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Abstract: The third trimester of pregnancy is the most critical period for human brain development, 
during which significant changes occur in the morphology of the brain. The development of sulci 
and gyri allows considerable increase of the brain surface. In premature childrens, these alterations 
take place outside the womb that may cause a disruption of the normal brain maturation process. 
We hypothesize that a normalized atlas of brain maturation with cerebral ultrasound images from 
birth to term equivalent age will help clinicians assess these changes. This work proposes a semi-
automatic GUI platform for segmenting the main cerebral sulci in the clinical setting from ultrasound 
images. This platform has been obtained from images of a cerebral ultrasound neonatal database 
images provided by two clinical researchers from the Hospital Sant Joan de Déu in Barcelona, Spain. 
The primary objective is to provide a user-friendly design platform for clinicians, for running and 
visualizing an atlas of images validated by medical experts. This GUI offers different segmentation 
approaches, pre-processing tools, and is friendly designed for running, visualizing images, and 
segmenting the principal sulci. The presented results are discussed in detail in this paper, providing 
an exhaustive analysis of the proposed approach’s effectiveness.

Keywords: GUI semi-automatic platform; brain segmentation; cerebral ultrasound; preterm; sulci; 
docker 16

1. Introduction 17

Different medical imaging modalities are available for diagnostic purposes, including 18

magnetic resonance imaging (MRI), X-ray, ultrasound (US), nuclear medicine and computed 19

tomography (CT) during last decade. These images are used in the implementation and 20

validation of new segmentation algorithms and depending on the imaging modality, the 21

applications developed are for edge detection, organ localization, region segmentation or 22

lesion detection. Furthermore, several images of the same type of modality are usually 23

taken over a period of time on a particular part of the body to observe and analyze how 24

the structure evolves. In many cases, this same process is carried out on several people 25

who meet certain conditions to compare them with each other and observe the pattern that 26

follows [1–4]. 27

In recent years, the adaptation of segmentation systems in the medical field has become 28

increasingly important [5–9]. These tools, with the supervision of specialized personnel, 29
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facilitate the work they perform in hospitals [10,11]. In essence, segmentation involves 30

the process of dividing an image into separate regions by examining pixel attributes. This 31

allows for the identification of objects or boundaries, ultimately simplifying the image and 32

enabling more efficient analysis. In the medical field, image segmentation allows a more 33

precise analysis of anatomical data. Segmentation is a crucial step in extracting the region 34

of interest from a medical image (2D or 3D). This process can be carried out manually, 35

semi-automatically, or fully automatically [12–15]. 36

In the pediatric field, many studies are focused on extracting images using US tech- 37

niques, as well as the execution of segmentation techniques applied to these images [16]. 38

An example of such a case is the automatic segmentation of ultrasound images employing 39

morphological operators [17]. In this study, a technique for the automatic measurement of 40

femur length in fetal ultrasound images is introduced. Additional examples concentrate 41

on investigating the fully automatic segmentation of the common carotid artery through 42

machine learning techniques applied to ultrasound (US) images. This research explores a 43

notable distinction from prior studies by primarily focusing on pixel classification using 44

artificial neural networks to detect Intima-Media Thickness (IMT) boundaries [18]. In this 45

context, brain imaging was employed to perform real-time segmentation, analysis, and 46

visualization of the deep cervical muscle structure using ultrasound [19]. 47

In addition, some authors use a method based on Hough voting, a strategy that allows 48

localization and fully automatic segmentation using Convolutional Neural Networks 49

(CNN) in magnetic resonance images. Research has been conducted on the examination of 50

the brain in premature infants using magnetic resonance imaging (MRI) to compare cortical 51

folding patterns between healthy fetuses and early preterm infants through cross-sectional 52

imaging [20]. It is important to notice that this study is during a critical developmental 53

period for the folding process between 21–36 weeks gestational age (GA). Furthermore, 54

an investigation was conducted to explore the dynamics of cortical folding waves and 55

deviations associated with prematurity. This analysis involved spatial and spectral analysis 56

of gyrification patterns [21]. Finally, a typical folding characterization and progression are 57

performed to post-term period using a spectral analysis of gyration (SPANGY) method in 58

preterm infants. 59

Figure 1. Atlas of the brain of a premature baby using magnetic resonance imaging at weeks 22, 25,
28, 31, 34 and 37 weeks. It corresponds to axial, coronal and sagittal views for each week [22].

