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Abstract17

Background: Volumetric three-dimensional (3D) magnetic resonance imaging18

(MRI) data are inherently complex, making feature extraction a significant chal-19

lenge. The large volume of information in 3D MRI requires advanced algorithms20

to efficiently extract relevant features, which is crucial for identifying abnormal21

brain activity such as epileptic seizures.22

Methods: We propose a novel 3D methodology named the Cubic Decimal23

Descriptor Pattern (C-DDP) for enhanced feature extraction from 3D MRI data.24

To evaluate its effectiveness, we conducted experiments using a publicly available25

3D MRI dataset comprising 85 individuals with focal cortical dysplasia type II26
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(FCD II) and 85 healthy controls. Both 3D Fluid Attenuated Inversion Recov-27

ery (FLAIR) and T1-weighted isotropic image sequences were processed, and28

features were analyzed using various machine learning classifiers.29

Results: C-DDP consistently demonstrated superior performance in extract-30

ing discriminative features across different classifiers. The method improved the31

detection of FCD II and enabled more accurate identification of epileptogenic32

lesions compared to conventional feature extraction approaches.33

Conclusions: The proposed C-DDP approach represents a notable advancement34

in 3D MRI feature extraction, offering potential for enhanced diagnostic accuracy35

in patients with epileptogenic lesions. This methodology may contribute to more36

effective clinical decision-making and improved patient outcomes.37

Keywords: Cubic Decimal Descriptor Pattern, Seizure detection, 3D MRI images38

1 Background39

The use of three-dimensional (3D) images analysis in disease diagnosis constitutes40

a significant paradigm shift in medical assessment. It offers a multitude of opportu-41

nities to greatly improve the accuracy and depth of diagnosis. A key advantage is42

the enrichment of 3D imaging with spatial information, providing a more detailed43

and overall comprehension of the anatomical structures. This is invaluable in iden-44

tifying subtle abnormalities. This is particularly important in conditions where the45

spatial distribution of lesions or abnormalities is critical to accurate diagnosis [1–4].46

The enhanced visualization provided by 3D imaging enables a more intuitive under-47

standing of disease morphology and extent, helping healthcare professionals to make48

informed decisions. Furthermore, the quantitative analysis capabilities inherent in 3D49

imaging allow precise measurements of volumes, distances and shapes, helping to accu-50

rately stage disease and assess treatment response. The enhanced diagnostic accuracy51

offered by 3D analysis minimizes the risk of missed diagnoses, which is critical in con-52

ditions where early detection is of paramount importance. 3D imaging also supports53

personalized treatment planning, optimizing interventions based on specific disease54

characteristics. Beyond clinical applications, 3D imaging advances research initiatives55
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and serves as a valuable educational tool, ushering in a new era of nuanced medicine.56

This paper focuses on the detection of focal cortical dysplasia type II (FCD II), a par-57

ticularly epileptogenic lesion often associated with pharmacoresistant epilepsy [5, 6].58

Despite their clinical relevance, the subtle appearance of FCD II lesions makes their59

identification by 3D MRI a formidable challenge [2, 3]. The inherent complexity of60

these lesions, coupled with their subtle manifestations, makes them susceptible to eva-61

sion by conventional visual analysis. The detection of their elusive nature requires62

a more sophisticated approach, especially in the 3D domain of MRI data, where63

traditional diagnostic methods may be insufficient. The difficulty lies in extracting64

meaningful features that go beyond the capabilities of conventional visual analysis,65

requiring innovative methods that can navigate the intricacies of volumetric imaging.66

Overcoming this challenge is crucial not only for the accurate identification of FCD67

II, but also to pave the way for more effective treatment strategies for patients strug-68

gling with pharmacoresistant epilepsy.69

In fact, extracting features from 3D MRIs is challenging because volumetric images70

are inherently complex and rich. In contrast to their 2D images, 3D MRI images71

encapsulate a large amount of information, which adds an additional layer of com-72

plexity to the extraction of relevant features [1, 2]. The difficulty stems from the need73

to understand spatial relationships across a number of spatial planes, as the data is74

distributed over three dimensional planes. Traditional approaches of feature extrac-75

tion, originally designed for 2D images, may not be sufficient to adequately capture76

the multifaceted characteristics of the 3D image dataset [3, 4]. In addition, the sheer77

volume of information stored in each 3D image requires more sophisticated algorithms78

that are able to navigate through the intricacies to extract the meaningful features. As79

a result, achieving meaningful feature extraction from 3D MRI images requires deal-80

ing with the spatial complexity inherent in voluminous data, and ultimately requires81
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innovative approaches and advanced computational methods to realize the full diag-82

nostic potential of 3D MRI. In a recent study aiming to improve visual detection,83

morphometric analysis of T1-weighted images was performed using the Morphometric84

Analysis Program (v2018; MAP18) [3]. The main focus of the study was on the detec-85

tion of FCD,a condition that is associated with abnormal development of the cerebral86

cortex. To do this, this study implemented a feed-forward artificial neural network87

(ANN). The ANN was trained and cross-validated using data from 113 patients with88

manually segmented FCDs and 362 healthy controls, acquired from 30 scanners. The89

ANN algorithm showed impressive specificity and sensitivity rates of 85,4% and 87.4%,90

respectively, throughout the cross-validation process. These results demonstrated the91

network’s ability to discriminate FCD patients from healthy controls. To further assess92

its performance, an independent set of 70 healthy controls and 60 FCD patients was93

used. The ANN presented robust specificity and sensitivity rates of 84.3% and 81.0%94

respectively.95

As regards the study conducted in [2], an experimental voxel-based image post-96

processing procedure was developed to improve the visibility of blurred grey-white97

matter transitions in order to refine the identification and presentation of FCD. The98

technique involves the use of established algorithms within statistical parametric mod-99

eling software (SPM99) for the standardization and segmentation of T1-weighted MRI100

volume data sets. A voxel analysis of grey and white matter is then carried out and101

compared to a normal database. This comparative analysis serves as the basis for gen-102

erating of a 3D feature map, highlighting brain regions with blurred grey-white matter103

transitions. MRI data from 25 epileptic patients with histologically proven FCD were104

used to evaluate the effectiveness of this approach. The results demonstrated that in105

