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Abstract 

 
In this paper we examine four algorithms for 

automated ultrasonic boundary detection, and describe 
the application of these algorithms to the quantification 
of the intima-media thickness (IMT) in the human 
carotid artery. The first algorithm uses a dynamic 
programming approach to identify the boundary that 
minimizes a certain cost function. The second algorithm 
is based on finding points of maximum gradient. The 
third algorithm employs a mathematical model 
describing the intensity profile perpendicular to the two 
boundaries defining the IMT. The last algorithm is based 
on defining a template representing the intensity profile 
across a boundary and applying a matched filter 
procedure to find the image region that best matches it. 
We also present a quantitative and qualitative 
comparison between the four algorithms examined. It is 
shown that the dynamic programming algorithm 
provides superior performance in terms of accuracy and 
robustness. The correlation coefficients between 
automated measurements and manually obtained 
reference values were 0.96, 0.94, 0.63, and 0.85 for the 
dynamic programming, the maximum gradient, the 
model-based, and the matched filter algorithm, 
respectively (n=30). 

 

1. Introduction 

Recently, it has been shown that high resolution B-
mode ultrasonic images can be used for non-invasive and 
quantitative measurements of the intima-media thickness 
(IMT) and lumen diameter in the human carotid artery 
[1,2]. Such measurements can be used as early indicators 
of atherosclerosis in population-based studies. However, 
in previous studies of reproducibility, the coefficient of 
variation (CV) for the inter and intra-observer variability 
in measurement of mean IMT of the common carotid 
artery was approximately 10% [2]. 

 In order to reduce inter- and intra-operator 
variability we have investigated four different image 
analysis algorithms for automated ultrasonic boundary 
detection. These are the dynamic programming (DP), 
maximum gradient (MG), model-based (MB), and 
matched filter (MF) algorithms. In what follows, each of 
these algorithms will be described in some detail (See 
Figure 1). Furthermore, they will be compared to each 
other with respect to measurement accuracy, robustness, 
extent of manual operations required, computational 
complexity, and amount of training. 

 
 

Figure 1. 
 Schematic illustration of 

the four boundary detection 
algorithms investigated and a 
section of an original ultrasonic 
image of the carotid artery. It 
can be seen that the DP 
algorithm takes a global 
approach, including all 
intensity profiles within the 
search area, whereas the other 
algorithms are based on local 
profile analysis. 

Point of
maximum
gradient

Match
point

The
fitted

models
sum-of-

gaussians

piece-wise
linear

DP

MF

MG

MB

MB DP

 

IEEE Computers in Cardiology 1997 Vol 24



2. The Dynamic Programming Algorithm 

The DP algorithm is a technique for solving 
optimization problems where not all variables in the 
evaluation function are inter-related simultaneously. It has 
successfully been applied to ultrasonic boundary detection 
[5]. 

Within a rectangular region close to the boundary 
searched for, local measurements of echo intensity, edge 
strength and boundary continuity are extracted and 
included as weighted terms in a cost function. Each image 
point of the search region then gets a specific cost which, 
in turn, correlates to the likelihood of that point being 
located at the correct boundary. All possible sets of 
spatially consecutive points forming a polyline are being 
considered and favor is given to that which minimizes the 
cost function. The polylines are represented as a vector 
p p p p p pi i N= −( , ,..., , ,..., )1 2 1 , where i is the 

horizontal pixel position, pi−1  and pi  are neighbor 

points, and N is the horizontal length of the search region. 
The optimal polyline is the one that minimizes the cost 
function: 

C C isum
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=
=
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The local cost  is a weighted sum of cost terms: 
C i w c i w c i w c i i( ) ( ) ( ) ( , )= + + −1 1 2 2 3 3 1  

where w1 , w2 , w3  are weighting factors, c1 , c2 and c3  

are the echo intensity, intensity gradient and boundary 
continuity cost terms, respectively. By the DP algorithm, 
the optimal boundary is found without the need for 
exhaustive search among all possible lines. 

3. The Maximum Gradient Algorithm 

The MG algorithm searches along a path 
perpendicular to the boundary and picks up the point of 
maximum gradient [4]. The algorithm can be summarized 
by the following three steps: 

 
1.  An approximate echo boundary is identified by 

manually placing a small number of points as close as 
possible to the vessel interface. These points are then 
connected by straight lines forming the first estimate 
of the detected boundary. 

2.  The algorithm searches for edges in a direction 
perpendicular to the approximate boundary and 
chooses the one with maximum intensity gradient. By 
fitting a parabola to the three gradient values centered 
around the largest value, a more precise sub-pixel 
location can be obtained. 

3.  In order to deal with echo-dropouts, each of the 
candidate boundary points are being compared to the 
maximum gradient value of all candidates. Those 
with gradient values less than 20% of the maximum 
value are deleted and replaced by linear 
interpolation between neighboring boundary points. 

4. The Model-Based Algorithm 

The MB algorithm fits a parameterized model to the 
image intensity profile in a direction perpendicular to the 
approximate boundary. The model covers the intima as 
well as media echo resulting in a two-cycle pulse shape 
model. Because the ultrasonic pulse emitted is close to 
Gaussian shaped and ideally the interface could be 
modeled as an impulse function, the resulting echo shape 
should take the form of a Gaussian convoluted with a 
step function which, again, has a Gaussian shape. 
Therefore, one of the models investigated was the sum-
of-Gaussians with different means, variances and 
amplitudes reflecting the difference in intima and media 
echo location and strength (see Figure 1). We also 
investigated a piece-wise linear model. 

Before any modeling could take place, the algorithm 
was trained using a set of manually traced images. By 
this training, the point of the model curve to be 
associated with the boundary position, in our case related 
to a certain fraction of the variance, was determined. The 
Gaussian model parameters and boundary positions for 
the intima plus media model were found by minimizing 
the sum of squared errors between model and profile 
data. 

Knowing the general model boundary position, i.e. 
the mean minus the previously determined fraction of 
variance, detection was carried out by first selecting the 
‘best’ model parameters and then simply extract the 
actual boundary position. Notice, that this may not 
necessarily be equal to the point of maximum gradient. 

5. The Matched Filter Algorithm 

The MF algorithm cross-correlates a reference 
profile, or template, with the intensity profile in the 
direction perpendicular to the boundary [3] . Normally, 
the position associated with maximal correlation would 
be considered the correct template position. However, 
because the correlation procedure typically gives 
multiple local maximum, or peaks, and we do not know 
beforehand which of these peaks we should choose, we 
employ a statistical approach which is to choose the most 
probable peak. In order to do so, we first create rank 
histograms of peak amplitude (highest, second highest,...) 
and spatial order (appearing leftmost of intensity profile, 
second leftmost,...). The idea is that the most probable 
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peak may not necessarily be the one with highest 
amplitude or the one that is associated with the first local 
maximum. Generally speaking, it could be the peak that 
is ranked the mth  and nth by amplitude and order, 
respectively, both of which are being determined by the 
maximum of both histograms. We consider the amplitude 
and order to be statistically independent and therefore, 
we estimate the joint probability by multiplying the 
separate probabilities. The histogram described above is 
created during a training phase. Also, before boundary 
detection can take place, the template is formed by first 
averaging a number of longitudinally consecutive  
intensity profiles. Then, a Gaussian shape is being fitted 
to this average shape and used hereafter as the template. 
The boundary point of the template is also determined 
during the training phase. The boundary can now be 
detected by correlating the template with the intensity 
profile, ranking the peaks, and choosing the most 
probable one. 

6.   Evaluation Procedure 

The following evaluation criteria were used: 
1. Accuracy, defined as the correlation between manual 

and automated IMT measurements. 
2. Variability, defined as the coefficient of variation 

(CV) between manual and automated IMT 
measurements. CV = × ×σ µ( )2 100%  where σ  

is the standard deviation and  µ is the pooled mean. 

3. Inter- and intra-operator variability, defined 
subjectively and ranked low, moderate, or high. 

4. Amount of manual intervention required, ranked as 
above. 

5. Computational complexity, ranked as above. 
6. Amount of training required, ranked as above. 

 
The training and measurement procedures were 

carried out using the leave-one-out method, i.e. using all 
images but one for training and the remaining for 
measurement and then rotating this scheme until all 
images has been used for measurement. 

