
 

 
 
 

Quantifying Radiomic Texture Characterization Performance on Image Resampling and 
Discretization 

 
by 

 
Weiwei Sang 

 
DKU Medical Physics 

Duke University 

 
Defense Date: April 1st,2024 

 
 
 

Approved: 
 

Fang-Fang Yin, Chair, Co-Advisor 

Zhenyu Yang, Co-Advisor 

Lei Zhang 

Manju Liu  

Chunhao Wang 

 
 
 
 
 
 
 

 

 

 
 
 
 
Thesis submitted in partial fulfillment of the requirements for the degree of Master of Science in 

the DKU Medical Physics in The Graduate School of 
Duke University 

2024 



 

 

 
ABSTRACT 

Quantifying Radiomic Texture Characterization Performance on Image Resampling and 
Discretization 

 
by 

Weiwei Sang 

DKU Medical Physics 
Duke University 

 
 

Defense Date: April 1st,2024 

 
 
 

Approved: 

Fang-Fang Yin, Chair, Co-Advisor 

Zhenyu Yang, Co-Advisor 

Lei Zhang 

Manju Liu  

Chunhao Wang 

 

 

 

 

 

 

 

 
An abstract of a thesis submitted in partial fulfillment of the requirements for the degree of 

Master of Science in the DKU Medical Physics in The Graduate School of 
Duke University 

2024 



 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 

Copyright by 
Weiwei Sang 

2024



 

 
iv 

Abstract 

Purpose: To develop a novel radiomic quantification framework to quantify the impact 

of image resampling and discretization on radiomic texture characterization performance. 

 

Methods: The study employed 251 CT scans of a Credence Cartridge phantom 

(consisting of 10 texture materials) with different image acquisition parameters. Each material 

was segmented using a pre-defined cylindrical mask. Different image pre-processing workflows 

including 5 resampling methods (no resampling, trilinear, and nearest resampling to both 1mm³ 

and 5mm³) and 8 discretization methods (fixed bin size of 25,50,75,100 and fixed bin counts of 

8,16,32,64) were randomly applied. 75 radiomic texture features (including 24GLCM-based, 

16GLRLM-based, 16GLSZM-based, 14GLDM-based, and 5NGTDM-based) were extracted from 

each material to characterize its textural attributes. Three machine learning models including 

logistic regression (LR), random forest (RF), and supporting vector machine (SVM) were 

developed to identify 10 materials based on the extracted features, and grid search was adopted to 

optimize the model hyperparameters. The model performance was evaluated on 10-class macro-

AUC with 5-fold cross-validation. 

 

Results: Three models successfully classified 10 materials with macro-

AUC=0.9941±0.0081, 0.9979±0.0040, and 0.9957±0.0067 for LR, RF, and SVM, respectively. 

Across 8 different discretization methods, an increasing trend in performance can be observed 

when the original CT was discretized to a larger gray level range: performance improved by 

0.0038 with bin sizes decreasing from 100-25, and by 0.0074 with bin counts increasing from 8 to 

64. Among 5 resampling methods, resampling CT to an isotropic voxel spacing showed an 

improved prediction performance (0.9942±0.0075/0.9944±0.0073 for trilinear/nearest resampling 
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to 1mm³ and 5mm³, respectively) over no interpolation (0.9862±0.0228), with minimal 

performance discrepancies observed among two different interpolation algorithms. In addition, no 

statistically significant differences were observed across five folds. 

 

Conclusion: The proposed framework successfully quantified the dependence of 

radiomics texture characterization on image resampling and discretization. 
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1. Introduction  

1.1 Background 

Medical imaging has long been a cornerstone of modern healthcare, providing clinicians 

with invaluable insights into the structural and functional aspects of the human body. Widely 

used in clinical diagnosis and radiotherapy, medical imaging modalities such as X-ray, computed 

tomography (CT), magnetic resonance imaging (MRI), and positron emission tomography (PET) 

offer non-invasive means of visualizing anatomical structures, detecting pathological changes, 

and monitoring disease progression. These imaging techniques have revolutionized the field of 

medicine, enabling healthcare professionals to make accurate diagnoses, plan interventions, and 

evaluate treatment responses with unprecedented precision and efficiency. By providing detailed 

images of internal organs, tissues, and physiological processes, medical imaging has significantly 

contributed to improved patient care, enhanced treatment outcomes, and advances in medical 

research and innovation. 

Medical imaging processing and analysis play a pivotal role in modern healthcare by 

providing clinicians with crucial information for diagnosis, treatment planning, and therapeutic 

monitoring. With advancements in imaging technology, medical images have become 

indispensable tools in clinical practice, offering detailed insights into the structure and function of 

the human body. However, the accurate interpretation and analysis of medical images require 

sophisticated computational techniques to extract meaningful information and facilitate clinical 

decision-making. 

Improving the accuracy of medical imaging processing and analysis is paramount for 

ensuring reliable diagnoses and treatment outcomes. Various factors, including image noise, 

artifacts, and anatomical variations, can affect the quality and fidelity of medical images, posing 
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challenges for accurate interpretation. Therefore, robust image processing algorithms and 

analytical methods are essential for enhancing image quality, reducing diagnostic errors, and 

optimizing patient care. 

Radiomics, as a quantitative approach to medical imaging, seeks to augment the existing 

data available to clinicians through advanced mathematical analysis. By mathematically 

extracting the spatial distribution of signal intensities and pixel interrelationships, radiomics 

quantifies textural information utilizing analysis methods from the field of artificial intelligence. 

