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Abstract: The cerebellum is an essential part of the human brain, responsible for 

motor learning, balance, and coordination. Therefore, cerebellar growth in the fetal 

brain is identified by its shape on ultrasound images. To overcome the limitations of 

the current clinical process, several computerized approaches have been proposed 

in the literature. This research paper proposes cerebellum segmentation from 2D 

ultrasound images of the fetal brain using U-Net, Attention U-Net, and transfer-

learning-based U-Net models, namely VGG16-U-Net, ResNet50-U-Net, and 

EfficientNetB1-U-Net, with (1) four different evaluation parameters: Dice 

coefficient, Intersection over Union (IoU), Precision, and loss, (2) three different 

loss functions, namely Binary Cross-Entropy (BCE) loss, Dice loss, and Tversky 

loss, (3) three batch sizes – 8, 16, and 32. Lastly, the effectiveness of the trained 

models for cerebellum segmentation is assessed for real-time data. This research 

aims to segment the cerebellum in second-trimester fetal brain ultrasound images to 

predict prenatal neurodevelopmental disorders.  

Keywords: Attention U-Net, Fetal cerebellum, Segmentation, Transfer learning,  

U-Net. 

1. Introduction 

One commonly used technique to track fetal growth and development is ultrasound 

imaging. Ultrasound imaging provides several advantages, including high 

reliability, low cost, portability, and real-time visualization. The cerebellum, 

cerebrum, midbrain, and thalamus are among the fetal brain regions measured on an 
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ultrasound scan as part of the fetal anomaly screening process, which is carried out 

during the second trimester of pregnancy [1, 5, 8]. The cerebellum, which means 

“little brain” in Latin, is popular for its role in motor control [2, 35]. The cerebellum 

is situated above the brainstem and under the cerebrum at the base of the brain. 

Although occupying only 10% of the brain’s volume, the cerebellum is linked to 

almost half of the body’s neurons. The ultrasound modality maintains integrity 

throughout fetal development and can differentiate surrounding brain structures. 

Additionally, ultrasound is a non-invasive diagnosis technique and will give real-

time sonograms of the internal organs and tissues with no harmful radiation for the 

fetus. Therefore, during the anomaly scan, the cerebellum is examined using 

ultrasound. The cerebellum is a major structure for understanding 

neurodevelopmental consequences and identifying prenatal abnormalities [12].  

Cerebellar abnormalities include cerebellar hypoplasia, cisterna magna, Dandy-

Walker syndrome, and COACH syndrome, which may occur during fetal brain 

development [6-8, 22]. Therefore, evaluation of cerebellar growth during 

development is crucial.  

Ultrasound images may exhibit a variety of imperfections, including shadows, 

speckle noise, motion blurring, and missing borders, due to complex interactions 

between ultrasonic waves and the patient’s biological tissues and the fetus [33, 34]. 

Therefore, analyzing fetal ultrasound images is challenging. Examining the 

boundaries of the cerebellum from the ultrasound images requires more time and 

considerable clinical expertise and experience. In many cases, it leads to variability 

between and within observers and depends on the sonographer’s experience  

[13, 25]. Additionally, if the fetal position is not correct during the anomaly scan, it 

can be challenging for sonographers to obtain a clear image of the desired view. The 

patient’s body fat and fetal position play a major role in the quality of ultrasound 

images. These factors can result in low signal-to-noise ratios, acoustic shadows, or 

artifacts, which, if misread, could lead to diagnostic errors [14]. There is still a 

shortage of skilled obstetricians, despite recent improvements in medical care. For 

this purpose, a computerized approach for segmenting the cerebellum in the fetal 

brain is necessary to determine its shape without the subjectivity of different 

sonographers. Thus, our objective is to develop a computerized approach for 

semantic segmentation of the cerebellum using U-Net variants and to apply transfer 

learning to the contracting path of the U-Net. 
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2. Literature review 

Less work has been done on the segmentation of fetal brain cerebellar ultrasound 

images. However, segmentation of the human cerebellum from Magnetic 

Resonance Imaging data has been completed. Additionally, research has been 

conducted on other parts of the brain using ultrasound images. They propose 

machine-learning-based, CNN-based, or morphological operations [16]. Machine 

learning approaches include the watershed algorithm [9], Artificial neural networks 

[10], Support vector machines [10], the Hough Transform [17], Dynamic 

Programming [17], and Ellipse Fit [17]. Machine learning-based segmentation 

approaches require significant time, which is a major drawback. Additionally, the 

watershed algorithm requires careful adjustment to select the right thresholds. 

Numerous CNN-based approaches have been proposed in [11, 15, 18, 24, 25, 

36] to address the drawbacks of traditional segmentation approaches. The proposed 

architecture, ResU-Net-c [11], combines features from both U-Net and ResNet for 

cerebellar segmentation in 2D fetal ultrasound images. The inclusion of residual 

blocks enhances speed and enables the development of deeper networks capable of 

reconstructing the cerebellum with clear, precise boundaries. It uses long skip 

connections rather than short skip connections within the block. Also, uses a dilated 

convolution operation to retain the full spatial dimensions.  

