone [20].

The objective of this studywas not to conduct an exhaustive search to
find the optimal combination of the deep learning architectures and loss
functions (for the realization of the multi-annotator segmentation
framework) through the implementation of a large number of models.
Rather, we focused on the demonstration of the superiority of the multi-
annotator segmentation framework over each of the annotators alone
provided they could offer complementary information. For the imple-
mentation of the multi-annotator segmentation framework, only deep
learning-based annotators were employed, whereas other segmentation
approaches, such as atlas-based methods, could also participate in this
framework.

4.2. Atlas-based methods

Atlas-based methods are still of special interest since they could offer
realistic solutions, even for complex structures, owing to the access to
prior knowledge in the form of templates or atlases [28,47]. In this re-
gard, deep learning approaches may fail to capture/estimate the correct
morphology of the input subject leading to gross errors and/or outliers
[32]. In essence, atlas-based methods are sort of multi-annotator seg-
mentation approaches wherein each template or atlas image provides a
candidate segmentation of the target structure to the decision fusion

Table 1
Comparison of hippocampus body and head segmentation accuracy (mean ± SD) between the deep learning models using the selected evaluation metrics, including
Dice coefficient, relative volume distance (RVD), Jaccard similarity (JC), sensitivity (S), mean absolute surface distance (MASD), Hausdorff distance (HD), and distance
error (DE).

Resnet-CE DVnet-SS Resnet-Tv NNnet-Dice Holnet-CE DVnet-WD DVnet-Tv Resnet-Dice NN-CE

