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Automated segmentation methods can produce faster segmentation of tumors in medical images, aiding
medical professionals in diagnosis and treatment plans. A 3D U-Net method excels in this task but has high
computational costs due to large model parameters, which limits their application under resource constraints.
This study targets an optimized triplanar (2.5D) model ensemble to generate accurate segmentation with fewer
parameters. The proposed triplanar model uses spatial and channel attention mechanisms and information
from multiple orthogonal planar views to predict segmentation labels. In particular, we studied the optimum
filter size to improve the accuracy without increasing the network complexity. The model generated output
is further post-processed to fine-tune the segmentation results. The Dice similarity coefficients (Dice-score)
of the Brain Tumor Segmentation (BraTS) 2020 training set for enhancing tumor (ET), whole tumor (WT),
and tumor core (TC) are 0.736, 0.896, and 0.841, whereas, for the validation set, they are 0.713, 0.873, and
0.778, respectively. The proposed base model has only 10.25 M parameters, three times less than BraTS 2020’s
best-performing model (ET 0.798, WT 0.912, TC 0.857) on the validation set. The proposed ensemble model
has 93.5 M parameters, 1.6 times less than the top-ranked model and two times less than the third-ranked
model (ET 0.793, WT 0.911, TC 0.853 on validation set) of BraTS2020 challenge.

1. Introduction sequences: T1-weighted (T1), T1-enhanced, T2-weighted (T2), and T2-

weighted with fluid-attenuated inversion recovery (FLAIR). These MR

Glioblastoma is the most malignant and frequently occurring pri-
mary tumor in the central nervous system. In the United States, 25%
of newly diagnosed primary brain tumor cases are glioblastoma [1].
The median survival rate is about ten months despite significant tech-
nological advances [2]. There is no known cure for this disease, and the
current clinical practices of a safe gross total resection (GTR) through
surgery followed by chemotherapy and radiation therapy are widely
accepted [1]. Diagnosing glioblastoma is challenging due to the high
heterogeneity in lesions, shapes, and locations. Automated segmen-
tation can help oncologists diagnose and plan treatment, increasing
patients’ survival tenure.

MRI is widely used because it is non-invasive and provides high
resolution and contrast for the soft tissues, which helps segment highly
heterogeneous tumor lesions [2-4]. However, due to image artifacts
and the complexity of tumors, a single anatomical MRI is not enough to
segment all tumors. For various tumors, multiparametric MRI (mpMRI)
provides supplementary information, and it includes four MR pulse
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pulse sequences are regarded as reliable tools for detecting enhancing
tumor (ET)/necrosis (NC) and peritumoral edema (ED), respectively.
Recently, many methods have been proposed for 3D image construc-
tion [5], preprocessing [6], network engineering [7], and postprocess-
ing [71, which collectively focus on improving brain tumor segmen-
tation. Researchers have introduced enhanced versions of the 2D and
3D-based U-Net architecture in the context of brain tumor segmen-
tation (BTS). These variants incorporate advancements such as resid-
ual connections [8-10], dense connections [11-13], attention mecha-
nisms [14-17], and self-attention mechanisms like transformers [18—
20], among other techniques. Though these models have increased seg-
mentation accuracy, their complexity and computation requirements
are very high. In practical applications, networks with robust perfor-
mance, low computation need, and possessing simple structure are
necessary [21,22]. In clinical usage, achieving the best accuracy while
operating within limited computational budgets is challenging.
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Along with 3D, 2D models are also prevalent for BTS. Also, most
sizeable open-source datasets are two-dimensional images, which im-
plicitly forces 2D processing [23,24]. The significant difference be-
tween 3D and 2D networks is that 3D networks capture spatial and
temporal relationships within the data, leveraging the additional depth
dimension for feature extraction, whereas 2D networks capture only
spatial dependencies within the images. These additional depth dimen-
sions in 3D models helped segmentation improvement but with higher
computational costs. Moreover, the 3D models do not guarantee better
tumor segmentation and require a large dataset, whose preparation
is costly and time-consuming. Also, 3D models are difficult to opti-
mize and require more training time. In comparison, 2D models do
not have access to depth information, which can limit their perfor-
mance but requires lesser computations. Therefore, the triplanar model
was introduced to capitalize on the advantages of both 3D and 2D
models [25].

The triplanar approach utilizes three 2D models, each specifi-
cally trained to analyze the axial, sagittal, and coronal planes. This
enables the networks to capture unique patterns from various per-
spectives, leading to improved segmentation and smoother continuity
across slices compared to singular 2D models [25,26]. When predicting
results, segmentation maps from these three models are combined, en-
abling the model to integrate multiplanar information, yielding better
segmentation. Moreover, this triplanar model balances computations
similar to 2D convolutional neural networks (CNN) and can capture
some depth information. This model can effectively handle anisotropic
data (pixel size varies across planes due to differences in image ac-
quisition protocols) by independently processing each plane, adapting
to variations in resolution, and producing accurate segmentation [23].
Furthermore, utilizing and optimizing a triplanar network has the
potential to produce robust segmentation results that can compete
with contemporary segmentation models [27,28]. Therefore, in our
work, we leverage the triplanar model and attention mechanism for
BTS. The attention mechanism focuses on specific parts of an input,
guided by their corresponding weights, which reflect the importance
of the information they carry. Higher weights signify more valuable
information within a specific feature map, enabling the model to down-
play irrelevant aspects. In the channel attention mechanism, weight is
assigned to each channel with respect to the relevance of information.
On the other hand, the spatial attention mechanism assigns weight
to the prominent characteristics within the feature map, confined by
the kernel’s window. However, in standard convolutional layers, all
channels are given equal weight, which can lead to redundancy, inef-
ficiencies in feature extraction, and slow convergence. The advantages
of these attention networks lie in their adaptive fine-tuning of weights
based on information, making them well-suited for capturing intricate
semantic relationships, including small-intensity dissimilarities, and
preserving long-term dependency [17,29]. It has a simple architecture,
suitable to plug and use. Additionally, they offer interpretability, a
crucial feature in medical image segmentation.

This study focuses on the benefits of triplanar networks and atten-
tion mechanisms, particularly in scenarios with restricted memory and
computation environments. The proposed work involves creating an
ensemble of these networks with an attention mechanism. The objective
is to enhance the model’s performance without causing parameter
explosion. For this purpose, we conduct ablation studies focusing on
2D U-Net-based Triplanar models and attention mechanisms to improve
the model’s segmentation capabilities. The ablation study examines the
impact of different attention mechanisms: channel attention (CA) [30],
concurrent combining of channel and spatial attention (CCSA) [31],
and sequential (SCSA) [32]. However, we found the CCSA model’s
performance lags behind CA and SCSA, prompting us to optimize CCSA
(called CCSAv1) by widening the filters at each layer to enhance its
expressiveness and discriminative ability [31,32]. This CCSAv1 net-
work has shown notable performance enhancements among all the

Healthcare Analytics 5 (2024) 100307

planar models. Lastly, we employ post-processing techniques to im-
prove further the segmentation results. It is important to note that the
architectures of spatial and channel attention differ between CCSA and
SCSA.

The remaining sections of the paper are organized as follows: Sec-
tion 2 provides an overview of the methodology and data sources.
Section 3 presents the results and discussions. Section 4 concludes the
proposed research work, addresses the limitations and presents future
work.

2. Methodology and data

The methodology includes details of end-to-end procedures used to
generate robust segmentation results while ensuring that the network
has a simple structure and uses limited memory and computation
requirements. This is essential for wide-scale and real-world applica-
tions in the medical domain [22,33,34]. The holistic structure of the
proposed methodology is illustrated in Fig. 1. It is a triplanar ensemble-
based approach where three orthogonal planar models (axial, sagittal,
and coronal) were trained on all three combinations of attention-based
models CA, CCSAv1 and SCSA respectively. The ablation study also
aims to examine the impact of CA, concurrently combining CCSA or
sequentially combining SCSA channel and spatial attention mechanisms
to improve the results. This combining approach enables the model to
comprehend ‘what’ to focus on (channel information) and ‘where’ to
focus on (spatial information) within the feature map. This allows the
model to better understand the salient features in the data across spatial
and channel dimensions, which can enhance the discriminating abilities
of the model [31,32]. Further, we observed that CSCAvI network has
shown notable performance enhancements among all the orthogonal
planar models. Finally, we obtained the segmentation results by aver-
aging the probability maps of the ensemble. Subsequently, we created
a Super-ensemble by combining all nine models and post-processed
the segmentation results using the connected component algorithm
to derive the final segmentation. We kept only the bigger connected
component in the predicted segmentation mask. Every combination of
such planar and Triplanar models can be seen in Fig. 1.

