Supplemental Methods 
CCTA acquisition
For the internal and external test set, CCTA was performed with three CT scanners [a second-generation dual-source CT scanner (SOMATOM Definition Flash; Siemens Healthineers), a third-generation dual-source CT scanner (SOMATOM Force; Siemens Healthineers) and a 256-row wide-detector CT scanner (Revolution HD; GE Healthcare)]. Retrospectively ECG-gated CTA was performed in second-generation dual-source CT, with a reconstructed slice thickness of 0.6 mm, reconstructed slice interval of 0.5mm, and application of automated tube voltage and current modulation (CARE Kv, CARE Dose 4D, Siemens Healthineers, Germany). Prospective ECG-triggered acquisition was performed in third-generation dual-source CT, with a reconstructed slice thickness of 0.75 mm, reconstructed slice interval of 0.5mm, and application of automated tube voltage and current modulation (CARE Kv, CARE Dose 4D, Siemens Healthineers, Germany). For both dual-source CT scans, the images were reconstructed using a vascular algorithm (Bv36f) and Iterative Reconstruction (ADMIRE; Siemens) with a strength level of 3. Prospective ECG-triggered acquisition was performed in wide-detector CT scanner within one heartbeat, with a reconstructed slice thickness of 0.625 mm, and application of automated tube voltage and current modulation (KV Assist, Smart mA, GE Healthcare, USA). Images were reconstructed using ASiR-V 50%, which implied 50% filtered back projection (FBP) blending with 50% ASiR in reconstructed images.
All patients took 0.5 mg of nitroglycerin sublingually before the examination. All patients were administered 30-58 mL contrast medium, into the vein of the right elbow at a 3.8-5.8 mL/s flow rate and were flushed using 50 mL saline. The amount of contrast and injection rate were determined based on the individual weight and prescribed contrast concentration in order to maintain consistent iodine delivery rate (IDR) across all patients (Supplementary Table 4).

Image segmentation and radiomics feature extraction
Features are divided into 7 groups. Shape features are extracted based on ROI in the original image. Texture features, grayscale statistical features, etc. are extracted from the original image and the filtered image. A total of 1904 features were extracted. The categories of features are as follows:
(1)shape：14；
(2)first-order gray-level statistics：378；
(3)Gray Level Cooccurence Matrix (GLCM)：441；
(4)Gray Level Run Length Matrix (GLRLM)：294；
(5)Gray Level Size Zone Matrix (GLSZM)：336；
(6)Neighbouring Gray Tone Difference Matrix (NGTDM)：336；
(7)Gray Level Dependence Matrix (GLDM)：105


[bookmark: _GoBack]For more detailed information please refer to https://urp.united-imaging.com/getdcm/DOC/RadiomicsFeature.pdf and https://urp.united-imaging.com/getdcm/DOC/RadiomicsFilter.pdf 

Supplemental Figures and Figure Legends
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Supplementary Fig. 1 Receiver operating characteristic (ROC) curves and Decision curve analysis Receiver operating characteristic (ROC) curves and Decision curve analysis for the three models in the training (a), test(b) and external validation (c) sets. The combined model had a higher area under the curve (AUC) than the other models. The blue curved line represents the assumption that all patients are CTO, while the orange straight line represents the assumption that no patients are CTO. The combined model had a higher net benefit than the other models.
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Supplementary Fig. 2 Calibration curve. Calibration curves for the three models in the training (a), test (b) and external validation (c). The calibration curves represented the fitness of predicted probability of the three models to the real outcomes. The combined model has the highest fitness.


Supplemental Appendix: Five-fold cross-validation ROC, calibration curve, and DCA plot of patients in the training set and test set. 
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Supplementary Table 
Supplementary Table 1. Baseline characteristics of the study population for the training set, test set, and external validation set
	
	Training set
	
	Test set
	
	External validation set
	

	
	SO 
(n =53)
	CTO 
(n =52)
	P value
	SO 
(n =13)
	CTO 
(n =14)
	P value
	SO 
(n = 50)
	CTO 
(n = 50)
	P value

	Clinical characteristics
	
	
	
	
	
	
	
	
	

	Male
	36 (67.9)
	37 (71.2)
	0.719
	8 (61.5)
	13 (92.9)
	0.077
	41 (82.0)
	42 (84.0)
	0.790

	Age , y
	65 (55-70)
	63 (58-73)
	0.255
	62 (55-72）
	63 (57-73)
	0.644
	63 (55-71)
	59 (54-67)
	0.284

	Body mass index, kg/m2
	24.52 ± 3.51
	24.21 ± 2.98
	0.625
	23.78 ± 3.23
	23.12 ± 3.06
	0.594
	24.17 ± 3.59
	23.84 ± 2.94
	0.624

	Hypertension
	31 (58.5)
	35 (67.3)
	0.350
	7 (53.8)
	7 (50.0)
	1.000
	30 (60.0)
	30 (60.0)
	1.000

	Diabetes 
	24 (45.3)
	19 (36.5)
	0.362
	2 (15.4)
	3 (21.4)
	1.000
	20 (40.0)
	16 (32.0)
	0.405

	Smoking
	19 (35.8)
	24 (46.2)
	0.283
	1 (7.7)
	4 (28.6)
	0.326
	14 (28.0)
	18 (36.0)
	0.391

	MI
	14 (26.4)
	17 (32.7)
	0.481
	0 (0)
	3 (21.4)
	0.222
	4 (8.0)
	5 (10.0)
	1.000

	Unstable angina
	8 (15.1)
	13 (25.0)
	0.205
	2 (15.4)
	3 (21.4)
	1.000
	13 (26.0)
	11 (22.0)
	0.640

	Stable angina
	12 (22.6)
	13 (25.0)
	0.777
	2 (15.4)
	3 (21.4)
	1.000
	17 (34.0)
	18 (36.0)
	0.834

	Silent ischemia
	9 (17.0)
	8 (15.4)
	0.824
	0 (0)
	2 (14.3)
	0.481
	16 (32.0)
	13 (26.0)
	0.509

	PCI
	
	
	
	
	
	
	
	
	

	PCI attempted
	45 (84.9)
	34 (65.4)
	0.021
	9 (69.2)
	10 (71.4)
	1.000
	-
	-
	

	Successful PCI
	43 (95.6)
	26 (76.5)
	0.029
	8 (88.9)
	8 (10.0)
	1.000
	-
	-
	

	Procedural time (min)
	5.00 (2.00-12.00)
	24.00 (15.25-41.000)
	< 0.001
	2.50 (2.00-4.75)
	18.50 (5.75-41.25)
	0.005
	-
	-
	


Values are mean ± SD, median (25th and 75th percentile) or n (%).
MI = myocardial infarction; PCI = percutaneous coronary intervention.