(van Timmeren et al., 2020) 

Radiomics features extracted from medical images serve as valuable data points that can 

be analyzed to correlate with specific clinical endpoints, including diagnosis, prognosis, and 

treatment response. This correlation is established through various data mining techniques such as 

statistical modeling and machine learning. Figure 1.1 depicts a standard workflow illustrating the 

application of radiomics in clinical practice. (Cui et al., 2022) 

 

Figure 1.1 A typical Workflow for radiomics in clinical practice 

Medical images which may be in 2D, 3D, or 4D dimensions are acquired from various 

imaging modalities such as CT, MRI, PET, or ultrasound. Preprocessing steps are then applied to 

the raw image data, including image denoising, gray-level rescaling for standardization, and gray-

level discretization for feature computation. A region of interest (ROI) is defined in the input 

image to extract the area from which radiomics features will be computed. This can be done 

manually, semi-automatically, or fully automatically using computer algorithms. Engineered 

features are then calculated based on their mathematical definitions, with the assistance of 
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software packages designed for feature computation. The extracted radiomics features are 

subsequently fed into machine learning algorithms to learn their predictive values for specific 

clinical outcomes. A decision model is constructed using selected features, which can be tested 

for its utility in clinical decision-making. 

In a recent investigation led by Song et al., CT images of bladder cancer (BCa) were 

employed to predict the pathological grade before surgery. The researchers obtained and divided 

CT scans from 688 BCa patients into training and external test groups. Following this, they 

extracted both Handcrafted radiomics (HCR) features and deep learning (DL) features from the 

three-phase CT images. Using a variety of machine learning classifiers, they then constructed 

predictive models. Additionally, they developed a deep-learning radiomics nomogram (DLRN) 

by merging the radiomic signature with clinical factors. Results indicated that the proposed CT-

based DLRN demonstrated effective diagnostic performance in distinguishing between high and 

low-grade BCa. 

Radiomic features encompass various categories, including shape features, intensity 

features, intensity histogram (IH) features, texture features, and higher-order features. Texture 

features, categorized based on their underlying matrices, include gray level co-occurrence matrix 

(GLCM) features, gray level run length matrix (GLRLM) features, gray level size zone matrix 

(GLSZM) features, and neighborhood grey tone difference matrix (NGTDM) features. Higher-

order features are advanced statistical descriptors that capture complex relationships and patterns 

between multiple pixels or voxels within the image data. 

Shape features primarily capture information related to the shape of the image or volume, 

such as its size. Intensity features, on the other hand, are derived from statistical analyses of gray-

level values within image pixels or voxels. Distinct from intensity features, intensity histogram 

features involve the redistribution of gray-level values into new bins, enabling the derivation of 
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new statistical metrics. Texture features refer to quantitative measures derived from the spatial 

arrangement of pixel intensities within the image, capturing information about patterns, 

structures, and variations in texture.  GLCM features to assess the likelihood of specific 

combinations of gray level values occurring in a particular direction, while GLRLM features 

quantify the length of consecutive runs of identical gray level values. GLSZM features measure 

the frequency of voxels or pixels sharing the same value as a central voxel or pixel, and NGTDM 

features describe gray-level differences between neighboring pixels or voxels at a fixed distance. 

1.2 Limitations for Current Radiomics Studies and Applications 

Image preprocessing methods play a critical role in radiomic texture characterization by 

influencing the quality, clarity, and interpretability of the extracted features. These methods 

manipulate the raw image data to enhance relevant information while reducing noise and artifacts, 

thus optimizing the input for subsequent analysis. Intensity features and Intensity histogram 

features estimate properties of individual voxel values, ignoring the spatial interaction between 

them, whereas texture and higher-order features estimate properties of two or more voxel values 

occurring at specific locations relative to each other. Typically, the initial preprocessing steps for 

these texture and higher-order features involve resampling or interpolating noncubic voxel grids 

to cubic voxels and discretizing the original intensities into a discrete set of values, a process also 

known as quantization. The choice of quantization levels determines the dimensions of the 

matrices used to calculate texture metrics. (Mathieu Hatt et al.2016) 

Image discretization and resampling are fundamental preprocessing steps in radiomic 

texture characterization, directly influencing the quality and interpretability of extracted features. 

Discretization involves converting continuous image intensity values into discrete bins, while 

resampling adjusts the spatial resolution of the image to a standardized format. 
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Resampling refers to the adjustment of image resolution to a consistent voxel size or 

spatial grid. This preprocessing step ensures uniformity in image dimensions across different 

datasets and imaging modalities, facilitating direct comparison and analysis of radiomic features. 

Resampling may involve interpolation techniques to interpolate voxel values between existing 

data points, thereby increasing or decreasing the spatial resolution of the image. By standardizing 

voxel dimensions, resampling minimizes variability in texture features attributable to differences 

in image acquisition protocols and equipment settings. 

Discretization consists of dividing the intensity range of the image into distinct bins or 

intervals, with each bin representing a specific range of pixel intensities. The choice of bin width 

determines the granularity of texture representation, impacting the sensitivity and specificity of 

feature extraction. Optimal discretization parameters should balance the preservation of relevant 

texture information with the reduction of data dimensionality and computational complexity. 

1.3 Previous Studies to Examine the Impact of Imaging Discretization and 
Resampling on Texture Characterization 

To investigate the influence of image discretization and resampling on texture 

characterization, several previous studies have been conducted.  

Recent investigations using a texture phantom revealed that potential imaging biomarkers 

could be influenced by voxel size and the number of gray levels. The study by Ruben T et al. was 

done to examine the effects of various CT scanners, slice thicknesses, exposures, gray-level 

discretization, and voxel size resampling on feature values and their stability. A texture phantom 

with ten different inserts was scanned on nine different CT scanners with varying tube currents. 

Image preprocessing involved gray-level discretization in ten different bin widths and resampling 

methods to 1 x 1 x 3 mm3 voxels. Subsequently, 114 textural radiomic features were extracted 

from each insert. The influence of slice thickness, exposure, and bin width on feature values was 
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investigated. The results indicated that bin width influenced feature values, but this had a 

marginal effect on the total number of stable features when comparing different scanners, slice 

thicknesses, or exposures. Most radiomic features were affected by slice thickness but resampling 

the CT images before feature extraction helped mitigate this effect. They proposed that 

optimization of gray-level discretization can potentially improve prognostic value without 

compromising feature stability while resampling images before feature extraction reduces the 

variability of radiomic features. 