2.1. Data sources and scoring metrics

The proposed network was trained using the training dataset of
the mpMRI Brain Tumor Segmentation Challenge (BraTS) 2020, which
consists of 3D images [35-37]. The training dataset comprises 369 sam-
ples collected from 19 institutions, each with distinct image-acquisition
protocols and scanners. The ground labels were manually annotated
by one to four experts. The details of mpMRI are shown in Table 1.
The validation and test dataset includes 125 and 166 samples, respec-
tively. The ground truth of the MRI images is labeled with specific
values to represent different regions of interest: the necrotic center and
non-enhancing tumor were labeled as 1, the edema region as 2, the
enhancing tumor region as 4, and the background as 0. The ground
truth of validation and testing sets was withheld by the challenge
organizers’ datasets, which will be used later to rank the segmentation
network. However, test sets were available only for the challenge
participants. Each modality has a volume measurement of 240 (width)
X 240 (height) x 155 (depth or slices). The challenge organizer has
done preprocessing, such as skull-stripping and interpolating to a voxel
resolution of 1 x 1 x 1.

The Dice-score and Hausdorff distance (HD) are mainly used as
scoring metrics in the BraTS2020 challenge. These metrics are utilized
to evaluate the effectiveness of the segmentation algorithms. The Dice-
score measures the spatial overlap between the predicted segmentation
labels (P,) and the ground-truth labels (G,), and its value ranges from
0 to 1, where a score of 0 indicates no overlap, and a score of 1
indicates a complete match between the predicted and ground-truth
labels. A high Dice-score indicates that the segmentation results closely
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Fig. 1. The holistic structure of the proposed methodology.

Table 1

Details about the mpMRI dataset [37].

Pulse Sequences

Acquisition type (2D/3D)

Slice thickness/Voxel size

T1 2D - sagittal or axial 1-6 mm
Tl-ce 3D 1 mm?

FLAIR 2D - axial, sagittal or coronal 2 -6 mm
T2 2D - axial 2 -6 mm

align with expert annotations. On the other hand, the HD evaluates the
alignment of the predicted segmentation boundary with the ground-
truth boundary. It measures the greatest of all distances between a
point in one set (G,) and the closest point in the other set (P,). Smaller
HD signifies better-aligned boundaries between G, and P,, whereas
larger HD signifies poor alignments. The Dice-score is sensitive to
false positives and negatives, emphasizing the overall match between
the segmented areas. Meanwhile, the HD focuses on the maximum
deviation, highlighting the most significant differences between the
segmentations. By considering both metrics, researchers and practition-
ers can gain a more nuanced understanding of the segmentation quality,
which is crucial for diagnosis, treatment planning, and monitoring of
diseases. Mathematically, Dice-score and HD can be defined as:

2 - |P; A Gl

Dice — score = ——mM8M——— (€8}
(1Pl + 1G] )/2

HD = {SId,,SId,} 2

maxy S L dp (g, p) oo ol (g p) (2)

Where S and I represent supremum, infimum, respectively, and
d(g, p) is the distance between points g ¢ G, and points p ¢ P,. Also, alter-
native metrics like sensitivity and specificity are employed by the BraTS
challenge to assess potential over-segmentation or under-segmentation
by the algorithms.

2.2. Data preprocessing

Since MRI scans frequently exhibit uneven intensity distribution due
to bias fields, we initially corrected bias using the N4ITK package [38].
Additionally, non-brain areas were eliminated from all the MRI MR
pulse sequences. Subsequently, the top and bottom 1% of intensities,
considered outliers, were removed. Finally, intensity normalization

using mean and standard deviation values was conducted on each slice
of the images. The dimensions of the input image slices are 192 x 152
for an axial model, 192 x 144 for the sagittal model, and 152 x 144 for
the coronal model. The slices have different sizes due to the orientation
of the imaging plane and the way the MRI is processed. While training,
we randomly flipped images vertically and horizontally on the fly to
reduce memory usage and provide better training.

2.3. Network design and training details

The primary network consists of a layered encoder—decoder archi-
tecture, as shown in Fig. 2. The encoder pathway captures features
ranging from low-level to increasingly high-level as it processes the
input images. At each consecutive stage, the width of the channels
doubles, and the spatial size of the feature maps reduces by half.
In the first stage, the encoder consists of a 2 X 2 convolution layer
followed by a residual block. All other stages consist of a downsam-
pling layer followed by a residual block. The residual block has a
ResNet-like structure comprising two 3 x 3 kernel size convolution
blocks, batch-normalization, and Parametric ReLU (PRelu) unit [39].
For downsampling, convolution with stride length 2 is used. At the
same time, the decoder is primarily responsible for capturing the
precise location of features in the image. It works with the encoder
to reconstruct the segmentation mask by upsampling the feature maps
to the original input size. Here, the decoder consists of an upsampling
layer followed by 2 x 2 convolution layer, residual block, and attention
block [30,32]. Finally, softmax activation was applied to generate four
feature maps, one for each class.
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Fig. 2. The architectural diagram of the proposed basic 2D U-Net with built-in attention mechanism at the decoder [40].
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2.3.1. Rearrangement of the attention architecture

We employed the squeeze and excitation (SE) technique [30] to
implement CA, which can be seen in Fig. 3. The SE consists of two key
operations, namely squeeze and excitation. The squeeze operation in-
volves the global average pooling (GAP) method to squeeze the spatial
dimension of the feature map into a vector. The excitation operation
follows the squeeze operation and aims to understand dependencies
and relationships between channels. It involves two fully connected
layers, typically with a non-linear activation function, which helps the
network learn to emphasize informative features while suppressing less
useful ones. As shown in Fig. 3, the first fully connected (FC) layer
decreased the channel size (C) to C/ratio. While the native method [30]
recommended using ratio = 16. Empirically, we found that ratio = 8
yielded the best results for the BraTS 2020 dataset. Adopting ratio = 16
would significantly reduce the number of channels, limiting the model’s
ability to capture context effectively.

Similarly, the structure of the improved CCSAvl mechanism is
illustrated in Fig. 4, demonstrating the parallel combination of chan-
nel attention and spatial attention. For channel attention, we have
employed SE. As for spatial attention, the convolution layer with a
1 x 1 kernel performs the squeeze operation, followed by an excitation
operation where a sigmoid function is applied to generate weights
multiplied by the original feature map. During experimentation, we
noted that (CCSA) is not performing well compared to the other CA
and SCSA attention mechanisms. Therefore, we modified Roy et al. [31]
Spatial and Channel Squeeze and Excitation Block (scSE) module in
CCSA, and called as CCSAvI. In the native method, [31], squeezing
spatial attention involves using C x K, where C represents the number
of filters, and K denotes the 1 x 1 kernel size. In the native method,

with each depth of U-Net, C remains constant at 1, whereas in our
improved CCSAv1 mechanism, C increases with the respective depth
of the U-Net, starting with an initial value of 64 and reaching up to
512. The improved CCSAv1 keeps more information by compressing
it to a slightly larger size and retains more critical details without
excessively inflating the model size. Adjusting the number of filters
with the depth of the U-Net allows the model to adapt and learn
representations better suited for the given complexities, potentially
resulting in improved understanding and segmentation. Furthermore,
this dynamic adjustment of the number of filters based on the U-Net’s
depth allows the model to adapt to varying scales of features and
objects within the images, contributing to better overall segmentation
performance.

The SCSA module can be seen in Fig. 5. Here, the channel attention
mechanism is implemented using the CA module, where instead of
GAP, two separate modules (each for max pooling and average pooling)
with the same architecture were built and aggregated to weigh the
feature map. The first FC layer’s output channel (C) was also reduced
to C/ratio. Here, also empirically, we found that ratio = 8 is generating
the best results. The internal operations of SCSA can be seen in Fig. 5a.
Mathematically, it can be defined as:

FC’ = A (Fap) © Fgp 3)

F!'= A(F)® F! )

where, @ indicates element-wise multiplication, F,,,, is a feature map,
A.(F,,,) is channel attention map, A,(F/) is spatial attention map and

F! is the final output.
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2.4. Training details

The segmentation network was built using Tensorflow and Keras
on a Quadro RTX5000 with 16 GB GPU and 128 GB RAM. During
training, random slices of size 192 x 152 for an axial model, 192 x 144
for the sagittal model, and 152 x 144 for the coronal model were
generated from the input volumes, and the batch size is set at 16 to

accommodate our memory constraints. A stochastic gradient descent
optimizer was used to train the network, and its learning rate was set
to 0.008. The combination of cross-entropy (CE,,,) and generalized
dice-loss functions (GD,,,,) [41] was utilized as a loss function to
tackle the class imbalance, as demonstrated in Eq. (5). The learning
rate will decrease by 0.5 if the validation loss does not decrease
for 30 epochs. Furthermore, the Keras early stopping mechanism was



S. Rajput et al.

Table 2

Healthcare Analytics 5 (2024) 100307

Experimental evaluation of each variant of models on BraTS2020 validation dataset. The best results are highlighted in bold text. Training and validation results from the same
model are highlighted using the same color, and their corresponding training results can be found in Table 5. The two ranking models of the BraTS2020 challenge are shown
in the first two rows. For the CCSA and CCSAv1 of the same model type, matching colors are used (excluding the first two rows). All the results shown here are obtained from

BraTS-challenge online assessment platform*.

Dice-score HD
Dataset Model Type Model Name Parameter ET WT TC ET WT TC
Numbers in
millions (M)
Validation Ensemble of five 3DU-Nets Isensee et al. [7] 302%x5=156 M 0.798 0.912 0.857 26.410 3.730 5.640
Validation Ensemble of eleven 3DU-Nets Yuan et al. [15] 16.5x11=181.5 M 0.793 0.911 0.853 18.196 4.097 5.888
l Validation Axial CA 10.246 M 0.610 0.873 0.754 56.627 9.532 14.038
Validation Axial CCSA 10.247 M 0.618 0.854 0.738 52.666 13.759 17.896
Validation Axial* CCSAv1* 10.589 M 0.679 0.867 0.788 42.230 10.885 11.496
Validation Axial SCSA 10.333 M 0.670 0.866 0.760 46.227 9.328 15.22
Validation Coronal CA 10.246 M 0.633 0.836 0.747 54.469 19.712 22.547
Validation Coronal CCSA 10.247 M 0.629 0.827 0.743 58.344 23.447 22.538
Validation Coronal* CCSAv1* 10.589 M 0.662 0.840 0.740 42.864 16.491 25.476
Validation Coronal SCSA 10.333 M 0.642 0.825 0.738 52.114 25.978 19.806
Validation Sagittal CA 10.246 M 0.663 0.850 0.737 48.509 10.414 15.969
Validation Sagittal CCSA 10.247 M 0.652 0.835 0.759 49.567 14.381 15.010
Validation Sagittal* CCSAv1* 10.589 M 0.663 0.833 0.747 48.829 10.955 18.954
l Validation Sagittal SCSA 10.333 M 0.680 0.853 0.756 46.402 17.448 18.758
Validation Axial Ensemble CA-CCSA-SCSA 30.825 M 0.661 0.879 0.767 41.232 6.754 12.034
Validation Axial Ensemble* CA-CCSAvV1-SCSA* 31.167 M 0.683 0.883 0.784 42.620 6.285 11.863
Validation Coronal Ensemble CA-CCSA-SCSA 30.825 M 0.648 0.849 0.762 53.748 16.502 15.713
Validation Coronal Ensemble* CA-CCSAvV1-SCSA* 31.167 M 0.664 0.850 0.759 47.828 14.301 18.964
Validation Sagittal Ensemble CA-CCSA-SCSA 30.825 M 0.682 0.863 0.762 43.714 11.391 16.799
Validation Sagittal Ensemble* CA-CCSAvV1-SCSA* 31.167 M 0.681 0.857 0.758 48.279 10.795 14.991
[ Validation Triplanar Ensemble CA 30.737 M 0.669 0.871 0.771 44.512 6.929 12.558
Validation Triplanar Ensemble CCSA 30.739 M 0.667 0.860 0.773 45.395 9.764 13.708
Validation Triplanar Ensemble* CCSAv1* 31.767 M 0.699 0.863 0.777 35.713 7.173 14.529
[ Validation Triplanar Ensemble SCSA 30.999 M 0.693 0.868 0.776 42.274 10.120 13.989
Validation Super-Ensemble CA-CCSA-SCSA 92.47 M 0.699 0.875 0.782 36.752 8.037 14.846
Validation Super-Ensemble (without CA-CCSAV1-SCSA* 93.50 M 0.704 0.875 0.785 35.440 6.962 14.560
postprocessing)*
Validation Super-Ensemble-pp (with CA-CCSAV1-SCSA* 93.50 M 0.713 0.873 0.778 31.563 6.347 13.274
postprocessing)*
Validation Native U-Net * without attention 7.698 M 0.669 0.862 0.786 44.046 11.750 12.841
mechanism*

+ https://ipp.cbica.upenn.edu/
* signifies a modified version of models/

employed, which halts training if the validation loss does not decrease
for 50 epochs.

Loss = GD,,(G;, P;) + CE, (G, Py)
C N
22[:](u/l X Zi:| 81 X i)

C N
2o WX Xl & X pry) (5)
N C

1
CEpyss(Gp, P) = =~ Zl g(gu xlog ;)

GDIGSS(GI’ Ps) =1-

1

i1 8li

the predicted prolbébility of class I for voxel i, is the ground truth label
for class / for voxel i, g ¢ G, where G, is the ground truth label and pe P,
where P, is the predicted segmentation label.

is the adaptive weight for the /th channel, p;; is

3. Results and discussions

Table 2 shows the results of variants of attention mechanism trained
on various planer images. In this context, we prioritize the discussion
regarding CCSAv1, its parameter counts, its influence on segmentation
as an individual model, and its potential ensembling with other model
variants. We have also presented post-processed segmentation results.
Additionally, we compared the proposed models with the network
without attention mechanisms.

3.1. Impact of attention mechanism

The last row of Table 2 presents the results of the Native U-Net
model, i.e., without attention mechanism, which is trained exclusively

on axial planar images. It has 7.698 M parameters. While the proposed
CCSAv1 network has only a slightly higher number of parameters
(an increase of 2.89 M) than Native U-Net. It demonstrates a notable
improvement over the Native U-Net model of approximately 0.044 in
Dice score for the ET region (where the Dice-score varies between 0
to 1), known to be a most challenging area for accurate segmentation.
Similarly, for HD, it improved by 10 mm to Native U-Net.

3.2. Impact of improved CCS Avl mechanism

The study of Table 2 reveals that the performance of the CCSA
model was comparatively inferior to the CA and SCSA models, even
when incorporating spatial and channel attention. For example, in
Table 2, 4th row shows CCSA model information trained on the axial
plane, which has Dice-score of 0.618 (ET), 0.854 (WT), 0.738 (TC)
whereas CA model (3rd row) has 0.610 (ET), 0.873 (WT) 0.754 (TC)
and SCSA (6th row) has 0.670 (ET), 0.866 (WT) 0.760 (TC) respectively.
Similar observations can be obtained on sagittal (11th, 12th and
14th rows) and coronal planes (7th, 8th and 10th rows). The possible
reasons for the poor performance of CCSA can be attributed to a
simultaneous combination of the attention mechanism, which may not
be integrating well with the U-Net architecture, it may need specific
adjustments of the hyperparameters like a filter size, or it is less
sensitive to the BraTS2020 dataset.

We modified CCSA’s spatial attention mechanism to increase the
number of feature maps at each respective layer to obtain CCSAvI1.
This modification has increased the feature information and the net-
work’s expressive power with marginal addition to the network pa-
rameters [31]. In Table 2, a comparison between CCSA and CCSAv1
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Fig. 6. (a), (b), and (c) are the axial, sagittal, and coronal views of the input FLAIR image. Whereas (d), (e), and (f) are the respective ground segmentation maps. Similarly,
(g), (h), and (i) are the predicted segmentation-map for all the orthogonal plans view. Here, the WT is light-brown+white+dark-brown, the ET region is white, and the TC is
dark-brown+white. Observing slices shown in (a), (b), and (c), we can easily infer that the axial slice contained the most detailed anatomical information, whereas the coronal

had the least.

Table 3
Comparative analysis of computation and memory requirements between proposed models and Native U-Net.
CA CCSAv1 SCSA Native U-Net
Trainable parameters 10.24 M 10.589 M 10.333 M 7.69 M
Training time per epoch 1290+5 s 1302+5 s 1302+5 s 1260+5 s
Memory size 15680 MB 15684 MB 15691 MB 15676 MB
Inference time per sample 1s 1s 1s 1ls

on different model types is shown with the same color (excluding the
first two rows). We can easily deduce that CCSAv1 model has demon-
strated noteworthy improvements compared to the other attention
models (with all the combinations of orthogonal planar and triplanar
models) with a marginal increase in the number of parameters. It has
merely 0.342 M more parameters than the previous version CCSA. This
validates that CCSAv1 is a robust model.

The Triplanar Ensemble of CCSAv1, which is an ensemble of axial,
sagittal, and coronal models having CCSAv1 attention mechanism has
achieved significant performance. The performance enhancement in
the CCSAvl model is attributed to its triplanar nature, which pro-
vides access to depth information. The model type and name in red
signify our approach’s top-performing models. Further, super ensem-
ble model with (CA, SCSA, CCSAv1) attention blocks have Dice-score
0.704, 0.875, 0.785 for ET, WT, and TC with total parameters 93.50 M
which is 1.7x and 2x lesser than top ranking models shown in first two
rows of the Table 2.

