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Abstract. Ultrasound (US) images are commonly used 

for analyzing soft tissues because they are non-invasive 
and low-cost. US image quality can be compromised by 
low contrast and noise, potentially impairing radiologists' 
interpretation and affecting the accuracy of computer 
algorithms in segmentation and analysis 
characterization. Successful segmentation models are 
often computationally intensive, making them less 
practical for diagnostic applications. In this work, a U-Net 
model was developed that employs a CNN as the 
encoder for segmentation, combined with image 
preprocessing using border-detection filters to enhance 
edges and reduce noise. We compare the performance 
of four segmentation models, all implemented with the 
same data. Notably, U-Net with Xception model encoder 
and preprocessing with bilateral filter and CLAHE 
achieves high performance, with a Dice score of 0.7476 
and an IoU of 0.6862. 

Keywords. Segmentation, sonography, thyroid, transfer 

learning, filter. 

1  Introduction 

The thyroid gland is an endocrine organ that 
produces hormones responsible for regulating 
heart rate, blood pressure, body temperature, and 
various metabolic processes. Disorders related to 
the thyroid can present as structural symptoms, 
such as goiter, nodules, and carcinoma, or 
functional symptoms, including hypothyroidism 
and hyperthyroidism [1]. When the hormonal 
secretion process is altered, this can be linked to 

unwanted growth of nodules, thereby affecting the 
metabolic system and causing conditions such as 
diabetes, hypertension, or hypotension [2]. In the 
past three years, the incidence of thyroid nodules 
has significantly increased, likely due to irregular 
dietary habits and inconsistent work-rest 
schedules [3]. The presence of nodules constitutes 
an indicator of thyroid cancer. In 2020, 
approximately 590,000 individuals worldwide were 
diagnosed with thyroid cancer, making it the tenth 
most common type of cancer. Timely diagnosis 
and treatment are essential for enhancing survival 
rates and understanding the disease's progression 
more effectively [3]. Thyroid nodules are lumps that 
often develop within the thyroid gland and usually 
do not cause any symptoms. These nodules are 
commonly found during routine neck 
examinations. When thyroid nodules grow large 
and cause noticeable symptoms, imaging tests like 
ultrasound (US) and computed tomography (CT) 
are used to visualize them [4]. Ultrasound images 
are extensively employed for the examination of 
soft tissue organs owing to their non-invasive 
nature and cost-effectiveness [5]. Although CT 
images are detailed, their use is less frequent due 
to their high cost, exposure to ionizing radiation, 
and the possibility of adverse reactions to contrast 
media [6]. The visual quality of US images is often 
compromised by lower contrast and higher noise, 
which limits edge detection and affects the 
detectability of lesions during diagnosis or 
interpretation by radiologists [7]. Consequently, 
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supplementary applications are necessary in 
conjunction with conventional diagnostic 
techniques to ensure precise evaluation and 
prompt identification. Techniques for segmenting 
thyroid nodules and glands are classified into three 
primary categories: machine learning (ML), deep 
learning (DL), and methods based on region, 
contour, and shape analysis [8]. Although 
frequently employed owing to their substantial 92% 
overlap, also recognized as Intersection over 
Union (IoU), in segmentation efficacy, region-
based approaches have predominantly been 
assessed on images derived from limited datasets 
[9], [10]. These techniques can produce reliable 
results even in noisy images. However, this 
approach is often highly sensitive to the quality of 
the images. Additionally, they require an initial 
manual delineation step and careful parameter 
tuning, which increases their computational cost 
and may affect their performance when working 
with low-resolution datasets. Region-based 
methods [11] administer the segmentation process 
using the grayscale intensity of the pixels within a 
designated region. Variations between high and 
low grayscale intensity pixels determine the 
boundaries of the regions to be segmented. These 
methods produce effective results for images with 
homogeneous and smooth structures. Fast 
segmentation processes and ease of application 
are significant advantages.  

However, these methods often struggle to 
establish clear segmentation boundaries in images 
with pixels that have similar gray intensities [8]. In 
ML and DL methods ([12] and [13]), the 
segmentation process is based on the 
classification of image pixels. This process is 
carried out using ML methods, applying them to 
features obtained through traditional techniques, 
while DL implements them internally and 
automatically derives its features. DL techniques 
have proven effective in various fields, particularly 
in medical image processing.  In this area, two 
methodologies stand out ([14] and [15]) as 
dominant in DL: one employs CNNs that analyze 
image data through a layer-by-layer feature 
extraction process; the other takes advantage of 
the Transformer model, with its capacity to manage 
sequential data [13]. Most methods in this category 
offer significant advantages, including insensitivity 
to the echogenicity of nodules, high-precision 

automatic segmentation, and efficiency. However, 
they also present challenges, such as the need for 
extensive labeled datasets and prolonged training 
times [8]. 

Recent studies [16] have focused on the 
development and use of DL Transformer methods 
to segment nodule regions from thyroid images, 
which have led to segmentation models that 
outperform existing methods. Transformer-based 
models require larger datasets to effectively grasp 
the complex patterns and relationships found in 
medical images. The scarcity of medical data with 
accurate annotations poses a significant challenge 
for developing self-attention mechanism-based 
models. This limitation prevents these models from 
fully leveraging their potential to learn complex 
patterns in images. Instead, convolutional neural 
network (CNN) models tend to perform better in 
scenarios with limited data, as they handle 
parameters more efficiently and generalize more 
easily, all at a considerably lower computational 
cost [17]. Taking advantage of their strengths in 
image classification, numerous studies have 
proposed innovative CNN models that use the U-
Net framework for segmentation tasks [12, 18, 19]. 
The U-Net architecture is commonly used in this 
area due to its simple structural design, facilitation 
of generalization through symmetric training, and 
the ability to learn features at multiple levels thanks 
to skip connections [12].  

However, this method struggles with the 
unclear and blurred boundaries of nodular regions 
during the segmentation process and often shows 
insensitivity to small nodules [13]. This study 
addressed the complexity of the tissue boundaries 
surrounding the thyroid and proposed a U-Net 
model for two-dimensional image segmentation 
tasks, taking into account the limitations of 
ultrasound techniques. The proposed model 
incorporates, as an encoder, a transfer learning 
model and a combination of border detection filters 
to apply it to various datasets. The distinct features 
of the proposed model, in comparison to similar 
studies in the literature, can be summarized in 
three main points: 

1.- Strengthening of the coding layers through 
the systematic selection of a competitive transfer 
learning model. 

