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Abstract—Brain tumor segmentation in MRI scans is a cru-
cial yet challenging task due to the high variability in tumor
shape, size, and location. Accurate and efficient segmentation
is of paramount importance for timely diagnosis and effective
treatment planning in brain tumor patients. In response to these
challenges, this paper presents an enhanced U-Net architecture
named SC-SE U-Net. Our proposed model integrates Squeeze-
and-Excitation channel attention blocks and skip connections
similar to residual network architecture, into the traditional U-
Net framework. The Squeeze-and-Excitation blocks enhance the
model’s capability to focus on more relevant feature maps and
suppress less pertinent ones, thereby improving the overall seg-
mentation accuracy. Simultaneously, the skip connections facili-
tate the flow of gradients during the training process, leading to
more stable and faster convergence, and improved performance.
We conducted an extensive evaluation of our proposed model on
the TCGA-LGG brain tumor dataset. The results show that the
SC-SE U-Net outperforms several existing segmentation methods,
achieving an Intersection over Union score of 84.22% and a
Dice score of 91.43%. The impressive performance of SC-SE U-
Net underscores its potential to significantly improve diagnostic
efficiency in clinical settings, highlighting the importance of
further research in this direction.

Index Terms—Magnetic Resonance Imaging, Medical Image
Segmentation, Brain Tumor, Skip Connection, Attention Mecha-
nism, Semantic Segmentation, Low-Grade Glioma

I. INTRODUCTION

A brain tumor refers to an abnormal mass or growth of cells
that develops within the brain. The growth of brain tumors
can vary in pace, often displaying slow growth and limited
spread to other parts of the body. However, cancerous brain
tumors, characterized by uncontrolled and rapid growth with
a high propensity to spread, are rare but extremely lethal [1].
According to the statistics, more than 300 thousand people
were diagnosed with a primary brain and spinal tumor in 2020
[2].

Effective treatment and prediction of the growth rate of can-
cerous brain tumors are essential for improving patient survival
probability. Achieving this goal involves the segmentation of
brain tumor tissues from normal tissues. Segmentation requires
detailed images of the brain with soft tissue contrast, pos-
sible via Magnetic Resonance Imaging (MRI) technique [3].
Compared to alternative imaging modalities such as Computed
Tomography (CT), MRI sensors excel in capturing the contrast
between different brain tissues.
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Manual brain tumor segmentation is a laborious and chal-
lenging task performed by medical experts. It involves out-
lining the tumor’s boundaries within MRI scans, a process
made difficult by the natural variations in brain structures,
and the heterogeneity of tumors. This manual process is time-
consuming and susceptible to inter-observer variability, where
different experts may segment the same tumor differently,
hampering consistency and scalability. Automated methods
are increasingly sought after to streamline and improve the
accuracy of this critical task.

Computer-automated segmentation of brain tumors evolved
from traditional algorithmic approaches to highly feature en-
gineering dependent machine learning approaches. Machine
learning approaches require intensive and manual feature
engineering to ensure adequate features from MRI scans
can be extracted for semantic segmentation i.e. pixel-wise
classification of input image. Deep learning approaches, on
the other hand, require far less feature engineering. Automatic
pattern learning and feature extraction of deep learning-based
approaches have led to a revolution in computer vision tasks
such as semantic segmentation, instance segmentation, object
detection, classification, image restoration etc. However, deep
learning based approaches require a complicated model train-
ing process compared to traditional computer vision tasks.
They may also encounter vanishing gradient problem due to
poor flow of gradient in the network during training. These
approaches are also susceptible to less-than-optimal feature ex-
traction. In computer vision applications, particularly in tasks
like semantic segmentation, it is customary to employ wider
neural network architectures. Nonetheless, the increased width
often necessitates additional feature refinement to attain the
desired level of performance excellence. Therefore, developing
a model for accurately segmenting brain MRI images that
avoids the vanishing gradient problem and can refine features
for enhanced performance holds significant importance.