Supplementary Table 2. CCTA features of the study population for the training set, test set, and external validation set
	
	Training set
	
	Test set
	
	External validation set
	

	
	SO 
(n =53)
	CTO 
(n =52)
	P value
	SO 
(n =13)
	CTO 
(n =14)
	P value
	SO 
(n = 50)
	CTO 
(n = 50)
	P value

	Lesion location
	
	
	
	
	
	
	
	
	

	  LAD
	25 (47.2)
	17 (32.7)
	0.130
	3 (23.1)
	2 (14.3)
	0.648
	22 (44.0)
	22 (44.0)
	1.000

	  LCX
	5 (9.4)
	7 (13.5)
	0.517
	3 (23.1)
	4 (28.6)
	1.000
	11 (22.0)
	6 (12.0)
	0.183

	  RCA
	23 (43.4)
	28 (53.8)
	0.284
	7 (53.8)
	8 (57.1)
	1.000
	17 (34.0)
	22 (44.0)
	0.305

	Lesion length, mm 
	8.90 (5.70-13.50)
	15.90 (11.10-24.30)
	< 0.001
	7.10 (3.60-9.30)
	11.95 (7.60-15.33)
	0.017
	6.20 (3.48-9.13)
	11.75 (6.13-23.43)
	< 0.001

	TAG (HU/10mm)
	-1.26 (-2.43 to -0.21)
	-0.04 (-2.15 to 0.11)
	0.101
	-1.67 (-2.96 to 0.06)
	-0.82 (-3.42 to 0.09)
	0.583
	-1.79 (-2.97 to -0.82)
	-1.14 (-2.21 to 0.14)
	0.054

	Blunt stump 
	32 (60.4)
	42 (80.8)
	0.022
	7 (53.8)
	11 (78.6)
	0.236
	20 (40.0)
	36 (72.0)
	0.001

	Collateral vessel
	29 (54.7)
	21 (40.4)
	0.141
	4 (30.8)
	6 (42.9)
	0.695
	20 (40.0)
	26 (52.0）
	0.229

	Proximal branch 
	25 (47.2)
	17 (32.7)
	0.130
	6 (46.2)
	6 (42.9)
	1.000
	14 (28.0)
	21 (42.0)
	0.142

	Distal branch
	11 (20.8)
	13 (25.0)
	0.604
	8 (61.5)
	3 (21.4)
	0.054
	8 (16.0)
	10 (20.0)
	0.603

	Bending>45°
	9 (17.0)
	12 (23.1)
	0.435
	2 (15.4)
	2 (14.3)
	1.000
	12 (24.0)
	16 (32.0)
	0.373

	Positive remodeling
	12 (22.6)
	19 (36.5)
	0.119
	4 (30.8)
	3 (21.4)
	0.678
	15 (30.0)
	24 (48.0)
	0.065

	Total plaque volume (mm3)
	307.99 (122.25 - 450.72)
	372.15 (230.79 - 571.94)
	0.089
	141.46 (30.69 - 305.02)
	148.60 (6.08 - 492.81)
	0.961
	233.48 (90.16 - 375.80)
	286.81 (81.82 - 460.10)
	0.605

	Calcified plaque volume (mm3)
	105.15 (17.30 - 205.65)
	93.61 (61.29 - 282.01)
	0.188
	9.2 (6.14 - 167.69)
	54.38 (4.23 - 129.24)
	0.828
	58.16 (12.8 - 152.11)
	59.60 (23.31 - 192.37)
	0.755

	Non-calcified plaque volume(mm3)
	197.88 (108.42 - 290.20)
	232.22 (123.10 - 340.85)
	0.159
	71.45 (21.75 - 187.74)
	151.03 (31.96 - 379.15)
	0.624
	154.91 (71.23 - 240.81)
	217.86 (78.44 - 342.69)
	0.516

	Low-attenuation plaque volume(mm3)
	35.71 (14.02 - 73.75)
	57.75 (21.56 - 97.42)
	0.118
	7.49 (1.55 - 35.02)
	34.18 (10.70 - 66.18)
	0.384
	36.25 (17.00 - 71.48)
	52.02 (18.73 - 103.56)
	0.090

	Calcified plaque load (%)
	35.53 (11.38 - 52.86)
	32.21 (21.03 - 51.59)
	0.756
	28.85 (7.42 - 59.54)
	22.60 (9.43 - 40.72)
	0.663
	32.62 (17.24 - 42.52)
	27.29 (8.32 - 53.58)
	0.516

	Non-calcified plaque load (%)
	197.88 (108.42 - 290.20)
	67.79 (48.41 - 78.97)
	0.745
	71.15 (40.46 - 92.48)
	77.41 (59.28 - 89.61)
	0.253
	67.38 (57.48 - 82.76)
	72.71 (46.43 - 91.68)
	0.214

	Low-attenuation plaque load (%)
	35.71 (14.02 - 73.75)
	57.75 (21.56 - 97.42)
	0.512
	9.26 (1.82 - 17.37)
	13.82 (9.11 - 20.16)
	0.414
	15.10 (10.26 - 25.33)
	19.95 (7.05 - 34.55)
	0.434


Values are median (25th and 75th percentile) or n (%).
Abbreviations: CTO=chronic total occlusion; SO=subtotal occlusion; CCTA=coronary computed tomography angiography.




Supplementary Table 3. The inter-observer agreement analysis for the CCTA image analysis
	
	κ Coefficient
	95%CI
	P value

	Lesion length, mm 
	
	
	

	  Internal validation
	0..999
	0.998,0.999
	<0.001

	  external validation
	0.999
	0.999,1.000
	<0.001

	TAG (HU/10mm)
	
	
	

	  Internal validation
	0.897
	0.855,0.927
	<0.001

	  external validation
	0.852
	0.780,0.900
	<0.001

	Blunt stump 
	
	
	

	  Internal validation
	0.982
	0.975,0.987
	<0.001

	  external validation
	0.956
	0.934,0.970
	

	Collateral vessel
	
	
	

	  Internal validation
	0.849
	0.784,0.894
	<0.001

	  external validation
	0.847
	0.773,0.897
	<0.001

	Proximal branch 
	
	
	

	  Internal validation
	0.976
	0.966,0.983
	<0.001

	  external validation
	0.954
	0.932,0.969
	

	Distal branch
	
	
	

	  Internal validation
	0.970
	0.958,0.979
	<0.001

	  external validation
	0.934
	0.901,0.956
	

	Bending >45°
	
	
	

	  Internal validation
	0.961
	0.945,0.973
	<0.001

	  external validation
	0.960
	0.941,0.973
	

	Positive remodeling
	
	
	

	  Internal validation
	0.958
	0.941,0.971
	<0.001

	  external validation
	0.914
	0.870,0.943
	




Supplementary Table 4. Personalizing injection protocols with different concentrations of contrast and different weight. 
	
	Weight（kg）

	Contrast Concentration
	<50
	50～<60
	60～<70
	70～<80
	>80

	320 mgI／ml
	38ml
3.8ml/s
	42ml
4.2ml/s
	50ml
5ml/s
	58ml
5.8ml/s
	

	350 mgI／ml
	35ml
3.5ml/s
	39ml
3.9ml/s
	46ml
4.6ml/s
	53ml
5.3ml/s
	56ml
5.6ml/s

	370 mgI／ml
	33ml
3.3ml/s
	37ml
3.7ml/s
	43ml
4.3ml/s
	50ml
5.0ml/s
	53ml
5.3ml/s

	400 mgI／ml
	30ml
3ml/s
	34ml
3.4ml/s
	40ml
4ml/s
	46ml
4.6ml/s
	49ml
4.9ml/s


The IDR for different weight were 1.21gI/s, 1.36gI/s, 1.6gI/s, 1.85gI/s, 1.96gI/s respectively
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Radiomic Features


This section contains the definitions of the various features that can be extracted using
PyRadiomics. They are subdivided into the following classes:


First Order Statistics  (19 features)
Shape-based (3D)  (16 features)
Shape-based (2D)  (10 features)
Gray Level Cooccurence Matrix  (24 features)
Gray Level Run Length Matrix  (16 features)
Gray Level Size Zone Matrix  (16 features)
Neighbouring Gray Tone Difference Matrix  (5 features)
Gray Level Dependence Matrix  (14 features)


All feature classes, with the exception of shape can be calculated on either the original image
and/or a derived image, obtained by applying one of several filters. The shape descriptors are
independent of gray value, and are extracted from the label mask. If enabled, they are
calculated separately of enabled input image types, and listed in the result as if calculated on
the original image.


Most features defined below are in compliance with feature definitions as described by the
Imaging Biomarker Standardization Initiative (IBSI), which are available in a separate
document by Zwanenburg et al. (2016) . Where features differ, a note has been added
specifying the difference.


