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Abstract. Certain kinds of abnormalities in x-ray mammograms are as-
sociated with specific anatomical structures - in particular, linear struc-
tures. This association can, in principle, be exploited to improve the
specificity and sensitivity with which the abnormalities can be detected.
We compare annotated and the automatic detection of the scale and
orientation associated with linear structure in mammograms. We in-
vestigate methods of classifying the detected structures into anatomi-
cal classes (spicules, vessel, duct, fibrous tissue etc) from their cross-
sectional profiles. Automatic (linear and non-linear) classification results
are compared with expert annotations using receiver operating charac-
teristic analysis. We show that useful discrimination between anatomical
classes is achieved. Some of this relies on simple attributes such as the
width and contrast of the profile, but there is also important information
carried by the shape of the profile.

1 Introduction

The UK Breast Screening Programme alone generates 1.5 million mammograms
per annum. Potential malignancies can be detected from subtle abnormalities in
radiographic appearance but it is known that radiologists fail to detect a signifi-
cant proportion of these abnormalities. It has been shown that their performance
would improve if they were prompted with the possible locations of abnormali-
ties [1,2,3,4,5]. The abnormalities of interest include microcalcification clusters,
masses, spiculated lesions, asymmetry and architectual distortions [6]. Normal
mammograms also contain a variety of linear structures: vessels, ducts, fibrous
tissue, skinfolds, edges and others that are difficult to classify anatomically. In
abnormal mammograms linear structures called ’spicules’ may also be present.
Abnormalities are non-accidentally associated with these linear structures. For
example, microcalcifications are more likely to imply malignancy if they are
located in ducts [7] and spicules are always associated with lesions (called spic-
ulated lesions). Each type of linear structure has a characteristic appearance
which we hypothesize should be reflected in the cross-sectional intensity profiles.
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Spiculated lesions can be detected from the characteristic arrangement of lin-
ear structures (the spicules) in a radial pattern [1,4,5]. This is, however, less than
perfect because other linear structures can be accidentally arranged in similar
patterns in normal mammograms. We suggest that these methods could be made
more specific by applying them to just those linear structures that have a high
probability of being spicules. Linear structures can be detected using various ap-
proaches [8]. Here we investigate the ability to classify detected structures into
anatomical classes using their cross-sectional intensity profiles, with particular
emphasis on detecting spicules. Anatomical classification has been developed and
tested using real screening mammograms, annotated by an expert radiologist.
Raw intensity profiles are extracted and normalised for intensity and scale. The
dimensionality of the observations is reduced using principal component analysis
(PCA) and both linear and non-linear classification are investigated.

2 Mammographic Data

We will be giving a comparison between the width and orientation as obtained
from the Line Operator approach [8] and those same parameters as provided by
a radiologist based on real mammographic data (in [8] the comparison was based
on synthetic data).

2.1 Anatomical Annotations

The Line Operator was applied to 29 mammograms from the MIAS database [9].
Once the linear structures were detected, a selection was labelled by an expert ra-
diologist into anatomically distinct classes: ducts, edges, fibrous tissue, skin folds,
spicules, vessels and others. Linear structures were randomly selected, taking the
detected line strength into account, so that for each class the total number of
profiles obtained approximately represented their prevalence in mammograms.
In addition to providing the anatomical annotation, the radiologist also gave an
indication for the width of the linear structures.

2.2 Profile Width

A comparison between the width as provided by the Line Operator and that as
provided by the radiologist can be found in Fig. 1. Large deviations are possible
and the distributions tend to be skewed to the negative side (indicating that the
width provided by the radiologist tended to be larger than the width derived
from the Line Operator).

Instead of using the raw scale from the Line Operator it is also possible to
obtain a scale distribution for each linear structure and derive a more robust
width. We have used the median width from the distribution for each structure.
The reason we assume this to be more robust is indicated in Fig. 1, which also
shows the deviation between the annotated widths and those derived from the
median scale as provided by the Line Operator for linear structures. These results
indicate that the distribution becomes closer to that given by the radiologists.
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Fig. 1. Deviation between the
annotated widths (range 2 to 30
pixels) and those derived from
the scale as provided by the
Line Operator for individual pro-
files (continuous lines) and those
derived from the median scale
as provided by the Line Opera-
tor for linear structures (dashed
lines).

Deviation from Annotated Direction (degrees)

N
or

m
al

is
ed

 O
cc

ur
an

ce

-45 -30 -15 0 15 30 45
0

0.02

0.04

0.06

0.08

0.10

Fig. 2. Deviation between the
annotated orientation and those
derived from the orientation as
provided by the Line Operator
for individual profiles (continu-
ous lines) and those derived from
the median orientation as pro-
vided by the Line Operator for
linear structures (dashed lines).

2.3 Profile Orientation

A comparison between the orientation as provided by the Line Operator and that
as provided by the annotations can be found in Fig. 2. As for the width of the
linear structures (see previous section) there is a wide distribution. These direct
results from the Line Operator can be compared with the median orientation as
obtained for the linear structures. Improvements in the orientation are not as
clear as for the width.