18 of the 25 patients, the newly derived feature maps clearly highlighted dysplastic106

lesions that were associated with a blurring of the grey-white matter junction. When107

combined with a previously published voxel-based 3D MRI analysis technique, this108
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approach was used to identify 21 out of 25 FCD lesions that were associated with109

either blurring or abnormal extension of the grey matter beyond the typical cortical110

ribbon. Notably, four cases had lesions either undetected or partially detected by con-111

ventional MRI.112

In [8] the author pointed out that in cases of drug-resistant neocortical focal epilepsy113

where conventional magnetic resonance imaging fails to reveal abnormalities, approx-114

imately one third of candidates for epilepsy surgery face a discouraging prognosis.115

Forty-six patients were included to assess the efficacy of quantitative MRI measures in116

this specific patient cohort. The approach involved individualized post-processing of117

five quantitative measures: cortical thickness, white and grey matter junction signal,118

relaxation rate, magnetization transfer ratio and mean diffusivity. Scalp video elec-119

troencephalography guided the detection of the epileptogenic zone, and a volumetric120

Fluid Attenuated Inversion Recovery (FLAIR) sequence was used for visual inspection.121

Thorough follow-up was performed throughout the study. Results showed that within122

the subgroup classified as having an epileptogenic zone, individualized post-processing123

detected abnormalities within the region of electro-clinical origin in 9.7% to 31.0% of124

patients. Notably, abnormalities outside the epileptogenic zone were more common,125

observed in up to 51.7% of cases. In five patients with initially negative imaging,126

post-processing led to a new visual MRI inspection, which identified an epilepto-127

genic structural abnormality. In addition, epileptogenic lesions were detected in three128

patients after visual assessment with a volumetric fluid attenuated sequence guided129

by video electroencephalography. Although caution is advised due to the apparent130

low specificity of quantitative MRI findings for the epileptogenic zone, these analyses131

may reveal hidden structural lesions and prevent visible lesions from being missed,132

even in referral centers. Furthermore, the positive contribution of the volumetric fluid-133

attenuated sequence in improving the overall diagnostic approach in patients with134

drug-resistant neocortical focal epilepsy and negative conventional imaging should be135
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emphasized.136

In [9], the authors proposed a multi-scale 3D Convolutional Neural Network (CNN)137

using a Deep Neural Network (DNN) model designed to detect non-patient-specific138

seizures. To start with, the EEG signals get transformed into the Time-frequency139

domain using the Short Time Fourier Transform (STFT) to extract spectral features.140

To preserve the spatial information of the electrodes, these spectral features are then141

mapped onto 2D images. The proposed approach is a fusion of a bidirectional Gated142

Recurrent Unit (GRU) and a 3D CNN, which allows extracting spatial and tempo-143

ral features from the 2D mapped images. CHB-MIT and Seoul National University144

Hospital (SNUH) scalp EEG databases were employed to evaluate this model. Using145

the CHB-MIT and SNUH databases, the results showed a sensitivity of 89.4% and146

97% with false positive rates of 0.5/hour and 0.6/hour, respectively. This represents147

a promising advance in the automation of seizure detection, offering high sensitivity148

with a low false positive rate.149

In [10], the aim of this study is to establish a broadly applicable method for patient-150

specific seizure prediction. It is based on the assessment of spatio-temporal correlation151

in features derived from multi-channel EEG signals. Frequency and time domain fea-152

tures of EEG signals are extracted using spectral band power, statistical moments153

and Hjorth parameters. These features are fed into a CNN, which is represented as a154

sequence of multi-color images that are aligned with the channel topology of the EEG.155

In order to jointly evaluate temporal and spatial correlations in the training data, a156

novel multi-frame 3D CNN model is proposed. The results demonstrated the effective-157

ness of the proposed 3D CNN model, which achieved a sensitivity of 85.7%, a false158

alarm rate of 0.096/h, and a time-in-warning proportion of 10.5% when tested on 16159

patients from the CHB-MIT scalp EEG dataset. Significantly, at a 0.05 significance160

level, the method was statistically superior to a Poisson-based random predictor in161
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93.7% of patients. The importance of epileptic stage length as a critical factor influenc-162

ing seizure prediction performance has been highlighted in experiments with different163

time constraints. The study [11] proposed an innovative CNN designed to accurately164

predict epileptic seizures, enabling patients to proactively take preventive measures165

and reduce the risk of potential injury. The model strategically analyses the tempo-166

ral, frequency and channel information embedded in electroencephalography (EEG)167

signals. In particular, the proposed CNN uses 3D kernels to facilitate feature extrac-168

tion across the3D. To enhance the flexibility of the receptive fields, multi-scale dilated169

convolution is applied to optimize the model’s ability to capture critical information.170

The effectiveness of the proposed CNN model is rigorously evaluated using the CHB-171

MIT EEG database. The experimental results demonstrate the superior performance172

of the proposed model compared to the existing state-of-the-art approaches, achieving173

an accuracy of 80.5%, a sensitivity of 85.8%, and a specificity of 75.1%. These promis-174

ing results underscore the potential of the CNN model as an advanced tool for accurate175

seizure prediction. This paves the way for improved patient outcomes and safety.176

This study [12] attempted to provide a universally applicable approach to patient-177

specific seizure prediction by investigating the spatio-temporal correlation within178

features derived from multi-channel EEG signals. Using spectral band power, statis-179

tical moments and Hjorth parameters, the authors [12] combined the features of the180

EEG signals in the frequency and time domains. These features were then fed into a181

CNN, which is transformed into a sequence of multi-color images aligned with the EEG182

channel topology. The proposed multi-frame 3D CNN model, achieved remarkable183

results, with a sensitivity of 85.7%, a false alarm rate of 0.096/h, and a time-in-warning184

proportion of 10.5% in tests conducted on 16 patients from the CHB-MIT scalp EEG185

dataset. Significantly, statistical analysis demonstrates superiority of the method over186

Poisson random prediction in 93.7% of patients at 0.05 significance level.187

It’s important to mention that MRI includes several imaging modalities, each intended188
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to highlight specific tissue characteristics or pathological features within the human189

body. Two different types of sequence that are widely used in the clinical imaging set-190

ting are Fluid Attenuated Inversion Recovery (FLAIR and T1-weighted (T1) sequences191

[16, 17]. FLAIR sequences are specifically designed to eliminate the signal from the192

cerebrospinal fluid (CSF), thereby enhancing the visibility of lesions and abnormalities193

that are located close to spaces filled with CSF. As a result, FLAIR is highly useful194

in the assessment of conditions such as inflammation, multiple sclerosis and tumors.195

Conversely, T1-weighted sequences enhance tissue contrast based on inherent relax-196

ation times, providing detailed anatomical information. Often used to visualize normal197

anatomy, T1 sequences excel at showing structures with high fat density. The choice198

between FLAIR and T1 depends on the clinical aim, as FLAIR is preferred for detect-199

ing pathology, while T1 is useful for visualizing detailed anatomy. Both sequences help200

to provide a thorough understanding of the underlying tissues and potential abnor-201

malities and play an important role in a complete MRI examination.202

The study [16] involved 36 patients with a history of partial epilepsy and who under-203

went brain MRI scans using conventional T1- and T2-weighted pulse sequences, as well204

as the FLAIR sequence. Abnormalities were found in 20 cases, with a total of 25 lesions205

or groups of lesions being identified. The FLAIR sequence was shown to be more effec-206

tive in highlighting 24 of these lesions when compared to the conventional sequences.207

In eleven cases, lesions that were considered to be etiologically significant were only208

visible on the FLAIR sequence, and eight of these were solitary lesions. In addition,209

in three cases, significant lesions were identified using FLAIR alone, and these lesions210

were located in the hippocampus, the amygdala, the cerebral cortex, or in subcortical211

and periventricular regions. In sixteen patients (44%), lesions were not detected using212

any pulse sequence. The localization of the lesions correlated with electroclinical fea-213

tures in the eight cases where FLAIR showed only lesions. Pathological confirmation214

of imaging abnormalities was obtained in two patients with solitary lesions identified215
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by FLAIR alone. In one patient with a congenital cavernoma, a contrast-enhanced216

T1-weighted spin echo sequence was found to be most effective in visualizing the pri-217

mary lesion. The study concluded that, in this particular group, the FLAIR sequence218

increased the diagnostic yield of the MRI scan of the brain by 30%. The review con-219

ducted in [17] aimed to address the fundamental aspects of MRI that are relevant to220

healthcare professionals specializing in epilepsy. It included essential information on221

basic MRI principles, sequences, field strengths and safety measures, with an emphasis222

on when to perform and repeat an MRI. It also includes subjects such as the epilepsy223

MRI protocol, basic reader guidelines and common epileptic disease. More specialized224

topics such as MRI-negative epilepsy, functional MRI and diffusion-weighted imaging225

are also covered in the review. Although the availability of resources may vary from226

one center to another, it is hoped that this review serves as a valuable resource and227

provides general guidance on the routine use of MRI in the care.228

To summarize, in the current landscape of diagnosing and treating epilepsy, there is229

an urgent need to develop an innovative mechanism that utilizes a 3D approach, seam-230

lessly integrating machine learning with quantitative imaging features. This pressing231

need arises from the understanding that existing methods may not be able to fully232

capture the spatial intricacies and complexities inherent in the structure and func-233

tion of the brain, particularly in the context of identifying epileptogenic foci. Using234

a 3D approach, this innovative mechanism aims to overcome the limitations of con-235

ventional 2D analysis and provide a more comprehensive understanding of the spatial236

dynamics involved in epilepsy. The integration of advanced machine learning algo-237

rithms with quantitative 3D imaging features has the potential to revolutionize the238

accuracy and efficiency of the identification of potential epileptogenic foci. 3D imag-239

ing enables a more nuanced analysis of the structural and functional intricacies of the240

brain. It provides a holistic perspective that is essential for accurate diagnosis and241

targeted intervention.242
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The fusion of machine learning and quantitative 3D imaging features is emerging243

as a promising frontier in epilepsy management as technology continues to advance.244

This approach will not only improve the sensitivity and specificity of diagnostic meth-245

ods, but will also allow for a more personalized and tailored treatment strategy. By246

navigating through the intricate spatial patterns within the volumetric data of the247

brain, this 3D approach will enable clinicians to quickly and accurately pinpoint the248

regions that are contributing to epileptic activity. In the current context, we consider249

the development of a groundbreaking feature extraction architecture. This innovative250

approach is explicitly tailored for implementation with 3D images, inspired by the con-251

cept described in [1]. Therefore, in this study, we propose a novel approach that takes252

advantage of the recently developed 3D feature extraction approach and integrates253

advanced machine learning techniques. The current proposal represents a promising254

avenue for improving the accuracy and efficiency of FCD detection.255

2 METHODS AND MATERIALS256

2.1 Database257

To comprehensively evaluate our advanced strategy, we chose to test its performance258

on the Open Presurgery MRI Dataset for FCD and Control Individuals [18]. This259

dataset, strict selection criteria were applied, including individuals over the age of eigh-260

teen at the time of study. Demographically, the eighty-five participants with epilepsy261

were 41.2% female and 58.8% male, with a mean age of 10 years at the onset of the262

first epileptic seizure and a mean age of 28.9 years at the time of the MRI scan.263

The dataset provides comprehensive clinical information. This includes FCD classi-264

fication, site distribution, drug resistance, and surgical outcomes. The imaging data265

were obtained from the Life and Brain Center in Bonn, Germany. A 3-Tesla MRI266

scanner was used, with FLAIRand T1 sequences. Individuals with FCD underwent267
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high-resolution 3D T1-weighted MRI with a range of voxel sizes, while control sub-268

jects underwent the same imaging protocol using isotropic T1-weighted and FLAIR269

sequences. This dataset provides a robust basis for evaluating the performance of our270

advanced architecture in detecting FCD type II, characterized by its detailed clinical271

and imaging parameters.272

2.2 Decimal Descriptor Pattern (DDP)273

In the field of texture analysis, as highlighted in references [1], [4] [7] and [18], the274