Using 213 radiomic features including10 shape features, 16 intensity features, 24 GLCM 

features, 11 GLSZM features, 11GLRLM features, 5 NGTDM features, 8 fractal dimensions 

features, and 128 first-order wavelets were investigated the effects of investigating the impact of 

image preprocessing methods (Hassan et al., 2017). Specifically, they focused on resampling 

voxel sizes to the same dimensions (image resampling) and re-binning gray levels of the images 

(image discretization). Regarding resampling, the study found that 63 out of 85 features were not 

sensitive to changes in voxel size. While some features exhibited increased robustness after 

resampling, others became less stable. On the other hand, the analysis of re-binning showed that 

17 out of 51 texture features were dependent on gray levels. 

In another study (Hassan et al., 2017) combined with clinical practice, researchers 

validated the normalization of voxel size and GLs in lung tumors. They analyzed data from 

eighteen patients with non-small cell lung cancer, each with varying tumor volumes. Phantom 

scans were obtained from eight different scanners for comparison. Twenty-four previously 

identified features were extracted from lung tumors, and the Spearman rank (rs) and interclass 

correlation coefficient (ICC) were employed as metrics. Moreover, they observed that eight out of 

ten features exhibited high correlations (rs > 0.9) and low correlations (rs < 0.5) with the number 

of voxels before and after normalizations, respectively. Similarly, texture features demonstrated 
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instability (ICC < 0.6) before GL normalizations and high stability (ICC > 0.8) after GL 

normalizations. Their study’s findings suggested that voxel size and GL normalizations, as 

determined from a texture phantom study, are applicable to lung tumors.  

Previous studies have demonstrated that image resampling and discretization could lead 

to significant variations in radiomic feature values. However, few studies focused on quantifying 

their impact on the final texture characterization performance.  

1.4 Purpose of this research 

This study aims to quantify the impact of image discretization and resampling on the 

performance of machine learning models in classifying ten distinct texture materials obtained 

from CT images. Therefore, the impact of image resampling and discretization on texture 

characterization can be investigated by observing the classification accuracy difference and the 

optimal image pre-processing workflow can be identified to shed light on the future radiomic 

analysis.
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2. Methods and Materials 

The radiomics texture characterization framework was conducted using 251 CT scans of 

a Credence Cartridge phantom, which includes 10 distinct texture materials. These scans were 

acquired under varied image acquisition parameters, including variations in pixel spacing, mAs, 

slice thickness, pitch, and reconstruction field of view and kernels. The overall design of the 

developed radiomic texture characterization framework is illustrated in Figure. 2.1. For each CT 

image, 10 materials were first segmented using a pre-defined cylindrical mask. A range of diverse 

image preprocessing workflows was then applied to these segmented images. Specifically, five 

different image resampling methods were investigated: no resampling, trilinear interpolation, and 

nearest neighbor interpolation to an isotropic voxel spacing of 1mm³ and 5mm³. In addition, 8 

different image discretization methods were explored: Fixed Bin Size (FBZ) discretization with 

bin sizes of 25, 50, 75, and 100; and Fixed Bin Count (FBC) discretization with bin counts of 8, 

16, 32, and 64. These resampling and discretization techniques were randomly combined into 

preprocessing workflows and applied across the entire dataset. A total of 75 radiomic textures 

(including 24 GLCM-based, 16 GLRLM-based, 16 GLSZM-based, 14 GLDM-based, and 5 

NGTDM-based) features were extracted from each material to characterize its textural attributes.  

 

Logistic regression (LR), random forest (RF), and support vector machine (SVM) 

machine learning models were subsequently developed for texture classification and 

characterization after feature normalization, and the grid search approach was utilized to fine-tune 

Figure.2.1 The overall design of the radiomics texture characterization 
framework 



 

 

9 

the machine learning hyperparameters for optimal texture classification performance. Ten-class 

macro-AUC, sensitivity, specificity, and accuracy were employed to evaluate model classification 

performance with 5-fold cross-validation. 

2.1 Material 

The radiomics texture characterization framework was conducted using 251 CT scans of 

the Credence Cartridge Radiomics Phantom with Controlled Scanning Approach (CCR phantom 

2), which includes 10 distinct texture materials distributed in 10 different cartridges. As Table 2.1 

illustrates, The CT scans were acquired on 8 different CT scanners from 3 different major 

manufacturers: Siemens, Philips, and GE Healthcare. The dataset was scanned under varied 

image acquisition parameters, including variations in pixel spacing, mAs, slice thickness, and 

pitch. The images were reconstructed for various slice thicknesses. Moreover, for image 

reconstruction, the reconstruction Field Of View (FOV) was varied to render pixel sizes ranging 

from 0.39 to 0.98 mm to each slice thickness and the reconstruction kernels were also varied. 

(Hassan et al.2017) The scanning procedure was meticulously designed to maintain consistency 

across imaging parameters, with only one variable parameter being manipulated while all other 

factors remained constant at nominal values. 

The 10 distinct materials, each confined within a 31x31x20mm cartridge, were employed 

to mimic a range of Hounsfield Unit (HU) values found in human body tissues or to construct a 

geometric mesh grid. These materials possess unique textures, enabling the assessment of 

radiomic features' efficacy in extracting information from medical images. The materials utilized 

comprise 20% filled ABS, 30% filled ABS, 40% filled ABS, 50% filled ABS, Sycamore wood, 

Rubber particles, Dense cork, Solid Acrylic, Nature cork, and Plaster Resin. Fig. 2.2 provides a 

visual representation of the spatial arrangement of these materials within the phantom from a 
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cross-sectional perspective. Additionally, sample slices exhibiting each material are depicted in 

Fig. 2.3. It is important to note that transition areas between materials may lead to overlapping 

shapes in certain slices. 

