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Abstract 

Recent studies introduced intensity based structure 
tensor analysis to extract the myocardium structure from 
micro X-ray computed tomography (micro-CT) images. 
The implementation of this method is empirical and 
encounters difficulties in validating the results. In this 
study, we performed series of tests using structure tensor 
analysis on synthetic tissue wedges with predefined fibre 
orientations, optimised the parameters of the method and 
applied it to the micro-CT images of a rabbit ventricular 
tissue. The accuracy of the method with several derivative 
filters and various parameters was investigated by 
quantifying the error in estimation in inclination angles. 
A measure of coherence was implemented to assess the 
coherence and reliability of the extracted orientations. 
We introduced Gaussian noise to investigate the 
robustness of this method. Our results suggest that the 
derivative of Gaussian and optimised Sobel derivative 
filter have better and balanced performances with overall 
mean error around 4. The scale parameters play an 
important role in securing the accuracy.  The algorithm is 
resistant to Gaussian noise. Using this method the 
myofibre orientation was successfully extracted from the 
ventricular tissue wedge images of the rabbit heart. 

1. Introduction

Anisotropic myofibre architecture has a significant 
impact on electric wave propagation in the heart and is 
important in developing structurally detailed 3-D 
anatomical models of cardiac electrophysiology. 
Diffusion Tensor Magnetic Resonance Imaging (DT-MRI) 
and micro X-ray computed tomography (micro-CT) are 
two non-invasive methods to acquire such information [1-
3]. Compared with DT-MRI, micro-CT has advantages in 
the ultimate resolution and scanning efficiency [1, 4]. 
Unlike DT-MRI where the fibre orientation is acquired 
from the diffusion tensor, the structural information was 

calculated using structure tensor analysis (STA) [1] in 
micro-CT.  Though STA has been extensively applied to 
extract fibre-like features [2, 5], and the myofibres [6], its 
implementation is still empirical as there are no 
guidelines for choosing the scale parameters and 
derivative filters, two crucial aspects to be considered in 
the algorithm. Besides, it is a big challenge to validate 
extracted myofibre structure, as the true nature of 
myofibre structure is still an on-going debate [7].  

To address this issue, we constructed synthetic tissue 
wedges with predefined fibre orientation to test the 
algorithm, and compared the performances of several 
derivative filters (DF): the finite difference method 
(FDM), the Sobel derivative filter (SDF) and its 
optimised version (OPSDF), derivative of Gaussian (DoG) 
[8] and Farid & Simoncelli derivative (FSD) [9]. The role 
of scale parameters in their performances was 
investigated. Gaussian noise was added to study the 
robustness of the algorithm and derivative filters. The 
algorithm was applied to a micro-CT scanned rabbit 
ventricular tissue wedge to extract the fibre orientations.  

2. Methods

The principle of STA has been introduced in detail 
previously [5]. Briefly, an image volume f (x), the scale 
space representation is defined as: 
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where g(x, t) is the Gaussian kernel with inner scale t. 
The structure tensor is given by: 
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where g(x0, ) is another Gaussian filtering kernel with 
outer scale , and Lxi denotes the image gradient. The 
orientation v can be solved through eigen-value analysis. 
The fibre is found where 12≫30, and v is the 
eigenvector corresponding to 3 [5]. 
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To represent the coherence and reliability of the 
estimated local fibre orientations, a coherence 
measurement for a given scale s, is defined as [10]: 
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Synthetic tissue wedges (STW) consisting of artificial 
fibres with predefined inclination angles were constructed 
(Figure 1), in which we used 1 to denote the intensity of 
the pixels on a fibre and 0 for the non-fibre pixels. The 
fibres within a single sheet shared the same inclination 
angle while the transverse angles were fixed to 90. The 
structural parameters of the tested STWs are shown in 
Table 1. The errors were quantified as the deviations of 
the computed angles from the predefined ones.  

 

 

Figure 1. Predefined fibre structure and its structural 
parameters. (A) Synthetic tissue wedge with varying 
inclination angles. (B) Fibres within a tissue sheet. The 
structural parameters are as follows: CN (normal clearance 
between the sheets), CL (longitudinal clearance), CT 
(transversal clearance), L (length of the fibre), W (width 
of the fibre). (C) Definition of fibre orientation angles: α 
(inclination angle), β (transverse angle).  
 
Table 1. Structural parameters of the testing STWs. 

STW  CN CL CT W L 
Single fibre pattern (SFP) 2 - - 1 33 
Parallel  continuous fibre 
pattern (CFP) 

2 - 2 1 33 

Parallel  discontinuous 
fibre pattern (DCFP) 

2 2 2 1 5 

 
3. Results 

3.1. Performance of derivative filters 

The algorithm was first applied to the simplest fibre 
pattern: only one long fibre within a tissue sheet (SFP, see 
Table 1). FSD was used to approximate the gradients. The 
resultant vectors are shown in Figure 2. The extracted 
vectors are consistent with the predefined orientations, 
except for those at the ends of the fibres, where the 
computed vectors are perpendicular to the real direction. 

As the errors are dependent on the pixel position on the 
fibre, both errors at the centre pixel of fibres (ECP) and 
average errors of all on-fibre-pixels on the same sheet 
(AEOFP) were quantified. ECP is a better error indicator as 
most pixels away from the fibre ends share the same error 
with the centre pixel of the fibre. In this simple case, the 
algorithm with FSD yielded ideal accuracy in estimating 
inclination angles, with ECP less than 0.6. The transverse 
angles were found to be uniformly 90. Therefore, the 
following tests were focused on the inclination angles.  