L u  et al. [36] proposed ECAU-Net, a modified version of the traditional  

U-Net that integrates an ECA module into its architecture. C o r o n a d o  

G o n z á l e z  et al. [18] came up with a multi-step technique for preprocessing and 

cerebellum segmentation from MRI. It includes the extraction of the cerebellum 

mask, reducing the variability of irregular intensity using N4 Bias Field Correction 

[20], and the MRI’s spatial normalization by registering it to the ICBM 2009c 

template in MNI space [21]. L e e  et al. [23] proposed a cerebellum segmentation 

approach for brain MRI that combines binary brain masks and Partial-Volume 

Estimation (PVE) maps. Morphological operations and mask-refinement techniques 

are used to segment precise, accurate cerebellar boundaries. W a l s h  et al. [24] 

proposed a lightweight U-Net architecture for segmenting brain tumors from MRI 

images, using a smaller kernel size and limited depth. This research shows that 

without a large dataset or data augmentation, an optimized U-Net can accurately 

segment brain tumors. However, the model’s generalization may be affected by the 

loss of some 3D contextual information in 2D slices.  

A l i  et al. [25] demonstrated an ensemble deep learning method for 

segmenting brain tumors in multimodal MRI images, which combines a 3D CNN 

with a 2D U-Net architecture. J a n g  et al. [15] presented a computerized approach 
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to determine fetal growth and gestational age by automatically assessing the fetal 

Abdominal Circumference (AC) biometric indicator. It classifies five anatomical 

structures: the Stomach Bubble (SB), the Umbilical Vein (UV), the Amniotic Fluid 

(AF), and the Shadowing Artifact (SA). Then, the results are used to locate 

important anatomical structures, followed by the Hough Transform to fit ellipses 

and estimate the fetal Abdominal Circumference (AC). 

T h o m a s, P e t e r s  and J e a n t y  [16] proposed an approach to automatically 

measure fetal femoral length. Morphological filtering techniques are applied to the 

input ultrasound images to produce a progressively varying background image. 

Then the background of the original image is removed, resulting in a clearer, 

higher-contrast image. It uses morphological opening and closing operators to 

separate the femur from the image. The weight of each detected region is calculated 

after these morphological operations, and the region with the highest weight is 

selected as the femur area. The femur area is then simplified to its skeletal form 

using a hit-or-miss morphological operator. The skeleton contains two endpoints of 

the femur bone; thus, the femur length is produced by dividing the pixel count 

between the two endpoints of the femur bone by pixel length to millimeters. 

V a n  d e n  H e u v e l  et al. [17] proposed an approach to estimate fetal Head 

Circumference (HC) from ultrasound images acquired across all three trimesters of 

pregnancy. It consists of a two-step process. The initial step involves locating the 

skull using a random forest classifier trained on Haar-like features. The next step 

estimates head circumference by selecting the best result from the Hough 

transformation, dynamic programming, and the eclipse fit method. The main 

limitation of this research is that it is based on data collected from a single hospital. 

The segmentation techniques mentioned above have a number of limitations: 

1) Transfer learning encoders have not been used to test any of them; 2) A single 

loss function, binary cross-entropy loss, has been used to train the models; 3) the 

models have not been experimented with different batch sizes and optimizers;  

4) A smaller dataset has been used in some of the approaches to train the model. 

According to the literature, classic U-Net models often require many 

iterations, making them time-consuming. For accurate, fast segmentation, efficient 

hyperparameter tuning is required. Researchers have begun incorporating transfer 

learning into the U-Net framework to address these problems. By using weights 

from pre-trained CNNs in the encoder block of the U-Net architecture, these hybrid 

models improve the segmentation model's overall performance by lowering the 

number of trainable parameters and training iterations. A redesigned U-Net 

architecture [27] has just been shown to enhance feature extraction. The region of 
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interest has been identified in [28] using a hybrid architecture that combines U-Net 

and VGG16. 

Among the previously discussed segmentation techniques, the cerebellum in 

fetal brain ultrasound images has been segmented using the methods described in 

[11] and [36]. The cerebellum has been segmented from Magnetic Resonance 

Imaging (MRI) using several techniques [18, 23]. Brain tumors from MRI have 

been segmented using additional techniques proposed in [24, 25]. Additionally, 

other areas of the fetal brain have been segmented from ultrasound images using the 

techniques described in [15-17]. Thus, this study demonstrates cerebellar 

segmentation of the fetal brain from ultrasound images using U-Net and its variants. 

3. Cerebellum segmentation using U-based architectures 

The U-Net and its variants, which we employ in our study to segment the 

cerebellum from 2D ultrasound images, are discussed in this section.  

By splitting the image into larger regions, segmentation removes the need to 

process each pixel independently. There are two common segmentation techniques: 

semantic segmentation and instance segmentation. Pixels are arranged using 

semantic segmentation based on similar categories or interpretations. On the other 

hand, instance segmentation treats even similar objects as distinct entities, 

identifying and tracking each pixel as belonging to a unique individual. 

Medical image segmentation commonly uses encoder-decoder architectures 

such as U-Net and Attention-U-Net. The encoder consists of several convolutional 

layers that produce a feature map by downsampling the image’s spatial resolution. 