First Order Features


First-order statistics describe the distribution of voxel intensities within the image region
defined by the mask through commonly used and basic metrics.


Let:


 be a set of  voxels included in the ROI
 be the first order histogram with  discrete intensity levels, where  is the


number of non-zero bins, equally spaced from 0 with a width defined in the binWidth


parameter.


 be the normalized first order histogram and equal to 


1. Energy
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https://pyradiomics.readthedocs.io/en/latest/features.html#radiomics.firstorder.RadiomicsFirstOrder

https://pyradiomics.readthedocs.io/en/latest/features.html#radiomics.shape.RadiomicsShape

https://pyradiomics.readthedocs.io/en/latest/features.html#radiomics.shape2D.RadiomicsShape2D

https://pyradiomics.readthedocs.io/en/latest/features.html#radiomics.glcm.RadiomicsGLCM

https://pyradiomics.readthedocs.io/en/latest/features.html#radiomics.glrlm.RadiomicsGLRLM

https://pyradiomics.readthedocs.io/en/latest/features.html#radiomics.glszm.RadiomicsGLSZM

https://pyradiomics.readthedocs.io/en/latest/features.html#radiomics.ngtdm.RadiomicsNGTDM

https://pyradiomics.readthedocs.io/en/latest/features.html#radiomics.gldm.RadiomicsGLDM

https://pyradiomics.readthedocs.io/en/latest/features.html#id3





Here,  is optional value, which shifts the intensities to prevent negative values in .
This ensures that voxels with the lowest gray values contribute the least to Energy,
instead of voxels with gray level intensity closest to 0.


Energy is a measure of the magnitude of voxel values in an image. A larger values
implies a greater sum of the squares of these values.


2. Total Energy


Here,  is optional value, which shifts the intensities to prevent negative values in .
This ensures that voxels with the lowest gray values contribute the least to Energy,
instead of voxels with gray level intensity closest to 0.


Total Energy is the value of Energy feature scaled by the volume of the voxel in cubic
mm.


3. Entropy


Here,  is an arbitrarily small positive number ( ).


Entropy specifies the uncertainty/randomness in the image values. It measures the
average amount of information required to encode the image values.


5. 10th percentile


The 10  percentile of 


6. 90th percentile


The 90  percentile of 


7. Maximum


The maximum gray level intensity within the ROI.


8. Mean


c X
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log2
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minimum = min(X)


th X
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The average gray level intensity within the ROI.


9. Median


The median gray level intensity within the ROI.


10. Interquartile Range


Here  and  are the 25  and 75  percentile of the image array, respectively.


11. Range


The range of gray values in the ROI.


12. Mean Absolute Deviation (MAD)


Mean Absolute Deviation is the mean distance of all intensity values from the Mean Value
of the image array.


13. Robust Mean Absolute Deviation (rMAD)


Robust Mean Absolute Deviation is the mean distance of all intensity values from the Mean
Value calculated on the subset of image array with gray levels in between, or equal to the
10  and 90  percentile.


14. Root Mean Squared (RMS)


Here,  is optional value, which shifts the intensities to prevent negative values in . This
ensures that voxels with the lowest gray values contribute the least to RMS, instead of
voxels with gray level intensity closest to 0.
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RMS is the square-root of the mean of all the squared intensity values. It is another
measure of the magnitude of the image values. This feature is volume-confounded, a larger
value of  increases the effect of volume-confounding.


15. Standard Deviation


Standard Deviation measures the amount of variation or dispersion from the Mean Value.
By definition, 


16. Skewness


Where  is the 3  central moment.


Skewness measures the asymmetry of the distribution of values about the Mean value.
Depending on where the tail is elongated and the mass of the distribution is concentrated,
this value can be positive or negative.


Related links:


https://en.wikipedia.org/wiki/Skewness


17. Kurtosis


Where  is the 4  central moment.


Kurtosis is a measure of the ‘peakedness’ of the distribution of values in the image ROI. A
higher kurtosis implies that the mass of the distribution is concentrated towards the tail(s)
rather than towards the mean. A lower kurtosis implies the reverse: that the mass of the
distribution is concentrated towards a spike near the Mean value.


Related links:


https://en.wikipedia.org/wiki/Kurtosis


18. Variance
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https://en.wikipedia.org/wiki/Skewness

https://en.wikipedia.org/wiki/Kurtosis





Variance is the the mean of the squared distances of each intensity value from the Mean
value. This is a measure of the spread of the distribution about the mean. By definition, 


19. Uniformity


Uniformity is a measure of the sum of the squares of each intensity value. This is a
measure of the homogeneity of the image array, where a greater uniformity implies a
greater homogeneity or a smaller range of discrete intensity values.


Shape Features (3D)


In this group of features we included descriptors of the three-dimensional size and shape of
the ROI. These features are independent from the gray level intensity distribution in the ROI
and are therefore only calculated on the non-derived image and mask.


Unless otherwise specified, features are derived from the approximated shape defined by
the triangle mesh. To build this mesh, vertices (points) are first defined as points halfway on
an edge between a voxel included in the ROI and one outside the ROI. By connecting these
vertices a mesh of connected triangles is obtained, with each triangle defined by 3 adjacent
vertices, which shares each side with exactly one other triangle.


This mesh is generated using a marching cubes algorithm. In this algorithm, a 2x2 cube is
moved through the mask space. For each position, the corners of the cube are then marked
‘segmented’ (1) or ‘not segmented’ (0). Treating the corners as specific bits in a binary
number, a unique cube-index is obtained (0-255). This index is then used to determine
which triangles are present in the cube, which are defined in a lookup table.


These triangles are defined in such a way, that the normal (obtained from the cross product
of vectors describing 2 out of 3 edges) are always oriented in the same direction. For
PyRadiomics, the calculated normals are always pointing outward. This is necessary to
obtain the correct signed volume used in calculation of MeshVolume .


Let:


 represent the number of voxels included in the ROI
 represent the number of faces (triangles) defining the Mesh.


 the volume of the mesh in mm , calculated by getMeshVolumeFeatureValue()


 the surface area of the mesh in mm , calculated by getMeshSurfaceAreaFeatureValue()


References:
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Lorensen WE, Cline HE. Marching cubes: A high resolution 3D surface construction
algorithm. ACM SIGGRAPH Comput Graph Internet. 1987;21:163-9.


1. Mesh Volume


The volume of the ROI  is calculated from the triangle mesh of the ROI. For each face 
 in the mesh, defined by points  and , the (signed) volume  of the tetrahedron


defined by that face and the origin of the image ( ) is calculated. (1) The sign of the
volume is determined by the sign of the normal, which must be consistently defined as
either facing outward or inward of the ROI.


Then taking the sum of all , the total volume of the ROI is obtained (2)


2. Voxel Volume


The volume of the ROI  is approximated by multiplying the number of voxels in the
ROI by the volume of a single voxel . This is a less precise approximation of the
volume and is not used in subsequent features. This feature does not make use of the
mesh and is not used in calculation of other shape features.


3. Surface Area


where:


 and  are edges of the  triangle in the mesh, formed by vertices ,  and .


To calculate the surface area, first the surface area  of each triangle in the mesh is
calculated (1). The total surface area is then obtained by taking the sum of all calculated
sub-areas (2).


4. Surface Area to Volume ratio
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Here, a lower value indicates a more compact (sphere-like) shape. This feature is not
dimensionless, and is therefore (partly) dependent on the volume of the ROI.


5. Sphericity


Sphericity is a measure of the roundness of the shape of the tumor region relative to a
sphere. It is a dimensionless measure, independent of scale and orientation. The value
range is , where a value of 1 indicates a perfect sphere (a sphere
has the smallest possible surface area for a given volume, compared to other solids).