Using CT images obtained from a phantom offers several advantages over clinical CT 

images from patients for testing the effects of imaging parameters. Firstly, the CT images used in 

this study are sourced from the same phantom, ensuring the elimination of any physical 

differences between images. Secondly, clinical scans may exhibit artifacts due to patient motion, 

which can interfere with the study of radiomic features. Thirdly, patients may have different body 

conditions, resulting in variations in image textures. However, there are also limitations to using 

phantom images. For instance, unlike clinical images, phantom images lack tumor volumes, 

which need to be manually selected before the study. Additionally, the results obtained from 

phantom studies must always be validated with actual patient data. Overall, using CT images 

from phantoms helps to minimize factors unrelated to the imaging and reconstruction processes to 

the greatest extent possible. 

Table 2.1 CT scanners and image parameters used in the Phantom 

CT Scanner KVp mAs Slice thickness(mm) 
Pitch(v
ariable) 

Reconstruction 
Kernel(variable) 

FOV (mm) 

GE Discovery STE 
(GE1) 

120 65, 250* 1.25, 2.5, 3.75 0.984 
Soft, Standard, 

Detail, Lung, Edge 

180, 200, 250, 
300, 350,400, 

450, 500 

GE Lightspeed 32 pro 
(GE2) 

120 250* 1.25, 2.5, 3.75 0.984 Standard 
200, 250, 300, 
350, 400, 450, 

500 

Philips Big Bore (P1) 120 250 1.5, 2.0, 3.0 1.024 Standard(B) 
200, 250, 300, 
350, 400, 450, 

500 

Philips Brilliance 64 (P2) 120 65, 250 1.5, 2.0, 3.0 1.024 

Smooth (A), 
Standard (B), 

Sharp(C), Lung 
enhanced (L), Y-

Sharp (YA) 

180, 200, 250, 
300, 350, 400, 

450, 500 

Siemens Definition AS 
(S1) 

120 65, 250 1.5, 2.0, 3.0 1 
I26f-2, I30f-2, I40f-

2, I44f-2, I50f-2, 
I70f-2 

180, 200, 250, 
300, 350, 400, 

450, 500 
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Siemens Sensation 64 
(S2) 

120 65, 250 1.5, 2.0, 3.0 1 
B10f, B20f, B31f, 
B50f, B60f, B70f 

180, 200, 250, 
300, 350, 400, 

450, 500 

Siemens Sensation 40 
(S3) 

120 65, 250 1.5, 2.0, 3.0 1 
B10f, B20f, B31f, 
B50f, B60f, B70f 

180, 200, 250, 
300, 350, 400, 

450, 500 

Siemens Sensation 16 
(S4) 

120 250 1.5, 2.0, 3.0 1 B31f 
200, 250, 300, 

400, 500 

 

 

Figure 2.2 Cross sections of the phantom materials 

 

                                       

20% filled ABS    40% filled ABS 50% filled ABS Sycamore Wood 30% filled ABS 
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Figure 2.3 Sample CT slices of the phantom materials 

2.2 ROI Segmentation 

To calculate radiomic features, a region of interest (ROI) must first be delineated within 

the CT images. However, unlike clinical images that typically contain identifiable gross tumor 

volumes, CT images obtained from a phantom lack such distinct anatomical structures. Therefore, 

in this study, a customized cylindrical mask was used to delineate the boundaries of the ROI 

within each CT image.  

The selected Region of Interest (ROI) in this study is represented by a cylindrical 

volume, which measures 30mm in radius and approximately 20mm in height. However, 

variations in slice thickness across the original CT volumes result in slight differences in ROI 

height, ranging from 18mm for volumes with a 3mm slice thickness to 21mm for others. 

Positioned at the center of each CT volume, this ROI maintains material homogeneity within its 

volume. 

This mask was carefully designed to encapsulate the areas of interest corresponding to 

the 10 distinct materials present in the images. The segmentation begins by loading the CT image 

data and computes relevant parameters such as pixel width and slice thickness. Material locations 

within the CT volumes are identified based on intensity differences along the center line. Masks 

are generated to delineate the regions corresponding to each material. The segmented regions are 

Solid Acrylic Dense Cork Natural Cork Rubber Particles Plaster Resin 
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visualized for verification, and the segmented mask data along with the original CT volume data 

are saved to a file. Figure.2.4 describes the process of selecting the ROI from the slice view. 

Through this segmentation technique, the CT images were effectively partitioned, 

allowing for focused analysis and extraction of radiomic features from the designated regions. 

 

Figure 2.4 ROI selection from the phantom 

The cubic box indicates the phantom volume in one material. The blue cylindrical  

volume shows the ROI. The ROI is located at the center of the phantom volume. 

2.3 Image Preprocessing   

A range of diverse image preprocessing workflows was then applied to these segmented 

images. These resampling and discretization techniques were randomly combined into 

preprocessing workflows and applied across the entire dataset. 

2.3.1 Image Resampling 

The image resampling process aimed to standardize the voxel spacing across all CT 

images to facilitate uniform feature extraction. Five resampling methods were evaluated. 
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For no resampling, the original voxel values from the acquired CT images are retained 

without any modification, the voxel values remain unchanged: Vresampled (x, y, z) = Voriginal (x, y, z). 

Trilinear resampling is used to estimate voxel values at new locations by considering the 

intensity values of neighboring voxels along each dimension (x, y, and z). It calculates the 

intensity of a resampled voxel as a weighted average of its eight neighboring voxels, using linear 

interpolation along each dimension: Vresampled (x, y, z) = ∑௜ୀ଴
ଵ ∑௝ୀ଴

ଵ ∑௞ୀ଴
ଵ 𝜔(𝑖, 𝑗, 𝑘) ·Voriginal (xi, yj, zk). 