 

 
Figure 2. Comparison between STW (upper panel) and 
extracted fibre orientations (bottom panel) by FSD. The 
scale parameters were: t = 0.60 and  = 0.95. 
 

The parallel fibres (CFP and DCFP, see Table 1) were 
constructed to allow for further tests as well as comparing 
the performance of each of the DFs. Both ECP and AEOFP 
using the five DFs were quantified for the two fibre 
patterns with the same parameters (t = 0.60 and  = 0.95). 
The results are shown in Figure 3. The performance of the 
algorithm varies largely among the DFs for different fibre 
patterns. Generally, the algorithm exhibited better 
performance on the CFP, and AEOFP is larger than ECP, 
largely due to larger errors at fibre ends. The dependence 
of the error on the predefined angles indicates the 
rotation-variance of the derivatives (FDM, SDF). The 
FSD rendered distinct performances between the two 
fibre patterns, with mean ECP less than 1 on the CFP, 
while the computed directions almost perpendicular to the 
predefined orientations on the DCFP. The FDM yielded 
errors as large as 15 on the two fibre patterns. The SDF 
performed better, with mean ECP around 5 in both cases. 
OPSDF and DoG both exhibited balanced performances 
on the CFP and DCFP with mean ECP within 2 and 
AEOFP around 4 on CFP and 8 on DCFP, though DoG 
imposed larger errors at fibre ends (higher AEOFP). The 
results suggest that FSD performed well in the regular 
and continuous fibres, whereas OPSDF and DoG show 
higher robustness processing discontinuous fibres. 

 
3.2. The role of the smoothing scales 

Application of the two Gaussian smooth kernels is 
important in implementing the algorithm, as its accuracy 
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was found to be scale-dependent. We calculated the mean 
errors and coherencies with varying scales from 0 
(without Gaussian kernel) to 2. Results are shown in 
Figure 4. Tests on the CFP suggest that the derivatives 
allow for wide range of scales, though the outer scales 
should be greater than 0.2, and for FSD  should be over 
0.9 when t >1.5, in order to secure the accuracy in angle 
estimations. Error tests on the DCFP indicate the proper 
use of the scales is crucial to secure accuracy under such 
conditions, where the acceptable scale ranges are 
approximately {t < 0.9,  > 0.2} for OPSDF and DoG, 
and {t < 0.5, 0.9 >  > 0.4} for FSD. This is consistent 
with Figure 3. Figure 4C shows the coherence (defined in 
eqn. (3)) measured corresponding to Figure 4B. The 
coherence response has larger values at optimal scales, 
referring to lower error areas in Figure 4B, demonstrating 
the competence of the coherence measurement. 
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Figure 3. Averaged errors in inclination angles with 
respect to the predefined inclination angles. ECP (A, C) 
and AEOFP (B, D) with the fibre patterns CFP (A, B) and 
DCFP (C, D). 

3.3. Effects of the image noise 

The performance of the algorithm with image noise 
was examined by adding the Gaussian noise to the STW. 
Optimised scale parameters according to Figure 4 were 
applied (t = 0.30,  = 0.75). Results are shown in Figure 5. 
The extracted orientation accuracy is diminished with the 
increase of noise. OPSDF and DoG exhibited comparable 
performances, securing good accuracies with image noise 
level at (m ≤ 0.6,  2 = 0.01) or (m = 0.5,  2 ≤ 0.02). 
Again, performance of FSD was not as competent, 
yielding larger errors and dependence on the noise.  
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Figure 4. Dependence of mean error and coherence at the 
centre pixels on the smoothing scales. (A) Mean ECP tests 
on the CFP. (B) Mean ECP tests on the DCFP. (C) 
Coherence response tests on the DCFP. 
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3.4. Implementation on the tissue images 

The algorithm was implemented to extract fibre 
orientations from micro-CT images of a rabbit heart. The 
DoG was used to construct the structure tensor, which 
was then down-sampled once. The scale parameters were: 
t = 1.2 and  = 1.25. Figure 6 shows the extracted smooth 
myocardium and the thin Purkinje fibre (PF) inside the 
ventricular chamber. The fibre orientation gradually 
changes from the epicardium (EPI) to the endocardium 
(ENDO), showing a transmural heterogeneity. Our results 
are consistent with the work by Plank et al. [2]. 

 

 
Figure 6. Extracted fibre from a rabbit ventricular tissue 
wedge, the colour corresponds to the inclination angles.  

 
4. Discussion and conclusion 

Implementation of the STA suggests that the algorithm 
is competent in extracting the myofibres, given that 
proper derivatives and smoothing scales are applied. 
However, our data suggests that FDM yielded large errors 
in angle estimation; as such its use in STA is dubious. 
Though better than FDM, SDF is not competent either. 
Whilst FSD performs best out of all DFs when the fibres 
are regular and continuous, its accuracy is largely subject 
to image quality and choice of scales, and the estimated 
orientations at the boundaries of fibres may not be 
reliable. OPSDF and DoG are recommended with 
balanced performances and overall errors around 4 in 
general cases.  

The proper use of smoothing scales is important in 

securing accuracy of angle estimations. The implemented 
coherence measurement is a good representation of the 
reliability of the extracted orientations, showing 
potentials to be used as an indicator in automatic scale 
selection. The algorithm using DoG and OPSDF rendered 
good resistance to Gaussian noises.  The implementation 
of the algorithm on the micro-CT images indicates its 
competence in extracting myofibre orientations.  
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