2.- Improvement in the ability to select more 
significant features and reduction of overfitting 

Computación y Sistemas, Vol. 30, No. 1, 2026, pp. 413–432
doi: 10.13053/CyS-30-1-6337

Christopher Gutierrez, Fernando Gaxiola, Patricia Melin, et al.414

ISSN 2007-9737



through the use of border detection filters that 
highlight edges and reduce noise. 

3.- Reduction in computational cost less than 
that of models that use attention mechanisms 
when implementing a CNN model as an encoder. 

This article demonstrates that accurate 
segmentation results can be achieved without 
complex neural architectures or attention 
mechanisms, as long as border detection filters are 
carefully selected and an appropriate encoder 
model is used for the images being segmented. 

This paper is structured as follows: Section 2 
reviews related work in the field. Section 3 
describes the materials and methods we used in 
our proposed approach, including the selected 
border detection filters and encoders. In Section 4, 
we present our experimental results. Finally, we 
draw conclusions in Section 5. 

2  Related Work 

This review synthesizes recent advancements in 
thyroid nodule segmentation using deep learning 
(DL) techniques. Direct comparison across studies 
is challenging due to the frequent use of private 
datasets ([8] and [17]). To establish an unbiased 
comparative framework, only studies utilizing the 
publicly available Digital Database Thyroid Image 
(DDTI) dataset [20] are considered. Pan et al. [21] 
introduced SGUNet, a segmentation method that 
uses a pixel-level semantic map to guide low-level 
features, thereby improving the accuracy of thyroid 
nodule representations in ultrasound images. 
SGUNet achieved a Dice coefficient of 0.6290 and 
an IoU score of 0.4590. Gong et al. [22] developed 
TRFE, a network that applies guided attention to 
the thyroid region for precise segmentation, 
reporting an IoU of 0.5272 and a Dice score of 
0.6904. Radhachandran et al. [23] introduced a 
multitask approach that integrates an anomaly 
detection (AD) module for the automatic detection 
and segmentation of thyroid nodules in ultrasound 
images. The AD module's effectiveness was 
evaluated across several state-of-the-art 
segmentation architectures using the UCLA, DDTI, 
and Stanford CINE datasets. Unlike previous 
studies, this research included images without 
nodules in the evaluation, yielding an average Dice 

index of 0.5760 and an IoU of 0.4380. Nguyen et 
al. [24] developed a segmentation method that 
combines nested and attention-based networks to 
leverage their respective advantages. This 
approach employs a suggestion network (SN) and 
an enhancement network (EN) within a nested 
architecture. The authors observed that 
segmentation complexity increased for lesions that 
were either very small or very large. Their method 
achieved a Dice index of 0.612, outperforming 
other approaches, although it required more 
computational time than alternative segmentation 
networks. Das et al. [8] identified data 
preprocessing strategies such as data 
augmentation, region of interest (ROI) detection, 
and principal component analysis (PCA) as 
prevalent methods to mitigate overfitting. All 
previously discussed studies utilized data 
augmentation and ROI detection, reflecting the 
limited size of the DDTI dataset (480 images). 

Notably, only Radhachandran et al. [23] applied 
a filter to remove Gaussian noise. Additional 
studies have implemented border detection filters 
on other publicly available ultrasound datasets to 
further address overfitting. For example, Banerjee 
et al. [25] applied a bilateral filter to enhance 
nodule edges and used histogram equalization for 
contrast adjustment. Li et al.[26] employed a 
median filter and contrast modification to highlight 
edges. Poormina et al. [30] combined multiple 
Khuan border detection filters, histogram 
equalization, and a Canny filter for edge detection 
to support nodule classification. Yadav et al. [31] 
performed a comparative analysis of border 
detection filters to assist radiologists in evaluating 
nodule malignancy by emphasizing edges and 
reducing noise in ultrasound images. The adoption 
of transfer learning models in computer vision 
applications has increased substantially in recent 
years. Prochazka & Zeman [27] employed a 
ResNet model as an encoder within a U-Net 
architecture to segment nodules across three 
distinct ultrasound image datasets. In T. Banerjee 
et al. [25] developed a module that integrates 
MobileNetV2 and VGG16 transfer learning models 
with an attention mechanism for thyroid nodule 
segmentation. Hu et al. [28] introduced a 
segmentation model with a dual-branch network: 
one branch uses a ResNet model, while the other 
incorporates an attention model called Mamba. 
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3  Materials and Methods 

This section describes the materials and methods 
used in the experimental evaluation of the thyroid 
nodule segmentation model. The image dataset, 
Digital Database Thyroid Image (DDTI) [20], is 
introduced, with details on preprocessing and the 
experimental filter selection process to address 
overfitting. Subsequent subsections discuss the 
selection of the transfer learning model as the 
encoder for the U-Net architecture and the loss 
function used in the experiments. The section 
concludes with a description of the metrics 
employed to assess model performance. 

3.1 Digital Database Thyroid Image (DDTI) 
Datasets 

The DDTI dataset, curated by Pedraza et al. [20], 
is an open-access resource designed for training 
radiologists and developing algorithms for thyroid 

nodule analysis. It comprises 390 XML files, each 
corresponding to a case: 91 normal cases (thyroids 
without nodules), 52 benign nodules, and 247 
malignant nodules. Each case includes detailed 
descriptions and radiologist diagnoses. Multiple 
ultrasound images (one to three per patient) are 
available per case, each with a resolution of 560 x 
360 pixels.  

Preprocessing steps included removing images 
without masks and corrupt XML files, and 
generating corresponding masks from the XML 
files. The final dataset consists of 466 images and 
466 masks, each at 560 x 360 pixels. For 
experimental purposes, the dataset was 
partitioned into 80% (374 samples) for training, 
10% (46 samples) for testing, and 10% (46 
samples) for validation. To reduce GPU workload, 
images were resized to 256 x 256 pixels and pixel 
values were normalized to the range [0, 1]. 
Padding or cropping was not applied, as the 
minimal data loss from these adjustments was 
deemed negligible for model performance. 