When resampling to achieve an isotropic voxel spacing of 1mm³, trilinear interpolation 

adjusts the voxel grid to generate uniform dimensions in all three dimensions. Trilinear 

resampling to 5mm³ adjusts the voxel grid to achieve an isotropic voxel spacing of 5mm³. Each 

resampled voxel retains the intensity value calculated using trilinear interpolation but with larger 

voxel dimensions compared to resampling to 1mm³. 

Nearest neighbor interpolation assigns the intensity value of the nearest voxel in the 

original image to each resampled voxel. The intensity of the resampled voxel is equal to the 

intensity of the nearest original voxel: Vresampled (x, y, z) = Voriginal(round(x), round(y), round(z)). 

When resampling to achieve an isotropic voxel spacing of 1mm³, the voxel grid is adjusted to 

ensure uniform dimensions in all three dimensions (x, y, and z) with a voxel size of 1mm³. 

Nearest Neighbor Interpolation to 5mm³ adjusts the voxel size to achieve an isotropic voxel 

spacing of 5mm³, resulting in larger voxel dimensions. 

2.3.2 Image Discretization 

Image discretization involves the transformation of continuous intensity values from 

medical images into discrete bins or categories. 8 different image discretization methods were 

explored: Fixed Bin Size (FBZ) discretization with bin sizes of 25, 50, 75, and 100; and Fixed 

Bin Count (FBC) discretization with bin counts of 8, 16, 32, and 64 in this study. 
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2.3.2.1 Fixed Bin Size (FBZ) 

Fixed Bin Size (FBZ) discretization is one approach to discretizing image intensities. In 

FBZ, the intensity range of the image is divided into a predetermined number of bins, each with a 

fixed width. This study used the size of the bins including 25, 50, 75, and 100 when making a 

histogram and for discretization of the image gray level. For instance, when discretizing by the 

bin size of 25 Hounsfield Units (HU), the intensity range is partitioned into bins of 25 HU width 

each. Pixels or voxels with intensity values falling within a particular bin are assigned the discrete 

value corresponding to that bin. 

2.3.2.2 Fixed Bin Count (FBC) 

Fixed Bin Count (FBC) discretization, on the other hand, divides the intensity range of 

the image into a fixed number of bins, ensuring a consistent number of bins across different 

intensity ranges. It specifies the number of bins to create. The width of the bin is then determined 

by the range in the ROI. Four fixed bin counts were chosen including 8, 16, 32, and 64. For 

example, if we choose 8 bins, the intensity range is partitioned into 8 equally spaced bins. The 

width of each bin varied depending on the overall intensity range of the image. 

2.3.3 Feature Extraction 

A total of 75 radiomic textures (including 24 GLCM-based, 16 GLRLM-based, 16 

GLSZM-based, 14 GLDM-based, and 5 NGTDM-based) features were extracted from each 

material to characterize its textural attributes by the in-house program. In radiomic feature 

extraction, directional calculations involve defining angular orientations for computing texture 

features across various underlying matrices, such as GLCM, GLRLM, GLSZM, and NGTDM. A 

common approach is to employ four main directions (0°, 45°, 90°, and 135°) to cover key 

orientations in the image for each matrix type. Opting for the horizontal direction across all 
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feature extraction methods ensures consistency in orientation throughout different texture 

analyses. This consistency greatly facilitates the interpretation and comparison of results. It 

simplifies the analysis process, reducing computational complexity, and promoting 

straightforward interpretation, which proves especially valuable when handling large datasets. 

Furthermore, focusing on a single direction, particularly the horizontal axis, heightens sensitivity 

to texture patterns predominantly aligned in this orientation. This can be advantageous, 

particularly if the features of interest primarily exhibit horizontal manifestation. Table 2.2 

demonstrates the extracted texture features. 

Table 2.2 Texture features 

Texture Feature Type Feature 

Gray Level Co-
occurrence Matrix 
GLCM（24） 

Autocorrelation, JointAverage, ClusterProminence, ClusterShade, ClusterTendency, 
Contrast, Correlation, DifferenceAverage, DifferenceEntropy, DifferenceVariance, 
Dissimilarity, JointEnergy, JointEntropy, Informational Measure of Correlation (IMC) 
1, IMC2, Inverse Difference Moment, Maximal Correlation Coefficient, Inverse 
Difference Moment Normalized, Inverse Difference, Inverse Difference Normalized, 
InverseVariance, MaximumProbability, SumAverage, SumEntropy, SumSquares 

Gray Level Size Zone 
Matrix GLSZM（16） 

SmallAreaEmphasis, LargeAreaEmphasis, GrayLevelNonUniformity, 
GrayLevelNonUniformityNormalized, SizeZoneNonUniformity, 
SizeZoneNonUniformityNormalized, ZonePercentage, GrayLevelVariance, 
ZoneVariance, ZoneEntropy, LowGrayLevelZoneEmphasis, 
HighGrayLevelZoneEmphasis, SmallAreaLowGrayLevelEmphasis, 
SmallAreaHighGrayLevelEmphasis, LargeAreaLowGrayLevelEmphasis, 
LargeAreaHighGrayLevelEmphasis 

Gray Level Run Length 
Matrix GLRLM（16） 

ShortRunEmphasis, LongRunEmphasis, GrayLevelNonUniformity, 
GrayLevelNonUniformityNormalized, RunLengthNonUniformity, 
RunLengthNonUniformityNormalized, RunPercentage, GrayLevelVariance, 
RunVariance, RunEntropy, LowGrayLevelRunEmphasis, 
HighGrayLevelRunEmphasis, ShortRunLowGrayLevelEmphasis, 
ShortRunHighGrayLevelEmphasis, LongRunLowGrayLevelEmphasis, 
LongRunHighGrayLevelEmphasis 

Neighboring Gray Tone 
Difference Matrix 
NGTDM (5) 