The segmentation results are obtained by upsampling the feature map using the 

decoder, which includes transpose convolutional layers. Various improved versions 

of U-Net have been proposed by applying transfer learning, using pre-trained 

weights from well-known CNN architectures such as VGG16, ResNet50, and 

EfficientNetB1, and incorporating them into the encoder to enhance performance. 

 

Fig. 1. CNN for image segmentation using an encoder-decoder architecture 
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3.1. U-Net Architecture 

The traditional CNN architecture, U-Net, serves as the foundation for the proposed 

structure [19], which leverages earlier feature maps. This feature allows the model 

to handle more complex images while enabling the network to do the same. The  

U-Net architecture consists of two main parts: a contracting path, also known as the 

encoder, and an expanding path, also known as the decoder. Additionally, a 

contracting path and an expanding path are connected through a bottleneck, forming 

a symmetrical U-shaped architecture. The U-Net architecture with both parts is 

shown in Fig. 2, and its architectural components are illustrated in Table 1. The 

main characteristic of the U-net architecture is the integration of skip connections. 

Their main task is to transmit the spatial information from the contractive path to 

the corresponding expanding path. Algorithm 1 describes the encoder-decoder 

process used to segment the cerebellum using the U-Net architecture, and Table 2 

describes the phrases used in the algorithm. 

Algorithm 1. U-Net-Based Cerebellum Segmentation Approach 

Pseudocode 

Input: A set U of Ultrasound images of the Cerebellum of the Fetal Brain of N 

patients of the second trimester U = {U1, U2, …., UN} 

Output: Segmented Cerebellum Mask image of the Fetal Brain 

BEGIN 

            // Contractive path of U-Net 

            FOR i = 1 to n layers 

                        Ui
′  = Conv2D (Ui–1, fi, ki, si, pi) 

                        Ui
′  = BatchNormalization (Ui

′) 

                        Ui
′  = ReLU (Ui

′)  // Apply activation function 

  Ti = Ui
′    // Store Ui

′  in Ti to further use in expansive path 

  Ui
′  = MaxPooling2D (Ui

′, kp, sp) 

 END FOR 

 // Bottleneck 

 Ubottleneck
′  = Conv2D(Un

 , fn+1, kn+1, sn+1, pn+1) 

 Ubottleneck
′  = BatchNormalization (Ubottleneck

′) 

 Un 
 = ReLU(Ubottleneck

′) 

 // Expansive path of U-Net 

 FOR j = n to 1 

  Uj
′  = Conv2DTranspose (Uj+1, fj, kt, st, pt) 

  Uj
′  = Concatenate (Uj

′  , Tj) 

  Uj
′  = Conv2D (Uj

′, fj, kj, sj, pj) 

  Uj
′  = BatchNormalization (Uj

′) 
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  Uj
′  = ReLU (Uj

′)  // Apply activation function 

 END FOR 

O = Conv2D(Uj
′, foutput, koutput, soutput, poutput) // Last convolutional layer 

Ooutput = sigmoid(O) // Apply activation function 

END 

Table 1. Details of U-Net architecture 

Level Layer 
Number of 

filters 
Input size Output size 

Contracting 
path 

Input layer - (256, 256, 1) (256, 256, 1) 

Layer 1 
(Conv2D + BN + ReLu + Dropout + 
Conv2D + BN + ReLu) 

16 (256, 256, 1) (256, 256, 16) 

MaxPooling2D - (256, 256, 16) (128, 128, 16) 

Layer 2 
(Conv2D + BN + ReLu + Dropout +  
Conv2D + BN + ReLu) 

32 (128, 128, 16) (128, 128, 32) 

MaxPooling2D - (128, 128, 32) (64, 64, 32) 

Layer 3 
(Conv2D + BN + ReLu + Dropout +  
Conv2D + BN + ReLu) 

64 (64, 64, 32) (64, 64, 64) 

MaxPooling2D - (64, 64, 64) (32, 32, 64) 

Layer 4 
(Conv2D + BN + ReLu + Dropout +  
Conv2D + BN + ReLu) 

128 (32, 32, 64) (32, 32, 128) 

MaxPooling2D - (32, 32, 128) (16, 16, 128) 

Bottleneck 
Layer 5 
(Conv2D + BN + ReLu + Dropout +  
Conv2D + BN + ReLu) 

256 (16, 16, 128) (16, 16, 256) 

Expansive 
path 

ConvTranspose2D 128 (16, 16, 256) (32, 32, 128) 

Concatenate - (32, 32, 128) + Layer 4 (32, 32, 256) 

Layer 6 
(Conv2D + BN + ReLu + Dropout +  
Conv2D + BN + ReLu) 

128 (32, 32, 256) (32, 32, 128) 

ConvTranspose2D 64 (32, 32, 128) (64, 64, 64) 

Concatenate - (64, 64, 64) + Layer 3 (64, 64, 128) 

Layer 7 
(Conv2D + BN + ReLu + Dropout +  
Conv2D + BN + ReLu) 

64 (64, 64, 128) (64, 64, 64) 

ConvTranspose2D 32 (64, 64, 64) (128, 128, 32) 

Concatenate - (128, 128, 32) + Layer 2 (128, 128, 64) 

Layer 8 
(Conv2D + BN + ReLu + Dropout + 
Conv2D + BN + ReLu) 

32 (128, 128, 64) (128, 128, 32) 

ConvTranspose2D 16 (128, 128, 32) (256, 256, 16) 

Concatenate - (256, 256, 16) + Layer 1 (256, 256, 32) 

Layer 9 
(Conv2D + BN + ReLu + Dropout + 
Conv2D + BN + ReLu) 

16 (256, 256, 32) (256, 256, 16) 

Output layer (Conv2D + sigmoid) 1 (256, 256, 16) (256, 256, 1) 
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Fig. 2. U-Net architecture for image segmentation 

Table 2. Notation list 

Symbol Notation 

U A set of ultrasound images 

N Total number of images 

n Number of total layers (depth of U-Net) 

fi Number of total filters at layer i 

ki Kernel size at layer i 

si Size of stride at layer i 

pi Padding at layer i 

Ti Temporary for storing Ui
′ 

kp Pooling kernel size 

Sp Size of Pooling stride 

kt Transpose convolution kernel size 

st Transpose convolution stride 

pt Transpose convolution padding 

O Output of the last convolution layer 

foutput Number of output filters 

koutput Kernel size at the output layer 

soutput Stride at the output layer 

poutput Padding at the output layer 

Ooutput Segmented output image 

3.2. Attention-U-Net architecture 

To improve segmentation performance, particularly for complex medical images, 

Attention U-Net, an extension of the classic U-Net design [29-31], integrates 

attention mechanisms into the skip connections. Attention U-Net includes attention 

gates (AGs) [30, 31] that selectively highlight relevant spatial regions [26] and 

suppress irrelevant background features before feature fusion. In contrast, 

traditional U-Net concatenates encoder and decoder feature maps directly. 

The attention gates use contextual information from the decoder to influence 

the encoder features, allowing the network to focus on essential structures [30]. In 

most cases, target areas such as organs, lesions, or tumors occupy only a small 

fraction of the image and are usually surrounded by noisy or low-contrast 
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backgrounds. Attention mechanisms have been proven to be advantageous [29]. 

Attention U-Net increases localization accuracy and boundary segmentation by 

fine-tuning feature results without significantly increasing computing complexity 

[29, 31].  

In today’s scenario, the attention U-Net has surpassed the traditional U-Net 

[30] for medical images, especially for small, irregular, or low-contrast anatomical 

regions. By eliminating extraneous activations, it reduces false positives and 

improves performance, while accounting for the most common problem in clinical 

practice: a limited annotated dataset. 

3.3. U-Net Architectures with transfer-learning 

The traditional U-Net and the Attention U-Net are well-known for their usefulness 

in medical image segmentation. Due to their encoder-decoder structure, they can 

preserve spatial details. However, this increases computational complexity and 

training time, as U-Net models trained from scratch entail many trainable 

parameters [29]. To overcome these problems, transfer learning is used to improve 

the coherence rate and segmentation accuracy. 

Transfer learning is the process of retraining a pre-trained deep learning model 

on a target dataset after it has been trained on a big dataset to capture both generic 

and specialized image attributes. These pre-trained models are then adjusted for 

specific segmentation tasks. There are two main advantages to using transfer 

learning for segmentation [3]. First of all, it performs better than building models 

from scratch, particularly when the dataset size used is smaller. Second, because the 

model already has well-developed feature representations, it significantly lowers 

training time and computing cost [32]. 

 

Fig. 3. Diagrammatic illustration of the U-Net approaches based on transfer learning 

In this research, U-Net is trained using transfer learning with VGG16, 

ResNet50, and EfficientNet-B1 as encoders for medical image segmentation. The 

encoder path of the U-Net architecture integrates pre-trained CNN models, while 

the decoder is trained to generate high-resolution segmentation maps that align with 
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the desired regions. The schematic representation of the transfer-learning-based U-

Net approach is shown in Fig. 3. 

4. Experiments and results 

This section describes the implementation tools, dataset, experimental setup, loss 

functions, optimizers, batch sizes, evaluation metrics, and the results and their 

analysis. 

4.1. Dataset 

There is no publicly available dataset of ultrasound images of the fetal cerebellum, 

as research in this domain is limited. We obtained a dataset acquired from a 

Sonoscape P40 Elite ultrasound machine in Gujarat, India, under the supervision of 

an experienced, qualified radiologist. We obtained a dataset of 328 2D ultrasound 

images of the fetal cerebellum, mainly captured during the fetal anomaly scan in the 

second trimester of pregnancy. The ultrasound images are 880×1264 pixels in 

dimension. Additionally, all private patient information has been removed from the 

ultrasound images. All images are in RGB color space. Semantic labels are labeled 

by an expert radiologist with the open-source software Label Studio. Table 3 

describes the dataset. However, Fig. 4 shows ultrasound images of the fetal brain 

cerebellum. 