A. Related Works

Early deep learning architectures for semantic segmentation
were incapable of being trained end-to-end using the full
input image. These architectures relied on patch-wise train-
ing, a method that divided the input data into smaller, non-
overlapping patches upon which the network was trained [4].
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Long et al. [5] introduced a significant deviation from
the conventional method of patch-wise training with Fully
Convolutional Networks (FCN). FCNs employ the entire input
image for end-to-end training, departing from the widely
adopted patch-wise training approach. A critical feature of
FCNs is their ability to upsample lower-stage features and
concatenate them with higher-stage features. This operation
enhances the precision of the output segmentation mask. Ron-
nenberger et al. [6] further refined this concept by proposing
the U-Net, a symmetric encoder-decoder architecture. The U-
Net architecture utilizes skip connections, referred to as long
skip connection, from the encoder network to supplement
the decoder by providing high-resolution encoder features.
These features play a critical role in restoring the full spatial
resolution at the network’s output layer.

In addition to long skip connections from the encoder
to the decoder, skip connections around non-linear layers,
comparable to the approach used in Residual Networks [7]
has demonstrated to improve model convergence speed and
overall performance [8]. The concept of short skip connections
between layers was the inspiration for Wu et al. [9] to propose
the Skip Connection Unet (SC U-net) architecture. SC U-net
introduced a novel skip connection between the up-convolution
and down-convolution components of the U-Net to enhance
convergence speed and improve segmentation performance
compared to the standard U-Net architecture.

In encoder-decoder architectures for semantic segmentation,
the regulation of feature map flow from the encoder to
the decoder plays an essential role. This can be effectively
managed via attention mechanisms. Attention mechanisms in
deep learning have the capability to refine feature maps by
assigning more weight to features that are crucial for segmen-
tation or classification tasks, while simultaneously reducing
the emphasis on less relevant features. The adoption of the
attention mechanism has demonstrated promising results in
various studies [10]. For instance, Oktay et al. [11] proposed
an attention-gating mechanism that leverages attention gates
(AGs) to filter the features transmitted through the long
skip connections in U-Net. This method uses information
extracted from a coarse scale for gating to distinguish between
irrelevant and noisy responses in skip connections. However,
this approach did not take into account the attention in the
channel dimension, which is a crucial factor for localizing
objects accurately.

It is evident from the literature that semantic segmentation
of MRI images could greatly benefit from an enhanced U-Net
architecture, incorporating skip connections and feature refine-
ment through channel attention. This research is motivated
by the potential for improvements in both the segmentation
task and, consequently, the probability of enhancing patient
survival in cases of brain cancer.

B. Our Contributions

In this research work, we introduce a modified U-Net
model named SC-SE U-Net, which combines skip connec-
tions similar to residual networks and channel attention-based

refinement of features. For attention-based refinement, our
model integrates Squeeze and Excitation (SE) blocks, designed
to selectively enhance or suppress feature maps within con-
volution and transposed convolution outputs. We conducted
experiments using a dataset of low-grade glioma brain tumors
to showcase the effectiveness of our attention mechanism and
skip connections in the context of semantic segmentation.

II. METHODOLOGY

This section provides an in-depth exploration of the founda-
tional elements underpinning our proposed model, encompass-
ing the U-Net architecture, the Skip Connection U-Net, and the
integration of the Squeeze-and-Excitation network for channel
attention. Within each following subsection, we describe the
fundamental concepts and articulate our model’s adaptation or
modification to these architectural concepts.

A. U-Net Architecture

We use the U-Net [6] architecture as a starting point for our
proposed model SC-SE U-Net. U-Net is a fully convolutional
neural network designed for medical image segmentation.
It has a symmetrical U-shape with an encoder, decoder,
and a bottleneck layer. The encoder extracts spatial features
via convolutional layers, ReLU activation, and max-pooling.
The bottleneck captures high-level semantic data, linking the
encoder and decoder. The decoder restores spatial resolution
using upsampling, concatenation with encoder feature maps,
and convolutional layers with ReLU activations. Skip connec-
tions (also called long skip connections) between encoder and
decoder preserve details and reduce information loss. The final
1 x 1 convolution layer assigns pixel-wise class probabilities
using softmax (multi-class segmentation) or sigmoid (binary
segmentation), producing a segmented image.

In Figure 2, the standard U-Net architecture is depicted as
the base configuration. Notably, when we omit the SE blocks
and skip connections (emphasized by bold green lines), and
element-wise summation of feature maps (shown in & sym-
bol), the resultant representation corresponds to the traditional
U-Net architecture.