6. Compactness 1


Similar to Sphericity, Compactness 1 is a measure of how compact the shape of the
tumor is relative to a sphere (most compact). It is therefore correlated to Sphericity and
redundant. It is provided here for completeness. The value range is 


, where a value of  indicates a perfect sphere.


By definition, .


7. Compactness 2


Similar to Sphericity and Compactness 1, Compactness 2 is a measure of how compact
the shape of the tumor is relative to a sphere (most compact). It is a dimensionless
measure, independent of scale and orientation. The value range is 


, where a value of 1 indicates a perfect sphere.


By definition, 


8. Spherical Disproportion


Where  is the radius of a sphere with the same volume as the tumor, and equal to 


.


Spherical Disproportion is the ratio of the surface area of the tumor region to the surface
area of a sphere with the same volume as the tumor region, and by definition, the
inverse of Sphericity. Therefore, the value range is ,


sphericity =
36πV 2− −−−−−√3


A


0 < sphericity ≤ 1


compactness 1 =
V


πA3− −−−√


0 < compactness 1 ≤ 1
6π


1
6π


compactness 1 = =1
6π


compactness 2− −−−−−−−−−−−√ 1
6π


sphericity3− −−−−−−−−√


compactness 2 = 36π
V 2


A3


0 < compactness 2 ≤ 1


compactness 2 = (sphericity)3


spherical disproportion = =
A


4πR2


A


36πV 2− −−−−−
√3


R


3V
4π


−−−
√3


spherical disproportion ≥ 1







with a value of 1 indicating a perfect sphere.


9. Maximum 3D diameter


Maximum 3D diameter is defined as the largest pairwise Euclidean distance between
tumor surface mesh vertices.


Also known as Feret Diameter.


10. Maximum 2D diameter (Slice)


Maximum 2D diameter (Slice) is defined as the largest pairwise Euclidean distance
between tumor surface mesh vertices in the row-column (generally the axial) plane.


11. Maximum 2D diameter (Column)


Maximum 2D diameter (Column) is defined as the largest pairwise Euclidean distance
between tumor surface mesh vertices in the row-slice (usually the coronal) plane.


12. Maximum 2D diameter (Row)


Maximum 2D diameter (Row) is defined as the largest pairwise Euclidean distance
between tumor surface mesh vertices in the column-slice (usually the sagittal) plane.


13. Major Axis Length


This feature yield the largest axis length of the ROI-enclosing ellipsoid and is calculated
using the largest principal component .


The principal component analysis is performed using the physical coordinates of the
voxel centers defining the ROI. It therefore takes spacing into account, but does not
make use of the shape mesh.


14. Minor Axis Length


This feature yield the second-largest axis length of the ROI-enclosing ellipsoid and is
calculated using the largest principal component .


The principal component analysis is performed using the physical coordinates of the
voxel centers defining the ROI. It therefore takes spacing into account, but does not
make use of the shape mesh.


15. Least Axis Length
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This feature yield the smallest axis length of the ROI-enclosing ellipsoid and is
calculated using the largest principal component . In case of a 2D segmentation,
this value will be 0.


The principal component analysis is performed using the physical coordinates of the
voxel centers defining the ROI. It therefore takes spacing into account, but does not
make use of the shape mesh.


16. Elongation


Elongation shows the relationship between the two largest principal components in the
ROI shape. For computational reasons, this feature is defined as the inverse of true
elongation.


Here,  and  are the lengths of the largest and second largest principal
component axes. The values range between 1 (where the cross section through the first
and second largest principal moments is circle-like (non-elongated)) and 0 (where the
object is a maximally elongated: i.e. a 1 dimensional line).


The principal component analysis is performed using the physical coordinates of the
voxel centers defining the ROI. It therefore takes spacing into account, but does not
make use of the shape mesh.


17. Flatness


Flatness shows the relationship between the largest and smallest principal components
in the ROI shape. For computational reasons, this feature is defined as the inverse of
true flatness.


Here,  and  are the lengths of the largest and smallest principal component
axes. The values range between 1 (non-flat, sphere-like) and 0 (a flat object, or single-
slice segmentation).


The principal component analysis is performed using the physical coordinates of the
voxel centers defining the ROI. It therefore takes spacing into account, but does not
make use of the shape mesh.


Shape Features (2D)
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In this group of features we included descriptors of the two-dimensional size and shape of
the ROI. These features are independent from the gray level intensity distribution in the ROI
and are therefore only calculated on the non-derived image and mask.


Unless otherwise specified, features are derived from the approximated shape defined by
the circumference mesh. To build this mesh, vertices (points) are first defined as points
halfway on an edge between a pixel included in the ROI and one outside the ROI. By
connecting these vertices a mesh of connected lines is obtained, with each line defined by
2 adjacent vertices, which shares each a point with exactly one other line.


This mesh is generated using an adapted version marching cubes algorithm. In this
algorithm, a 2x2 square is moved through the mask space (2d). For each position, the
corners of the square are then marked ‘segmented’ (1) or ‘not segmented’ (0). Treating the
corners as specific bits in a binary number, a unique square-index is obtained (0-15). This
index is then used to determine which lines are present in the square, which are defined in
a lookup table.


These lines are defined in such a way, that the normal of the triangle defined by these
points and the origin is always oriented in the a consistent direction. This results in signed
values for the surface area of each triangle, so that when summed, the superfluous
(postive) area included by triangles partly inside and outside the ROI is perfectly cancelled
out by the (negative) area of triangles entirely outside the ROI.


Let:


 represent the number of pixels included in the ROI
 represent the number of lines defining the circumference (perimeter) Mesh.


 the surface area of the mesh in mm , calculated by getMeshSurfaceFeatureValue()


 the perimeter of the mesh in mm, calculated by getPerimeterFeatureValue()


References:
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1. Mesh Surface


where:


 and  are edges of the  triangle in the mesh, formed by vertices ,  of
the perimiter and the origin .
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To calculate the surface area, first the signed surface area  of each triangle in the
mesh is calculated (1). The total surface area is then obtained by taking the sum of all
calculated sub-areas (2), where the sign will ensure correct surface area, as the
negative area of triangles outside the ROI will cancel out the surplus area included by
triangles partly inside and partly outside the ROI.


2. Pixel Surface


The surface area of the ROI  is approximated by multiplying the number of pixels
in the ROI by the surface area of a single pixel . This is a less precise approximation
of the surface area. This feature does not make use of the mesh and is not used in
calculation of other 2D shape features.


3. Perimeter


where:


 and  are vertices of the  line in the perimeter mesh.


To calculate the perimeter, first the perimeter  of each line in the mesh circumference
is calculated (1). The total perimeter is then obtained by taking the sum of all calculated
sub-areas (2).


4. Perimeter to Surface ratio


Here, a lower value indicates a more compact (circle-like) shape. This feature is not
dimensionless, and is therefore (partly) dependent on the surface area of the ROI.


5. Sphericity


Where  is the radius of a circle with the same surface as the ROI, and equal to .
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Sphericity is the ratio of the perimeter of the tumor region to the perimeter of a circle
with the same surface area as the tumor region and therefore a measure of the
roundness of the shape of the tumor region relative to a circle. It is a dimensionless
measure, independent of scale and orientation. The value range is 


, where a value of 1 indicates a perfect circle (a circle has the
smallest possible perimeter for a given surface area, compared to other shapes).


6. Spherical Disproportion


Spherical Disproportion is the ratio of the perimeter of the tumor region to the perimeter
of a circle with the same surface area as the tumor region, and by definition, the inverse
of Sphericity. Therefore, the value range is , with a
value of 1 indicating a perfect sphere.