 

Fig. 1. U-Net Model block diagram 
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3.2  U-NET Architecture  

U-Net is a convolutional neural network 
architecture characterized by a "U" shape, 
consisting of a contracting path (encoder) that 
captures image context and an expanding path 
(decoder) that enables precise localization [29]. 
Designed primarily for semantic image 
segmentation, U-Net is effective in applications 
requiring pixel-level predictions, such as medical, 
satellite, and microscopy images.  

The architecture [41] includes a contraction 
route (left section of Figure 1) and an expansion 
route (right section of Figure 1). The contraction 
path follows the standard convolutional network 
design, applying two 3x3 convolutions (without 
padding), each followed by a rectified linear unit 
(ReLU) and a 2x2 max pooling operation with a 
stride of 2 for subsampling. At each subsampling 
step, the number of feature channels is doubled. 
Each step in the expansion path involves 
upsampling the feature map, followed by a 2x2 
convolution (up-convolution) that halves the 
number of feature channels, concatenation with 
the corresponding cropped feature map from the 
contraction path, and two 3x3 convolutions, each 
followed by a ReLU.  

The final layer uses a 1x1 convolution to assign 
each 64-component feature vector to the target 
class. The network contains 23 convolutional 
layers in total. In this study, a transfer learning 
model serves as the encoder (see Section 3.3), 
resulting in a variable number of convolutional 
layers based on the selected base architecture. 
The decoder mirrors the encoder path and utilizes 
up-convolutions. 

3.3  Transfer Learning  

Transfer learning is a subfield of machine learning 
that applies knowledge acquired from one problem 
to related tasks [30]. This approach allows models 
to leverage prior learning, leading to faster training 
and improved performance with less data.  

A key advantage is that only part of the trained 
model requires further adaptation for new tasks 
[31]. For this study, state-of-the-art computer vision 
models were selected. The following subsections 
briefly describe each model considered. 

3.3.1  MobileNet  

MobileNet is a series of efficient, lightweight 
convolutional neural networks developed by 
Google, primarily designed for computer vision 
tasks on devices with limited resources, such as 
smartphones and embedded systems. Its main 
innovation is the employment of depthwise 
separable convolutions, which significantly reduce 
computational costs and model size compared to 
standard CNNs. This process splits a regular 
convolution into two smaller, more efficient 
operations: 

– Depthwise convolution: Applies a single filter to 
each input channel independently, filtering the 
input.  

– Pointwise convolution: A 1x1 convolution that 
linearly combines the outputs from the 
depthwise step to generate new features 
across channels. This factorization results in 
roughly 8 to 9 times fewer computations with 
only a slight reduction in accuracy. 

The MobileNet family has evolved through 
several versions, each introducing further 
improvements: 

– MobileNetV1 (2017) [32]: Introduced the core 
concept of depthwise separable convolutions, 
along with hyperparameters (width and 
resolution multipliers), to balance performance 
and efficiency. 

– MobileNetV2 (2018) [33]: Introduced inverted 
residual blocks with linear bottlenecks. This 
structure helps preserve information flow and 
improve accuracy while maintaining efficiency. 

– MobileNetV3 (2019) [34]: Utilized hardware-
aware neural architecture search (NAS) and 
other techniques, such as the hard swish 
activation function, to further optimize 
performance and efficiency for specific mobile 
phone CPUs.  

3.3.2  VGGNET  

VGGNet (Visual Geometry Group Network), 
introduced in 2014 [35], is a deep convolutional 
neural network architecture recognized for its 
effectiveness and simplicity in computer vision 
tasks such as image classification and object 
recognition. VGGNet reduces the spatial 
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dimensions of the output through a sequence of 
convolutional layers with small border detection 
filters (3x3). As the network becomes more 
complex, the number of border detection filters 
increases. Designing the architecture typically 
involves selecting the number of convolutional 
layers and the number of border-detection filters 
per layer. The most widely used architectures are 
VGG16 and VGG19, with 16 and 19 layers, 
respectively. VGGNet has demonstrated 
exceptional performance on various benchmark 
datasets, including ILSVRC, where it ranked 
among the top models 

3.3.3  DenseNet 

Every layer is linked to others through the Dense 
Convolutional Network (DenseNet) [36]. It 
addresses the vanishing gradient issue, 
significantly reduces the number of parameters, 
improves feature flow, encourages feature reuse, 
and increases efficiency. DenseNet enhances the 
depth, accuracy, and training efficiency of 
convolutional networks by establishing short 
connections between layers near the input and 
near the output.  

3.3.4  ResNet 

ResNet (Residual Network) is a deep learning 
architecture introduced in 2015 by Microsoft 
Research [37]. It was specifically designed to 
address the vanishing gradient problem in very 
deep neural networks. This convolutional neural 
network (CNN) addresses challenges in training 
deep networks, as increasing depth can lead to 
diminishing gradients that hinder training. ResNet 
introduces a residual block, which enables the 
network to bypass layers that do not significantly 
contribute to the final output, thereby maintaining 
gradient flow. A residual block in ResNet consists 
of two convolutional layers, with a shortcut 
connection that adds the input to the block's output. 
After this addition, a non-linear activation function, 
such as ReLU, is applied.  

3.3.5  EfficientNet 

EfficientNet is a family of highly efficient and 
accurate convolutional neural networks (CNNs) 
that employs a systematic compound scaling 
method to balance the network's depth, width, and 

input resolution [38]. The fundamental aspects of 
the model are as follows: 

– Compound Scaling: Traditional methods 
scaled only one dimension (depth, width, or 
resolution) at a time, which often led to 
diminishing returns in accuracy. EfficientNet 
introduces a principled compound scaling 
method that uses a single compound 
coefficient (ϕ) to uniformly scale all three 
dimensions simultaneously: 

– Depth (number of layers). 

– Width (number of channels). 

– Resolution (input image size). This 
balanced approach maximizes 
performance for a given computational 
budget. 

– MBConv Blocks: The architecture is based on 
mobile inverted bottleneck convolution 
(MBConv) blocks, originally from MobileNetV2. 
These blocks are highly memory- and 
computation-efficient, utilizing depthwise 
separable convolutions and squeeze-and-
excitation (SE) modules that help the network 
focus on important features. 