Dice Head
Body

88.7 ± 1.6
88.6 ± 1.8

77.6 ± 1.6
77.0 ± 1.7

85.3 ± 1.7
84.6 ± 1.8

82.2 ± 1.6
81.9 ± 1.7

79.6 ± 1.7
79.0 ± 1.7

76.2 ± 1.7
76.0 ± 01.7

84.9 ± 1.7
84.1 ± 1.7

85.5 ± 1.7
84.9 ± 1.8

82.9 ± 1.7
82.2 ± 1.7

RVD (%) Head
Body

− 8.8 ± 1.8
− 8.9 ± 1.8

− 10.3 ± 2.0
− 10.5 ± 2.0

9.6 ± 1.9
9.9 ± 1.9

9.9 ± 1.9
10.0 ± 2.0

− 10.1 ± 2.0
− 10.3 ± 2.0

− 10.8 ± 2.0
− 11.0 ± 2.1

− 9.9 ± 1.9
− 10.0 ± 1.9

9.6 ± 1.9
9.9 ± 1.9

− 9.9 ± 1.9
− 10.0 ± 2.0

JC Head
Body

0.82 ± 0.01
0.82 ± 0.02

0.71 ± 0.03
0.70 ± 0.03

0.80 ± 0.02
0.80 ± 0.02

0.78 ± 0.02
0.78 ± 0.02

0.74 ± 0.03
0.73 ± 0.03

0.70 ± 0.03
0.96 ± 0.04

0.80 ± 0.02
0.79 ± 0.02

0.80 ± 0.02
0.80 ± 0.02

0.79 ± 0.02
0.78 ± 0.02

S Head
Body

0.82 ± 0.03
0.81 ± 0.03

69.9 ± 0.05
69.1 ± 0.05

0.79 ± 0.03
0.78 ± 0.03

0.75 ± 0.04
0.74 ± 0.04

0.73 ± 0.04
0.73 ± 0.04

68.8 ± 0.05
68.3 ± 0.05

0.79 ± 0.03
0.78 ± 0.03

0.79 ± 0.03
0.78 ± 0.03

0.75 ± 0.04
0.74 ± 0.04

MASD (mm) Head
Body

1.33 ± 0.08
1.49 ± 0.09

2.97 ± 0.18
3.00 ± 0.19

2.19 ± 0.11
2.20 ± 0.11

2.68 ± 0.11
2.70 ± 0.12

2.90 ± 0.17
2.99 ± 0.18

3.10 ± 0.20
3.13 ± 0.20

2.21 ± 0.11
2.22 ± 0.12

2.20 ± 0.10
2.21 ± 0.11

2.69 ± 0.11
2.71 ± 0.12

HD (mm) Head
Body

3.86 ± 0.21
4.11 ± 0.22

6.33 ± 0.49
6.10 ± 0.50

4.50 ± 0.29
4.71 ± 0.31

4.91 ± 0.32
5.01 ± 0.35

5.88 ± 0.39
5.94 ± 0.42

6.18 ± 0.44
6.22 ± 0.56

4.59 ± 0.30
4.78 ± 0.32

4.47 ± 0.28
4.64 ± 0.30

4.85 ± 0.31
4.91 ± 0.33
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Fig. 3. Representative views of the delineated hippocampus using the different methods. The hippocampus head and body are depicted in green and red, respec-
tively. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 2
Comparison of hippocampus body and head segmentation accuracy (mean± SD) between the different approaches using the selected evaluation metrics, including the
Dice, relative volume distance (RVD), Jaccard similarity (JC), sensitivity (S), mean absolute surface distance (MASD), Hausdorff distance (HD), distance error (DE).
The best model is highlighted in bold font and gray highlight, while the second-best model is highlighted solely in gray.

Dice RVD (%) JC S MASD (mm) HD (mm)

Single best model
(Resnet-CE)

Head 88.7 ± 1.6
88.6 ± 1.8

− 8.8 ± 1.8
− 8.9 ± 1.8

0.82 ± 0.01
0.82 ± 0.02

0.82 ± 0.03
0.81 ± 0.03

1.33 ± 0.08
1.49 ± 0.09

3.86 ± 0.21
4.11 ± 0.22Body

Atlas-PCM Head 87.9 ± 1.5 9.1 ± 1.7
9.2 ± 1.8

0.81 ± 0.01
0.80 ± 0.01

0.81 ± 0.03
0.80 ± 0.03

1.99 ± 0.09
2.09 ± 0.10

4.15 ± 0.23
4.23 ± 0.24Body 87.5 ± 1.6

Atlas-LNCC Head
Body

88.5 ± 1.5
88.4 ± 1.5

8.4 ± 1.7
8.5 ± 1.8

0.82 ± 0.01
0.82 ± 0.01

0.82 ± 0.02
0.81 ± 0.03

1.81 ± 0.08
1.90 ± 0.09

3.93 ± 0.21
4.18 ± 0.22

Multi-view Head
Body

89.0 ± 1.4
88.9 ± 1.5

8.1 ± 1.7
8.3 ± 1.8

0.83 ± 0.01
0.82 ± 0.01

0.82 ± 0.02
0.82 ± 0.03

1.40 ± 0.08
1.46 ± 0.09

3.01 ± 0.20
3.22 ± 0.21

Majority voting Head
Body

86.2 ± 1.6
85.8 ± 1.6

9.5 ± 1.8
9.9 ± 1.9

0.79 ± 0.01
0.78 ± 0.01

0.79 ± 0.03
0.78 ± 0.03

2.17 ± 0.10
2.24 ± 0.11

4.93 ± 0.26
5.02 ± 0.27

SBA Head
Body

87.9 ± 1.5
87.8 ± 1.7

− 8.9 ± 1.8
− 8.9 ± 1.8

0.82 ± 0.01
0.82 ± 0.02

0.81 ± 0.03
0.80 ± 0.03

2.00 ± 0.09
2.01 ± 0.10

4.05 ± 0.22
4.15 ± 0.23

STAPLE Head
Body

87.9 ± 1.4
87.9 ± 1.6

− 8.9 ± 1.7
− 8.9 ± 1.7

0.82 ± 0.01
0.82 ± 0.01

0.81 ± 0.02
0.80 ± 0.03

1.98 ± 0.09
2.00 ± 0.10

4.07 ± 0.22
4.10 ± 0.23

Multi-annotator Head
Body

91.1 ± 1.3
91.0 ± 1.3

¡7.2 ± 1.6
¡7.3 ± 1.7

0.85 ± 0.01
0.85 ± 0.01

0.85 ± 0.02
0.85 ± 0.02

1.05 ± 0.07
1.06 ± 0.07

2.26 ± 0.16
2.33 ± 0.17

Table 3
The p-values calculated between the multi-annotator approach and the other methods for the different quantitative metrics.