7. Maximum 2D diameter


Maximum diameter is defined as the largest pairwise Euclidean distance between tumor
surface mesh vertices.


8. Major Axis Length


This feature yield the largest axis length of the ROI-enclosing ellipsoid and is calculated
using the largest principal component .


The principal component analysis is performed using the physical coordinates of the
pixel centers defining the ROI. It therefore takes spacing into account, but does not
make use of the shape mesh.


9. Minor Axis Length


This feature yield the second-largest axis length of the ROI-enclosing ellipsoid and is
calculated using the largest principal component .


The principal component analysis is performed using the physical coordinates of the
pixel centers defining the ROI. It therefore takes spacing into account, but does not
make use of the shape mesh.


10. Elongation
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Elongation shows the relationship between the two largest principal components in the
ROI shape. For computational reasons, this feature is defined as the inverse of true
elongation.


Here,  and  are the lengths of the largest and second largest principal
component axes. The values range between 1 (where the cross section through the first
and second largest principal moments is circle-like (non-elongated)) and 0 (where the
object is a maximally elongated: i.e. a 1 dimensional line).


The principal component analysis is performed using the physical coordinates of the
pixel centers defining the ROI. It therefore takes spacing into account, but does not
make use of the shape mesh.


Gray Level Co-occurrence Matrix (GLCM) Features


A Gray Level Co-occurrence Matrix (GLCM) of size  describes the second-order
joint probability function of an image region constrained by the mask and is defined as 


. The  element of this matrix represents the number of times the
combination of levels  and  occur in two pixels in the image, that are separated by a
distance of  pixels along angle . The distance  from the center voxel is defined as the
distance according to the infinity norm. For , this results in 2 neighbors for each of 13
angles in 3D (26-connectivity) and for  a 98-connectivity (49 unique angles).


Note that pyradiomics by default computes symmetrical GLCM!


As a two dimensional example, let the following matrix  represent a 5x5 image, having 5
discrete grey levels:


For distance  (considering pixels with a distance of 1 pixel from each other) and angle
 (horizontal plane, i.e. voxels to the left and right of the center voxel), the following


symmetrical GLCM is obtained:
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Let:


 be an arbitrarily small positive number ( )
 be the co-occurence matrix for an arbitrary  and 


 be the normalized co-occurence matrix and equal to 


 be the number of discrete intensity levels in the image


 be the marginal row probabilities


 be the marginal column probabilities


 be the mean gray level intensity of  and defined as 


 be the mean gray level intensity of  and defined as 


 be the standard deviation of 
 be the standard deviation of 


 be the entropy of 


 be the entropy of 


 be the entropy of 


By default, the value of a feature is calculated on the GLCM for each angle separately, after
which the mean of these values is returned. If distance weighting is enabled, GLCM
matrices are weighted by weighting factor W and then summed and normalised. Features
are then calculated on the resultant matrix. Weighting factor W is calculated for the distance
between neighbouring voxels by:


, where d is the distance for the associated angle according to the norm
specified in setting ‘weightingNorm’.
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1. Autocorrelation
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Autocorrelation is a measure of the magnitude of the fineness and coarseness of
texture.


2. Joint Average


Returns the mean gray level intensity of the  distribution.


3. Cluster Prominence


Cluster Prominence is a measure of the skewness and asymmetry of the GLCM. A
higher values implies more asymmetry about the mean while a lower value indicates a
peak near the mean value and less variation about the mean.


4. Cluster Shade


Cluster Shade is a measure of the skewness and uniformity of the GLCM. A higher
cluster shade implies greater asymmetry about the mean.


5. Cluster Tendency


Cluster Tendency is a measure of groupings of voxels with similar gray-level values.


6. Contrast


Contrast is a measure of the local intensity variation, favoring values away from the
diagonal . A larger value correlates with a greater disparity in intensity values
among neighboring voxels.


7. Correlation
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Correlation is a value between 0 (uncorrelated) and 1 (perfectly correlated) showing the
linear dependency of gray level values to their respective voxels in the GLCM.


8. Difference Average


Difference Average measures the relationship between occurrences of pairs with similar
intensity values and occurrences of pairs with differing intensity values.


9. Difference Entropy


Difference Entropy is a measure of the randomness/variability in neighborhood intensity
value differences.


10. Difference Variance


Difference Variance is a measure of heterogeneity that places higher weights on
differing intensity level pairs that deviate more from the mean.


DEPRECATED. Dissimilarity


11. Joint Energy


Energy is a measure of homogeneous patterns in the image. A greater Energy implies
that there are more instances of intensity value pairs in the image that neighbor each
other at higher frequencies.
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12. Joint Entropy


Joint entropy is a measure of the randomness/variability in neighborhood intensity
values.


DEPRECATED. Homogeneity 1


DEPRECATED. Homogeneity 2


13. Informational Measure of Correlation (IMC) 1


IMC1 assesses the correlation between the probability distributions of  and 
(quantifying the complexity of the texture), using mutual information I(x, y):


However, in this formula, the numerator is defined as HXY - HXY1 (i.e. ), and
is therefore . This reflects how this feature is defined in the original Haralick paper.


In the case where the distributions are independent, there is no mutual information and
the result will therefore be 0. In the case of uniform distribution with complete
dependence, mutual information will be equal to .


Finally,  is divided by the maximum of the 2 marginal entropies, where
in the latter case of complete dependence (not necessarily uniform; low complexity) it
will result in , as .
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14. Informational Measure of Correlation (IMC) 2


IMC2 also assesses the correlation between the probability distributions of  and 
(quantifying the complexity of the texture). Of interest is to note that 
and that  represents the mutual information of the 2 distributions.
Therefore, the range of IMC2 = [0, 1), with 0 representing the case of 2 independent
distributions (no mutual information) and the maximum value representing the case of 2
fully dependent and uniform distributions (maximal mutual information, equal to 


). In this latter case, the maximum value is then equal to ,
approaching 1.


15. Inverse Difference Moment (IDM)


IDM (a.k.a Homogeneity 2) is a measure of the local homogeneity of an image. IDM
weights are the inverse of the Contrast weights (decreasing exponentially from the
diagonal i=j in the GLCM).


16. Maximal Correlation Coefficient (MCC)


The Maximal Correlation Coefficient is a measure of complexity of the texture and 
.


In case of a flat region, each GLCM matrix has shape (1, 1), resulting in just 1
eigenvalue. In this case, an arbitrary value of 1 is returned.


17. Inverse Difference Moment Normalized (IDMN)


IDMN (inverse difference moment normalized) is a measure of the local homogeneity of
an image. IDMN weights are the inverse of the Contrast weights (decreasing
exponentially from the diagonal  in the GLCM). Unlike Homogeneity2, IDMN
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normalizes the square of the difference between neighboring intensity values by dividing
over the square of the total number of discrete intensity values.


18. Inverse Difference (ID)


ID (a.k.a. Homogeneity 1) is another measure of the local homogeneity of an image.
With more uniform gray levels, the denominator will remain low, resulting in a higher
overall value.


19. Inverse Difference Normalized (IDN)


IDN (inverse difference normalized) is another measure of the local homogeneity of an
image. Unlike Homogeneity1, IDN normalizes the difference between the neighboring
intensity values by dividing over the total number of discrete intensity values.


20. Inverse Variance


Note that  is skipped, as this would result in a division by 0.


21. Maximum Probability


Maximum Probability is occurrences of the most predominant pair of neighboring
intensity values.


22. Sum Average


Sum Average measures the relationship between occurrences of pairs with lower
intensity values and occurrences of pairs with higher intensity values.


DEPRECATED. Sum Variance
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23. Sum Entropy


Sum Entropy is a sum of neighborhood intensity value differences.