The EfficientNet family includes models from 
B0 (the baseline) to B7, with each larger model 
being more accurate and requiring more 
computational power. This allows users to select a 
model that best fits their specific hardware 
constraints and performance needs.  

3.3.6  Xception 

Xception (Extreme Inception) is a deep 
convolutional neural network architecture that 
primarily uses depthwise separable convolutions 
and residual connections. Proposed by François 
Chollet of Google in 2016 as an extension of the 
Inception architecture [39], its fundamental 
aspects are as follows: 

– Depthwise Separable Convolutions: Xception 
replaces the traditional Inception modules with 
depthwise separable convolutions. This 
operation factorizes a standard 3D convolution 
into two separate steps: 
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– Depthwise convolution: Applies a single 
spatial filter to each input channel 
independently. 

– Pointwise convolution (1x1): A 1x1 
convolution then combines the outputs 
across the channels. 

– This design choice allows the network to 
capture spatial and cross-channel 
correlations separately, which is more 
parameter-efficient than standard 
convolutions. 

– Extreme Inception Interpretation: The 
Inception module can be viewed as an 
intermediate step between standard 
convolutions and depthwise separable 
convolutions. Xception extends this 
concept by assuming that cross-channel 
and spatial correlations can be entirely 
decoupled, using the maximum possible 
number of channels processed 
independently. 

– Residual Connections: The architecture 
incorporates skip (residual) connections 
around its main modules, similar to 
ResNet, which helps accelerate 
convergence and improve gradient flow in 
very deep networks. 

– Architecture Flow: The network is 
structured into three main flows: an entry 
flow, a middle flow repeated eight times, 
and an exit flow. 

In summary, Xception is a powerful and efficient 
architecture that demonstrates the effectiveness of 
fully decoupling the processing of spatial and 
cross-channel information in deep learning. 

3.3.7  NASNet-Mobile 

NASNet-Mobile is a lightweight, pre-trained 
convolutional neural network (CNN) designed for 
efficient image classification on devices with 
limited computational power, such as mobile 
devices. Developed by Google researchers using 
Neural Architecture Search (NAS) [40], an 
automated machine learning technique that 
employs reinforcement learning to discover high-
performing network structures, its architecture is 
built on repeating normal cells (which maintain 
feature map size) and reduction cells (which 

reduce height and width). The network is pre-
trained on more than a million images from the 
ImageNet database. It is optimized for mobile 
vision tasks, balancing accuracy and 
computational efficiency, making it suitable for 
deployment on mobile devices. 

3.4  Selection of the Filter for Data 
Preprocessing 

This stage involved selecting border detection 
filters for preprocessing data from the DDTI 
dataset. A base model, as described in Section 
3.4.1, was trained. After training and validation, the 
base model was tested on new data. Results were 
analyzed qualitatively by comparing ultrasound 
images with ground truth masks and model 
predictions and quantitatively using metrics such 
as the Dice coefficient and IoU to identify the filter 
that enhances segmentation performance. 

3.4.1  Base Model 

For this study, less complex transfer learning 
models were prioritized, considering those with 
fewer parameters or shallower depth. 

Table 1. Transfer learning models 

Model Parameters Depth 

MobileNetV1 4.3 M 55 

MobileNetV2 3.5 M 105 

MobileNetV3 5.4 M 105 

VGG16 138 M 16 

VGG19 143.7 M 19 

EfficientNetB0 5.3 M 132 

RestNet50V2 25.6 M 103 

DenseNet121 8.1 M 242 

Xception 22.9 M 81 

NASNetMobile 5.3 M 389 
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Number of quantized parameters in millions 
(M), quantized depth by number of layers. 

Table 1 shows the size of the models 
considered for this work, where it is observable that 
MobileNetV2 has the fewest parameters (3.5 
million), but is deep (105 layers); in contrast, 
VGG16 is the least deep model (16 layers), but one 
of the models with the most parameters 
(138  million).  

Despite not being the model with the fewest 
parameters and least depth, MobileNetV1 was 
considered for use as the encoder in the U-Net 
architecture for the base model.  

It is so due to its balanced configuration, 
ranking second in the number of parameters (4.3 
million) and third in the least depth (55 layers).  

3.4.2  Border Detection Filters 

Our selection of border detection filters is based on 
state-of-the-art technology, from which the border 
detection filters applied in related works have been 
chosen (see Table 2).  

To provide context for the operation of the 
Below border detection filters, each filter is briefly 
described along with its mathematical formulation. 

The formula for the Kuan filter (Kuan [41]) 
estimates the true signal val (𝑧̂𝑖𝑗) of a pixel based 

on a weighted average of the central pixel's 
intensity and the local mean within a filter window. 
The Kuan filter transforms the multiplicative noise 
model (common in radar images) into an additive 
noise model for processing.  

The filtered pixel value 𝑧̂𝑖𝑗 at coordinates (𝑖, 𝑗) is 

calculated as: 

𝑧̂𝑖𝑗 = 𝑧̄ + 𝑊 ⋅ (𝑧𝑖𝑗 − 𝑧̄), (1) 

where:  

– 𝑧̂𝑖𝑗 is the Kuan filtered pixel value. 

– 𝑧𝑖𝑗 is the original (unfiltered) value of the 

central pixel. 

– 𝑧̄ is the local mean of all pixels in the 

moving window (kernel) centered on (𝑖, 𝑗). 

– 𝑊 is the weighting function (weighting 
factor or coefficient), which is the core of 
the Kuan filter's adaptivity.  

The weighting function 𝑊 is calculated to 
balance between smoothing (using the local mean) 
in uniform areas and preserving edges (using the 
original pixel value) in high-variance areas.  

The formula for the weighting function 𝑊 is: 

𝑊 =
1−𝐶𝑢

2/𝐶𝑖
2

1+𝐶𝑢
2 , (2) 

or sometimes presented as  

𝑊 =
𝑉𝑎𝑟𝑘

(𝑉𝑎𝑟𝑘 + 𝑉𝑎𝑟𝑛𝑜𝑖𝑠𝑒)
. (3) 

The components of the weight function are:  

– 𝐶𝑢: The estimated noise variation 
coefficient (coefficient of variation of the 
speckle noise). This is often estimated as 

𝐶𝑢 = 1/√𝑁𝐿𝑂𝑂𝐾𝑆, where 𝑁𝐿𝑂𝑂𝐾𝑆 is the 
number of looks for the radar image. 