Coarseness, Contrast, Busyness, Complexity, Strength 

Gray Level Dependence 
Matrix GLDM (14) 

SmallDependenceEmphasis, LargeDependenceEmphasis, GrayLevelNonUniformity, 
DependenceNonUniformity, DependenceNonUniformityNormalized, 
GrayLevelVariance, DependenceVariance, DependenceEntropy, 
LowGrayLevelEmphasis, HighGrayLevelEmphasis, 
SmallDependenceLowGrayLevelEmphasis, 
SmallDependenceHighGrayLevelEmphasis, 
LargeDependenceLowGrayLevelEmphasis, 
LargeDependenceHighGrayLevelEmphasis 
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2.3.4 Modelling 

In the modeling phase, we employed three distinct machine learning algorithms: LR, RF, 

and SVM to perform texture classification and characterization based on the radiomic features 

extracted from the images. These models were developed after performing data scaling to ensure 

that all features had a consistent scale and distribution, facilitating fair comparisons and 

enhancing model performance. 

LR is a linear classification algorithm commonly used for binary classification tasks. It 

models the probability of a binary outcome using a logistic function and learns the relationship 

between the independent variables (radiomic features) and the binary outcome (texture 

classification). RF is an ensemble learning method that constructs a multitude of decision trees 

during training and outputs the class which is the mode of the classes of the individual trees. It is 

known for its robustness to overfitting and ability to handle high-dimensional data with complex 

interactions between features. 

SVM is a powerful supervised learning algorithm used for classification tasks. It works 

by finding the hyperplane that best separates the classes in the feature space, maximizing the 

margin between the classes. SVM is effective in handling high-dimensional data and is 

particularly useful when the data is not linearly separable. 

The extracted texture features were standardized using the StandardScaler to rescale the 

features so that they have comparable scales. SVM and LR model are sensitive to the scale of the 

features. Standardization (or Z-score normalization) transformed the data such that it would have 

a mean of 0 and a standard deviation of 1, making features scale-invariant and preventing certain 

features from dominating the learning process solely because of their larger scale. This was 

achieved by subtracting the mean from each feature and dividing by its standard deviation. The 
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choice of using StandardScaler is appropriate due to its simplicity, widespread usage, robustness 

to outliers, and compatibility with algorithms assuming Gaussian distribution. It's important to 

note that normalization is not applied to the Random Forest algorithm, as Random Forest is 

inherently robust to feature scaling due to its decision tree-based nature, where feature scale does 

not affect performance. 

After developing the LR, RF, and SVM models, the study employed the grid search 

approach to fine-tune the hyperparameters of each model for optimal texture classification 

performance. Grid search involves systematically searching through a predefined hyperparameter 

grid and selecting the combination that yields the best performance based on a specified 

evaluation metric. 

To evaluate the classification performance of each model, 5-fold cross-validation was 

utilized and the performance was assessed in the following metrics: Ten-class macro-AUC, 

Sensitivity, Specificity, and accuracy. Ten-class macro-AUC is the area under the Receiver 

Operating Characteristic (ROC) curve, averaged across all classes, which measures the overall 

discriminatory power of the model. Sensitivity is the proportion of correctly classified positive 

instances (true positives) out of all actual positive instances and specificity is the proportion of 

correctly classified negative instances (true negatives) out of all actual negative instances. 

Additionally, Accuracy is the proportion of correctly classified instances (both positive and 

negative) out of all instances. These evaluation metrics provide insights into the overall 

performance of the models in the task of texture classification and characterization based on the 

extracted radiomic features, considering both sensitivity and specificity across all classes. 
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3. Results 

3.1 Texture Characterization Performance of three models 

Table 3.1 presents a summary of the accuracy, sensitivity, specificity, and Area Under the 

Curve (AUC) results obtained from the three models across five folds. The RF model 

demonstrated superior performance compared to the LR and SVM models. Specifically, the RF 

model exhibited a mean accuracy of 0.9979, sensitivity of 0.9844, specificity of 0.9994, and AUC 

of 0.9979. 

Statistical analysis, utilizing the t-test, revealed significant differences in performance 

across the RF, LR, and SVM models. Table 3.2 presents the results of the t-test comparing the 

performance of different models for texture classification. The p-values represent the statistical 

significance of the differences in performance between the model pairs across the comparison. A 

P-value less than 0.05 (commonly used threshold) suggests statistically significant differences 

between the performance of the compared methods. A P-value greater than or equal to 0.05 

suggests no statistically significant differences between the compared methods. There exist 

differences among the model performance but the difference between RF and LR as well as SVM 

is much greater than the difference between LR and SVM, showing RF may exhibit superior 

performance in handling complex data and flexibility compared to LR and SVM in texture 

characterization. 

Table 3.1 Characterization results from LR, SVM, and RF models 

 
 

 

 

 
Accuracy Sensitivity Specificity AUC 

LR 0.9841±0.0239 0.9867±0.0189 0.9838±0.0254 0.9941±0.0081 
SVM 0.9842±0.0249 0.9868±0.0161 0.9840±0.0272 0.9957±0.0067 

RF 0.9979±0.0020 0.9844±0.0182 0.9994±0.0010 0.9979±0.0040 
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Table 3.2 T-test of the AUC results from LR, SVM, and RF models 

 

 

Table 3.3 T-test of the AUC results across five folds 

Fold Comparison P-values 
Fold 1 vs Fold 2 0.9049 
Fold 1 vs Fold 3 0.4766 
Fold 1 vs Fold 4 0.4438 
Fold 1 vs Fold 5 0.8897 
Fold 2 vs Fold 3 0.3912 
Fold 2 vs Fold 4 0.3625 
Fold 2 vs Fold 5 0.9821 
Fold 3 vs Fold 4 0.9419 
Fold 3 vs Fold 5 0.3925 
Fold 4 vs Fold 5 0.3647 

 

Based on the p-values obtained from the t-tests conducted across the five folds, there are 

no statistically significant differences in model performance observed among the folds, which 

means that the performance of the models is consistent across different folds. 