Medical imaging, particularly ultrasound, can present challenges in identifying well- 60

defined structures (i.e. grooves) due to the presence of speckle noise. Speckle noise is 61

a type of noise that is present in ultrasound images and is caused by the interference of 62

the sound waves as they bounce off different tissues and structures in the body. Speckle 63

noise appears as a granular pattern, which can significantly degrade the image quality, 64

making it difficult to distinguish fine details in images during a diagnostic examination. 65
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To overcome this challenge, multiple image processing techniques, including filtering and 66

segmentation, can be applied to reduce speckle noise effects and enhance the visual clarity 67

of structures. Specifically, the cerebral cortex, which constitutes the brain’s outer surface, 68

exhibits a markedly uneven nature distinguished by a unique arrangement of folds called 69

gyri (singular: gyrus) and grooves referred to as sulci (singular: sulcus) [23]. 70

Concerning the theoretical framework, it is worth mentioning that brain maturation 71

is different when comparing a newborn that has completed 9 months of gestation with a 72

preterm baby that has grown outside the womb. All babies born alive before 37 weeks of 73

pregnancy are considered premature.The categorization is contingent upon the gestational 74

week of birth where the subcategory is defined as: "Extremely preterm" encompasses 75

infants born before 28 weeks; "Very preterm" between 28 to 32 weeks; and "Moderate" to 76

late preterm between 32 to 36 weeks. The causes that lead to preterm birth are diverse and 77

may be due to maternal, fetal, or placental factors. The database used is based on a set of 78

brain images (ultrasounds) that show its evolution. These images contain the evolution 79

of the grooves through two planes: coronal and sagittal [24]. The sulci of the brain are 80

developed in the last trimester of pregnancy and are important since they fulfill a function 81

of increasing the surface. Depending on the development, the gestation date can be dated 82

using magnetic resonance techniques (Figure 1). 83

In this work, the hospital’s medical staff is in charge of checking and correcting the 84

results obtained from the segmentation to guarantee its accuracy. To achieve this objective, 85

we will work with sequential brain images provided by two neonatologists from Hospital 86

Sant Joan de Déu of premature babies of different gestational ages and in different coronal 87

and sagittal planes. The objectives for the complete application would be the following: 88

• Develop a semi-automatic GUI platform that enables the segmentation of cerebral 89

grooves in ultrasound images. 90

• Implement various segmentation techniques and pre-processing tools to improve the 91

accuracy of the segmentation results. 92

• Provide a user-friendly design for running, visualizing, and analyzing of the seg- 93

mented images. 94

• Enable the storage and management of a validated atlas of cases by medical experts to 95

monitor the evolution of cerebral grooves in premature babies as the weeks progress. 96

• Ensure that the platform is easy to use and accessible to medical professionals, even 97

those without extensive image processing expertise. 98

By achieving these objectives, the work will provide a valuable tool for clinicians to 99

monitor the brain development of premature babies and identify any potential issues early 100

on. 101

This paper is structured into distinct sections. One section focuses on the dataset, 102

providing an overview of the implementation and features of the proposed semi-automatic 103

GUI platform (Section 2). The methodology, implementation details, and results obtained 104

are presented, highlighting the different segmentation algorithms utilized and their re- 105

spective characteristics. Another section includes a specific experimental case study that 106

serves to showcase the benefits of the proposed approach (Section 3). Lastly, the results are 107

discussed from a clinical perspective (Section 4), leading to the presentation of conclusions 108

and outlining potential avenues for further works (Section 5). 109

2. Materials and Methods 110

Materials and methods used for the development of the application will be explained in 111

this section. In the initial part of this study, we provide a detailed description of the database 112

comprising ultrasound images of a group of premature infants (Section 2.1). Secondly, 113

the design of the GUI platform and the software requirements applied to develop the 114

application, and are detailed in Section 2.2. Finally, the methods to obtain the segmentation 115

of the main furrows are explained and some examples of each one of them are shown in 116

Section 2.3 and digital repository and distribution (Section 2.4). 117
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2.1. Database and experimental data 118

The neonatology department at Hospital Sant Joan de Déu has contributed a com- 119

prehensive brain ultrasound database. The database is organized into multiple sections, 120

covering several weeks of examination. Two imaging planes, namely coronal (c1, c2, c3, 121

c4, c5, and c6) and sagittal (s1, s2l, s2r, s3l, s3r, s4l, and s4r), were analyzed and included 122

in the database (Figure 2). The timing in each case could vary depending on the clinical 123

status of the infant. The final repository of images provided for the tool had more than 124

140 subjects of which 77 have been used for this study. Infants were excluded if they 125

presented brain pathology at birth, intrauterine growth restriction, there were born from 126

a multiple pregnancy or they presented genetic anomalies or major malformations. The 127

original images provided by the clinicians are RGB images in BMP format measuring 800 128

pixels high and 1068 pixels wide. These images were pre-processed before being used in 129

the application and converted into RGB images in JPG format measuring 550 pixels high 130

and 868 pixels wide. 131

Figure 2. Plans used in the study of a premature baby. For the coronal plane and following the
alphabetical order from a to f, we have the planes of c1, c2, c3, c4, c5 and c6; and following the same
order but starting with g and ending with m, the sagittal planes s1, s2l, s2r, s3l, s3r, s4l and s4r.