Table 2. Filter configurations for data preprocessing and 

the jobs that implemented them and principal function 

Works Filter Principal Function 

[42] Kuan 
Remove the speckled 

noise and keep the 
sounds. 

[25] Bilateral 
Smooths without 

losing edges. 

[25] CLAHE 
Adaptive contrast to 

reduce noise. 

[43] Sobel 
Detects and enhances 

edges. 

[23] 
[43] 

Canny 
Detects and enhances 

edges. 

[23] 
Gaussian 

Blur 
Smooth the image, 
reduce the noise. 

[42] 
Histogram 

Equalization 
Improve the contrast 

[44] 
Fast 

Bilateral 

Smooths without 
losing edges with less 

computational cost 
than the Bilateral filter. 
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𝐶𝑖: The image variation coefficient (local 
coefficient of variation) within the filter 
window. This is calculated as 𝐶𝑖 = 𝑆/𝑧̄, 

where 𝑆 is the local standard deviation of 
pixel intensities within the window and 𝑧̄ is 
the local mean. 

– 𝑉𝑎𝑟𝑘: The variance of pixels in the window. 

– 𝑉𝑎𝑟𝑛𝑜𝑖𝑠𝑒: The variance of the speckle 
noise.  

The filter adapts because the weight 𝑊 
becomes close to 0 in homogeneous regions 
(where 𝐶𝑖 is low, approaching 𝐶𝑢), resulting in the 
filtered pixel being close to the local mean 
(maximum smoothing).  

Near edges, 𝐶𝑖 is high, making 𝑊 close to 1, 
and the filtered pixel value approaches the original 
pixel value (edge preservation). 

The bilateral filter (bilateral [45]) replaces a 
pixel's value with a weighted average of nearby 
pixels, where weights depend on both spatial and 
radiometric distance. The formula is expressed as: 

BF(𝐼)(𝑝) =
1

𝑤𝑝
∑ 𝐺𝑠(||𝑝 − 𝑞||)𝐺𝑟(|𝐼𝑝 − 𝐼𝑞|)𝐼𝑞 ,

𝑞∈𝑆
 (4) 

where 𝐺𝑠 is a Gaussian for spatial distance, 𝐺𝑟 is a 
Gaussian for radiometric (intensity) difference, 𝐼𝑝 is 

the intensity of the center pixel, 𝐼𝑞 is the intensity of 

a neighbor pixel, and 𝑤𝑝 is a normalization factor.  

The components of the formula function are: 

– 𝑝: The center pixel coordinates. 

– 𝑞: A neighboring pixel's coordinates. 

– 𝑆: The set of all neighboring pixels within a 
defined window. 

– 𝐺𝑠(||𝑝 − 𝑞||) : A Gaussian function that 

weights pixels based on their spatial 
distance from 𝑝. The farther a pixel is 
spatially, the lower its weight. 

– 𝐺𝑟(|𝐼𝑝 − 𝐼𝑞|): A Gaussian function that 

weights pixels based on the absolute 
difference in intensity or color between the 
center pixel (𝐼𝑝) and the neighboring pixel 

(𝐼𝑞). Pixels with very different intensities 

get a low weight, which helps preserve 
edges. 

– 𝐼𝑞: The intensity value of the neighboring 

pixel. 

– 𝑤𝑝 = ∑ 𝐺𝑠(||𝑝 − 𝑞||)𝐺𝑟(|𝐼𝑝 − 𝐼𝑞|)
𝑞∈𝑆

: The 

normalization factor. This sums all the 

weights to ensure the final average is 
correctly scaled.  

The formulation of the Histogram Equalization 

[46] involves creating a new pixel value (𝑠) by 

using the cumulative distribution function (CDF) of 
the original image's pixel intensities (𝑟). This is 
mathematically expressed as: 

𝑠 = 𝑇(𝑟) = (𝐿 − 1) ∗ 𝑠𝑢𝑚(𝑝𝑟(𝑥)),  

𝑓𝑜𝑟 𝑥 𝑓𝑟𝑜𝑚 𝑡𝑜 𝑟. 

(5) 

Here is the step-by-step formulation:  

– Calculate the histogram by counting the 
frequency of each pixel intensity level in 
the original image. 

– Calculate the normalized histogram (or 
Probability Density Function, PDF): Divide 
the frequency of each pixel intensity by the 
total number of pixels (\(N\)) in the image. 

– 𝑝𝑟(𝑥) = 𝑛𝑥/𝑁 

– Where 𝑛𝑥 is the number of pixels 

with intensity 𝑥, and 𝑁 is the total 
number of pixels. 

– Calculate the Cumulative Distribution 
Function (CDF): Sum the normalized 
histogram values from the lowest intensity 
level up to the current one. 

𝐶𝐷𝐹(𝑥) = 𝑠𝑢𝑚(𝑝𝑟(𝑥)), 

𝑓𝑜𝑟 𝑥 𝑓𝑟𝑜𝑚 𝑡𝑜 𝑟 
(6) 

– Map to new pixel values: Multiply the CDF 
by the maximum possible pixel intensity 
level (𝐿 − 1) and round to the nearest 
integer to get the new pixel value 𝑠. 

𝑠 = 𝑟𝑜𝑢𝑛𝑑((𝐿 − 1) ∗ 𝐶𝐷𝐹(𝑟)), (7) 

– For an 8-bit grayscale image, 𝐿 = 256, 

so the formula is 

– 𝑠 = 𝑟𝑜𝑢𝑛𝑑((255) ∗ 𝐶𝐷𝐹(𝑟))(8) 

Contrast Limited Adaptive Histogram 
Equalization (CLAHE) [47] is a complex algorithm 
involving several steps rather than a single simple 
mathematical formula applied globally to an image. 
The core formulation relies on local histogram 
equalization and bilinear interpolation with a 
contrast limit. The process for a single channel 
(e.g., grayscale or luminance channel in a color 
image) can be broken down as follows: 
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– Image Tiling: The input image is divided 
into a grid of small, non-overlapping 
rectangular regions called "tiles" (e.g., 8x8 
grid is common).  