 

 

 

 

 

 

 

 

 

 

Model Comparison P-values 
RF vs SVM 0.0007 
RF vs LR 0.0006 
SVM vs LR 0.0036 
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3.2 Image resampling effects on the texture characterization performance 

In Figure. 3.1, Figure. 3.2, and Figure. 3.3, the AUC results of different image resampling 

methods from the three models are presented. Notably, resampling to isotropic voxel space led to 

improved prediction performance, with AUC values of 0.9942 ± 0.0075 and 0.9944 ± 0.0073 for 

trilinear and nearest neighbor resampling to 1mm³ and 5mm³, respectively. In addition, the t-test 

was conducted to compare the performance of five different resampling methods used in the three 

models. 

 

 

 

Figure 3.1 AUC results of Image Resampling for LR 

1-5 represents no resampling, trilinear resampling to 5mm³, trilinear resampling to 
1mm³, nearest neighbor resampling to 5mm³, and nearest neighbor resampling to 1mm³ 

respectively. 
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Figure 3.2 AUC results of Image Resampling for RF 

 

Figure 3.3 AUC results of Image Resampling for SVM 

According to the achieved p-values, the p-values for comparisons between the No 

Resampling method and each of the other four resampling methods (trilinear resampling to 5 
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mm³, trilinear resampling to 1 mm³, nearest neighbor resampling to 5 mm³, and nearest neighbor 

resampling to 1 mm³) are all less than  0.05, indicating a significant difference This suggests that 

the No Resampling method performs significantly worse than the other resampling methods. 

The p-values for comparisons between the other resampling methods (trilinear 

resampling to 5 mm³, trilinear resampling to 1 mm³, nearest neighbor resampling to 5 mm³, and 

nearest neighbor resampling to 1 mm³) are all greater than 0.05, indicating that there is no 

significant difference among these resampling methods. This suggests that there is no clear 

advantage of one resampling method over another among the trilinear and nearest neighbor 

methods when considering their impact on the performance. These results suggest that the choice 

of resampling method can significantly impact the model performance, particularly when 

comparing certain methods, but there may be some methods that perform similarly in terms of 

texture classification. 

Table 3.4 T-test of the AUC results across five resampling methods 

Resampling Method Comparison P-values 
No resampling vs Trilinear resampling to 5 mm3 0.0067 
No resampling vs Trilinear resampling to 1 mm3 0.0075 

No resampling vs Nearest Neighbor resampling to 5 mm3 0.0129 
No resampling vs Nearest Neighbor resampling to 1 mm3 0.0079 

Trilinear resampling to 5 mm3 vs Trilinear resampling to 1 mm3 0.9306 
Trilinear resampling to 5 mm3 vs Nearest Neighbor resampling to 5 mm3 0.9349 
Trilinear resampling to 5 mm3 vs Nearest Neighbor resampling to 1 mm3 0.5528 
Trilinear resampling to 1 mm3 vs Nearest Neighbor resampling to 5 mm3 0.8737 
Trilinear resampling to 1 mm3 vs Nearest Neighbor resampling to 1 mm3 0.5905 

Nearest Neighbor resampling to 5 mm3 to Nearest Neighbor resampling to 1 mm3 0.6500 
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3.3 Image discretization effects on the texture characterization 
performance 

The results from different image discretization methods suggest that expanding the 

dynamic range of gray levels aids in capturing finer texture nuances within the CT images, 

thereby contributing to enhanced model performance, particularly evident in the RF model. 

 

3.3.1 FBZ 

Figure.3.4, Figure.3.5, and Figure.3.6 demonstrate the AUC results of different fixed bin 

sizes including 25, 50, 75, and 100 in image discretization from the three models presented. 

Performance sees an increment of 0.0038 as bin sizes decrease from 100 to 25. A notable trend in 

performance emerges when the original Computed Tomography (CT) images are discretized to 

encompass a broader dynamic range of gray levels. Particularly noteworthy is the RF model, 

where performance demonstrates improvement in response to alterations in discretization 

parameters. 
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Figure 3.4 AUC results of Fixed Bin Size for LR 

 

 

 

 

 

 

 

 

 

 

Figure 3.5 AUC results of Fixed Bin Size for RF 
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Figure 3.6 AUC results of Fixed Bin Size for SVM 

 

3.3.2 FBC 

Figure. 3.7, Figure.3.8, and Figure.3.9 illustrate the AUC results obtained from three 

models, showcasing the impact of four fixed bin counts that include 8, 16, 32, and 64 in the image 

discretization process. An increase of 0.0074 is observed as bin counts rise from 8 to 64. As the 

number of gray levels increases, the model's ability to discern subtle texture differences within 

the CT images improves. 

This is also exemplified by the significant performance boost observed in the RF model, 

where even relatively small adjustments in bin count lead to measurable enhancements in 

predictive accuracy. 
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Figure 3.7 AUC results of Fixed Bin Count for LR 

 

 

 

 

 

 

 

 

 

Figure3.8 AUC results of Fixed Bin Count for RF 
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Figure 3.9 AUC results of Fixed Bin Count for SVM 

These findings underscore the importance of carefully selecting discretization parameters, 

such as bin size and count, to optimize the performance of machine learning models applied to 

medical imaging tasks. 
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4. Discussion 

4.1 Performance Evaluation of Radiomic Models 

The study evaluated the performance of radiomic models in predicting clinical outcomes 

using various preprocessing techniques, including image resampling and discretization. Across 

three machine learning models, namely RF, SVM, and LR, the RF model consistently 

demonstrated superior performance in terms of accuracy, sensitivity, specificity, and AUC. This 

finding underscores the robustness and effectiveness of RF-based radiomic models in capturing 

complex patterns and discriminating between different clinical phenotypes. 

4.2 Impact of Image Resampling Techniques 

One of the primary objectives of the study was to investigate the impact of preprocessing 

techniques, such as image resampling and discretization, on radiomic model performance. Our 

results revealed notable variations in model performance across different preprocessing methods. 

Specifically, resampling to isotropic voxel space significantly improved prediction performance 

compared to no interpolation. This finding underscores the importance of standardized image 

preprocessing techniques in enhancing the reproducibility and generalizability of radiomic 

models across different imaging modalities and acquisition protocols. 

4.3 Optimization of Discretization Parameters 

In addition to image resampling, the study explored the effect of discretization 

parameters, such as bin size and count, on radiomic model performance. Our findings 

demonstrated a clear trend towards improved performance with broader dynamic ranges of gray 

levels, particularly in the RF model. Specifically, decreasing bin sizes from 100 to 25 and 

increasing bin counts from 8 to 64 resulted in significant improvements in AUC values, 
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highlighting the importance of optimizing discretization parameters to capture finer texture 

nuances and enhance model discriminative power. 

4.4 Clinical Translation and Utility 

The observed improvements in radiomic model performance can benefit clinical practice, 

particularly in the context of precision medicine and personalized healthcare. Radiomic models 

offer the potential to extract quantitative information from medical images and translate them into 

actionable insights for diagnosis, prognosis, and treatment planning. By leveraging advanced 

machine learning algorithms and image analysis techniques, radiomic models can assist clinicians 

in risk stratification, treatment response prediction, and patient outcome optimization across 

various disease domains, including oncology, neurology, and cardiology. 

4.5 Comparison with Existing Techniques 

The previous study conducted by Shafiq-ul-Hassan et al. also utilized the CCR phantom 2 

data and focused on investigating the intrinsic dependencies of CT radiomic features on voxel 

size and the number of gray levels. They primarily evaluated the impact of voxel size and gray-

level discretization on radiomic features, performing voxel-size resampling and analyzing the 

reproducibility of features across different voxel sizes. They also assessed the dependency of 

features on gray-level discretization, classifying features based on their variation before and after 

resampling, and evaluated the impact on inter-scanner comparisons. Their research concluded 

that voxel-size resampling improved feature reproducibility and identified specific features 

dependent on voxel size and gray-level discretization. 

In comparison, while utilizing the same dataset, this study aimed to develop a novel 

radiomic quantification framework to assess the impact of image resampling and discretization on 

radiomic texture characterization performance. The study demonstrated high classification 



 

 

31 

performance of machine learning models and observed improvements with larger gray level 

ranges and isotropic voxel spacing. It comprehensively assessed various resampling and 

discretization methods and their effects on classification performance, providing practical insights 

into optimizing radiomic texture characterization performance for specific clinical applications. 

4.6 Limitations and Future Studies 

Despite the promising results obtained in the study, several challenges and limitations 

need to be addressed to facilitate the clinical translation and adoption of radiomic models. These 

include issues related to data quality and standardization, model interpretability and transparency, 

regulatory compliance, and clinical validation in real-world settings. Moreover, the inherent 

heterogeneity and complexity of medical imaging data pose significant challenges for model 

development and validation, necessitating interdisciplinary collaborations and robust validation 

frameworks to ensure the reliability and generalizability of radiomic findings. Future research 

efforts should focus on addressing the challenges and advancing the field of radiomics toward 

clinical application and integration into routine healthcare practice. This includes the 

development of standardized protocols for image acquisition, preprocessing, and feature 

extraction, as well as the establishment of benchmark datasets and evaluation metrics for 

comparing and validating radiomic models. Additionally, prospective clinical studies and 

multicenter trials are needed to validate the prognostic and predictive value of radiomic models 

across diverse patient populations and clinical scenarios. 

In addition, this study hasn’t explored the impact of the image noise level on radiomic 

calculation. High noise levels introduce variability in pixel intensity values, resulting in 

inconsistent feature values across scans and imaging platforms. This variability undermines the 

reliability of radiomic analysis, particularly in texture characterization, where noise can obscure 
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subtle patterns crucial for accurate tissue characterization. Therefore, implementing effective 

noise reduction techniques can be part of the future study directions. 
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5. Conclusion 

The study successfully quantified the dependence of radiomics texture characterization 

on image resampling and discretization. This comprehensive investigation provides valuable 

insights into the impact of preprocessing techniques on radiomic feature extraction and model 

performance. By systematically evaluating a range of image resampling and discretization 

methods, the study laid the foundation for a more nuanced understanding of the factors 

influencing radiomic analysis. 

The proposed framework can indeed be generalized to characterize a broader range of 

image preprocessing techniques and machine learning algorithms. The modular design of the 

framework allows for easy integration of new preprocessing methods and algorithms, facilitating 

further exploration and comparison. Moreover, the methodology developed in this study can 

serve as a template for future research endeavors in the field of radiomics, enabling researchers to 

investigate the effects of different preprocessing strategies on various imaging modalities and 

clinical applications. By elucidating the interplay between preprocessing techniques and radiomic 

feature extraction, our study contributes to the growing body of literature aimed at optimizing 

radiomic analysis for enhanced diagnostic and prognostic accuracy. The insights gained from this 

research can inform the development of more robust and reliable radiomic models, ultimately 

leading to improved patient outcomes and clinical decision-making. 

Moving forward, continued research in this area is essential to further refine and validate 

the proposed framework. Future studies could explore additional preprocessing factors, such as 

image registration, normalization, and denoising, and evaluate their impact on radiomic analysis. 

Additionally, investigations into the generalizability of radiomic models across different patient 
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populations and imaging protocols would be valuable for assessing the clinical utility of 

radiomics in real-world settings. 

Overall, our study underscores the importance of considering image preprocessing 

techniques in radiomic analysis and provides a foundation for advancing the field toward more 

personalized and precise diagnostic and prognostic tools. 
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