Table 3. Dataset description 

Symbol Notation 

Type of data Ultrasound images 

Anatomy category Cerebellum of the fetal brain 

Source of the dataset Krishna X-ray and sonography clinic 

Image source Sonoscape P40 Elite US machine 

No. of images 328 

Image dimensions 880×1264 

Image extension .jpg 

Image colorspace type RGB images 

 

    
Fig. 4. Samples of the ultrasound images of the fetal brain cerebellum 
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4.2. Experimental setup 

The experiments are conducted in three phases, as illustrated in Fig. 5: data 

preparation, model training, and model deployment. The collected ultrasound 

images of the fetal brain’s cerebellum are processed in the first phase.  
 

 

Fig. 5. Proposed segmentation pipeline using U-Net and its versions 

The data preparation phase consists of four steps designed to enhance image 

quality and accelerate model training. The images are initially resized to a uniform 

resolution to standardize the input dimensions and reduce the computational cost of 

the training. Subsequently, the images are converted to grayscale, reducing the 

number of channels and, in turn, decreasing computational cost while preserving 

crucial structural and anatomical details. To enhance image quality, median filtering 

is used to reduce speckle noise, a frequent artifact in ultrasound imaging, without 

losing edge details. Finally, Contrast-Limited Adaptive Histogram Equalization 

(CLAHE) is used to enhance local contrast and highlight finer structural 

information, thereby improving feature visibility for the learning process. After 

preprocessing the images, corresponding binary mask images are created under the 

guidance of an experienced sonographer. In order to enable faster and more efficient 
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training, the pixel values of the input images are normalized to the range of 0 to 1 

before to feeding the data to the model. 

During the second phase, the model is trained using pre-processed images. 

70% (229) of the images are used for training the model, 20% (67) of the images 

are used for validation of the model, and 10% (32) of the images are used to test the 

trained model out of 328 ultrasound images. To generalize the model, we also apply 

augmentation techniques to the training data. To determine the optimal batch size 

that strikes the best trade-off between gradient stability and computational 

efficiency during training, we use batch sizes of 8, 16, and 32. The Rectified Linear 

Unit (ReLU) activation function is used in the hidden layer to improve the model’s 

capacity to learn and represent features effectively, while incorporating nonlinearity. 

In the output layer, the sigmoid activation function is used to enable pixel-wise 

classification in segmentation by converting the hidden-layer predictions into 

probabilities in the range [0, 1]. To achieve stable, effective convergence during 

training, we use the Adam and RMSprop optimizers with a learning rate of 0.0001 

for our dataset. We set the training epoch limit to 75 to avoid unnecessary 

computation. Additionally, we also set early stopping as a regularization approach.  

The trained model is evaluated on the test dataset in the third phase to assess 

its performance on new and unseen data for segmenting the cerebellum. 
 

 
Fig. 6. Training diagram of the proposed cerebellum segmentation approach 
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Fig. 7. Testing diagram of the proposed cerebellum segmentation approach 

The training process diagram for segmenting the cerebellum using encoder-

decoder-based models is shown in Fig. 6, which contains mainly two phases:  

1) Data Collection and Preprocessing, and 2) Training of the encoder-decoder-based 

model to segment the cerebellum of the fetal brain from 2D ultrasound images.  

Fig. 7 depicts the testing process for the proposed cerebellum segmentation 

approach. 

4.3. Evaluation parameters 

During the experiments, the effectiveness of cerebellum segmentation is evaluated 

using three metrics: the Dice Coefficient (DC), Intersection over Union (IoU), and 

PRecision (PR), as outlined in the next equatoons 

(1)    DC =  
2 ∙|𝑃 ∩ 𝐺|

|𝑃|+|𝐺|
, 

(2)      IoU =  
|𝑃 ∩ 𝐺|

|𝑃 ∪ 𝐺|
, 

(3)      PR =  
|𝑃 ∩ 𝐺|

|𝑃|
, 

where: P is Predicted mask; G is Ground truth mask; |𝑃| is number of foreground 

pixels in the predicted mask; |𝐺| is number of foreground pixels in the ground truth 

mask; |𝑃 ∩  𝐺| is number of overlapping foreground pixels; |𝑃 ∪ 𝐺| is number of 

pixels in either P or G. 

4.4. Impact of batch sizes  

By evaluating three configurations of batch size, namely 8, 16, and 32, we examine 

the effects of varying batch sizes on the performance of the proposed cerebellar 

segmentation techniques. A quantitative comparison of the proposed cerebellar 

segmentation techniques for various batch sizes is shown in Table 4. During this 

experiment, the optimizer is Adam, and the loss function is Binary Cross-Entropy.  

The experimental results show that, for a relatively small dataset, a batch size  

of 8 outperforms all U-Net variants by enabling more frequent parameter updates, 

thereby improving the model’s generalization. 
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Table 4. Quantitative comparison of segmentation results across different batch sizes 

Approach Batch size 
Training Validation 

Loss Dice coefficient IoU Precision Loss Dice coefficient IoU Precision 

U-Net 

8 7.28 72.32 56.45 79.51 6.89 70.03 53.67 73.23 

16 8.15 65.92 49.78 66.71 8.90 63.05 46.19 64.73 

32 11.01 61.89 44.56 64.81 11.56 58.00 40.91 59.86 

Attention- 

U-Net 

8 4.56 79.41 65.85 83.67 4.89 75.09 60.11 80.47 

16 5.71 73.07 57.71 75.91 6.78 72.11 56.28 75.89 

32 5.09 72.12 55.98 74.90 5.82 69.83 53.52 72.77 

VGG16- 

U-Net 

8 6.10 79.77 66.72 82.54 8.52 72.50 56.94 78.04 

16 5.83 77.81 63.15 80.08 4.90 69.99 53.32 72.85 

32 6.25 72.05 56.10 74.76 5.01 65.18 48.42 68.13 

ResNet50- 

U-Net 

8 3.04 84.90 73.49 85.26 9.12 83.74 72.52 84.05 

16 5.97 80.88 67.79 81.01 12.48 75.11 60.92 80.93 

32 5.13 81.37 68.41 80.45 15.05 79.86 66.49 83.70 

EfficientNetB1 
-U-Net 

8 2.56 89.52 81.06 89.83 2.07 92.38 85.46 93.03 

16 6.27 86.99 76.95 78.92 7.20 81.40 68.19 85.97 

32 5.81 78.35 64.82 80.76 6.55 68.76 52.58 84.01 

4.5. Effect of optimizers 

By evaluating two configurations of optimizers, namely Adam and RMSprop, we 

examine the effects of varying optimizers on the performance of the proposed 

cerebellar segmentation techniques. Table 5 presents an equivalence comparison of 

the two optimizers, Adam and RMSprop, for the proposed cerebellar segmentation 

techniques. This experiment uses the binary cross-entropy loss function with a batch 

size of 8. 

Table 5. An equivalence comparison of segmentation results across different optimizers 

Approach Optimizer 
Training Validation 

Loss Dice coefficient IoU Precision Loss Dice coefficient IoU Precision 

U-Net 
Adam 7.28 72.32 56.45 79.51 6.89 70.03 53.67 73.23 

RMSprop 9.24 66.03 49.17 71.86 10.36 61.67 44.51 69.07 

Attention-U-Net 
Adam 4.56 79.41 65.85 83.67 4.89 75.09 60.11 80.47 

RMSprop 5.93 78.63 64.77 81.91 6.11 72.56 56.53 77.42 

VGG16-U-Net 
Adam 6.10 79.77 66.72 82.54 8.52 72.50 56.94 78.04 

RMSprop 7.75 80.97 68.21 82.78 7.81 71.81 56.43 75.06 

ResNet50-U-Net 
Adam 3.04 84.90 73.49 85.26 9.12 83.74 72.52 84.05 

RMSprop 4.83 80.83 67.39 82.00 6.98 75.61 60.11 78.56 

U-Net-EfficientNet-B1 
Adam 2.56 89.52 81.06 89.83 2.07 92.38 85.46 93.03 

RMSprop 2.97 81.91 69.39 83.08 4.88 78.35 64.87 85.19 

 

A conclusion from the experimental result is that the Adam optimizer 

surpassed the RMSprop optimizer in the context of loss.   

4.6. Impact of loss functions  

By evaluating three configurations of loss functions, namely Binary-Cross-Entropy 

loss (BCE loss), Dice loss, and Tversky loss, as defined in the following equations, 

respectively, we examine the effects of various loss functions on the performance of 

the proposed cerebellar segmentation techniques,  

(4)    BCE loss =  −
1

𝑁
∑ [𝑆𝑖 log(𝑆̂𝑖) + (1 − 𝑆𝑖) log(1 − 𝑆̂𝑖)]𝑁

𝑖=1 ,           
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(5)    Dice loss = 1 −  
2∙∑ 𝑆𝑖𝑆̂𝑖 + 𝑁

𝑖=1

∑ 𝑆𝑖
𝑁
𝑖=1  + ∑ 𝑆̂𝑖 + 𝑁

𝑖=1

, 

(6)    Tversky loss = 1 −  
∑ 𝑆𝑖𝑆̂𝑖 + 𝑁

𝑖=1

∑ 𝑆𝑖𝑆̂𝑖 + 𝛼 ∑ 𝑆𝑖(1−𝑆̂𝑖)+ 𝛽 ∑ (1−𝑆𝑖)𝑆̂𝑖 + 𝑁
𝑖=1

𝑁
𝑖=1

𝑁
𝑖=1

 , 

where: N = Output size; 𝑆̂𝑖 = i-th scalar value predicted by the model;  

𝑆𝑖 = corresponding ground truth label; 𝛼 controls the penalty for false negatives;  

𝛽 controls the penalty for false positives;  is a small constant added to avoid 

division by zero. 

Moreover, we examine the performance of the proposed cerebellum 

segmentation approaches that combine the Dice and Tversky losses with the BCE 

loss function, namely BCE + Dice loss and BCE + Tversky loss.  

The results of cerebellar segmentation using multiple models with different 

loss functions, such as U-Net, Attention-U-Net, VGG16-U-Net, ResNet50-U-Net, 

and EfficientNetB1-U-Net, are shown in Table 6. 

Table 6. An equivalence comparison of segmentation results across different loss functions 

Approach 
Loss 

Function 

Training Validation 

Loss 
Dice 

coefficient 
IoU Precision Loss 

Dice 

coefficient 
IoU Precision 

U-Net 

BCE  7.28 72.32 56.45 79.51 6.89 70.03 53.67 73.23 

Dice  8.20 91.51 84.65 90.45 9.26 90.69 82.96 89.45 

Tversky  7.34 89.09 80.31 89.40 7.47 88.12 77.98 89.31 

BCE + Dice  3.00 91.78 84.78 93.95 3.11 90.89 83.51 95.43 

BCE + 

Tversky  
1.45 93.20 87.67 93.34 1.40 91.23 84.68 92.02 

Attention-U-Net 

BCE  4.56 79.41 65.85 83.67 4.89 75.09 60.11 80.47 

Dice  5.67 94.20 89.37 95.45 6.06 93.49 87.09 92.03 

Tversky  4.50 71.89 56.38 72.05 1.77 67.76 51.39 68.93 

BCE + Dice  1.03 95.61 91.39 95.95 1.97 94.25 89.35 95.02 

BCE + 

Tversky  
0.23 93.34 87.74 96.10 2.47 91.67 84.22 95.29 

VGG16-U-Net 

BCE  6.10 79.77 66.72 82.54 8.52 72.50 56.94 78.04 

Dice  2.88 96.17 94.63 90.34 4.65 94.91 90.99 95.52 

Tversky  3.73 84.72 73.19 86.06 4.05 82.63 70.46 85.43 

BCE + Dice  7.40 97.66 93.43 98.51 7.21 94.99 90.57 96.82 

BCE + 
Tversky  

2.01 94.95 90.39 96.03 2.94 92.85 86.83 97.41 

ResNet50-U-Net 

BCE  3.04 84.90 73.49 85.26 9.12 83.74 72.52 84.05 

Dice  5.31 93.47 87.48 94.31 5.84 92.42 85.83 93.40 

Tversky  7.04 84.03 72.47 86.92 7.51 81.97 69.05 84.03 

BCE + Dice  0.53 94.31 89.25 97.26 0.55 93.38 87.09 95.20 

BCE + 

Tversky  
0.17 95.48 91.36 98.54 0.24 95.72 91.31 95.98 

EfficientNetB1-U-Net 

BCE  2.56 89.52 81.06 89.83 2.07 92.38 85.46 93.03 

Dice  8.93 91.08 83.63 92.05 9.03 89.73 81.95 90.44 

Tversky  4.77 93.26 87.38 94.61 4.93 90.70 82.96 90.93 

BCE + Dice  1.52 96.81 94.37 98.89 1.72 92.65 86.31 96.75 

BCE + 

Tversky  
0.09 97.82 95.79 98.01 0.11 95.94 93.29 98.42 

 
The first experiment evaluates the U-Net’s performance in segmenting the 

cerebellum. The experimental results are represented graphically in Fig. 8. The 
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binary cross-entropy loss function combined with the Tversky loss function yields 

the lowest training loss of 1.45% and validation loss of 1.40%, as shown in Fig 8a 

and b. Additionally, Fig 8c and d show that the maximum training Dice coefficient 

of 93.20% and validation Dice coefficient of 91.23% are obtained when the binary 

cross-entropy loss function and the Tversky loss function are combined. In terms of 

IoU, Fig 8e and f demonstrate how the binary cross-entropy loss function plus the 

Tversky loss function works better than other loss functions. In particular, IoUs of 

87.67% for training and 84.68% for validation are reported. Nevertheless, 

experimental findings indicate that higher Dice and IoU scores are achieved with 

the combination of the binary cross-entropy loss function and the Tversky loss 

function, but not with the combination of the binary cross-entropy loss function and 

the Dice loss function. Specifically, the BCE + Dice loss function yields a training 

precision of 93.45% and a validation precision of 95.43%. 

 

Fig. 8. A comparison of the training and validation experimental outcomes with five different loss 

functions for cerebellum segmentation using U-Net 

The Attention-U-Net is assessed for cerebellar segmentation in the second 

experiment. Fig. 9 shows the findings of the cerebellum segmentation experiment 

graphically. Fig. 9a illustrates the lowest training loss of 0.23% when the binary 

cross-entropy loss function and the Tversky loss function are combined. However, 

as shown in Fig. 9b, the Tversky loss function achieves the lowest validation loss of 

1.77%. Conversely, the combination of the dice loss function with the binary cross-

entropy loss function yielded the greatest training dice coefficient of 95.61% and 

validation dice coefficient of 94.25%. Additionally, the greatest training IoU of 

91.39% and validation IoU of 89.35% are obtained when the dice loss and binary 

cross-entropy loss function are combined. The cerebellum is segmented more 

accurately when the binary cross-entropy loss function and the Tversky loss 

function are combined, as shown in Fig 9g and h, with training precision of 96.10% 

and validation precision of 95.29%. 
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Fig. 9. A comparison of the training and validation experimental outcomes with five different loss 

functions for cerebellum segmentation using Attention-U-Net 

In the third experiment, we evaluated three U-Net methods based on transfer 

learning: VGG16-U-Net, ResNet50-U-Net, and EfficientNetB1-U-Net. The U-Net’s 

contraction path in this experiment includes the use of pre-trained weights. The 

VGG16-U-Net graphical findings are shown in Fig. 10. The binary cross-entropy 

loss function combined with the Tversky loss function yields the lowest training 

loss of 2.01% and validation loss of 2.94%, as shown in Fig 10a and b. 