– Contrast Limiting (Clipping): For each tile, 
a histogram of pixel intensities is 
computed. To prevent over-amplification 
of noise in uniform areas, a "clip limit" is 
applied to the histogram bins.  

– Any pixel count in a histogram bin that 
exceeds this limit is clipped to the limit 
value. 

– The excess pixels are then 
redistributed evenly across all other 
bins of the histogram, which ensures 
the total number of pixels in the tile 
remains constant.  

– Histogram Equalization and CDF 
Calculation: A cumulative distribution 
function (CDF) is calculated from the 
modified (clipped and redistributed) 
histogram for each tile. This CDF then 
serves as the transformation function for 
the pixels within that specific tile.  

For a given pixel intensity value 𝑠 in a tile 

with a clipped histogram ℎ, the 

transformation function (CDF) 𝑇(𝑠) is 
generally formulated as:  

𝑇(𝑠) = 𝑟𝑜𝑢𝑛𝑑 (
𝐶(𝑠) − 𝐶𝑚𝑖𝑛

𝑀 × 𝑁 − 𝐶𝑚𝑖𝑛
× (𝐿 − 1)). (9) 

Where:  

– 𝐶(𝑠) is the cumulative count of pixels 

up to intensity 𝑠 in the clipped 
histogram. 

– 𝐶𝑚𝑖𝑛 is the minimum cumulative count 

(often 0 after normalization). 

– 𝑀 × 𝑁 is the total number of pixels in 
the tile (or region size). 

– 𝐿 is the number of possible gray levels 
(e.g., 256 for an 8-bit image). 

The result is scaled to the full dynamic 
range (0 to 𝐿 − 1) and rounded to the 
nearest integer.  

– Bilinear Interpolation: To remove artificial 
boundaries between adjacent tiles (a 
common artifact of simple adaptive 
histogram equalization), bilinear 

interpolation is used. Just one tile’s 
transformation function does not 
determine the final intensity value for a 
pixel, but rather the weighted average of 
the transformation functions of the four 
nearest tile centers. For a pixel at position 
P, its final value 𝑠′ is interpolated using the 
gray-level mappings of the surrounding tile 
centers P1, P2, P3, and P4 based on its 
relative position within the grid: 

𝑠′ = (1 − 𝛼)(1 − 𝛽)𝑔𝑃1(𝑠) 

+𝛼(1 − 𝛽)𝑔𝑃2(𝑠) 

+(1 − 𝛼)𝛽𝑔𝑃3(𝑠) 

+𝛼𝛽𝑔𝑃4(𝑠). 

(10) 

Where 𝛼 and 𝛽 are the normalized 
horizontal and vertical distances of the 
pixel from the corner of the tile region, and 
𝑔𝑃𝑖(𝑠) is the mapping function (CDF) of the 

respective tile center 𝑃𝑖.  

The Sobel filter (Sobel [48] or Sobel operator) 
is a discrete differentiation operator that computes 
an approximation of the image intensity function's 
gradient to emphasize edges. It is formulated by 
applying two 3x3 convolution kernels to a 
grayscale image, one for the horizontal direction 
(𝐺𝑥) and one for the vertical direction (𝐺𝑦).  

– The standard 3x3 Sobel kernels, 
𝐺𝑥  and 𝐺𝑦, are defined as follows:  

𝐺𝑥 = [
−1 0 +1
−2 0 +2
−1 0 +1

], (11) 

𝐺𝑦 = [
−1 −2 −1
0 0 0

+1 +2 +1
]. (12) 

These kernels are designed to combine 
Gaussian smoothing (the 1, 2, 1 weighting) with 
differentiation, making the filter more resistant 
to noise than a simple derivative. The kernels 
are separable, which can improve 
computational efficiency. At each pixel (𝑥, 𝑦) in 
the input image 𝐼, the Sobel operator computes 
two derivatives:  

– Horizontal Gradient (𝐺𝑥): This is calculated 

by convolving the image patch with the 𝐺𝑥  
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kernel. It measures changes in intensity 
along the x-direction (vertical edges). 

– Vertical Gradient (𝐺𝑦): This is calculated by 

convolving the image patch with the 𝐺𝑦 

kernel. It measures changes in intensity 
along the y-direction (horizontal edges).  

– The convolution operation at a specific 
pixel can be expressed as (where * 
denotes the convolution operation):  

𝐺𝑥 =  𝑘𝑒𝑟𝑛𝑒𝑙𝑥 ∗ 𝐼, (13) 

𝐺𝑦 =  𝑘𝑒𝑟𝑛𝑒𝑙𝑦 ∗ 𝐼. (14) 

The final output is the magnitude of the 
gradient at that pixel, which represents the 
strength of the edge. This magnitude is 
calculated by combining 𝐺𝑥and 𝐺𝑦 using one of 

two common formulas:  

– L2 Norm (Euclidean Distance): This is 
the most common and accurate 
method:  

𝐺 = √𝐺𝑥
2 + 𝐺𝑦

2. (15) 

The result 𝐺 is the overall edge strength 
at the pixel.  

– L1 Norm (Manhattan Distance): This 
is a computationally cheaper 
approximation, often used when 
performance is critical (e.g., in 
hardware implementations), as it 
avoids the square root operation:  

𝐺 = |𝐺𝑥| + |𝐺𝑦|, (16) 

Additionally, the direction of the gradient 
(the angle of the edge) can be calculated:  

𝛩 = arctan(𝐺𝑦, 𝐺𝑥), (17) 

where 𝛩 is the angle of orientation.  

Gaussian blur [49] is an image filtering 
technique that uses a Gaussian function to create 
a soft, hazy, and smooth effect by averaging a 
pixel's value with its neighbors. It is a type of low-
pass filter that reduces image noise and sharp 
details by applying a weighted average to each 
pixel, with the pixel's value having the heaviest 
weight and the influence decreasing with distance.  

This technique is used to soften images, reduce 
noise, guide the viewer's eye, and prepare images 
for downsampling. Use a 2D Gaussian function to 
generate a convolution kernel, which is then 
applied to an image to blur it. The formula for the 
2D Gaussian function is:  

𝐺(𝑥, 𝑦) =
1

2𝜋𝜎2 𝑒−
𝑥2+𝑦2

2𝜎2 , (18) 

where 𝑥 and 𝑦 are the pixel coordinates and 

𝜎 is the standard deviation that controls the 
amount of blur. To apply the filter, this 
function calculates the weights for a kernel 
matrix, and each pixel's new value is a 
weighted average of its neighbors, with the 
center pixel receiving the highest weight.  