2.2. Graphical User Interface and software requirements 132

This section will explain three different aspects of programming in the project: the 133

coding programs used, the programming languages utilized, and the libraries employed. 134

The libraries will provide pre-existing, complex functions for the programmer to use in the 135

defined code. 136

2.2.1. GUI interface design and functionalities 137

To simplify the execution and interaction with the code without the need for direct 138

programming, an interface was necessary for the algorithm. The Dash library was used to 139

accomplish this, as it allows for the creation of interactive platforms that can be accessed 140

through a browser without requiring knowledge of HTML, CSS, or Javascript. Dash 141

offers several advantages, including the ability to work with complementary libraries such 142

as dash-html-components for designing structures, and dash-core-components for basic 143

components like buttons, plots, and drag and drop functionality. Both libraries can be 144

used with Python, allowing for the creation of a platform with its corresponding functions 145

entirely using this programming language. 146

Dash can be divided into two distinct parts: one is focused on defining the aesthetic 147

design of the application, while the other is more concerned with the functional aspects that 148
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rely on user interaction. The GUI platform depicted in Figure 3 offers a range of powerful 149

functionalities for image processing and segmentation functions. The main features of this 150

platform include: 151

Figure 3. Semi-automatic GUI platform design.

• The buttons that allow the selection of the image from which the manual segmentation 152

is going to be performed. These buttons are adaptive and show the infant identification, 153

weeks and plane. 154

• Located in the top-right corner of the platform are two buttons. The leftmost button 155

displays the type of segmentation applied, which could be either Threshold, Sigmoid 156

+ Threshold or Snake. Clicking the blue button initiates the execution of the selected 157

segmentation algorithm. 158

• The Select Box or Drag and Drop feature enables the import of an exported Excel file 159

and displays it through the upper cards. This allows viewing both the segmentation 160

obtained by certain methods and the corresponding coordinates in the annotation 161

table. 162

• The top section of the interface contains two cards that handle the segmentation 163

process. The card on the left displays the image selected via the top buttons and 164

enables the user to define the groove area to be segmented. On the other hand, the 165

right card exhibits the coordinates of each manual segmentation executed for each 166

pathway in a table. A button at the bottom enables the selection of the path to be 167

segmented, while the top button exports the table to an excel file. 168

• The lower section of the platform consists of two cards. The first card displays the 169

segmented grooves obtained by the selected method, while the second card displays 170

the numerical coordinates of the defined segmentation. The second card also features 171

an export button that enables users to save the data in an Excel file. 172

Figure 4 illustrates the block diagram showing the functionalities and interactions of 173

the proposed application, and providing an overview of how different components work 174

together. 175
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Figure 4. Block diagram of the functionalities and interactions of the proposed application.

2.2.2. Software requirements 176

This platform is utilized for programming algorithms and functions by writing lines 177

of code. They not only facilitate code execution but also enable result visualization.For 178

this project, two distinct development tools were used (Google Colab and Jupyter). Each 179

program has its own advantages, although both are used for the same programming 180

language. 181

• Google Colab was utilized to test and evaluate the various methods applied to the 182

images, as their size varied depending on the operations performed, making them too 183

large to be processed locally. 184

• Jupyter was employed to develop and evaluate the platform specifically designed 185

for medical practitioners, after finalizing its functionalities and design. This allowed 186

for the local machine-based verification of both the platform and the algorithm’s 187

performance. 188

Python has been the programming language of choice for the project, used for implementing 189

various techniques, functions, neural networks, and developing the platform. Python is 190

a multiparadigm programming language that supports object-oriented and imperative 191

programming, as well as functional programming to some extent. In order to use Python for 192

creating interfaces and obtaining the desired results from various methods, it is necessary 193

to install and import relevant libraries depicted in Table 1. 194
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Table 1. List of Python libraries used to develop the GUI platform.

Library Definition and functions

matplotlib
Mathematical extension library used to

generate graphs from data stored in lists or
arrays.

scikit-image
Library that comprises a collection of

algorithms designed for image processing
tasks.

OpenCV Library for computer vision and machine
learning.