We build a leaner model by utilizing fewer feature maps
compared to those in the papers [6], [9]. In each convolution
operation, we employ 2% filters of size 3 x 3 (excluding the
output layer, where we use one 1 x 1 filter), where k €
{4,5,6,7,8}. The transposed convolution operations utilize
2% filters of size 2 x 2, where k € {4,5,6,7}. Using a lower
network width compared to the original U-Net architecture
both decreases training time and reduces overfitting in small
datasets.

The standard U-Net architecture can be improved upon by
introducing short skip connection in conjunction with existing
long skip connection [8].

B. Skip Connection U-Net

Inspired by Skip Connection U-net (SC U-net) architecture
[9], we have enhanced the standard U-Net architecture through
the introduction of short skip connections between the encoder
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and decoder pathways. In Fig. 2, the bold green lines highlight
these short skip connections. The output feature maps from the
2D-Maxpooling operation in the encoder are added element-
wise, with the outputs from the second convolution layer
in each decoder stage. These skip connections, similar to
residual connections in ResNet [7], facilitate the flow of
gradients through the network during training, thus improving
optimization and convergence speed. Moreover, they help the
decoder to more effectively utilize encoder features, resulting
in enhanced localization and detection accuracy.

C. Attention Mechanism: Squeeze-and-Excitation Networks

In addition to the advantages gained from the inclusion
of skip connections, we have incorporated Squeeze-and-
Excitation (SE) [12] blocks into our proposed network to
further augment the model’s capacity to learn valuable rep-
resentations.

Squeeze-and-Excitation is a channel attention mechanism
that improves the representational power of convolutional
neural networks (CNN) by explicitly modelling interdepen-
dencies between channels. In Standard CNNs, the convolution
operation fuses spatial and channel information within local
receptive fields at each layer. However, dependencies between
channels are only implicitly embedded in the learned filters
and there is no mechanism to explicitly model channel rela-
tionships.

The SE block, as shown in Fig. 1, introduces a lightweight
gating mechanism that performs feature recalibration by mod-
eling channel interdependencies. It consists of a squeeze
operation that uses global average pooling to produce channel-
wise statistics, capturing the global receptive field. Subse-
quently, an excitation operation using fully connected layers
and sigmoid activation generates channel-specific gains. The
SE block adaptively recalibrates channel-wise responses by
rescaling feature maps with these gains, thereby exploiting
global information.

HxWxC 1x1xC  1x1x(C/r) 1x1xC HxWxC
S
=
on = o—
S| |3 | E
S & =
5 < £ 4 E
= o0 o - o
B El R B £
= : o | ] o
> > =
< 2 P
= s z
g J5) =
= = a
&}

Fig. 1. Squeeze-and-Excitation (SE) block. SE block takes a 3D tensor as
input and outputs an attention rescaled version of the input tensor.

SE block performs two key operations— Squeeze and
Excitation.

Squeeze Operation: This step aggregates information
across spatial dimensions to generate a channel-wise descrip-

tor. It typically involves global average pooling to obtain a sin-
gle value for each channel. Let, X be the input feature tensor
with dimensions H x W x C, where H is the height, W is the
width and C is the number of channels. Z is the output of the
squeeze operation, which results in a C-dimensional vector.
The squeeze operation can be mathematically represented as:

H W
1
Z. = GlobAvgPool (X,) = T Z ZX] (1)

i=1 j=1

Where Z. is the value for channel c in the output vector Z.

Excitation Operation: This step learns how to weight
each channel’s importance and generates scaling factors for
each channel. These scaling factors are applied to the original
feature maps to enhance informative channels and suppress
less informative ones. Let .S be the scaling factor vector of
size C, where each element S, is a learned weight for channel
c. Y is the output feature tensor after the excitation operation.
The excite operation can be mathematically represented as:

S. = o (Waé (W1 Z.))
Yc = Sc . Xc

2
3)

W, and Wy are learnable weights implemented as fully
connected layers. & represents an activation function like
ReLU. Number of units in first fully connected layer is C/r
where r is the reduction ratio. We choose » = 16 according
to the suggestion of the original paper. o represents a sigmoid
activation function to ensure the scaling factors are in the range
between O and 1.