2.4 Extracting Profiles

Cross-sectional profiles were obtained by taking the normal to the orientation
found by the line operator and bilinear interpolation was used to sample grey-
level values from the original mammograms. The cross-sectional length of the
profiles was taken to be three times the width of the linear structure. To use
these variable length profiles for statistical analysis, each profile was re-scaled
to a constant number of pixels, 30 in this case, allowing each observation to be
represented by an equal number of elements.

2.5 Profile Preprocessing

Instead of using the profiles directly it is also possible to use information derived
from them. The motivation for such an approach is that a raw grey-level profile
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provides not only shape information but also describes the local background
grey-level and contrast.

The grey-level values from the original mammogram were represented on a
logarithmic scale (to represent tissue thickness). If a local background grey-level
gradient existed this was removed by subtracting the gradient as obtained by a
simple linear fit to the raw profile. In addition to remove the remaining effects of
the grey-level background the mean grey-level was subtracted. To remove grey-
level variations within the profiles normalisation with respect to the standard
deviation of the grey-level was used. After this preprocessing the resulting profile
should contain only the shape information.

2.6 Profile versus Linear Structure Classification

Using statistical modelling we obtain a class probability for every profile. How-
ever, we are in general interested in the classification of the linear structures.
This can be obtained by a simple summation of the probabilities of the profiles
(multiplication is more appropriate but resulted in probabilities equal to zero
for the majority of structures).

3 Results for Annotated Profiles

Models were trained on a dataset comprising 318 linear structures (47,812 pro-
files). To avoid bias the modelling was applied using a three-way split of the
dataset (on an image basis). In addition, to avoid bias between left and right
mammograms all profiles were included twice for the modelling, once in the
original format, but also in reverse order.

As we are interested in the detection of the linear structures that are as-
sociated with spiculated lesions we will restrict the classification results to the
anatomical class of spicules. This means that for the classification results pre-
sented the spicules are regarded as the targets and will indicate the true positives
and false negatives, while the other classes are regarded as the non-targets and
will indicate the false positives and true negatives. Similar results could be pre-
sented for the other anatomical classes.

We have investigated two variations on the input information from the pro-
files that was used to obtain the classification results; classification based on the
full profile and classification based on the PCA data derived from the profiles
(using those principal components that covered 99% of the data variance). Two
different artificial neural networks were used. The first network used 30 input
nodes to represent the elements of the profiles. The second network used a lower
number of input nodes, the exact value being determined by the PCA modelling.
At the output level (i.e. the classification level) we used two nodes representing
the class and non-class options.
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Fig. 3. Annotated Profiles: The mean (centre column) and first three (from top
to bottom) principal components (±2 standard deviations) of the PCA model
based on the raw profiles.

3.1 Principal Component Analysis

For models based on the raw profiles the cumulative variance associated with the
first five principal components are respectively: 85.5%, 95.3%, 98.8%, 99.4% and
99.6%. Fig. 3 shows the mean profile and the first three principal components of a
PCA model based on raw profiles. The first principal component indicates a basic
change in the mean grey-level of the profiles. The second principal component
shows changes in the gradient of the background grey-level on which the profile
is situated. The higher principal components capture changes in the shape of
the profiles.

For models build using the normalised profiles the cumulative variance as-
sociated with the first five principal components are respectively 19.1%, 35.0%,
49.4%, 58.2% and 65.0%. The effect of the first three principal components and
the mean profile are shown in Fig. 4. All the three principal components in-
dicate variations in the shape of the profiles, without any of the effects of the
background present. The first principal component seems to be an indication of
the overall shift of the profile from left to right. The second and third principal
components indicate changes in the width and multi-modal effects of the profiles.

3.2 Classification

ROC curves for linear and non-linear classification of the linear structures based
on the original profiles are shown in Fig. 5. The classification shows a significant
improvement for the non-linear classification of the linear structures.

ROC curves for linear and non-linear classification based on the normalised
profiles are shown in Fig. 6. This indicates an improvement when the non-linear
modelling is used. In saying this it has to be kept in mind that the improvements
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Fig. 4. Annotated Profiles: The mean (centre column) and first three (from top
to bottom) principal components (±2 standard deviations) of the PCA model
based on the normalised profiles.

are small and that this preprocessing of the profiles does not result in large
discrimination effects.

These results indicate that the shape of the profile on its own might not be
sufficient for the classification of anatomical linear structures. But when the raw
profiles are used the results look very promising, with optimum ROC results of
80% True Positives at the cost of 35% False Positives. The differences between
the classification based on the raw and normalised profiles are an implicit indi-
cation of the classification potential of the width, mean grey-level and standard
deviation of the profiles.

4 Results for Automaticly Extracted Profiles

For an automatic system the width and orientation of the linear structures has to
be determined by a computer vision approach. In this section we present results
obtained using the scale and orientation provided by the Line Operator [8]. The
median scale for each structure is used (see Section 2.2). The preprocessing of
the profiles is identical to those described in Section 2.5.