Further, postprocessing the segmentation results using the con-
nected components algorithm helped remove false positive labels,
which enhanced the Dice-score by 0.009 for the ET lesion segmentation
(Dice-score (ET:0.713)). This can also be validated by looking at HD
distance, which measures the distance between the predicted and seg-
mented regions, which is the least in Super ensemble-pp* i.e., model after
post-processing (pp) shown in the bold font. Although CCSAv1 as an
individual model has contributed significantly in all the combinations,

the Super-ensemble model* (with CCSAvI),! when compared to Super-
ensemble model (with CCSA) has only improved marginally for ET and
Dice-score remained the same on WT and TC. This reason can be that
averaging the probabilities obtained from multiple models will tone
down significant changes from a particular model.

The comparative analysis of computation and memory requirements
between proposed models and Native U-Net are shown in Table 3. We
can observe marginal differences among the proposed methods and
between the proposed method and the Native U-Net. Despite a slight
increase in memory and computation requirements of the proposed
triplanar model, segmentation performance has improved significantly.

3.3. Impact of imaging plane

Furthermore, comparing models based on the imaging planes, we
can observe coronal-planar models performed inferior to other or-
thogonal (axial and sagittal) planar models. The significant evidence
supporting this claim can be observed from Table 1, where it is ap-
parent that the majority of MR pulse sequences are predominantly
acquired in 2D, specifically in the axial or sagittal planes. Therefore,
the coronal model lacks sufficient data for generalization, and hence,
it has reduced coronal models’ effectiveness. Similar observation can
also be made by visualizing input FLAIR image in Fig. 6(a), (b), and

1 * signifies a modified version of models.
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Table 4
The average Dice-score of each orthogonal planar model. It is calculated by adding the
Dice-scores of all three attention models.

Model ET WT TC

Coronal 0.646 0.834 0.742
Sagittal 0.669 0.845 0.746
Axial 0.653 0.869 0.767

(c), where coronal views have less resolution than axial and sagittal; it
is called anisotropy problem [23]. It occurs due to hardware limitations
of MRI scan device, resulting in high resolution in the in-plane (axial)
while exhibiting low resolution in the through-plane (coronal and/or
sagittal) directions [42]. It creates unclear and not-detailed anatomical
structure information, which hampers image visualization, analysis,
and segmentation of lesions [42]. This can also be validated through
the Dice score shown in Table 2. E.g., the average Dice-score of all the
coronal, sagittal, and axial models are shown in Table 4. It shows that
coronal models have the least average Dice-score.

3.4. Observations of segmentation on training set

Training results of top-performing models - triplanar and Super-
ensemble on 75 randomly picked samples are presented in Table 5.
Here also, we can observe that Triplanar ensemble models with ~ 31 M
parameters can predict accurate labels for segmentation, having a Dice-
score of 0.727, 0.892, and 0.829 for ET, WT, and TC. Whereas the

Table 5
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Super-ensemble model with CCSAv1 has shown improvement over all
the lesions segmentation. Further, post-processing the segmentation ob-
tained through this Super-ensemble model has enhanced the Dice-score
and HD metrics for all the lesions (shown in bold font). Fig. 6 illustrates
the visual quantification of the performance of the Super ensemble-pp
(with post-processing). It highlights that the model faced challenges
in identifying specific highly complex tumor lesions as depicted in
Fig. 6(8), (i). However, the model demonstrated accurate segmentation
of various other lesions. This visual assessment provides insights into
the model’s strengths and limitations in accurately identifying and
segmenting regions and lesions.

Lastly, we compared the proposed method with the leading 2D
or 3D models of BraTS2020 competition in Table 6. The proposed
method showcased superior performance in segmenting respective le-
sions represented by the gray-colored regions. We can observe that the
proposed methods have performed better than numerous 2D and 3D
models shown in Table 6. This proves the method’s ability to handle
the complexities of the lesions and provide more reliable and accurate
results.

4. Conclusion, limitations and future work

Here, we proposed an ensemble approach that provides robust
segmentation, requires less computation, has a simple architecture, and
can be broadly applied in clinical practice. The basic architecture was
built on 2D U-Net. The study suggests attention mechanisms undoubt-
edly increase models’ discriminating capability among complex lesions.

Experimental evaluation of top performing models on BraTS2020 training set. Bold text signifies best results. Results from models were indicated using the same color for training

and validation sets (shown in Table 2).