The IMT was calculated as an average of 126 
boundary points extracted from a measurement region of 

approximately 10 mm. The performance of algorithms 
investigated was compared to the that of an experienced 
operator carrying out manual tracings. 

The number of arteries measured was 30. These 
were collected from 10 individuals, each of them 
provided 3 images. 

7. Results  

The results are summarized in Table 1. Below, the 
more important findings are commented upon. 

7.1. Amount of manual intervention 
required 

Because the amount of manual intervention required 
explains some of the results we start with an explanation 
of the nature of operator interaction that was needed for 
the different algorithms. 

In our implementation of the DP algorithm it was 
possible to modify obvious detection errors. This was 
done by pointing at a correct position in order to force the 
boundary to pass that point. Using this single point 
correction technique several points along the boundary 
could be modified. However, in this study, the amount of 
manual interventions required was low.  

Although a manually placed approximate boundary 
was a prerequisite, the MG algorithm frequently failed at 
locations where echo-dropouts were present. Therefore, 
extensive manual modifications for almost every image 
were needed. 

The MB algorithm may need operator assistance in 
cases where the model is very different from intensity 
profile data. In our implementation we tried to avoid such 
cases by incorporating restrictions on the boundary point 
location. Major errors were then excluded but minor 
mistakes still remained. 

In cases of echo-dropouts, the MF algorithm failed 
due to large difference between actual profile data and 
template. The problem was handled as for the MB 
algorithm.  

 

 
Table 1. Summary of results 

 Dynamic 
Programming 

Maximum 
Gradient 

Model-
Based 

Matched 
Filter 

Accuracy (correlation) 0.96 0.94 0.63 0.85 
Inter-Method Variability (CV%) 2.24 2.85 9.93 6.34 
Operator Variability Low High Low Low 
Manual Intervention Low High Moderate Moderate 
Computational Complexity Moderate Moderate High Low 
Amount of Training Moderate None Moderate Moderate 
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7.2. Amount of training required 

The DP algorithm needed training in order to 
determine appropriate weights to be included in the cost 
function. Both the MB and the MF algorithms required 
training for determining the boundary point. Also, the 
filter template and the rank histograms were determined 
for the latter. No training at all was needed for the MG 
algorithm. 

7.3. Accuracy and Variability 

The DP algorithm resulted in high accuracy and low 
inter-method as well as inter- and intra-operator 
variability. Similar results were found for the MG 
algorithm with except for operator variability. This is due 
to the fact that the amount of manual interaction was high. 
The MF and MB algorithms both provide less accuracy 
and higher inter-method variability. The reason for this 
was that even if there were restrictions concerning 
tolerable boundary point locations, errors could still be 
found and no operator assistance was implemented in 
these algorithms. On the other hand, this contributed to 
low operator variability. 

8. Discussion 

Ultrasonic boundary detection algorithms based on 
maximum gradient computation (edge strength) have the 
advantage of applying well defined measurement points 
along the intensity profile. However, they also have some 
major disadvantages. The most prominent seems to be 
the lack of a boundary continuity constraint. This also 
holds true for model- and template-based algorithms. 
Such algorithms become less robust and provide 
irregularly shaped boundary detection due to echo 
dropouts and scattering phenomena. If the ultrasound 
image has smooth and clearly visible vessel interfaces 
along the whole measurement segment, which is unusual, 
no major difference might have been noticed between the 
algorithms investigated. The DP algorithm, however, can 
deal with echo dropouts because it includes a continuity 
constraint which tend to bridge any boundary gap. Also, 
it performs this bridging in the way a trained observer 
would have traced the boundary. This is because the 
weighting factors was trained so as to allow for the same 
amount of flexibility as shown by an experienced 
technologist. However, in cases where the gap is too 
wide, or where there are several possible routes which 
the boundary detection may follow, even the DP 
algorithm may fail. 

9. Conclusions 

Four different ultrasonic boundary detection 
algorithms were investigated for the application to 
automated measurement of the human carotid artery. In 
terms of accuracy and robustness, the DP algorithm was 
superior to other algorithm investigated. It is, however, 
of utmost importance to train the weighting coefficients 
extensively so that the variability present in average 
clinical image material can be dealt with. 
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