Decimal Descriptor Pattern (DDP) has emerged as a robust tool for characterizing275

patterns in digital images. The aim of the DDP is to encode the correlation between276

a pixel and its neighboring pixels on the basis of their respective intensity values. The277

goal of this method is to represent the texture of an image by constructing a feature278

vector. In order to obtain an effective feature vector. The DDP systematically labels279

each pixel in an image by calculating the mean, maximum and the minimum values280

from the 3x3 surrounding pixels. These computed features, extracted from the entirety281

of the patterns in the image, are then concatenated into an initial vector Vi.282

After the first feature vector Vi is constructed, each value within the vector is trans-283

formed using the maximum, minimum, and average values of this vector Vi. This284

transformation allocates each value in vector Vi to a range 0, 1, 2, 3, 4, 5, 6, 7, 8,285

9, 10, resulting in final vector Vf being converted into its corresponding codes. For286

example, the minimum value of Vi is coded by zero, the maximum and the mean are287

respectively coded by ten and five. Fig. 1 explains the association of DDP codes.288

289

Fig. 1: The DDP codes
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This complex process of code generation is used to create decimal patterns that encap-290

sulate and represent the diverse textural information that is embedded in the digital291

images, demonstrating the effectiveness of DDP in the extraction of meaningful fea-292

tures for further analysis and interpretation.293

The significance of the DDP lies in its ability to capture the rich textural information294

within digital images. Here, the highest value within the constructed feature vector295

represents the most salient features, effectively identifying peaks within patterns. Con-296

versely, the lowest value indicates the finest features or details, marking troughs and297

representing the least prominent aspects of texture. In addition, the mean value acts298

as a measure of central tendency and provides an insight into the overall distribution299

of the concentration of the intensity values. Together, these features form a robust set300

that characterizes various persistent patterns present in the image, derived from the301

image’s maximum, minimum and average values.302

2.3 The Cubic Decimal Descriptor Pattern (C-DDP)303

In the following, we introduce a new approach to 3D image processing and feature304

extraction called Cubic Decimal Descriptor Pattern (C-DDP). We propose decompos-305

ing an image into a set of smaller, uniformly dimensioned cubes, it allows for local306

analysis of certain regions, while capturing intricate features and patterns within each307

cube (see Figure 2). A major advantage is the maintenance of spatial relationships,308

as the connections between neighboring pixels are preserved. This is extremely benefi-309

cial in applications such as computer vision, medical imaging and object recognition,310

where an understanding of the spatial distribution of features is critical. It refines fea-311

ture extraction by exploring data in detail within each cube, contributing to a richer312

understanding of the total image. The methodology also reduces the computational313

complexity by reducing the data into smaller, more easily manageable units, facilitat-314

ing parallel computing and efficient analysis, particularly in the context of massive315

datasets.316

12



317

Fig. 2: The Cubic Decimal Descriptor Pattern approach
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In a precise analysis scenario, let’s examine in detail a set of Nz cubes, each one318

defined by nx horizontal pixels and ny vertical pixels. Within this analytical frame-319

work, we refer to the x, y and z dimensions as LX, LY and LZ respectively, reflecting320

the spatial domains of the dataset analyzed.321

The focus of the analysis is the region of interest, denoted W, which consists of 27322

complexly arranged voxels (V1 to V27), each positioned within the x, y, and z dimen-323

sions represented by Lx, Ly, and Lz. It is crucial to note that the basic DDP definition324

initially identified three pixels (maximum, minimum, and mean) within each 3x3 pixel325

neighborhood. Evolving to our C-DDP construct, the analytical scope expands signif-326

icantly.327

Within each 3x3x3 voxel neighborhood, three pixels (max-c, min-c and mean-c values)328

are extracted, resulting in a total of 27 voxels. The max-c, min-c and mean-c values329

are meticulously computed as the maximum, minimum and average of the respec-330

tive voxel values within neighborhood. These computed voxel values are combined to331

form a comprehensive feature vector, named F-c, which encapsulates all the features332

extracted from the cube. This feature vector serves as a rich representation of the333

intricate patterns within the analyzed data and in the final stage of this analytical334

process, the associated maximum, minimum and mean values (maximF-c, minimF-c335

and meanF-c) with the feature vector F-c are rigorously computed. This calculation336

follows the established protocol of the 2D-DDP approach, where a decimal code is sys-337

tematically assigned to the resulting feature vector RF, as documented in references338

[1, 4] and illustrated in Fig 1. This method ensures that the inherent complexity of339

the multidimensional dataset is effectively captured, paving the way for robust and340

detailed analysis in image processing and feature extraction.341

The above steps are summarized in Algorithm 1.342

ALGORITHM 1 . The Cubic DDP approach343

beg in344
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I npu t : a 3D image345

Output : F ea tu r e s v e c t o r346

// Fea tu r e s e x t r a c t i o n347

f o r i := 1 to s i z e ( image ) do348

Ex t r a c t a cube C (3∗3∗3 ne ighborhood p o i n t s ) ;349

//From each cube c a l c u l a t e the t h r e e f e a t u r e s :350

Featu re1=Maximum of (C ) ;351

Featu re2= Minimum of (C ) ;352

Featu re3= mean o f (C ) ;353

I n s e r t Feature1 , Fea tu re2 and Fea tu re3 i n a v e c t o r F−c ;354

// Ca l c u l a t e the maximum , the minimum and the mean o f F−c355

f o r i := 1 to s i z e o f (F−c ) do356

Ca l c u l a t e max = maximum (F−c ) ;357

min = minimum (F−c ) ;358

mean = mean (F−c ) ;359

// As s i gn to each v a l u e o f the v e c t o r F−c a code360

f o r j := 1 to s i z e o f F−c do361

i f j = min (F−c ) then362

code = 0363

i f j i n ] minimF−c (meanF−c+minimF−c )/4 ] then364

code = 1 ;365

. . . .366

i f j = max(F−c ) then367

code = 10368

I n s e r t the code i n the f e a t u r e s v e c t o r RF369

2.4 The Cubic DDP parameters370

When adopting the Decimal Descriptor Pattern (DDP) approach, the flexibility of371

neighbourhood sizes allows a dynamic dimension to analysis. This approach facilitates372
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the use of neighbourhoods of varying dimensions, as distinguished from a rigid struc-373

ture where neighborhoods of fixed size are prescribed. By varying the distance and374

size parameters, the size of the feature vector and the resulting classification scores375

can be modified. A larger distance parameter can result in the consideration of spa-376

tially dispersed patterns, capturing a broader contextual understanding of the data.377

Conversely, a smaller distance parameter may focus on more closely spaced patterns,378

highlighting local subtleties.379

Similarly, adjusting the Size parameter influences the level of granularity analyzed.380

A larger size parameter encompasses a broader spatial range within each pattern,381

potentially capturing more comprehensive information within each neighborhood.382

Conversely, a smaller size parameter limits the focus to finer details within the pat-383

terns and refines the analysis to more local features.384

We propose varying the distance D-c between cubes as it is illustrated in Fig. 3. This385

ability to adjust the distance in the three axis underlines the versatility of the C-DDP386

approach.387

388

Fig. 3: Distance (D-c) between cubes in C-DDP approach.
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2.5 Considered classifiers389

2.5.1 Support Vector Machines (SVM)390

The Support Vector Machine (SVM) classifier, originally introduced in [13], is a promi-391

nent member of the kernel-based family of classifiers, well known for its ability to392

construct a hyperplane that optimally separates two classes of data while maximizing393

the distance between them. This hyperplane serves as the decision boundary, effec-394

tively discriminating between different classes within the dataset.395

The versatility of the SVM is underlined by its ability to perform both linear and non-396

linear classifications, depending on the choice of kernel type [1, 4, 6]. In cases where397

the data in consideration is separable in a linear fashion, a linear kernel is used. This398

kernel models the data space into a feature space and simplifies the classification task399

through the definition of a linear decision boundary. This allows for effective linear400

separation in the resulting transformed space, and the radial basis function (RBF)401

kernel transforms the data space into a high-dimensional feature space.402

This process underscores SVMs’ effectiveness in handling sophisticated and nonlinear403

data relationships. In particular, an RBF kernel allows SVMs to excel at tasks where404

the underlying patterns may not be linearly separable in the original space. The abil-405

ity of SVMs to adapt to different types of data, and their ability to accommodate406

different kernel functions, has contributed to their widespread popularity as a versa-407

tile machine learning architecture. This versatility positions SVMs as a cornerstone408

in the field of machine learning and pattern recognition, making them valuable tools409

applicable to a wide range of fields and applications.410

2.5.2 k-Nearest Neighbors (kNN)411

The k-Nearest Neighbours (KNN) algorithm stands out as a powerful and flexible412

non-parametric method that is suitable for both classification and regression tasks.413
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Its predictive power lies in its ability to exploit k-nearest neighbor information in fea-414

ture space, either by determining the majority class in classification or by averaging415

in regression tasks. The algorithm operates on the basic principle of finding the k-416

nearest neighbors of a given data point in the feature space and making predictions417

based on the majority class among these neighbors. During the learning phase, the418

algorithm memorizes the complete training data set, and when confronted with new419

data, it dynamically estimates the proximity using a specified distance metric. The420

choice of the number of neighbors (k) and the distance metric are critical parameters421

that influence the performance of the model. This flexibility makes KNN a valuable422

tool in diverse applications, where its adaptability contributes to its wide application.423

A noteworthy feature of KNN is its support for multiple distance measures, allowing424

researchers to adjust the algorithm to specific data conditions. This adaptability is425

useful when dealing with data sets with non-linear relationships. KNN can effectively426

capture and model these complex patterns. Although simple and interpretable, it427

requires attention to computational efficiency, especially when handling large datasets.428

KNN emerges as a robust and broadly applicable machine learning tool, offering429

solutions for a wide range of applications. The ability to handle both classifica-430

tion and regression tasks, adapt to different distance metrics, and capture nonlinear431

relationships make it a valuable asset in the machine learning toolbox.432

2.5.3 Linear Discriminant Analysis (LDA)433

Linear discriminant analysis (LDA) is a prominent classification and dimensionality434

reduction technique [14]. It is widely used in machine learning and statistics. As a435

supervised learning algorithm, LDA requires labeled training data in order to per-436

form prediction tasks and dimensionality reduction effectively. Essentially, LDA aims437

to derive a linear combination of features that effectively characterizes or separates438

two or more classes. The basic assumption that guides LDA is that the features fol-439

low a normal distribution and that the classes have identical covariance matrices.440

18



The methodology involves transforming the original features into a new set, called441

discriminant functions. This transformation is achieved by linear combination of the442

original features so as to maximize the separation between class means and minimize443

the spread within each class.444

The key steps in LDA include the calculation of the relevant eigenvalues and eigen-445

vectors, which are based on the covariance matrix associated with the data. The446

eigenvectors highlight the directions of maximum variance and thus represent the dis-447

criminative power of the features, while the eigenvalues indicate the magnitude of this448

variance. LDA is a useful tool for classification purposes beyond its use in linear trans-449

formations and dimensionality reduction. By making use of the resulting discriminant450

functions, LDA can be used to efficiently classify new samples into pre-defined classes.451

In addition, by decreasing the number of features while retaining the most discrimi-452

nating information available in the data, LDA offers an alternative use as a dimension453

reduction technique.454

2.5.4 The MultiLayer Perceptron (MLP)455

A Multilayer Perceptron (MLP) is a distinctive form of artificial neural network char-456

acterized by its multi-layer architecture, which contains multiple layers of nodes, or457

artificial neurons [15]. As a feed-forward neural network, MLP information travels uni-458

directionally. It flows from the input layer, through the intermediate hidden layers,459

and finally to the output layer. This unidirectional flow of information is a fundamen-460

tal feature of feed-forward networks.461

At its core, an MLP has three essential layers: the input layer, the hidden layer (which462

can vary in number), and the output layer. Nodes in each layer are intricately con-463

nected to nodes in subsequent layers, creating a complex network of interconnected464

neurons. The links between nodes, often called weights, are significant because they465

represent the strength of the links between neurons. The input layer allows data to466
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enter the network, with each node relating to a specific feature of the input data. Infor-467

mation is then propagated. The activation function introduces non-linearity, which468

enables the network to capture complex patterns and relations within the data. These469

weighted sums and activations are iteratively updated through the hidden layers to470

reach the final layer. The output layer provides the definitive result or prediction of471

the network.472

The power of an MLP lies in its ability to recognize intricate patterns and images from473

complex data sets through a process known as training. During training, the network474

adjusts its weights based on the error, or difference, between its predictions and actual475

results. This repetitive adjustment, made easier by algorithms such as backpropaga-476

tion, fine-tunes the network and enhances its ability to make accurate predictions on477

previously unseen data.478

2.5.5 Convolutional Neural Network (CNN)479

CNNs are sophisticated artificial neural architectures carefully designed for the com-480

plex task of processing visual information, such as images and video [7, 9–12]. In481

essence, the CNN is an orderly sequence of convolutional layers, pooling layers, acti-482

vation functions, fully connected layers, and additional elements to facilitate effective483

feature extraction and hierarchical representation learning. Convolution, equipped484

with filters or cores, selectively scans the input data to extract local patterns such as485

edges and textures. Following pooling layers help to downsample and discard redun-486

dant details, effectively capturing the most salient features. The activation functions,487

notably Rectified Linear Units (ReLU), introduce non-linearity, enabling the network488

to model complex relationships. The fully connected layers integrate these learned fea-489

tures to generate final predictions. Including flattening, dropout, batch normalization490

and other elements improves the network’s efficiency and ability to generalize.491

This sophisticated architecture, inspired by visual processing in the human brain,492
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makes CNNs ideal for Computer Vision tasks such as image classification, object detec-493

tion and segmentation, showcasing their ability to automate the task of extracting494

powerful features from complicated visual data.495

3 RESULTS AND DISCUSSION496

We conducted several experiments using two types of IRM: FLAIR and T1-weighted497

sequences (examples are illustrated in Fig 4, 5 and 6). As previously mentioned, FLAIR498

sequences are specifically designed to suppress the signal from the cerebrospinal fluid499

(CSF), thereby improving the visualization of lesions and irregularities that are located500

in close proximity to spaces filled with CSF. T1-weighted sequences, on the other501

hand, enhance tissue contrast by exploiting inherent relaxation times, thus revealing502

subtle anatomical details.503

The database contains imaging data from 85 individuals with FCD and 85 healthy504

controls. The individuals with epilepsy underwent high-resolution 3D T1-weighted505

MRI. The isotropic T1 sequences had varied voxel sizes. Specifically, 43 individuals506

with FCD (50.6%) had voxel sizes of 1 mm × 1 mm × 1 mm, while 42 individuals507

(49.4%) had voxel sizes of 0.8 mm × 0.8 mm × 0.8 mm. Of the individuals with508

FCD, 91.8% (78) received an isotropic FLAIR sequence, while 8.2% (7) received a 2D509

FLAIR sequence (flair-2D). The control group consisted of 85 individuals who received510

high-resolution isotropic T1-weighted and isotropic FLAIR sequences, as well as the511

same isotropic FLAIR sequence. T1-weighted isotropic images were acquired for both512

individuals with FCD and controls. The voxel size was 0.8 mm × 0.8 mm × 0.8 mm513

for 78 controls (91.8%) and 1 mm × 1 mm × 1 mm for seven control individuals514

(8.2%). Table 1 provides an overview of the MRI sequences performed in patients with515

epilepsy and healthy controls. Examples of images associated with both FCD and516

healthy individuals, along with their T1 and FLAIR images, are shown in Fig 4 and 5.517
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518

Fig. 4: Examples of flairs sequences presented in coronal, axial and sagittal planes: (a,
b, c) a diseased brain, (d, e, f) a healthy brain presented in three orthogonal planes.

519

Fig. 5: Examples of T1 presented in coronal, axial and sagittal planes: (a, b, c) a
diseased brain presented in three orthogonal planes, (d, e, f) a healthy brain presented
in three orthogonal planes.
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Table 1: Overview of MRI sequences in patients with epilepsy and in healthy control subjects

Images

T1 FLAIR

isotropic T1 sequences isotropic FLAIR sequences 2D FLAIR

t1-iso0.0 t1-iso1 flair-tr5 flair-tr7 flair-tr6 flair-2D

FCD 42 43 41 36 1 7
patients (49.4%) (50.6%) (48.2%) (42.4%) (1.2%) (8.2%)
Healthy 78 7 85 0 0 0
control (91.8%) (8.2%) (100%) (0%) (0%) (0%)

520

Fig. 6: Example of a lesion identification in coronal, axial and sagittal planes: (a, b,
c) Lesion extraction, (d, e, f) Lesion identification in T1 sequences and (d,e f) Lesion
identification in flair sequences.

As shown in Fig. 4 and 5, it is not possible to simply separate the two classes521

(healthy and seizure) through a visual comparison between the T1 and FLAIR vari-522

eties. The need for an objective classification tool to differentiate between the two523

classes prompted the search.524

The proposed classification method was evaluated on two distinct scenarios involving525
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datasets of T1 and FLAIR images, as detailed in Table 1. The binary classification526

aimed to distinguish between healthy and seizure classes. Various classifiers, encom-527

passing both machine and deep learning approaches, were employed to assess different528

cases, allowing for a comprehensive evaluation of the approach.529

The method starts by applying our proposed feature extraction step. For each classi-530

fication case, follow these steps:531

• First, apply the feature extraction approach to the 3D image datasets (T1 and532

FLAIR).533

• Then, divide the data into a training set and a testing set. The training data should534

make up 90% of the available data.535

• Subsequently, train the classifier using the computed features and the training data.536

For the nonlinear SVM, we tested different combinations of its parameters.537

• Finally, we applied the trained classifier to the test data using the computed features.538

The table 2 presents a comparative analysis of six classifiers — KNN, LDA, SVM (with539

Linear and RBF kernels), MLP, and CNN — applied to T1 and FLAIR brain MRI540

sequences. Their performance is assessed using three key metrics: Accuracy (ACC),541

Sensitivity (SEN), and Specificity (SPE), with the goal of evaluating each model’s542

ability to distinguish between normal and abnormal brain tissues. On the T1 modality,543

LDA achieves the highest accuracy (90.91%) but suffers from extremely low sensi-544

tivity (8.5%), indicating a poor ability to detect true positives. CNN attains perfect545

specificity (100%), meaning it avoids false positives, but its low sensitivity (68.75%)546

compromises its overall reliability. In contrast, SVM with RBF kernel and KNN offer547

balanced and robust results across all metrics, suggesting greater consistency and548

diagnostic value. MLP performs reasonably but falls short of SVM RBF and KNN in549

both sensitivity and specificity. For the FLAIR modality, SVM (RBF) again stands550

out, delivering the highest accuracy (90.91%), strong sensitivity (87.5%), and excellent551

specificity (94.12%), which indicates strong generalization and diagnostic reliability.552
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KNN and LDA also achieve perfect specificity (100%), but their sensitivity (75% and553

62.5%, respectively) suggests a tendency to miss actual positive cases. CNN main-554

tains its perfect specificity (100%) but has the lowest sensitivity (56.25%), reinforcing555

its overly cautious approach. MLP performs the weakest, with the lowest accuracy556

(79.7%) and specificity (70.58%). When comparing across modalities, SVM (RBF)557

emerges as the best overall performer, especially in the FLAIR sequence, thanks to558

its optimal trade-off between sensitivity and specificity. KNN remains a consistent559

and balanced alternative, particularly in the FLAIR modality. However, LDA’s per-560

formance is undermined by its extremely poor sensitivity in T1. CNN, despite its561

flawless specificity, underperforms in sensitivity, which is critical in medical imaging,562

where missing true cases can have serious consequences. MLP consistently lags across563

all metrics, suggesting limited effectiveness without further optimization. In conclu-564

sion, SVM with RBF kernel is the most effective classifier overall, CNN is the most565

conservative (risk-averse to false positives), and KNN provides a solid balance between566

detection and precision. This study underscores the necessity of evaluating both sensi-567

tivity and specificity—beyond mere accuracy—when selecting classifiers for sensitive568

applications like medical diagnostics.569

The performance evaluation in Table 3 compares six classifiers for seizure detection570

using T1 and FLAIR MRI sequences with a distance parameter set to one. Results571

reveal a significant improvement in performance when using FLAIR images across572

most classifiers. For the T1 modality, all classifiers generally show limited effectiveness,573

with KNN performing particularly poorly in sensitivity (18.75%) despite high speci-574

ficity (94.12%), indicating it detects very few seizure cases but avoids false positives.575

LDA also struggles in T1, with the lowest accuracy (45.45%) and modest sensitivity576

(31.25%). In contrast, SVM (linear and RBF), MLP, and CNN all show identical or577

close accuracy (66.67%) but vary in sensitivity and specificity, with CNN achieving578

the best sensitivity (68.75%) in T1. In the FLAIR modality, performance markedly579
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improves: CNN achieves the highest accuracy (87.87%) and perfect specificity (100%)580

alongside strong sensitivity (75%), making it the most reliable classifier in this setting.581

MLP follows closely with high accuracy (84.84%) and also perfect specificity, though582

slightly lower sensitivity (68.75%). SVM (both kernels) and LDA show solid and bal-583

anced performance in FLAIR, with equal accuracy (78.79%) and matching sensitivity584

(75%) and specificity (82.35%). Overall, FLAIR images significantly enhance seizure585

detection performance, and CNN emerges as the most effective classifier, while KNN586

and LDA perform the weakest on T1, highlighting the critical impact of both imaging587

modality and model choice.588

Table 4 evaluates the performance of various classifiers for seizure detection using T1589

and FLAIR MRI sequences, with the distance parameter set to two, and it reveals sev-590

eral notable trends. For the T1 modality, overall performance remains modest across591

classifiers, with KNN showing the lowest sensitivity (6.25%) despite perfect specificity592

(100%), indicating it correctly identifies non-seizure cases but fails almost entirely to593

detect seizures. LDA performs the worst in T1, with the lowest accuracy (33.33%) and594

specificity (23.53%), despite a slightly better sensitivity (43.75%). SVM (both linear595

and RBF) and MLP offer moderate and balanced results in T1, while CNN leads in596

sensitivity (68.75%) but suffers from lower specificity (52.94%). The FLAIR modal-597

ity once again significantly boosts performance across all classifiers. CNN achieves the598

highest overall accuracy (84.84%) and perfect specificity (100%), along with high sen-599

sitivity (86.7%), confirming its strong generalization capability. MLP also performs600

well on FLAIR with high sensitivity (91.66%) and good specificity (81.43%), yielding601

an accuracy of 81.81%. SVM (RBF) and LDA also benefit from FLAIR, each reaching602

an accuracy of 81.82% and strong specificity (94.12%). Comparatively, FLAIR outper-603

forms T1 for all classifiers, and CNN remains the top performer, particularly due to604

its ability to maintain high sensitivity and perfect specificity. These results underscore605

the importance of both imaging modality and distance parameter tuning, with FLAIR606
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combined with a distance of two proving most effective for reliable seizure detection.607

Across all three tables, a clear pattern emerges highlighting the superior performance608

of the FLAIR MRI modality over T1 in seizure detection tasks, regardless of the clas-609

sifier or distance parameter used. Table 2 (distance= 0) shows that classifiers like610

SVM (RBF) and KNN offer balanced and strong performance, while CNN consistently611

achieves perfect specificity but often at the cost of lower sensitivity. Table 3 (distance612

= 1) and Table 4 (distance = 2) further confirm that FLAIR sequences significantly613

enhance classification accuracy, sensitivity, and specificity compared to T1. As the614

distance parameter increases from 1 to 2, most classifiers — particularly CNN, MLP,615

and SVM (RBF) — demonstrate improved results in FLAIR, indicating that a larger616

neighborhood size may help capture more discriminative features for seizure detec-617

tion. Notably, CNN consistently emerges as the top-performing classifier on FLAIR,618

offering high or perfect specificity along with strong sensitivity, especially when the619

distance parameter is set to two. Conversely, KNN and LDA tend to underperform on620

T1 and show highly imbalanced sensitivity-specificity trade-offs. Overall, the findings621

suggest that the combination of CNN, FLAIR imaging, and a distance parameter of622

two provides the most effective setup for accurate and reliable seizure detection.623

The comparison between deep learning and traditional machine learning algorithms624

across Tables 2, 3, and 4 highlights the superior performance of deep learning mod-625

els, particularly CNN and MLP, in seizure detection tasks. Deep learning consistently626

outperforms classical methods, especially when applied to FLAIR MRI sequences.627

CNN emerges as the most effective classifier, achieving the highest accuracy, sensi-628

tivity, and perfect specificity, particularly when the distance parameter is set to two.629

MLP also shows strong results, notably higher sensitivity than most machine learning630

models, which is critical in medical diagnosis. In contrast, traditional machine learn-631

ing algorithms like KNN and LDA often suffer from poor sensitivity, especially on T1632

images, despite occasionally reaching perfect specificity. SVM (especially with the RBF633
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kernel) is the most competitive among machine learning methods, offering balanced634

performance across both modalities. However, its sensitivity remains generally lower635

than that of CNN and MLP. Overall, deep learning algorithms demonstrate greater636

robustness, better generalization, and a superior ability to capture complex patterns637

in medical imaging, making them the preferred choice for reliable and accurate seizure638

detection.639

Table 2: Performance evaluation of the proposed approach in terms of accuracy
(ACC), sensitivity (SEN) and specificity (SPE) of different classifiers for seizure detec-
tion using T1 and FLAIR image sequences and distance parameter of zero value.

Cases

Classifiers T1 FLAIR

Performance Performance

measure (%) measure (%)

ACC SEN SPE ACC SEN SPE

KNN 87.88 87.5 88.24 87.88 75 100

LDA 90.91 87.5 94.12 81.82 62.5 100

linear SVM 84.85 81.25 88.24 84.85 68.75 100

RBF SVM 87.88 87.5 88.24 90.91 87.5 94.12

MLP 87.88 78.79 78.93 79.7 68.75 70.58

CNN 84.85 68.75 100 78.79 56.25 100

640

Table 3: Performance evaluation of the proposed approach in terms of accuracy
(ACC), sensitivity (SEN) and specificity (SPE) of different classifiers for seizure detec-
tion using T1 and FLAIR image sequences and distance parameter of one value.
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Cases

Classifiers T1 FLAIR

Performance Performance

measure (%) measure (%)

ACC SEN SPE ACC SEN SPE

KNN 57.58 18.75 94.12 63.64 25 100

LDA 45.45 31.25 58.82 78.79 75 82.35

linear SVM 66.67 62.5 70.59 78.79 75 82.35

RBF SVM 66.67 68.75 64.71 78.79 75 82.35

MLP 66.67 56.25 76.47 84.84 68.75 100

CNN 66.67 68.75 64.75 87.87 75 100

641

Table 4: Performance evaluation of the proposed approach in terms of accuracy
(ACC), sensitivity (SEN) and specificity (SPE) of different classifiers for seizure detec-
tion using T1 and FLAIR image sequences and distance parameter equal to two.

Cases

Classifiers T1 FLAIR

Performance Performance

measure (%) measure (%)

ACC SEN SPE ACC SEN SPE

KNN 54.55 56.25 100 63.64 25 100

LDA 33.33 43.75 23.53 81.82 68.75 94.12

linear SVM 57.58 56.25 58.82 78.79 68.75 88.24

RBF SVM 63.64 43.75 76.47 81.82 68.75 94.12

MLP 60.61 43.75 76.47 81.81 91.66 81.43

CNN 60.61 68.75 52.94 84.84 86.7 100

642
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Table 5: Performance Evaluation: Confusion Matrix for Different Classifiers using
the retained cubic parameters

643

Cases

Classifiers T1 FLAIR

Performance Performance

measure (%) measure (%)

ACC SEN SPE ACC SEN SPE

KNN True/Predict Normal Seizure True/Predict Normal Seizure

Normal 8 2 Normal 17 0

Seizure 2 14 Seizure 4 12

LDA True/Predict Normal Seizure True/Predict Normal Seizure

Normal 16 2 Normal 17 0

Seizure 1 14 Seizure 6 10

linear SVM True/Predict Normal Seizure True/Predict Normal Seizure

Normal 15 2 Normal 17 0

Seizure 3 13 Seizure 5 11

RBF SVM True/Predict Normal Seizure True/Predict Normal Seizure

Normal 15 2 Normal 16 1

Seizure 2 14 Seizure 2 14

MLP True/Predict Normal Seizure True/Predict Normal Seizure

Normal 13 4 Normal 12 5

Seizure 3 13 Seizure 5 11

CNN True/Predict Normal Seizure True/Predict Normal Seizure

Normal 17 0 Normal 17 0

Seizure 5 11 Seizure 7 9

644
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These results, in Table 5, underline the effectiveness of the classifiers. In particular,645

they highlight the differences in the performance of different sequences and algorithms.646

4 CONCLUSION647

This paper introduces a feature extraction approach: the Cubic Decimal Descriptor648

Pattern (C-DDP). It emerges as a promising advancement in the field of automated649

FCD Type II detection from 3D MRI data, demonstrating notable improvements in650

both accuracy and efficiency. The C-DDP approach is based on decomposing the image651

into a set of small cubes. It captures complex features and patterns within each cube,652

while allowing local analysis of specific regions. The methodology effectively extracts653

discriminative features that lead to more accurate FCD identification. In addition, a654

successful strategy for understanding the complex patterns inherent in the extracted655

features is the integration of machine learning algorithms, including traditional clas-656

sifiers such as KNN, LDA and SVM and deep learning ones such as CNN and MLP.657

Experimental results highlight the effectiveness of the proposed approach, with metrics658

such as accuracy, sensitivity and specificity showing promise. These positive results659

suggest that the Cubic DDP based approach has the potential to be a valuable tool660

to clinicians, allowing for the early and accurate diagnosis of FCD, a condition often661

associated with epilepsy.662

Designed primarily for use in medical imaging and neurology, the adaptability of the663

method allows it to be extensively tested in a variety of medical contexts involv-664

ing different data sets, patient profiles and imaging protocols. Its potential impact665

extends to epileptology and neurosurgery, where accurate FCD detection can signifi-666

cantly improve pre-surgical planning and help advance precision medicine for epilepsy667

patients. Beyond healthcare, the method’s feature extraction and machine learning668

components have broader applications in pattern recognition and image analysis. Test-669

ing the effectiveness of the method in biomedical research will further broaden its670
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usefulness and help researchers to understand neurological diseases. Interdisciplinary671

cooperation, including computer science and imaging, will facilitate cross-disciplinary672

testing and ensure robust evaluation from multiple viewpoints.673
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