NumPy

Library designed to facilitate the creation of
large multidimensional arrays and vectors. It

offers a wide range of high-level mathematical
functions that enable efficient operations on

these arrays and vectors.

PIL

Library that supports various image file
formats for opening, editing, and saving

images. pandas is a Python library that extends
NumPy and provides data manipulation and
analysis capabilities, specifically for working
with numerical tables and time series data.

keras

Library for Neural Networks that is
open-source and specifically designed to
enable quick experimentation with Deep

Learning networks.

Scikit-learn

Machine learning library that provides
algorithms for classification, regression, and

group analysis. It includes support for popular
algorithms such as support vector machines,
random forests, gradient boosting, K-means,

and DBSCAN.

scipy

Library offers modules for optimization, linear
algebra, integration, interpolation, special

functions, FFT, signal and image processing,
solving ODEs, and other scientific and

engineering tasks.

Dash

Framework that enables the creation of web
analytic platforms in Python, allowing

non-programmers to perform predefined tasks
through interactive buttons or sliders.1

To conclude this section, specialists will utilize the Docker platform to run the web an- 195

alytic platform. Docker enables developers to swiftly create, run, and scale their platforms 196

by generating containers. These containers serve as standard units that bundle the code and 197

dependencies required for the platform to function reliably in different computing environ- 198

ments. Each container requires an image, which is a self-contained, lightweight, executable 199

software package containing all the necessary components such as code, runtime, system 200

tools, libraries, and configurations. Containers are isolated from the host environment, 201

ensuring consistent performance regardless of variations between development and staging 202

environments. Essentially, containers provide virtualization of the operating system or 203

environment rather than the hardware, resulting in portable and efficient platforms when 204

moved across devices. 205

2.3. Methodology structure and implementation 206

In grayscale images, the intensity increases as the pixel value approaches 255, which 207

represents white. This value is determined by the fact that each pixel is represented by an 208

8-bit binary value, which, when converted to decimal, can range only from 0 to 255. The 209

platform utilizes the Local Thresholding method to account for the noise and undefined 210
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areas commonly present in ultrasound images. This method involves selecting regions 211

(block_size) around each pixel in the input image to determine its value based on a defined 212

method and parameter (param). In the "Gaussian" method, a specific sigma value is utilized, 213

whereas in the "generic" method, a function object is employed to calculate the threshold 214

for the center pixel. This calculation is based on the flat matrix of the local neighborhood, 215

as specified in Equation 1. 216

threshold_local(image, block_size, method, param), (1)

Figure 5 displays various images where local thresholding was performed on different 217

regions. The images show how regions with greater intensity are distinct and separated 218

from other areas where there are no grooves or bones. 219

Figure 5. Local Filter has been applied to an ultrasound image (Original) with different surface sizes
for analysis. As shown in the figure, the resulting images obtained using Mean 3x3, 9x9, 27x27, 55x55,
and 81x81 pixels are presented from left to right as an example.

In all the utilized methods, a cropping operation is performed on the designated groove 220

area, followed by a pre-processing step for the segmented region. This pre-processing 221

involves scaling and adjusting the maximum and minimum pixel values of the obtained 222

images. The largest pixel value is normalized to 1, while the smallest pixel value is 223

normalized to 0. For the remaining pixels, a scaling function is applied, where each pixel in 224

the image is subtracted by the minimum value and divided by the difference between the 225

maximum and minimum values within the clipped image represented in Equation 2. 226

image = (imgcrop − np.min(imgcrop))/(np.max(imgcrop)− np.min(imgcrop)), (2)

The purpose of doing this is to distinguish between the structures and the background, 227

as well as the noise present in the image, which are generally darker than the grooves that 228

have values close to 1. An example of the results is depicted in Figure 6. 229
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Figure 6. Preprocessing of an image with the objective of scaling the values between the maximum
and minimum values of the image.

There exist multiple methods to enhance the contrast between the background and 230

elements in ultrasound images. One of such methods is Sigmoid correction, also referred to 231

as Contrast Adjustment (Equation 3). 232

skimage.exposure.adjust_sigmoid(image, cuto f f = 0.5, gain = 10, inv = False), (3)

Equation 4 illustrates the Sigmoid Correction, which performs a pixelwise transforma- 233

tion on the input image, scaling each pixel to the range of 0 to 1. 234

O = 1/(1 + exp ∗ (gain ∗ (cuto f f − I))), (4)

The cuto f f parameter determines the cut-off point of the Sigmoid function, shifting the 235

characteristic curve horizontally. The gain parameter represents the constant multiplying 236

factor in the power of the function. Additionally, the inv parameter controls the behavior 237

of the correction: when set to False, it returns the Sigmoid correction, and when set to True, 238

it returns the negative Sigmoid correction. 239

The overall contrast of an image, particularly in the case of ultrasound images, can be 240

improved by applying various treatments that enhance the contrast between the elements 241

and the image background. One such method is the Sigmoid correction, which is also 242

referred to as Contrast Adjustment. 243

Adjusting the cutoff contrast factor and the gain value can control the overall contrast 244

enhancement by regulating the amount of brightening and darkening. While the default 245

values for cutoff and gain are 0.5 and 10, respectively, they may not always be optimal 246

for the images under consideration. Therefore, several modifications need to be made to 247

determine the best cutoff and gain values that maintain the structure of the grooves while 248

eliminating noise in the surrounding areas. It has been observed that a cutoff value of 0.4 249

combined with a gain value between 10 iterations to eliminate some of the noise around 250

the groove without modifying its structure. Figure 7 illustrates an example comparing the 251

original image with the result obtained after applying the sigmoid function. 252
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Figure 7. Comparison between the original image and the one obtained after applying the sigmoid
function with a cutoff value of 0.5 and a gain value of 10.

In image processing, erosion reduces bright regions and enlarges dark regions by 253

setting the pixel value at (i, j) to the minimum over all pixels in the neighborhood centered 254

at (i, j). Conversely, dilation enlarges bright regions and reduces dark regions by setting 255

the pixel value at (i, j) to the maximum over all pixels in the neighborhood centered at 256

(i, j). In the platform, both operations are used in a function called "closing" represented 257

by Equation 5. This function performs greyscale morphological closure of an image by 258

applying dilation followed by erosion. It effectively removes small dark spots and connects 259

small bright cracks. This operation is useful for closing dark spaces between bright features 260

in the image. The function takes the image and the trace (expressed as a matrix of ones and 261

zeros) as parameters. 262

closing(image, f ootprint = None, out = None), (5)

Figure 8 illustrates an example of the application, demonstrating how a group of 263

initially connected structures is merged together to achieve a segmentation result that 264

closely resembles the intended structure. 265

Figure 8. Example of an original image and the resulting image after applying a threshold and closure
function for comparison.

After binarizing and applying the closing function to the ultrasound image, the 266

identification and characteristics of each structure are obtained using two functions from 267

the Python library skimage.measures: label and regionsprops. The label function takes 268

the image to be labeled (labelimage) as input and optionally accepts a parameter called 269

returnnum. When returnnum is set to True, the function returns the number of regions 270

found as an integer. The output of this function is an image and an optional integer value. 271

label_image, nregions = label(image, return_num = True), (6)

The labeling function (Equation 6) is employed for structure recognition and labeling, 272

but it does not provide detailed information about individual regions, such as their area, 273

centroid, etc. For that purpose, the regionprops function is an algorithm that returns a list 274

with the same number of elements as the number of structures detected in the label_image 275

(Equation 7). Each element in the list contains a dictionary with various characteristics of 276
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the corresponding structure, such as area, coordinates, centroid, etc. Then, a histogram is 277

used to determine the number of structure based on their area (Figure 9). 278

props = regionprops(labelimage), (7)

Figure 9. A histogram is used to determine the number of structures based on their area. Structures
with an area below the reference value (indicated by the red line) are eliminated. This process
generates a new image (third column) containing only the structures that meet the specified condition.

Moreover, a method for defining the image furrows is to use the morphsnakes library 279

based on a Morphological Active Contours without Edges (MorphACWE) method [25]. 280

This technique is particularly useful for segmenting objects in images and volumes with 281

indistinct edges called. It can handle scenarios where the interior of the object is either 282

brighter or darker than the surrounding background. Additionally, it is robust against 283

noise and can operate on images without the need for pre-processing to enhance object 284

contours. Upon execution, the function generates a mask of equal dimensions as the input 285

image, which can then be used for segmentation. However, it has been observed that this 286

function may produce errors, as sometimes the path is designated with a value of 0 instead 287

of 1, which can hinder segmentation. Figure 10 illustrates an example that demonstrates 288

how to address the issue of errors caused by assigning a value of 0 instead of 1 to the path 289

in the segmentation process. By checking if the percentage of values equal to 1 in the masks 290

is greater than 50%, and inverting them if True, this approach helps overcome the problem. 291

Figure 10. Mask obtained from the morphological_chan_vese function of a groove to be segmented
and its corresponding inversion because the number of pixels with value 1 was greater than 50%.