Dice-score HD
Dataset Model Type Model Name Parameter Numbers ET WT TC ET WT TC
in millions (M)

Training | Triplanar Ensemble SCSA 30.999 M 0.727 0.885 0.826 39.745 9.099 9.734
Training | Triplanar CCSAv1? 31.767 M 0.727 0.892 0.829 34.538 6.828 6.128

Ensemble?
Training | Super-Ensemble CA-CCSA-SCSA 92.470 M 0.712 0.897 0.837 40.310 6.378 7.114
Training | Super-Ensemble® CA-CCSAV1-SCSA  (without 93.500 M 0.724 0.898 0.843 39.489 5.884 5.710

postprocessing)?

Training | Super-Ensemble- CA-CCSAV1-SCSA (with post- 93.500 M 0.736 0.896 0.841 35.842 6.005 7.041

pp* processing)?

2 Signifies a modified version of models/

Table 6

On the BraTS2020 validation dataset, the proposed method is compared with the leading models of the BraTS2020 competition. The first row displays the proposed
method’s specifics. The proposed method outperforms other models depicted by cells shaded in yellow. The best results are shown in boldface. The proposed

method outperforms other leading models depicted by cells shaded in light yellow.([43-50])
Dice-score HD Mean Mean
sensitivity specificity
Model name Model Type ET WT TC ET WT TC ET, WT, TC ET, WT, TC
Proposed method 2D Ensemble U-Net | 0.713 0.873 0.778 31.563 6.347 13.274 0.796 0.999
Messaoudi et al. [24] 3D-U-Net 0.654 0.841 0.680 NA NA NA NA NA
Ma et al. [43] 2D-U-Net 0.704 0.879 0.773 NA NA NA NA NA
Ali et al. [26] 2D, 3D Ensemble 0.748 0.871 0.748 3.929 9.428 10.090 0.780 0.996
U-Net

Agravat et al. [12] 3D-U-Net 0.763 0.873 0.753 27.704 07.038 10.873 0.809 0.999
Xu et al. [44] 2D-U-Net 0.673 0.861 0.704 40.608 7.942 15.750 NA NA
Soltaninejad et al. [45] 3D-U-Net 0.660 0.870 0.800 47.330 6.910 7.800 0.773 1
Colman et al. [46] 2D-U-Net 0.676 0.886 0.672 47.620 12.110 15.740 NA NA
Bommineni et al. [47] 3D-U-Net 0.718 0.884 0.788 30.767 4.834 9.258 NA NA
Ballestar et al. [48] 3D-U-Net 0.720 0.840 0.790 37.970 10.930 12.240 NA NA
Tarasiewicz et al. [49] 2D Ensemble U-Net 0.703 0.888 0.749 40.132 4.552 10.678 0.791 0.999
Wacker et al. [50] 2D U-Net 0.685 0.878 0.753 40.385 7.936 17.675 NA NA
McHugh et al. [23] 2D U-Net 0.712 0.881 0.789 40.600 6.720 10.200 NA NA
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We observed sequential and concurrent combination of channel and
spatial attention allows models to learn “what to see” and “where to
see” from the given input images. In the paper, CCSAv1 has performed
better than CA and SCSA, and without a significant rise in several
parameters. Additionally, post-processing enhances the segmentation
results. Furthermore, we observed that coronal planar models could
not generalize well compared to other orthogonal planar models due
to the anisotropy effect. In summary, an optimized triplanar model
can be combined to predict accurate segmentation, which can help
experts make more informed decisions and provide timely and accurate
diagnoses, even in resource-constrained environments.

The model has certain limitations. Firstly, the proposed model strug-
gles to remove some false positive tumor legions. Second, the triplanar
model intuitively fails to fully exploit the depth of information, limiting
its discriminative ability. Lastly, the number of trainable parameters in
the proposed model is excessive for real-time brain tumor segmentation
on edge devices.

There is a significant potential for the improvement and devel-
opment of the proposed methodology in the future. This includes
the supplementary post-processing techniques, such as substituting ET
lesions with NC based on specific threshold values identified during
inference and combining segmentation with overall survival predic-
tion [51]. Moreover, exploration of the combination of various 3D, 2D,
and 2.5D U-Net holds potential for enhancing the segmentation. Ad-
ditionally, integrating modalities, such as Diffusion-weighted imaging
(DWI), Magnetic Resonance Spectroscopic Imaging (MRSI), and perfu-
sion MRI, can offer supplementary biological insights. Augmenting the
structural information from standard MRI scans with biological data
can improve the accuracy of brain tumor segmentation.
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