Furthermore, the highest training Dice coefficient of 97.66% and validation Dice 

coefficient of 94.99% are obtained by combining the binary cross-entropy loss 

function with the Dice loss function; Fig 10e and f show that the Dice loss function 

achieves the highest training and validation IoU values. However, training the 

model with a combination of binary cross-entropy and Dice loss functions yields 

the highest training precision of 98.51%, while training with a combination of 

binary cross-entropy and Tversky loss functions yields the highest validation 

precision of 97.41%. 
 

 
Fig. 10. A comparison of the training and validation experimental outcomes with five 

different loss functions for cerebellum segmentation using VGG16-U-Net 

Fig. 11 shows a visual representation of the experimental results utilizing 

ResNet50-U-Net. The combination of the binary cross-entropy loss function and the 



 179 

Tversky loss function yields the lowest training loss of 0.17%, the lowest validation 

loss of 0.24%, the highest training dice coefficient of 95.48%, the highest validation 

dice coefficient of 95.72%, the highest training IoU of 91.36%, the highest 

validation dice coefficient of 91.31%, the highest training precision of 98.54%, and 

the highest validation precision of 95.98%, respectively. 

 
Fig. 11. A comparison of the training and validation experimental outcomes with five different loss 

functions for cerebellum segmentation using ResNet50-U-Net 

The experimental findings of the cerebellum segmentation using 

EfficientNetB1-U-Net are shown graphically in Fig. 12. As seen in Fig 12a and b, 

the binary cross-entropy loss function combined with the Tversky loss function 

yields the lowest training loss of 0.09% and validation loss of 0.11%. Combining 

the binary cross-entropy loss function with the Tversky loss function results in the 

highest training dice coefficient of 97.82%, the highest validation dice coefficient of 

95.94%, the highest training IoU of 95.79%, and the highest validation IoU of 

93.29%.   
 

 
Fig. 12. A comparison of the training and validation experimental outcomes with five different loss 

functions for cerebellum segmentation using EfficientNetB1-U-Net 
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Additionally, Fig. 12g demonstrates that combining the binary cross-entropy 

and dice loss functions yields the maximum training precision of 98.89%. 

Conversely, Fig. 12h shows that combining the binary cross-entropy loss with the 

Tversky loss yields the highest validation precision of 98.42%. 

Fig. 13 illustrates the binary segmentation images generated from the trained 

models. The comparative results demonstrate that Attention-U-Net generates less 

noise and segments more precise cerebellum boundaries. Additionally, U-Net 

segments precise cerebellum boundaries, though with more noise than Attention-U-

Net. Nevertheless, some noise is produced in the segmentation binary image by 

VGG16-U-Net, ResNet50-U-Net, and EfficientNetB1-U-Net. Despite this, U-Net 

techniques based on transfer learning performed better during training and 

validation. Compared to VGG16-U-Net, ResNet50-U-Net, and EfficientNetB1-U-

Net, U-Net and Attention-U-Net produce more accurate and precise binary 

segmentation results while producing less noise. 
 

 
U-Net Attention-U-

Net 

VGG16-

U-Net 

ResNet50-U-

Net 

EfficientNet

B1-U-Net 

      

      

      

      

       
Fig. 13. Comparison analysis of the results obtained from the proposed cerebellum 

segmentation approaches  
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5. Conclusion 

Segmentation helps identify the region of Interest, minimizing unnecessary 

information and leading to faster inference. This paper presents cerebellum 

segmentation using U-Net, Attention-U-Net, and three transfer-learning-based U-

Net encoders: VGG16-U-Net, ResNet50-U-Net, and EfficientNetB1-U-Net. These 

cerebellum segmentation approaches are evaluated using three different batch sizes: 

8, 16, and 32; two different optimizers: Adam and RMSprop; and three different 

loss functions: binary cross-entropy loss (BCE), dice loss, and Tversky loss, as well 

as combined loss functions BCE + dice loss and BCE + Tversky loss.  

Though the experimental findings demonstrate the superior performance of 

transfer-learning-based U-Net techniques in training and validation, U-Net-based 

techniques performed better in testing results. Particularly, Attention-U-Net 

performed best among U-Net variants in our experiments. Additionally, combining 

BCE with other loss functions improves segmentation performance compared to 

binary cross-entropy, Dice, and Tversky losses. 

In the future, we aim to extend our segmentation framework with a larger 

dataset and multi-view images. Moreover, we also aim to use more advanced 

segmentation techniques. In particular, we aim to use generative adversarial 

networks for automatic cerebellar segmentation and compare the outcomes with 

cerebellar segmentation methods utilizing U-Net and its variants. 
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