Integrating the SE blocks in U-Net architecture will allow
the network to increase sensitivity to informative features and
suppress less useful ones. We insert the SE blocks after every
convolutional block in the encoder and before each transposed
convolution block in the decoder. In encoder, SE blocks help
the network to emphasize or suppress certain feature maps
based on the information they contain, improve the quality of
feature extraction. Placing SE blocks before each transposed
convolution block in the decoder can help the network focus
on more relevant features when reconstructing the output
segmentation map. Our final SC-SE U-Net network with skip
connection and SE attention blocks is shown in Fig 2.

III. DATASET
A. TCGA-LGG Dataset

We employed the TCGA-LGG Segmentation dataset [13]
to train our segmentation model. This dataset comprises 3929
brain tumor images, each paired with a corresponding seg-
mentation mask that outlines FLAIR image abnormalities. The
images are sourced from 110 patients included in the glioma
collection of The Cancer Genome Atlas (TCGA) lower-grade
group. In total, there are 110 patients, with each patient
contributing multiple brain MRI scans and expert-annotated
masks delineating regions of FLAIR abnormality indicative of
the presence and spatial extent of lower grade gliomas.
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Fig. 2. SC-SE U-Net architecture. Red arrow lines indicate long skip connections from the encoder to the decoder, while green arrow lines indicate short

skip connections.

The images in the dataset are RGB with dimensions of
256 x 256 x 3. The corresponding segmentation masks are
single channel images with dimensions of 256 x 256 x 1, where
each pixel has a value of either 0 or 255. A pixel value of 0
indicates a non-tumorous region, while a value of 255 indicates
a tumorous region belonging to the abnormality.

B. Data Augmentation and Splitting

TCGA-LGG dataset contains a relatively small number of
samples. 2556 images from the dataset have no tumor region.
This imbalance can potentially skew the model’s learning
process, leading to less accurate predictions on unseen data.
To overcome this limitation and enhance the robustness of
our model, we artificially increase the number of images by
augmenting the training set during the model training process.
This augmentation process includes techniques such as random
width and height shifts, rotation, and zooming.

Images from the TCGA-LGG dataset were divided into
distinct sets, with 80% reserved for training and 20% for
testing. Furthermore, within the training set, an additional 20%
subset was set aside specifically for validation purposes. This
validation set will be used for fine-tuning hyperparameters and
facilitating model selection. Data augmentation was applied
after splitting the original dataset to avoid data leakage into
the test set. Only the train set was augmented.

The primary reason for using augmentation is to diversify
the training data, ensuring the model is exposed to a wide
array of scenarios. This approach allows the model to better
generalize to unseen data, reducing the likelihood of overfitting
and improving overall performance.

IV. EXPERIMENTS AND RESULTS

A. Hardware Configuration and Important Hyperparameters

For our deep learning experiments, we utilized a hardware
configuration consisting of an Intel Core 19 11900 CPU, 32GB
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of RAM, and an NVIDIA RTX A4500 GPU. This setup
allowed us to efficiently train our models and tune important
hyperparameters without significant waiting time.

The model architectures were implemented using the Keras
deep learning framework. The models were trained for a max-
imum of 150 epochs, optimized with the Adam optimizer, and
utilized a batch size of 32. To mitigate overfitting and expedite
training, an early stopping mechanism was implemented, with
a patience threshold set at 30 epochs. We selected the Dice
loss function due to its suitability for our task. For monitoring
hyperparameter tuning, we selected the validation IoU score
of the trained model.

B. Evaluation Metrics

The research utilizes four metrics to assess image segmen-
tation quality: Intersection over Union (IoU), Dice Coefficient,
Precision and Recall.

1) Intersection over Union (loU): IoU, or the Jaccard
index, measures the overlap between predicted and actual
segmentations. It’s calculated as the ratio of the intersection
to the union of both segmentations.

IoU Score — Prediction N Ground Truth @
© core = Prediction U Ground Truth

A higher IoU score indicates better alignment between
predicted and actual masks.

2) Precision and Recall: Precision is a measure of the
accuracy of the positive predictions made by a model. It is the
ratio of correctly predicted positive observations to the total
predicted positive observations. Higher precision indicates
fewer false positives.

Recall, also known as sensitivity or true positive rate, is
the ratio of correctly predicted positive observations to all
actual positive observations. Higher recall indicates fewer false
negatives.