The segmentation process categorizes an image into segments or extracts contours 292

to detect edges. These segments represent regions with similar color intensity or other 293

characteristics, while neighboring regions have distinct features. In many cases, visualizing 294

the entire region is unnecessary, and highlighting the contour in a specific color (e.g., red) 295

suffices for structure identification in the original image. The skimage.segmentation library 296

offers the slic function, which employs k-means clustering for image segmentation. This 297

function requires input parameters such as the image to be segmented, the initial number 298

of labels, an optional mask to limit superpixel calculation to specific areas, and the start 299

label. Equation 8 represents the function: 300

mslic = segmentation.slic(img, nsegments = 2, mask = mask, startlabel = 1), (8)
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Figure 12 demonstrates the process and outcomes of the slic function. It includes the 301

original image, the corresponding mask, the number of segments (e.g., 10) used, and the 302

resulting image segmentation. The image and mask are adjusted to align with the structure, 303

allowing the grid (indicated by the yellow line in the third image) to adapt and conform to 304

the structure’s contours. The segmentation of the structure is represented by the red line in 305

the fourth image. 306

Figure 11. Example of the original image, the corresponding mask, the number of segments (e.g., 10)
used, and the resulting image segmentation.

2.4. Digital repository and distribution 307

This platform is available in a GitHub repository and distributed with a free open 308

source license on request for prior access. The primary objective of this project is to offer a 309

user-friendly tool that facilitates image processing tasks for the community. The intention 310

is to provide this tool to the scientific community, allowing for enhancements and the 311

integration of new features and capabilities. To fulfill this purpose, the tool is made 312

available as open-source, enabling users to freely redistribute and utilize it in both source 313

and binary forms, with or without modifications. However, users are required to comply 314

with the following conditions: 315

1. If this code is used for any purpose, it is mandatory to include the original copyright 316

notice. 317

2. If the code is redistributed in binary form, it must reproduce the aforementioned copy- 318

right notice, the list of conditions, and the following disclaimer in the accompanying 319

documentation and/or other materials. 320

3. The names of the copyright holder and its contributors cannot be used to endorse or 321

promote products derived from this software without explicit prior written permis- 322

sion. 323

3. Experimental case of use and results 324

The following sections will explain the structure and design of the platform that has 325

been created using the dash library. The user will be guided on how to interact with the 326

platform to ensure the appropriate utilization of functions at the desired moment. This 327

enables users to obtain a customizable final result according to their specific requirements. 328

Firstly, the visualisation of the platform has been designed to be user-friendly and 329

simple, ensuring easy access to the desired information. Figure 12 illustrates the layout 330

of the application, which consists of three rows and two columns. The first row includes 331

drop-down buttons on the right side to select the baby, week and cut-off from the database. 332

On the left side of this row there are two additional buttons. Clicking on the blue button 333

executes the algorithm chosen in the drop-down button below, which is applied to the 334

image selected by the user. Below these two buttons, there is an additional button for 335

importing documents containing slot segmentations. 336

The second and third rows follow a similar structure, featuring a card in the first 337

column that displays a plotted figure, and a second card in the second column with a 338

header and body where the coordinate table is located. The distinction between these 339
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two rows is that the second row includes a footer in the second column, which contains a 340

dropdown menu for selecting the groove type in the original image. 341

Figure 12. Result of the manual segmentation of each groove defined in the upper cards and carried
out by the platform algorithms, in this case Threshold.

To summarize, the platform is divided into two main parts. The first part involves 342

selecting the image to be segmented and defining the groove areas, while the second part 343

displays the results of the algorithms once the necessary information is entered. User 344

participation is required for semi-automatic learning in the first part, while the second part 345

allows users to modify the resulting segmentation. To apply the function, users need to 346

click on the "Run Segmentation" button, which has five points defined below: 347

1. The first step is to select one of the three methods that can be chosen. Each technique 348

performs different steps in processing the image and obtaining the sulcus mask: 349

• Threshold: The initial step involves cropping the image using a rectangular 350

region. This process entails determining the maximum and minimum values 351

along both axes to establish the appropriate scaling for the cropping operation. 352

Subsequently, the next step involves applying the local thresholding technique 353

to reduce noise and extract the segmented groove from the image. 354

• Sigmoid + Threshold: The process applied when selecting this option is similar 355

to the previous one, but before cutting out the groove area, the image is treated 356

with the sigmoid correction function. 357

• Snake: In this option, the image where the furrow has been manually identified is 358

cropped and the Morphological Active Contours without Edges (MorphACWE) 359

method is applied. The mask obtained is analyzed and it is seen if the sum of the 360

pixels that contain the value 1, which corresponds to the groove, is less than 50% 361

of the pixels that the image contains. Otherwise, the mask is inverted and the 362

pixels that contain the value 1 pass to the value 0 and vice versa. 363

2. In the second step, the structures are identified and their centroids and areas are 364

determined. Only the structures whose centroids fall within the manual segmentation 365

are retained, while the rest are eliminated. Subsequently, the structure with the largest 366

surface area is identified and all other structures are removed, resulting in an image 367

with a black background and a single remaining structure. 368

3. After obtaining the image from the previous step, the next step is to multiply it with a 369

black and white image that defines the structure based on the manual segmentation. 370
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The purpose of this image multiplication is to remove the parts of the structure that 371

are outside the manually segmented area. 372

4. Finally, the coordinates of the segmented region are adjusted to align with the original 373

image. This is achieved by transposing the coordinates of the cropped region using 374

the maximum and minimum values of the x and y axes obtained during the initial 375

cropping step. 376

The steps to be followed in the platform and the various implemented methods are 377

depicted in the diagram shown in Figure 13. This diagram enables users to view the actions 378

to be taken in each method and display the results on the screen. Upon clicking the execute 379

algorithm button, two identical images of the selected baby, week, and cut are displayed. 380

The lower image showcases the segmentation obtained through the chosen algorithm. 381

The manual segmentation is modified to better fit the shape of the chosen groove. The 382

corresponding annotation table, containing the vertex coordinates for the horizontal and 383

vertical axes defining each groove, is saved in the left card alongside its respective image. 384

Figure 13. Diagram illustrating the semi-automatic groove detection process within the GUI platform.

However, sometimes the segmentation algorithm fails due to factors such as incorrect 385

separation of the groove. To rectify this, users can modify the segmented image by adjusting 386

the vertices. An example is shown in Figure 14, where the segmentation result is incorrect 387

and requires vertex adjustments. The image shows that some vertices have been moved to 388

new positions to correctly define the groove. The modifications made to the vectors in the 389

image are reflected in the corresponding table, where the displayed values of the selected 390

coordinates are updated accordingly. Additionally, the data specified in the tables can be 391

exported to a spreadsheet file by utilizing the "Export" button positioned at the upper part 392

of both tables. 393
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Figure 14. An example illustrating the behavior of the segment vertices defined by the algorithm and
the corresponding changes in the coordinates of the corresponding slot in the table.

Despite this, the semi-automatic process generally achieves good accuracy and preci- 394

sion. Moreover, the defined algorithm meets its objective of allowing for modifications to be 395

made to the segmentation results without having to rerun the algorithm. Figure 15 provides 396

an example of the segmentation on the Sylvian furrow at different stages of gestation using 397

the manual slicer, Threshold, Sigmoid + Threshold, and Snakes algorithms in the columns 398

from left to right. Each row represents the week of gestation when the ultrasound was taken 399

(from top to bottom: 24, 26, 28, 29, 31, and 32). The results demonstrate that the algorithms 400

are effective when the groove is moderately defined and noise is not a significant factor. 401

However, in areas with high noise levels, the algorithms may struggle to accurately define 402

the groove, resulting in an irregular contour that may not represent the original structure 403

correctly. 404
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Figure 15. Segmentation examples for the sylvian sulcus (Manual segmentation), carried out between
weeks 24 and 32 of gestation of a mime baby applying the different segmentation methods (Threshold,
Sigmoid + Threshold and Snakes)

4. A comprehensive discussion of the segmentation results 405

This section will provide an in-depth analysis of the results obtained from a series 406

of segmentation experiments carried out using the three methods implemented in the 407

platform. The grooves will be segmented in the Coronal C4 cut from images of different 408

babies and weeks. 409

Three different cases will be analyzed. Firstly, the behavior of the algorithms will be 410

observed in different grooves shown in the image. Secondly, an analysis will be carried 411

out on the Sylvian groove to observe how it behaves according to the noise that appears in 412

the image. Lastly, each method’s behavior will be analyzed according to how the manual 413

segmentation has been done. 414

The first case analyzed used an image of a premature infant at week 29 of gestation, in 415

which several furrows have been segmented, as shown in Figure 16. Each color represents 416

a particular groove in which manual segmentation has been applied in the first image or 417

one of the methods applied in the following images, in the order of Threshold, Sigmoid + 418

Threshold, and Snakes. 419

Figure 16 shows that when applying the Threshold method (second and third images), 420

there is not much variation in obtaining the segmentation. However, applying the sigmoid 421

preprocessing was able to segment the pink-colored groove on the right side. In contrast, 422

the Snakes method (fourth image) was able to segment an orange-colored groove in the 423

lower right part that had not been segmented with the Threshold method. 424
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Figure 16. Examples of segmentation of different grooves in an ultrasound scan of a baby at week 29
of gestation and c4 coronal section

In this second scenario, we will analyze the segmentation results of the different 425

methods applied to the Sylvian furrow at four different weeks of gestation (week 25, 27, 426

28, and 30) in various infants. Our aim here is to investigate how the noise present in 427

ultrasound images affects the performance of the segmentation algorithms across different 428

cases. 429

In the first row of Figure 17, it was observed that the Sigmoid + Threshold method 430

failed to segment the groove, while the Threshold and Snakes methods were successful, 431

but only if the groove was well defined. In the subsequent rows, which corresponded to 432

weeks 27, 28, and 30 of gestation, a clear difference was observed between the methods that 433

utilized the Threshold (Threshold and Sigmoid + Threshold). The Sigmoid + Threshold 434

method was found to be more sensitive and faithful in segmenting the furrow, but lost 435

precision when defining its shape. On the other hand, the Threshold method lost precision 436

during segmentation but improved the definition of the furrow’s shape. 437

Another notable observation from the figure is the difference in the way the methods 438

perform segmentation. Specifically, the Snake method produces smoother segmentation 439

results, which appear to be more regular and follow the shape of the groove more accurately. 440

In contrast, when the Threshold method is applied, the segmentation result is more irregular 441

and abrupt, with small peaks visible in the defined shape of the groove. 442

Finally, it is evident that in some instances where the groove is more affected by noise, 443

particularly during weeks 27 and 28, the Sigmoid preprocessing can lead to the loss of 444

information about the groove’s shape, resulting in a failure to segment part of it using this 445

method. 446

Figure 17. Segmentation of the sylvian sulcus applying the three defined segmentation methods
(Threshold, Sigmoid + Threshold and Sankes) for differents babies and weeks
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Considering the previous explanations and using the same manual segmentation 447

as a starting point, it is apparent that each of the three methods has its advantages and 448

drawbacks. However, it is also possible to lose precision when defining the shape of the 449

groove, whether in its actual shape or in the segmentation process. Moreover, it is important 450

to acknowledge that ultrasound noise can render some of these methods unsuitable as they 451

may compromise the precision of the segmentation of the groove. 452

To conclude this section and proceed to the conclusions, the third case is explained, 453

which demonstrates how each method performs segmentation depending on the precision 454

of the manual segmentation. Figure 18 illustrates how imprecise manual segmentation, 455

which defines the area of the image where the groove is located, renders the Threshold and 456

Sigmoid + Threshold methods ineffective. However, if the manual segmentation is more 457

precise and follows the shape of the groove, these methods provide satisfactory results. 458

The Snake method, on the other hand, is observed to be unaffected by the way in which 459

segmentation is performed, and it provides satisfactory results in both cases of precise and 460

imprecise manual segmentation. 461

Figure 18. Example of how the segmentation results vary with different methods depending on the
accuracy of the manual segmentation, with the first row showing more precise manual segmentation
and the second row showing less precise manual segmentation.

5. Conclusions 462

During the third trimester of pregnancy, from week 24 to 40, the human brain under- 463

goes significant morphological changes, including an increase in brain surface area as sulci 464

and gyri develop. However, in the case of preterm newborns, these changes occur outside 465

the uterus, which can negatively impact brain maturation when assessed at term equivalent 466

age. To overcome this challenge, this paper proposes the utilization of a normalized atlas 467

of brain maturation based on cerebral ultrasound. This atlas enables clinicians to evaluate 468

these developmental changes on a weekly basis, starting from birth until the baby reaches 469

term equivalent age. 470

The main goal of this study is to develop a user-friendly GUI application that simplifies 471

the segmentation process of major cerebral sulci in acquired images. The application serves 472

as a platform for visualizing and organizing a curated atlas of validated cases by medical 473

experts. It provides multiple segmentation methods, pre-processing tools, and an intuitive 474

interface for executing and visualizing experimental use cases. The paper also includes a 475

detailed analysis of the results, comparing them with existing methods and discussing the 476

clinical implications. Additionally, the work provides a foundation of segmented images 477

for AI learning and the development of an automatic segmentation tool. 478

Overall, this work provides a valuable tool for assessing brain maturation in preterm 479

newborns using cerebral ultrasound images. The GUI application and accompanying 480

results contribute to advance our understanding of brain development in this population 481

and may have important implications for clinical decision-making and patient care. 482
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