Dice RVD (%) JC S MASD (mm) HD (mm)

(Resnet-CE) vs Multi-annotator Head 0.020.02 0.030.03 0.020.02 0.020.02 0.030.03 0.030.03
Body

Atlas-PCM vs Multi-annotator Head <0.01<0.01 <0.01<0.01 <0.01<0.01 <0.01<0.01 <0.01<0.01 <0.01<0.01
Body

Atlas-LNCC vs Multi-annotator HeadBody 0.020.02 0.020.02 0.020.02 0.020.02 0.020.02 0.020.02
Multi-view vs Multi-annotator HeadBody 0.030.03 0.040.04 0.030.03 0.030.03 0.050.05 0.040.04
Majority voting vs Multi-annotator HeadBody <0.01<0.01 <0.01<0.01 <0.01<0.01 <0.01<0.01 <0.01<0.01 <0.01<0.01
SBA vs Multi-annotator HeadBody 0.010.01 0.020.02 0.020.02 0.010.01 0.020.02 0.010.01
STAPLE vs Multi-annotator HeadBody 0.020.02 0.030.03 0.030.03 0.030.03 0.030.03 0.030.03
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algorithm. Incorporation of atlas-based methods in multi-annotator
framework might offer highly complementary information to the other
deep learning-based annotators, which would lead to overall better
performance. The information in the atlas dataset could also be included
in the multi-annotator framework through principal component analysis
to avoid the computational burden of atlas-based methods [48].

4.3. Key parameters

The primary factor which determines the efficiency of the multi-
annotator segmentation framework is the level/amount of comple-
mentary information provided by the different annotators. In this light,
combination of a number of best-performing annotators would not
necessarily lead to peak performance of the multi-annotator approach.
Though each of the annotators may exhibit high accuracy, the strong
correlations and considerable overlap between their outcomes would
lead to suboptimal performance of the multi-annotator approach.
Fig. 9A depicts such an example wherein the heatmap illustrates the
overlap/correlation between the six best performing annotators while
their combination in the form of the multi-annotator framework led to
relatively sub-optimal performance. Fig. 9B depicts the overlap heatmap
for the six annotators leading to the overall peak performance of the
multi-annotator approach. The levels of overlap between the different
annotators in Fig. 9B are noticeably lower than those in Fig. 1A; how-
ever, due to the presence of effective complementary information, these
annotators resulted in overall superior outcomes. On the other hand,
Fig. 9C depicts the overlap heatmap of six annotators which led to sub-
optimal performance of the multi-annotator approach due to inaccurate
outcomes of the different participating annotators and the presence of
the less effective complementary information.

The ensemble learning approach showcased superior performance

compared to individual models, underscoring its efficacy in enhancing
segmentation accuracy. However, the optimization process employed in
this study for efficient ensemble implementation remains specific to the
segmentation task at hand. For diverse tasks, datasets, or problems,
dedicated optimization of factors, such as the number and architecture
of sub-models, as well as the choice of loss function, becomes impera-
tive. Notably, the selection of loss function emerges as a critical deter-
minant, exerting a profound impact on the outcomes of sub-models
relative to network architecture. Thus, the incorporation of multiple loss
functions capable of providing complementary predictions or estima-
tions is paramount for the implementation of an efficient ensemble
learning model. To this end, for novel tasks, it is advisable to meticu-
lously optimize ensemble learning models by identifying the optimal
combination of loss functions, ensuring maximal complementary infor-
mation for the combiner model, thereby facilitating enhanced segmen-
tation accuracy and robustness.

4.4. Outliers

In addition to the overall superior performance of the multi-
annotator (ensemble) approach over the best performing single anno-
tator, this approach did not exhibit gross errors (outliers such as Fig. 8)
while every single annotator resulted in a few outliers when they were
performing independently. In this study, the best performing model was
used as the combiner to fuse the different decision maps (Fig. 1); how-
ever, specific network architectures and/or dedicated loss functions
could be developed/employed to combine more effectively the different
decision maps.

Fig. 4. Box plot of Dice coefficient obtained by the different segmentation algorithms for the hippocampus body.
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5. Conclusion

In this work, multi-annotator segmentation framework was investi-
gated wherein a number of deep learning models were combined into a

single pipeline to create a synergistic effect superior to the performance
of each of the participating models alone. The multi-annotator approach
exhibited superior performance over the atlas-based methods, STAPLE,
as well as the single best performing deep learning model in the

Fig. 5. Box plot of Dice coefficient obtained by the different segmentation algorithms for the hippocampus head.

Fig. 6. Box plot of HD coefficient obtained from the different segmentation algorithms for the hippocampus body.

H. Arabi and H. Zaidi



Biomedical Signal Processing and Control 97 (2024) 106667

9

challenging task of the hippocampus body and head segmentation. The
proposed framework could be employed almost for all machine
learning-related problems to enhance the overall effectiveness of the
deep/machine learning algorithms.
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