3) Dice Score: The Dice Score, or Fl-score, is the har-
monic mean of precision and recall. It can also be calculated
as twice the intersection area divided by the sum of the areas
of both segmentations.

2(Prediction N Ground Truth)
Prediction 4+ Ground Truth

Like IoU, a higher Dice score indicates better segmentation
performance.

S

Dice Score =

C. Result Analysis

TABLE 1
CONFUSION MATRIX FOR SC-SE U-NET ON TEST SET
Predicted
Non-tumor | Tumor
2 | Non-tumor 50958769 40850
= Tumor 46368 465309

We trained our model and three others on the TCGA-
LGG dataset, following to the hyperparameters specified in

Section IV-A. All models underwent training on the same
training set and were subsequently tested on the same test
set.

The performance of our SC-SE U-Net model is shown by
the confusion matrix in Table I, derived from the aggregated
predictions and ground truths of 786 test images. The model
achieved an Intersection over Union (IoU) score of 99.82% for
the non-tumor class and 84.21% for the tumor class, with the
high IoU for non-tumor largely attributed to the predominance
of non-tumorous pixels in the ground truths. The mean IoU
score for both classes is 92.02%, indicating accurate pixel-
wise classification across both classes. Precision of 91.93% in
our binary segmentation task indicates that the model correctly
identified most of the tumor areas and made few false positive
errors. The Recall of 90.93% suggests that the model was
successful in detecting a large majority of tumor areas in the
images, missing only a small fraction. Dice score of the model
is 91.43%. The scores highlight the model’s robustness and
high-quality performance. The IoU of the tumor class, being
more relevant in binary segmentation tasks, will be compared
with other methods in Section IV-D.

D. Comparison with Other Methods

Table II contrasts our model with three other methods. The
standard U-Net [6], our baseline, achieved an IoU of 78.81%
and a Dice score of 88.04%. The Attention U-Net [11], which
is an advanced version of the U-Net that incorporates soft
attention mechanisms, demonstrated a noticeable improvement
over U-Net. The SC U-net [9], which leverages skip con-
nections to facilitate the flow of gradients during training
and capitalize on encoder features more effectively, achieved
slightly better performance than the Attention U-Net with an
IoU of 83.53% and a Dice score of 90.97%. Our proposed
method, combining Squeeze-and-Excitation attention with skip
connection, outperformed all methods with an IoU of 84.22%
and a Dice score of 91.43%.

Figure 3 presents the performance of the four models on
two sample images from the test set. A qualitative comparison
of the predicted segmentation masks from the aforementioned
approaches reveals that the SC-SE U-Net predicted masks are
more precise in segmenting tumors with irregular and rough
borders. This superior performance becomes evident when
examining the qualitative similarity between the ground truth
mask and the predicted mask.

TABLE 1T
QUANTITATIVE COMPARISON OF THE PERFORMANCE OF FOUR METHODS
ON THE TCGA-LGG DATASET

Method ToU(%) | Dice(%)
U-Net [6] 78.81 88.04
Attention U-Net [11] 83.31 90.83
SC U-net [9] 83.53 90.97
Ours 84.22 91.43
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Fig. 3. Qualitative comparison of segmentation methods on samples from the test set.

V. CONCLUSION

This paper presents an effective semantic segmentation
method for the detection of brain tumors in MRI scans. Our
research modifies the widely recognized U-Net architecture,
proposing a model named SC-SE U-Net. This model incor-
porates skip connections, similar to residual network archi-
tecture, which have proven to enhance the training process
significantly.

The inclusion of Squeeze-and-Excitation blocks in the en-
coder and decoder stages further refines our model. These
blocks enable the model to concentrate on relevant features
during both the feature extraction and mask generation phases,
while simultaneously diminishing the importance of less im-
portant features for segmentation. This dual action enhances
the precision of the segmentation process.

Our proposed architecture has demonstrated superior per-
formance, achieving an IoU score of 84.22%, an improvement
upon the standard U-Net model. This outstanding performance
indicates not only that our SC-SE U-Net model outperforms
many existing approaches, but also suggests that it holds
considerable potential for improving diagnostic efficiency.
Further research and development of this model could lead to
more precise and faster detection of brain tumors, ultimately
contributing to more effective patient treatment and outcomes.
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