24. Sum of Squares


Sum of Squares or Variance is a measure in the distribution of neigboring intensity level
pairs about the mean intensity level in the GLCM.


Gray Level Size Zone Matrix (GLSZM) Features


A Gray Level Size Zone (GLSZM) quantifies gray level zones in an image. A gray level
zone is defined as a the number of connected voxels that share the same gray level
intensity. A voxel is considered connected if the distance is 1 according to the infinity norm
(26-connected region in a 3D, 8-connected region in 2D). In a gray level size zone matrix 


 the  element equals the number of zones with gray level  and size  appear
in image. Contrary to GLCM and GLRLM, the GLSZM is rotation independent, with only one
matrix calculated for all directions in the ROI.


As a two dimensional example, consider the following 5x5 image, with 5 discrete gray
levels:


The GLSZM then becomes:
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Let:


 be the number of discreet intensity values in the image
 be the number of discreet zone sizes in the image
 be the number of voxels in the image
 be the number of zones in the ROI, which is equal to  and 


 be the size zone matrix


 be the normalized size zone matrix, defined as 


References


Guillaume Thibault; Bernard Fertil; Claire Navarro; Sandrine Pereira; Pierre Cau;
Nicolas Levy; Jean Sequeira; Jean-Luc Mari (2009). “Texture Indexes and Gray Level
Size Zone Matrix. Application to Cell Nuclei Classification”. Pattern Recognition and
Information Processing (PRIP): 140-145.
https://en.wikipedia.org/wiki/Gray_level_size_zone_matrix


1. Small Area Emphasis (SAE)


SAE is a measure of the distribution of small size zones, with a greater value indicative
of more smaller size zones and more fine textures.


2. Large Area Emphasis (LAE)


LAE is a measure of the distribution of large area size zones, with a greater value
indicative of more larger size zones and more coarse textures.


3. Gray Level Non-Uniformity (GLN)


GLN measures the variability of gray-level intensity values in the image, with a lower
value indicating more homogeneity in intensity values.


4. Gray Level Non-Uniformity Normalized (GLNN)
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GLNN measures the variability of gray-level intensity values in the image, with a lower
value indicating a greater similarity in intensity values. This is the normalized version of
the GLN formula.


5. Size-Zone Non-Uniformity (SZN)


SZN measures the variability of size zone volumes in the image, with a lower value
indicating more homogeneity in size zone volumes.


6. Size-Zone Non-Uniformity Normalized (SZNN)


SZNN measures the variability of size zone volumes throughout the image, with a lower
value indicating more homogeneity among zone size volumes in the image. This is the
normalized version of the SZN formula.


7. Zone Percentage (ZP)


ZP measures the coarseness of the texture by taking the ratio of number of zones and
number of voxels in the ROI.


Values are in range , with higher values indicating a larger portion of the


ROI consists of small zones (indicates a more fine texture).


8. Gray Level Variance (GLV)


Here, 


GLV measures the variance in gray level intensities for the zones.
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9. Zone Variance (ZV)


Here, 


ZV measures the variance in zone size volumes for the zones.


10. Zone Entropy (ZE)


Here,  is an arbitrarily small positive number ( ).


ZE measures the uncertainty/randomness in the distribution of zone sizes and gray
levels. A higher value indicates more heterogeneneity in the texture patterns.


11. Low Gray Level Zone Emphasis (LGLZE)


LGLZE measures the distribution of lower gray-level size zones, with a higher value
indicating a greater proportion of lower gray-level values and size zones in the image.


12. High Gray Level Zone Emphasis (HGLZE)


HGLZE measures the distribution of the higher gray-level values, with a higher value
indicating a greater proportion of higher gray-level values and size zones in the image.


13. Small Area Low Gray Level Emphasis (SALGLE)


SALGLE measures the proportion in the image of the joint distribution of smaller size
zones with lower gray-level values.


14. Small Area High Gray Level Emphasis (SAHGLE)
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SAHGLE measures the proportion in the image of the joint distribution of smaller size
zones with higher gray-level values.


15. Large Area Low Gray Level Emphasis (LALGLE)


LALGLE measures the proportion in the image of the joint distribution of larger size
zones with lower gray-level values.


16. Large Area High Gray Level Emphasis (LAHGLE)


LAHGLE measures the proportion in the image of the joint distribution of larger size
zones with higher gray-level values.


Gray Level Run Length Matrix (GLRLM) Features


A Gray Level Run Length Matrix (GLRLM) quantifies gray level runs, which are defined as
the length in number of pixels, of consecutive pixels that have the same gray level value. In
a gray level run length matrix , the  element describes the number of runs
with gray level  and length  occur in the image (ROI) along angle .


As a two dimensional example, consider the following 5x5 image, with 5 discrete gray
levels:


The GLRLM for , where 0 degrees is the horizontal direction, then becomes:
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Let:


 be the number of discreet intensity values in the image
 be the number of discreet run lengths in the image
 be the number of voxels in the image


 be the number of runs in the image along angle , which is equal to 
 and 


 be the run length matrix for an arbitrary direction 


 be the normalized run length matrix, defined as 


By default, the value of a feature is calculated on the GLRLM for each angle separately,
after which the mean of these values is returned. If distance weighting is enabled, GLRLMs
are weighted by the distance between neighbouring voxels and then summed and
normalised. Features are then calculated on the resultant matrix. The distance between
neighbouring voxels is calculated for each angle using the norm specified in
‘weightingNorm’.


References


Galloway MM. 1975. Texture analysis using gray level run lengths. Computer Graphics
and Image Processing, 4(2):172-179.
Chu A., Sehgal C.M., Greenleaf J. F. 1990. Use of gray value distribution of run length
for texture analysis. Pattern Recognition Letters, 11(6):415-419
Xu D., Kurani A., Furst J., Raicu D. 2004. Run-Length Encoding For Volumetric Texture.
International Conference on Visualization, Imaging and Image Processing (VIIP), p. 452-
458
Tang X. 1998. Texture information in run-length matrices. IEEE Transactions on Image
Processing 7(11):1602-1609.
Tustison N., Gee J. Run-Length Matrices For Texture Analysis. Insight Journal 2008
January - June.


1. Short Run Emphasis (SRE)


SRE is a measure of the distribution of short run lengths, with a greater value indicative
of shorter run lengths and more fine textural textures.


2. Long Run Emphasis (LRE)


LRE is a measure of the distribution of long run lengths, with a greater value indicative
of longer run lengths and more coarse structural textures.
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3. Gray Level Non-Uniformity (GLN)


GLN measures the similarity of gray-level intensity values in the image, where a lower
GLN value correlates with a greater similarity in intensity values.


4. Gray Level Non-Uniformity Normalized (GLNN)


GLNN measures the similarity of gray-level intensity values in the image, where a lower
GLNN value correlates with a greater similarity in intensity values. This is the normalized
version of the GLN formula.


5. Run Length Non-Uniformity (RLN)


RLN measures the similarity of run lengths throughout the image, with a lower value
indicating more homogeneity among run lengths in the image.


6. Run Length Non-Uniformity Normalized (RLNN)


RLNN measures the similarity of run lengths throughout the image, with a lower value
indicating more homogeneity among run lengths in the image. This is the normalized
version of the RLN formula.


7. Run Percentage (RP)


RP measures the coarseness of the texture by taking the ratio of number of runs and
number of voxels in the ROI.


Values are in range , with higher values indicating a larger portion of the


ROI consists of short runs (indicates a more fine texture).
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8. Gray Level Variance (GLV)


Here, 


GLV measures the variance in gray level intensity for the runs.


9. Run Variance (RV)


Here, 


RV is a measure of the variance in runs for the run lengths.


10. Run Entropy (RE)


Here,  is an arbitrarily small positive number ( ).


RE measures the uncertainty/randomness in the distribution of run lengths and gray
levels. A higher value indicates more heterogeneity in the texture patterns.


11. Low Gray Level Run Emphasis (LGLRE)


LGLRE measures the distribution of low gray-level values, with a higher value indicating
a greater concentration of low gray-level values in the image.


12. High Gray Level Run Emphasis (HGLRE)


HGLRE measures the distribution of the higher gray-level values, with a higher value
indicating a greater concentration of high gray-level values in the image.
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13. Short Run Low Gray Level Emphasis (SRLGLE)


SRLGLE measures the joint distribution of shorter run lengths with lower gray-level
values.


14. Short Run High Gray Level Emphasis (SRHGLE)


SRHGLE measures the joint distribution of shorter run lengths with higher gray-level
values.


15. Long Run Low Gray Level Emphasis (LRLGLE)


LRLGLRE measures the joint distribution of long run lengths with lower gray-level
values.


16. Long Run High Gray Level Emphasis (LRHGLE)


LRHGLRE measures the joint distribution of long run lengths with higher gray-level
values.


Neighbouring Gray Tone Difference Matrix (NGTDM)
Features


A Neighbouring Gray Tone Difference Matrix quantifies the difference between a gray value
and the average gray value of its neighbours within distance . The sum of absolute
differences for gray level  is stored in the matrix. Let  be a set of segmented voxels and


 be the gray level of a voxel at postion , then the average
gray level of the neigbourhood is:
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Here,  is the number of voxels in the neighbourhood that are also in .


As a two dimensional example, let the following matrix  represent a 4x4 image, having 5
discrete grey levels, but no voxels with gray level 4:


The following NGTDM can be obtained:


6 pixels have gray level 1, therefore:


For gray level 2, there are 2 pixels, therefore:


Similar for gray values 3 and 5:


Let:


 be the number of voxels in  with gray level 


 be the total number of voxels in  and equal to  (i.e. the number of voxels with
a valid region; at least 1 neighbor). , where  is the total number of voxels in
the ROI.


 be the gray level probability and equal to 


 be the sum of absolute differences for gray level 
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 be the number of discreet gray levels


 be the number of gray levels where 
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Calculate and return the coarseness.


Coarseness is a measure of average difference between the center voxel and its
neighbourhood and is an indication of the spatial rate of change. A higher value
indicates a lower spatial change rate and a locally more uniform texture.


N.B.  potentially evaluates to 0 (in case of a completely homogeneous
image). If this is the case, an arbitrary value of  is returned.


Calculate and return the contrast.


Contrast is a measure of the spatial intensity change, but is also dependent on the
overall gray level dynamic range. Contrast is high when both the dynamic range and the
spatial change rate are high, i.e. an image with a large range of gray levels, with large
changes between voxels and their neighbourhood.


N.B. In case of a completely homogeneous image, , which would result in a
division by 0. In this case, an arbitray value of 0 is returned.


Calculate and return the busyness.


A measure of the change from a pixel to its neighbour. A high value for busyness
indicates a ‘busy’ image, with rapid changes of intensity between pixels and its
neighbourhood.


N.B. if , then . If this is the case, 0 is returned, as it concerns a
fully homogeneous region.


Calculate and return the complexity.
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An image is considered complex when there are many primitive components in the
image, i.e. the image is non-uniform and there are many rapid changes in gray level
intensity.


Calculate and return the strength.


Strength is a measure of the primitives in an image. Its value is high when the primitives
are easily defined and visible, i.e. an image with slow change in intensity but more large
coarse differences in gray level intensities.


N.B.  potentially evaluates to 0 (in case of a completely homogeneous image).
If this is the case, 0 is returned.


Gray Level Dependence Matrix (GLDM) Features


A Gray Level Dependence Matrix (GLDM) quantifies gray level dependencies in an image.
A gray level dependency is defined as a the number of connected voxels within distance 
that are dependent on the center voxel. A neighbouring voxel with gray level  is considered
dependent on center voxel with gray level  if . In a gray level dependence
matrix  the  element describes the number of times a voxel with gray level 
with  dependent voxels in its neighbourhood appears in image.


As a two dimensional example, consider the following 5x5 image, with 5 discrete gray
levels:


For  and , the GLDM then becomes:
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 be the number of discreet intensity values in the image
 be the number of discreet dependency sizes in the image
 be the number of dependency zones in the image, which is equal to 


 be the dependence matrix


 be the normalized dependence matrix, defined as 
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1. Small Dependence Emphasis (SDE)


A measure of the distribution of small dependencies, with a greater value indicative of
smaller dependence and less homogeneous textures.


2. Large Dependence Emphasis (LDE)


A measure of the distribution of large dependencies, with a greater value indicative of
larger dependence and more homogeneous textures.


3. Gray Level Non-Uniformity (GLN)


Measures the similarity of gray-level intensity values in the image, where a lower GLN
value correlates with a greater similarity in intensity values.


DEPRECATED. Gray Level Non-Uniformity Normalized (GLNN)


4. Dependence Non-Uniformity (DN)
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Measures the similarity of dependence throughout the image, with a lower value
indicating more homogeneity among dependencies in the image.


5. Dependence Non-Uniformity Normalized (DNN)


Measures the similarity of dependence throughout the image, with a lower value
indicating more homogeneity among dependencies in the image. This is the normalized
version of the DLN formula.


6. Gray Level Variance (GLV)


Measures the variance in grey level in the image.


7. Dependence Variance (DV)


Measures the variance in dependence size in the image.


8. Dependence Entropy (DE)


DEPRECATED. Dependence Percentage


9. Low Gray Level Emphasis (LGLE)


Measures the distribution of low gray-level values, with a higher value indicating a
greater concentration of low gray-level values in the image.
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10. High Gray Level Emphasis (HGLE)


Measures the distribution of the higher gray-level values, with a higher value indicating a
greater concentration of high gray-level values in the image.


11. Small Dependence Low Gray Level Emphasis (SDLGLE)


Measures the joint distribution of small dependence with lower gray-level values.


12. Small Dependence High Gray Level Emphasis (SDHGLE)


Measures the joint distribution of small dependence with higher gray-level values.


13. Large Dependence Low Gray Level Emphasis (LDLGLE)


Measures the joint distribution of large dependence with lower gray-level values.


14. Large Dependence High Gray Level Emphasis (LDHGLE)


Measures the joint distribution of large dependence with higher gray-level values.


[1] Zwanenburg, A., Leger, S., Vallières, M., and Löck, S. (2016). Image biomarker standardisation
initiative - feature definitions. In eprint arXiv:1612.07003 [cs.CV]
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https://pyradiomics.readthedocs.io/en/latest/features.html#id1
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AdditiveGaussiannoiseFilter 


Alter an image with additive Gaussian white noise.Additive Gaussian white noise can be 


modeled as: 


 


where  is the observed image,  is the noise-free image and  is a normally distributed 


random variable of mean  and variance  : 


 


The noise is independent of the pixel intensities. 


BilateralFilter 


This filter uses bilateral filtering to blur an image using both domain and range 


"neighborhoods". Pixels that are close to a pixel in the image domain and similar to a pixel in the 


image range are used to calculate the filtered value. Two gaussian kernels (one in the image 


domain and one in the image range) are used to smooth the image. The result is an image that is 


smoothed in homogeneous regions yet has edges preserved. The result is similar to anisotropic 


diffusion but the implementation in non-iterative. Another benefit to bilateral filtering is that any 


distance metric can be used for kernel smoothing the image range. Hence, color images can be 


smoothed as vector images, using the CIE distances between intensity values as the similarity 


metric (the Gaussian kernel for the image domain is evaluated using CIE distances). A separate 


version of this filter will be designed for color and vector images.Bilateral filtering is capable of 


reducing the noise in an image by an order of magnitude while maintaining edges. 


 
BinomialBlurImageFilter 


Performs a separable blur on each dimension of an image.The binomial blur consists of a 


nearest neighbor average along each image dimension. The net result after n-iterations approaches 


convultion with a gaussian. 


 


BoxMeanFilter 


Implements a fast rectangular mean filter using the accumulator approach. 
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BoxSigmaImageFilter 


Implements a fast rectangular sigma filter using the accumulator approach. 


 


CurvatureFlowFilter 


Denoise an image using curvature driven flow.CurvatureFlowImageFilter implements a 


curvature driven image denoising algorithm. Iso-brightness contours in the grayscale input image 


are viewed as a level set. The level set is then evolved using a curvature-based speed function: 


 


where  is the curvature. 


The advantage of this approach is that sharp boundaries are preserved with smoothing 


occurring only within a region. However, it should be noted that continuous application of this 


scheme will result in the eventual removal of all information as each contour shrinks to zero and 


disappear. 


Note that unlike level set segmentation algorithms, the image to be denoised is already the 


level set and can be set directly as the input using the SetInput() method. 


This filter has two parameters: the number of update iterations to be performed and the 


timestep between each update. 


The timestep should be "small enough" to ensure numerical stability. Stability is guarantee 


when the timestep meets the CFL (Courant-Friedrichs-Levy) condition. Broadly speaking, this 


condition ensures that each contour does not move more than one grid position at each timestep. 


In the literature, the timestep is typically user specified and have to manually tuned to the 


application. 


This filter make use of the multi-threaded finite difference solver hierarchy. Updates are 


computed using a CurvatureFlowFunction object. A zero flux Neumann boundary condition when 


computing derivatives near the data boundary. 


This filter may be streamed. To support streaming this filter produces a padded output which 


takes into account edge effects. The size of the padding is m_NumberOfIterations on each edge. 


Users of this filter should only make use of the center valid central region. 



https://itk.org/SimpleITKDoxygen/html/classitk_1_1simple_1_1CurvatureFlowImageFilter.html

https://www.itk.org/Doxygen/html/classitk_1_1CurvatureFlowFunction.html
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DiscreteGaussianFilter 


Blurs an image by separable convolution with discrete gaussian kernels. This filter performs 


Gaussian blurring by separable convolution of an image and a discrete Gaussian operator 


(kernel).The Gaussian operator used here was described by Tony Lindeberg (Discrete Scale-Space 


Theory and the Scale-Space Primal Sketch. Dissertation. Royal Institute of Technology, 


Stockholm, Sweden. May 1991.) The Gaussian kernel used here was designed so that smoothing 


and derivative operations commute after discretization. 


 
LaplacianSharpeningFilter 


This filter sharpens an image using a Laplacian. LaplacianSharpening highlights regions of 


rapid intensity change and therefore highlights or enhances the edges. The result is an image that 


appears more in focus. 


 


MeanFilter 


Applies an averaging filter to an image.Computes an image where a given pixel is the mean 


value of the the pixels in a neighborhood about the corresponding input pixel.A mean filter is one 


of the family of linear filters. 


 


MedianFilter 


Applies a median filter to an image.Computes an image where a given pixel is the median 


value of the the pixels in a neighborhood about the corresponding input pixel.A median filter is 


one of the family of nonlinear filters. It is used to smooth an image without being biased by 


outliers or shot noise. 


 


NormalizeFilter 


Normalize an image by setting its mean to zero and variance to one. NormalizeImageFilter 


shifts and scales an image so that the pixels in the image have a zero mean and unit variance. This 


filter uses StatisticsImageFilter to compute the mean and variance of the input and then applies 
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ShiftScaleImageFilter to shift and scale the pixels.NB: since this filter normalizes the data to lie 


within -1 to 1, integral types will produce an image that DOES NOT HAVE a unit variance. 


 


 
RecursiveGaussianFilter 


Base class for computing IIR convolution with an approximation of a Gaussian kernel. 


 


RecursiveGaussianImageFilter is the base class for recursive filters that approximate 


convolution with the Gaussian kernel. This class implements the recursive filtering method 


proposed by R.Deriche in IEEE-PAMI Vol.12, No.1, January 1990, pp 78-87, "Fast Algorithms 


for Low-Level Vision" 


 


ShotNoiseFilter 


Alter an image with shot noise. 


The shot noise follows a Poisson distribution: 


 


where  is a Poisson-distributed random variable of mean  . The noise is thus dependent on 


the pixel intensities in the image. 


The intensities in the image can be scaled by a user provided value to map pixel values to the 


actual number of particles. The scaling can be seen as the inverse of the gain used during the 


acquisition. The noisy signal is then scaled back to its input intensity range: 


 


where  is the scale factor. 


The Poisson-distributed variable  is computed by using the algorithm: 
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where  provides a uniformly distributed random variable in the interval  . 


This algorithm is very inefficient for large values of  , though. Fortunately, the Poisson 


distribution can be accurately approximated by a Gaussian distribution of mean and 


variance  when  is large enough. In this implementation, this value is considered to be 50. This 


leads to the faster algorithm: 


 


where  is a normally distributed random variable of mean 0 and variance 1. 


 


SmoothingRecursiveGaussianFilter 
 


Computes the smoothing of an image by convolution with the Gaussian kernels implemented 


as IIR filters.This filter is implemented using the recursive gaussian filters. For multi-component 


images, the filter works on each component independently.For this filter to be able to run in-place 


the input and output image types need to be the same and/or the same type as the RealImageType. 


 


SpeckleNoiseFilter 
 


Alter an image with speckle (multiplicative) noise.The speckle noise follows a gamma 


distribution of mean 1 and standard deviation provided by the user. The noise is proportional to 


the pixel intensity. 


It can be modeled as: 


 


where  is a is a gamma distributed random variable of mean 1 and variance proportional to 


the noise level: 
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LoGFilter 
 


Computes the Laplacian of Gaussian (LoG) of an image.Computes the Laplacian of Gaussian 


(LoG) of an image by convolution with the second derivative of a Gaussian. This filter is 


implemented using the recursive gaussian filters. 


 


 
 
WaveletFilter 


A wavelet is a wave-like oscillation with an amplitude that begins at zero, increases, and 


then decreases back to zero. It can typically be visualized as a "brief oscillation" like one 


recorded by a seismograph or heart monitor. Generally, wavelets are intentionally crafted to 


have specific properties that make them useful for signal processing. Using a "reverse, shift, 


multiply and integrate" technique called convolution, wavelets can be combined with known 


portions of a damaged signal to extract information from the unknown portions. 


For example, a wavelet could be created to have a frequency of Middle C and a short 


duration of roughly a 32nd note. If this wavelet were to be convolved with a signal created from 


the recording of a song, then the resulting signal would be useful for determining when the Middle 


C note was being played in the song. Mathematically, the wavelet will correlate with the signal if 


the unknown signal contains information of similar frequency. This concept of correlation is at the 


core of many practical applications of wavelet theory. 


As a mathematical tool, wavelets can be used to extract information from many different 


kinds of data, including – but not limited to – audio signals and images. Sets of wavelets are 


generally needed to analyze data fully. A set of "complementary" wavelets will decompose data 


without gaps or overlap so that the decomposition process is mathematically reversible. Thus, sets 


of complementary wavelets are useful in wavelet based compression/decompression algorithms 


where it is desirable to recover the original information with minimal loss. 


In formal terms, this representation is a wavelet series representation of a square-integrable 


function with respect to either a complete, orthonormal set of basis functions, or an overcomplete 


set or frame of a vector space, for the Hilbert space of square integrable functions. This is 


accomplished through coherent states. 
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