The Canny filter [50] is not a single formula, but 
a multi-stage algorithm that mathematically 
formulates edge detection based on several steps 
to optimize for low error rate, good localization, and 
minimal response to noise. The core mathematical 
formulations involved are: 

– Noise Reduction (Gaussian 
Smoothing): The image is smoothed 
using a Gaussian filter to reduce noise, 
as described by the formula (18). 

– Gradient Calculation [51]: The 
intensity gradients of the smoothed 
image are calculated using the 
formulas (11), (12), (13), (14), (15), 
(16), and (17).  

Fast Bilateral filter [52] formulations often 
approximate the original filter [45] by reinterpreting 
it as a linear convolution. This is achieved by 
linearizing the range-dependent kernel, computing 
the convolution for a sparse set of intensity values 
using the Fast Fourier Transform (FFT), and then 
interpolating the results to obtain the final 
filtered  image.  

Other fast approaches include using 3D FFT 
with a downsampling strategy or rearranging the 
filter into a set of functional operators to simplify 
computations.  

3.5  Selection of Transfer Learning Model as 
an Encoder 

The process of selecting a transfer learning model 
as an encoder parallels the filter selection 
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approach, except that models are trained on data 
preprocessed with the chosen filter to 
mitigate  overfitting.  

Results were evaluated qualitatively by 
comparing ultrasound images with ground truth 
and predicted masks, and quantitatively using 
metrics such as the Dice coefficient and 
Intersection over Union (IoU). This methodology 
enabled the identification of the filter-encoder 
combination that maximizes segmentation 
performance while minimizing overfitting. 

3.6  Performance Metrics 

Model performance in medical image 
segmentation is typically assessed by comparing 
predicted results to expert-generated 
accuracy masks.  

Common evaluation metrics include precision, 
sensitivity, Dice coefficient, and Intersection over 
Union (IoU).  

In this study, performance was specifically 
evaluated using the Dice coefficient and 
IoU  metrics. 

3.6.1  Sørensen-Dice Index (Dice Score, Dice)  

The Dice coefficient [53] is a statistical measure 
that quantifies the overlap between two sets. In the 
context of image segmentation, it assesses 
segmentation accuracy by comparing the model's 
output to the ground-truth segmentation: 

𝐷𝑖𝑐𝑒 =
2 ∙ |𝐴 ∪ 𝐵|

|𝐴| + |𝐵|
, (19) 

𝐴: Set of pixels segmented by the model. 

𝐵: Set of real pixels (ground truth). 

𝐴 ∩ 𝐵: Intersection (correctly classified pixels). 

3.6.2  Intersection over Union (IoU)  

The Intersection over Union (IoU) [54] metric is 
widely used to evaluate the spatial accuracy of 
segmentation or object detection models.  

It quantifies the extent of overlap between the 
predicted segmentation and the ground truth: 

𝐼𝑜𝑈 =
|𝐴 ∩ 𝐵|

|𝐴 ∪ 𝐵|
, (20) 

𝐴: Set of pixels segmented by the model. 

𝐵: Set of real pixels (ground truth). 

𝐴 ∩ 𝐵: Intersection (correctly classified pixels). 

𝐴 ∪ 𝐵: Union (all predicted pixels are correct 
or  real). 

3.7  Loss Function 

Training segmentation models for medical images 
involves unique challenges compared to natural 
image segmentation, primarily due to data 
imbalance. This imbalance often occurs between 
foreground (diseased) and background (non-
diseased) samples, as well as between simple and 
complex cases.  

The difficulty of classifying thyroid nodules can 
result in segmentation failures, and the presence 
of indistinct nodule edges further complicates the 
task. These issues are significant in clinical 
practice and necessitate targeted solutions.  

To address these challenges, a Dice loss [55] 
function is employed to balance foreground and 
background samples and to reduce the bias 
present in the cross-entropy loss function during 
network training, as shown in Formula 21: 

ℒ𝐷𝐼𝐶𝐸 = 1 −
2 ∙ |𝐴 ∪ 𝐵|

|𝐴| + |𝐵|
. (21) 

3.8  Setup 

Training and testing were performed on the Google 
Colab platform utilizing NVIDIA Tesla V100 GPUs 
with 16 GB of memory.  

The frameworks used included PyTorch 2.0.1 
and TensorFlow 2.19. Model weights were 
initialized with pre-trained ImageNet encoders.  

The Adam optimization algorithm was applied, 
and training was conducted for 100 epochs. 

4  Results 

This section presents the experimental results 
obtained using the DDTI dataset. The analysis is 
divided into two parts.  

The first part compares the performance of the 
base model with different border filters applied as 
preprocessing.  

The second part evaluates various transfer 
learning models using the most effective 
preprocessing method identified in the first part. 
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Table 4. Comparison of the base model's performance along with filter preprocessing 

Filter Time train Dice IoU 

None 9 min. 0,1251 0,086 

Bilateral + CLAHE 52 min. 0,6500 0,5482 

Sobel 62 min. 0,5313 0,4254 

Canny 12 min. 0,5879 0,4850 

Gaussian Blur 65 min. 0,5207 0,4130 

Kuan, Histogram, Canny 10 min. 0,5759 0,4635 

Fast Bilateral 65 min. 0,6387 0,5280 

Highlight the best results in bold

 
Fig. 2. Nodule segmentation results using the base model (U-Net with MobileNet encoder) and the most successful 
filter configuration in performance (Bilateral + CLAHE) 
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4.1  Comparison of Performance among 
Different Border Detection Filters 

The base model, consisting of a U-Net architecture 
with MobileNetV1 as the encoder, was evaluated 
on the test set to facilitate objective performance 
comparison. Each filter configuration listed in Table 

2 was applied during training and testing with the 
dataset.  

