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Appendices


Appendix A

Entropy: measure the complexity of the texture distribution. Entropy is a measure of chaos, if the values are consistently across, this means that the texture is very stochastic. Inverse to this property is the energy.



Contrast: reflects the distance from the GLCM diagonal. Values on the diagonal (where  and  are the same) result in zero contrast, whereas the contrast increases by increase of distance from the diagonal.




Where µ is the GLCM mean.


Difference of Entropy: measures the disorder related to the grey level difference distribution of the image.

where ,  are expressed as:



Sum of Entropy: measures the disorder related to the grey level sum distribution of the image.




Homogeneity: measures the smoothness (homogeneity) of the grey level distribution of the image; it is (approximately) inversely correlated with contrast—if contrast is small, usually homogeneity is large


Energy: reflects the regularity and uniformity of the image distribution. The energy is high when the voxels are very similar, e.g. chess image.




Appendix B

For the specific deep learning scheme with 5 hidden layers with size 20, the LRP algorithm is presented:


Relevance of the 7th Layer


Where the sixth layer is the real-valued prediction output of the classifier  for the two classes .

Relevance of the 6th Layer between neurons i and j
For 


,


Where  is the output of the fifth hidden layer using the tansig transfer function on the net input,  are the weights and  the biases of the neurons connect the fourth and third layer.  is 0.001 just to avoid the division with zero. So, the voxel-wise relevance in the third hidden layer is calculated as:


Relevance of the 5th Layer between neurons i and k
For  


,

Where  is the output of the fourth hidden layer using the tansig transfer function on the net input,  are the weights and  the biases of the neurons connect the second and third layer.  is 0.001 just to avoid the division with zero. So, the voxel-wise relevance in the second hidden layer is calculated as:

Relevance of the 4th Layer between neurons i and k
For  


,

Where  is the output of the third hidden layer using the tansig transfer function on the net input,  are the weights and  the biases of the neurons connect the second and third layer.  is 0.001 just to avoid the division with zero. So, the voxel-wise relevance in the second hidden layer is calculated as:


Relevance of the 3rd Layer between neurons i and k
For  


,

Where  is the output of the second hidden layer using the tansig transfer function on the net input,  are the weights and  the biases of the neurons connect the second and third layer.  is 0.001 just to avoid the division with zero. So, the voxel-wise relevance in the second hidden layer is calculated as:



Relevance of the 2nd Layer between neurons k and l
For  


,

Where  is the output of the first hidden layer using the tansig transfer function on the net input,  are the weights and  the biases of the neurons connect the second and third layer.  is 0.001 just to avoid the division with zero. So, the voxel-wise relevance in the first hidden layer is calculated as:



Relevance of the 1st Layer between input voxels and neurons l

For  voxels:

,

Where  is the input registered texture feature map based image,  are the weights and  the biases of the neurons connect the input and second layer. So, the voxel-wise relevance in the input layer is calculated as:





