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Abstract 
Artificial neural networks were investigated as part of a fast artery tracking algorithm to quantifY coronary artery 
disease. A three layer feedforward network was trained on synthesised images to recognise the artery direction. 
The neural network inputs were derived from a circular pixel mask centered over the artery in a coronary angiogram 
image. The network performed well on the synthesised images and also on coronary angiogram images. 

1. Introduction 
Coronary angiography is a diagnostic imaging 

technique used in determining the location and severity 
of stenotic lesions in the arteries which supply the heart 
muscle with blood [4][14]. 

An artificial neural network is considered for use in 
automatically tracking the longitudinal axis of the artery 
lumen. Based on the current tracking vector direction 
and an array of pixels around the current point, the 
neural network is required to calculate the new vector 
direction which maintains the longitudinal tracking 
within the lumen. This method differs from conventional 
artery tracking algorithms [ 6] [ 17]. 

2. Coronary Angiography 

2.1 Coronary angiographic technique 

A catheter is placed in the aorta near the aortic valve 
usually via the femoral artery. The tip of the catheter is 
positioned in the opening of the right or left coronary 
artery and a radio-opaque contrast agent is injected. This 
strongly absorbs X-rays and thus highlights the arterial 
tree. An X-ray tube, operating in pulsed mode, together 
with an image intensifier and a camera, produce a series 
of images such as that in Figure 2.1. 

Figure 2.1 Example coronary angiogram frame. 
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Because the coronary arteries distribute a lot of blood 
over a short distance, any given image will usually have 
multiple branches visible. This extensive branching is a 
difficulty in the automatic processing of these images. 
Figure 2.2 shows the left anterior descending coronary 
artery, and illustrates the extent of this branching. 

Figure 2.2 Branching of the LAD coronary artery. 

An additional problem in visualising this 3D 
structure, is that the branches often overlap the main 
artery on the 2D image plane. This makes it more 
difficult to analyse the width and density of the main 
arteries. Figure 2.3 shows a branch leaving the main 
artery perpendicular to the image plane. This branch then 
curves and runs parallel to the main artery, overlapping it 
for a short distance. Conventional analysis, based on 
edge detection [2][5)[12][16][20], has considerable 
difficulty with this type of image. 

Figure 2.3 Overlap of main artery with a branch in the 
image plane. 

Stenosis of the arteries is evident on the angiograms 
as some combination of reduced diameter, and reduced 
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net radiodensity after integration across the diameter. 
Because the stenotic lesions are often eccentric, one or 
other of these may dominate depending on the angle of 
the X-ray beam. Quantitative angiography arises because 
there is a need to accurately and repeatably assess the 
degree of stenosis and its physiological impact (3]. 

2.2 Quantitative analysis 

The visual assessment of coronary angiograms is 
subjective and prone to errors. Difficulties include the 
complex spatial and temporal orientation, extensive 
branching, and eccentric nature of the lesions. Despite 
being commonly used, the percentage change in diameter 
("percent stenosis") is an inaccurate indicator of 
physiologic significance. The minimal lumen area is 
more useful [7]. This work is application oriented and the 
end result is to produce accurate and reliable parameters 
which reflect the anatomy and the functional physiology. 

Two main types of digital processing can be 
performed to assess the degree of stenosis. These are 
artery profile analysis, giving diameter parameters, and 
densitometric analysis giving area parameters [1](5][7]. 
Densitometric analysis has the potential to provide the 
most information on functional significance because of 
its independence of cross sectional shape and 
angiographic view. 

A strong correlation has also been found between 
stenosis morphology and the presence of histological 
complications such as plaque rupture, haemorrhage, and 
clots. A smooth hourglass shaped stenosis without 
intracoronary lucency indicates an absence of histological 
complications (11]. Wilson has described a quantitative 
definition of luminal irregularity, the ulceration index, 
and correlated this with unstable angina [19]. Using a 
neural network for pattern analysis has the potential to 
provide a parallel evaluation of diameter, cross-sectional 
area, and stenosis morphology. 

3. Network description 
The network used was a three layer feedforward 

network with 176 neurons in layer 1, 128 neurons in 
layer 2; and a single neuron in layer 3, the output layer. 
The two hidden layers used tan-sigmoid activation 
functions, while the output layer used a linear activation 
function. The Matlab1 environment was used for all 
phases of this investigation. 

3.1 Network inputs 

Several different morphological masks were 
developed and used to select image pixels or groups of 
pixels. The mask outputs were then presented to the 
neural network inputs. The masks used were a set of 
twelve forward looking fans or sectors, a set of eight 
overlapping quadrants, a set of four half -circles, and a 
single full-circle mask. The smaller masks all had a 
particular orientation, the network output would indicate 
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a relative shift in direction. The smaller masks had a 
problem in that the inputs were somewhat inconsistent 
with regard to their angle and distance from the mask 
origin. The fan masks were particularly bad in this 
regard. 

The mask :finally adopted was a single full-circle of 
176 points, this enabled the network to give an absolute 
direction output. With only one mask there was input 
consistency at all angles. The input is thus a vector of 
176 grey levels, with values between 0 and 255. These 
values are derived from single pixels, or the averages of 
small blocks of pixels, under the mask. Figure 3.1 shows 
this mask with shading to indicates the mask index and 
hence the arrangement of the input data. 

Figure 3.1 The 176 element morphological mask used 
to generate input vectors. 

Optimal block size is dependent on the actual artery 
width measured in pixel units. A typical system has a 
pixel size of 0.25 mm in the patient plane, and with an 
artery diameter of 2.5 mm this gives an artery width of 
10 pixels. The circular mask is in a 15xl5 square, and 
using a typical block size of 2x2 pixels this covers a 
30x30 pixel region. Provided the artery ·is well covered 
by the mask the network operates correctly. Figure 3.2 
shows the mask placed over a segment of synthesised 
artery. Each block shows the average grey level of the 
four underlying pixels. 

Figure 3.2 Mask, with 2x2 blocks, overlying the 
image to collect 176 network input points. 
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A simpler mask is shown below in Figure 3.3. This 
mask covers the same number of blocks or pixels as the 
176 input mask, but the blocks are averaged to give 8 

Figure 3.3 An alternative lower resolution mask. 

sector shaped inputs to the neural network. 
Other circular and symmetric masks, such as that in 

Figure 3.3, may be as efficient at evaluating direction. 
However, to evaluate the morphology of the stenoses, the 
higher resolution is necessary. Once a stenosis is located 
using a larger block size, or a simpler mask, a second 
more detailed mask may be applied perhaps with single 
pixels per input. This greater detail is required to 
quantify the degree of stenosis. Work is currently 
underway to locate and quantify stenoses using neural 
networks. 

3.2 Network output 

The tracking step size was set to a nominal four 
pixels. This limits the next point along the track to one of 
the 32 border pixels shown in Figure 3.4. This 
corresponds to 32 possible angles around the full circle, 
or 16 possible angles in the half circle. The angular step 
size is not uniform because of the limited choice of step 
positions. 

Figure 3.4 Next point (x,y) offset for tracking. 
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The direction from (0,0) to ( -4,0) was assigned to 
angle 1 and the angles incremented clockwise. Figure 3.5 
shows the angle index assignment. The Euclidean step 
distance thus varies from 4 to 5.6 pixel units, and the 
angle step size varies from 8 to 14 degrees. 

26 
25 

32 1 

17 16 15 
Figure 3.5 Artery direction indexes. 
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For the purposes of tracking, only the first 16 angles, 
shown in bold in Figure 3.5, are necessary. The neural 
network matches the input pattern to one of these 16 
diameters. The calling function calculates the full circle 
angle from the returned half circle angle and the initial 
direction. 

Only one output out of a possible sixteen is required. 
Several different arrangements can generate this one 
output. A four bit binary output enables encoding the 16 
outputs as a straight binary code or as a Gray code. The 
Gray code minimises the abrupt jumps in the output as 
the artery angle completed a half circle. Another 
arrangement is to have sixteen outputs with hard limited 
activation functions, and train the network with a 16 bit 
binary output vector with all bits zero except one. This 
arrangement was assessed but gave no improvement over 
a single output. 

A single linear output was finally used. Rounding 
this output gives the integer angle. 

4. Network Topology and Training 

4.1 Accelerated Backpropagatlon 

Training was initially performed using conventional 
backpropagation [13][15] however training speed was 
markedly improved when the accelerated 
backpropagation (fast backpropagation) method [18] was 
used. Fast backpropagation incorporates an adaptive 
learning rate and momentum into the gradient descent 
algorithm. This tends to speed up network training and 
provides some degree of insensitivity to small 
perturbations in the error surface such as shallow local 
minima. 

4.2 Network topology design 

The number of neurons within the hidden layers was 
determined heuristically. A number of neurons were 
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added to a hidden layer at each iteration until a 
satisfactorily low sum squared error (SSE) was attained 
after training. It was clear when the critical number of 
neurons was surpassed due to the abrupt drop in training 
error (from 1200 to 2). Furthermore, when a test data set 
with small correlation to the training set was applied to 
the trained neural network, the tracking errors were also 
small. This suggests that at least some generalisation has 
occurred, and that the numbers of neurons in the hidden 
layers are not overly excessive. It appears that the 
structure of this neural network is adequate, though not 
necessarily optimal. 

4.3 Initialisation 

A dummy matrix was generated for initialising the 
network. The Matlab init.ff function initialises the 
weights and biases based on· the range for each input 
point over the full set of training vectors. Therefore it is 
important that each row of the input training matrix has 
a maximum and a minimum expected value. The dummy 
matrix was the training matrix with a colwnn of Os added 
in front, and a column of 255s added at the end. 

4.4 Training 

The network was trained using supervised learning. 
Backpropagation iterative training was used with both 
momentum and adaptive learning. The initial training 
parameters were a learning rate of 0. 00 1, a learning rate 
increment of 1.05, a learning rate decrement of 0.7, and 
momentum of 0.95. The training data was generated by 
an alternative artery tracking algorithm. Synthesised 
images such as that in Figure 4.1 were used in the initial 
training. It was necessary to use such synthesised images 
because natural images do not exhibit the extensive 
curvature needed to provide all angles in the training 
data set. 

Figure 4.1 Synthesised image for network training, and 
subsequent testing. 

The first training was performed with 100 training 
vectors and 100 corresponding output angle values. The 
training was done in batch mode over 2000 epochs. The 
SSE after the initial training phase was 1. 7. At the end of 
this training phase the set of training vectors were each 
applied to the network and the rounded output compared 
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against the target values. Only two values disagreed, each 
by one angle step. 

A further training set of 125 vectors, from a different 
image, was then used to further refine the network 
weights and biases. The SSE was 1.1 at the end of this 
training. Following this second training phase the second 
set of training vectors were each applied to the network 
and the rounded output compared against the target 
values. After this final training no output angle errors 
occurred. 

4.5 Network optlmlsation 

The number of inputs, and the number of output 
neurons, are governed by the data to which the network 
is interfaced. Such a restriction is not directly applicable 
to the number of neurons within the hidden layers, or for 
that matter the number of hidden layers. There are a 
number of ways that an optimal solution may be 
approached. 
Sensitivity analysis of an oversize network may indicate 
which hidden neurons may be pruned [9]. Training based 
on genetic algorithms may also indicate any redundant 
hidden neurons, although the authors acknowledge that 
this method is prohibitive for large networks [10). 
Another approach is based on neuro-fuzzy techniques 
[8]. The neural network architecture is influenced by 
some knowledge of the task to be performed and how it 
may be achieved. The resulting structure is not the 
conventional feedforward network with full connectivity. 
Given sufficient knowledge, the architecture may be 
optimally defined by the designer. 

5. Evaluation 
After the network had been trained to give no angle 

errors when presented with the training data, actual 
image data was used. Two types of testing were 
performed, point testing with visual appraisal, and 
tracking. In these tests, two types of error were examined. 

5.1 Assessment of errors 

The difficulty with measuring the results is that there 
is no "gold standard" for comparison No unbiased 
technique exists for defining the artery boundary and 
midline. Comparison with the midline generated by the 
ellipse tracking algorithm was difficult because the track 
points rarely coincided exactly. Even when started at the 
same pixel, the two tracks soon diverged slightly. 

One error that was monitored was the rounding error 
between the network output and its rounded angle output. 
Clustering of the network outputs around the integer 
values would indicate good angular separation by the 
neural network. This error was squared and summed for 
each tracking run and the MSE calculated at the end. 
Typical MSE values of0.06 were obtained. 

5.2 Point testing 

For the point testing, the mask was applied to many 
points over a nwnber of artery segments at all angles. 
The correct artery angle was measured by drawing a 
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tangent to the artery midline and the closest angle index 
was then compared to the neural net output. 

On straight sections the neural network performed 
very well. It returned the correct angle after rounding, 
and with less than 5% mean square rounding error. This 
result was obtained for stenosed segments as well. 
However the rounding error increased considerably on 
sharp curves, and when the mask was not positioned over 
the artery midline. 

5.3 Tracking 
An algorithm was written to apply the network to 

tracking, starting from a user entered point. A second 
starting point provided the initial direction. The tracking 
was then an iterative process involving advancing to the 
next track position, centering this point if necessary, and 
using the neural network to find the artery direction. An 
additional restriction imposed was that the artery angle 
could only change by -4 to +4 angle steps from the 
current angle. This gives a maximum rate of curvature 
corresponding to a radius of 7 pixels. 

This algorithm successfully tracked the original 
training images, as shown in figure 3.1, as well as actual 
angiograms, see figures 5.1 and 5.2. 

Figure 5.1 Result oftracking a small artery, showing 
track points & first mask position. 

Without centering, the tracking algorithm sometimes 
went off the artery line on sharp bends. This was because 
a single step on a sharp bend along the current angle puts 
the next track point near the artery edge. Because of the 
reduced accuracy of the neural net under these 
conditions, mistracking was possible. 
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This is more a function of step size than the neural 
network, a possible solution is to reduce the step size to 
one (8-neighbours), and the possible angles to eight. 

Figure 5.2 Artery tracking of a large artery with 
small branches using the neural network. 

5.4 Effect of incorrect mask positioning 

The mask origin was moved across the artery along a 
line perpendicular to the direction to assess how robust 
the neural network response was. When the mask was 
not positioned correctly over the artery midline the angle 
error increased. Figure 5.3 shows the network response 
verses position when moving the mask from one side of 
the artery to the other. The artery, and the profile line for 
this test, is shown in Figure 5.4. The network gave the 
correct angle of 19 only at point 6, the angle error was + 1 
immediately to the left, and - 2 immediately to the right. 
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Figure 5.3 Network output angle and error verses 
position across the artery. 
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Figure 5.4 Profile line for positional testing. 

5.5 Effect of branches 

When applied along main arteries with small 
branches, the neural network gave a good response: The 
error increased slightly to 0.061. When attempting to 
track small arteries with relatively large branches, the 
track was easily lost 

5.6 Effect of artery diameter and stenoses 

For a constant block size, the pattern presented to the 
neural network changes considerably · as the artery 
diameter increases. The effect of this was investigated by 
looking at different diameter segments of artery. For 
straight sections of artery the output angle remained 
correct while the artery diameter was less than 2/3 of the 
mask diameter. This was the limit of artery size used in 
the training data. 

Figure 5.5 Tracking through a synthesised stenotic 
lesion. 

Figure 5.5 shows a short section of tracking through 
a synthesised stenosis. The squared error is plotted as a 
function of track point in Figure 5.6. 
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Figure 5.6 Error while tracking through stenosis. 
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The output angle gave reliable tracking but, as might 
be ext:iected, the rounding error increases at the midpoint 
of the stenosis. There is quite a large variation in the 
rounding error of Figure 5.6 despite the input mask being 
centered on the artery midline. By comparison, the 
rounding error seen in Figure 5.3, although considerably 
higher because the input mask is over a sharp curve, 
shows less variation while moving off track. This 
suggests that this error, while useful for training, is of 
limited value in assessing tracking accuracy. 

6. Conclusions 
The use of a neural network in the automatic 

tracking of ·arteries has been demonstrated. With 
adequate training the network is relatively invariant to 
small branches, and independent of absolute artery 
brightness (grey levels). 

The use of a variable mask block size allows the 
same network to analyse a widely differing range of 
artery sizes. This is limited however by the pixellated 
nature of the images and the non-linear dimensional 
change as block size is increased. However even at a 
constant block size the dependence on artery diameter 
has shown to be small. 

When incorporated into a higher level tracking 
algorithm a high degree of robustness is seen despite 
varying artery width and morphology, varying brightness 
and contrast, and small artery branches. 

The network architecture has not been optimised. 
There is scope for optimisation using other techniques 
such as neuro-:fuzzy. 

Work is now progressing for expanded use of the 
same network, with additional outputs, to quantify artery 
diameter and densitometric profile, and hence minimal 
lumen area, and stenosis characterisation. 
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