Experimental results are summarized in Table 
4. The baseline model achieved optimal 
performance when the Bilateral + CLAHE filter 
configuration was used for data preprocessing, 
reaching an IoU of 0.5482 and a Dice coefficient of 
0.6500, with an average training time of 52 

 

Fig. 3. Nodule segmentation results using the model with the best-performing encoder (U-Net with Xception encoder) 

and the preprocessing setup (Bilateral + CLAHE) deliver more effective treatment. Diagnostic accuracy may decrease 
with prolonged work due to fatigue. In this study, an automatic segmentation algorithm based on the U-Net architecture 
is proposed to delineate thyroid nodule edges from ultrasound images, thereby facilitating detection. The approach 
provides a comprehensive segmentation method that requires no user interaction and is broadly applicable. The entire 
image is processed by the segmentation model, and results are generated as a binary mask. The algorithm's 
segmentation results closely approximate those of clinical experts, supporting its potential application in clinical practice. 
However, the study is limited by challenges in acquiring and labeling ultrasound images. The dataset is relatively small 
due to the difficulty of obtaining and annotating ultrasound images. Additionally, unlike other studies that trained and 
tested on multiple datasets to improve generalizability, only the DDTI dataset was used. The approach also has 
limitations related to high training time, necessitating the use of a high-performance GPU. Once training is complete, 
however, the model's predictions are rapid and accurate. Finally, in contrast to the models used for comparison, this 
approach does not include cropping of the region of interest or data augmentation 
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minutes. Figure 2 displays segmentation results for 
three nodules of different sizes, with the final 
column showing the overlay (yellow) between the 
ground truth mask (green) and the model's 
prediction (red). This visualization demonstrates 
that the model's segmentation results closely 
approximate the ground truth across various 
nodule sizes. 

4.2  Performance Comparison between 
Different Models Applying the Best 
Preprocessing 

To objectively compare the benefits of using the 
Bilateral + CLAHE filter setup as preprocessing, we 
trained additional transfer learning models were 
evaluated as encoders within the U-
Net  architecture.  

Each model listed in Table 1 was trained and 
tested using the DDTI dataset, with results 
summarized in Table 5. The Xception model, used 
as an encoder and combined with Bilateral + 
CLAHE border detection filters for preprocessing, 
achieved an IoU of 0.5824 and a Dice score of 
0.6938, with an average training time of 
88  minutes.  

Figure 3 presents segmentation results for 
three nodules of varying sizes, demonstrating the 
most effective encoder and preprocessing 
configuration for nodule segmentation in the 
DDTI  dataset.  

Table 6 compares the performance of models 
from the literature with the results obtained using 
the most successful configuration in 
these  experiments.  

The Dice and IoU values are comparable to 
those of TRFE (Dice = 0.6904 ± 0.0334, IoU = 
0.5272 ± 0.0170), and surpass those of SGUNet 
(Dice = 0.6290 ± 0.0415, IoU = 0.4590 ± 0.0212), 
U-Net Multiscale AD module (Dice = 0.5270 ± 
0.325, IoU = 0.4120 ± 0.290), and Fusion CNNs + 
highlight network (Dice = 0.6120).  

These results indicate that the segmentation 
performance of this model exceeds that of other 
models that did not incorporate border-detection 
filters or transfer-learning-based encoders within 
their U-Net architectures. 

5  Discusion 

Segmentation of thyroid nodules represents the 
initial step in evaluating thyroid disorders. Accurate 
diagnosis is possible only when the location, size, 
and other relevant information about the nodules 
are identified.  

This process enables clinicians to conduct 
more comprehensive diagnoses and deliver more 
effective treatment. Diagnostic accuracy may 
decrease with prolonged work due to fatigue. In 
this study, an automatic segmentation algorithm 
based on the U-Net architecture is proposed to 
delineate thyroid nodule edges from ultrasound 
images, thereby facilitating detection.  

The approach provides a comprehensive 
segmentation method that requires no user 
interaction and is broadly applicable.  

Table 5. Comparison of the performance of all encoders 

applying the Bilateral+CLAHE filter configuration as a 
preprocessing method 

Model 
Time 
train 

Dice IoU 

MobileNetV1 12 min. 0.5879 0.4849 

MobileNetV2 11 min. 0.4723 0.3941 

MobileNetV3 4.5 min. 0.1115 0.0105 

VGG16 11 min. 0.5800 0.4690 

VGG19 16 min. 0.5776 0.4808 

EfficientNet
B0 

8 min 0.2410 0.1658 

RestNet50
V2 

22 min. 0.5505 0.5661 

DenseNet1
21 

359 min. 0.6331 0.5804 

Xception 88 min. 0.6938 0.5824 

NASNetMo
bile 

31 min. 0.5016 0.5057 

Highlight the best results in bold 

Computación y Sistemas, Vol. 30, No. 1, 2026, pp. 413–432
doi: 10.13053/CyS-30-1-6337

A Comparative Study on Thyroid Segmentation Using Filters and Transfer Learning 427

ISSN 2007-9737



The entire image is processed by the 
segmentation model, and results are generated as 
a binary mask. The algorithm's segmentation 
results closely approximate those of clinical 
experts, supporting its potential application in 
clinical practice. However, the study is limited by 
challenges in acquiring and labeling ultrasound 
images. The dataset is relatively small due to the 
difficulty of obtaining and annotating 
ultrasound  images.  

Additionally, unlike other studies that trained 
and tested on multiple datasets to improve 
generalizability, only the DDTI dataset was used. 
The approach also has limitations related to high 
training time, necessitating the use of a high 
performance GPU. Once training is complete, 
however, the model's predictions are rapid and 
accurate. Finally, in contrast to the other models 
used for comparison, this approach does not 
include cropping of the region of interest or 
data  augmentation. 

6  Conclusions 

A model for segmenting thyroid nodules in two-
dimensional ultrasound images using a U-Net 

architecture is presented. This model incorporates 
a transfer-learning-based encoder, which 
improves segmentation accuracy even with a 
limited dataset. A filter-based preprocessing step 
is also introduced to reduce overfitting and 
enhance model performance.  

Experimental results demonstrate that this 
model outperforms most referenced models across 
all evaluated metrics. In future work, precise 
segmentation of thyroid nodules may serve as a 
foundation for computer-aided diagnosis, including 
automatic assessment of nodule status and 
classification. Further research will explore 
additional preprocessing strategies, the 
development of more robust loss functions, and the 
integration of more training examples, including 
other public datasets in addition to the 
DDTI  dataset. 
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