4.1 Principal Component Analysis

For the PCA model based on the raw profiles the cumulative variance associated
with the first five principal components are respectively: 95.0%, 98.3%, 98.9%,
99.2% and 99.5%. The mean profile and the principal components of a PCA
model based on the raw profiles are very similar to those presented using the
annotated width and orientation as presented in Fig. 3.

For models build using the normalised profiles the cumulative variance as-
sociated with the first five principal components are respectively 19.5%, 37.0%,
48.9%, 57.1% and 63.4%. Again, the resulting PCA models are very similar to
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Fig. 5. Annotated Profiles:
ROC linear structure classifi-
cation based on the original
profiles for spicule/non-spicule
classification. Where �: linear
classification based on the full
profile, ×: linear classification
based on the PCA data, ∗: non-
linear classification based on the
full profile, and +: non-linear
classification based on the PCA
data.
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Fig. 6. Annotated Profiles:
ROC linear structure classifi-
cation based on preprocessed
profiles for spicule/non-spicule
classification. Where �: linear
classification based on the full
profile, ×: linear classification
based on the PCA data, ∗: non-
linear classification based on the
full profile, and +: non-linear
classification based on the PCA
data.

those presented for the profiles extracted using the annotated width (see Fig. 4),
except for the change-over of the first two principal components (both of them
covering about 19% of the variation in the profile data).

4.2 Classification

ROC curves for linear and non-linear classification based on the original profiles
is shown in Fig. 7. This shows a small improvement for the non-linear classifica-
tion of the linear structures.

ROC curves for linear and non-linear classification based on the normalised
profiles is shown in Fig. 8. Classification into class/non-class indicates no im-
provement when the non-linear method is used.

The comparison between the results presented in this section and those pre-
sented in Section 3.2 indicate large differences with an overall degradation of the
classification results. The only difference between the two approaches has been a
change in the width and orientation of the profiles that were extracted. It seems
that the width as selected by the radiologists results in profiles which are easier
to classify.
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Fig. 7. Median Line Operator
Profiles: ROC linear structure
classification based on the orig-
inal profiles for spicule/non-
spicule classification. Where �:
linear classification based on the
full profile, ×: linear classifica-
tion based on the PCA data, ∗:
non-linear classification based on
the full profile, and +: non-linear
classification based on the PCA
data.

False Positive Fraction

T
ru

e 
P

os
it

iv
e 

F
ra

ct
io

n

0 0.2 0.4 0.6 0.8 1.0
0

0.2

0.4

0.6

0.8

1.0

Fig. 8. Median Line Operator
Profiles: ROC linear structure
classification based on prepro-
cessed profiles for spicule/non-
spicule classification. Where �:
linear classification based on the
full profile, ×: linear classifica-
tion based on the PCA data, ∗:
non-linear classification based on
the full profile, and +: non-linear
classification based on the PCA
data.

5 Discussion and Conclusions

An automated technique for detecting specific anatomical types of linear struc-
tures in digital mammograms has been described. We have demonstrated how
principal component analysis can be used to successfully model the shape of the
cross-sectional intensity profiles of the anatomically different linear structures.
In addition non-linear aspects of profile classification have been investigated.

A three-way split classification experiment demonstrated anatomical clas-
sification with a significantly better than random correct classification for the
spicule profiles. A correct classification rate of 80% for spicules/non-spicules
could be achieved (at a false positive percentage of ∼35%), which will clearly be
useful for the verification of potential spiculated lesions and architectural distor-
tions. In similar experiments, good classification results have also been obtained
for vessels and ducts. The potential of this technique for discriminating between
ducts and vessels to reduce the number of false positives generated by automated
micro-calcification detection algorithms is clear [7]. The detection and classifi-
cation of ducts is likely to provide useful information for automated techniques
attempting to locate the nipple.

However, it does not seem to be the shape of the profile that contributes
most significantly to the classification of the linear structures. The width, mean
grey-level and standard deviation of the profiles are implicated as being good
parameters for classification of the profiles. As soon as these factors have been



Automatic Classification of Linear Structures in Mammographic Images 271

removed from the profiles the classification potential is reduced, but still better
than random, indicating some useful classification potential for the shape of the
profiles.

Large classification differences occurred when automaticly determined width
and orientation were used when compared with the results obtained when these
parameters were derived from the annotations provided by the radiologist. This
indicates that improved classification results could be obtained if the width and
orientation could be extracted more reliably.

In summary, the algorithms presented in this paper provide an automatic
technique for locating and successfully classifying anatomically important linear
structures of which spicules were used as an example. Such classification can be
employed to verify automatically detected potential abnormalities such as micro-
calcification clusters, spiculated lesions and architectural distortions. In addition,
the technique can be used to provide strength images relating to specific classes
of abnormality; spicule strength images can for example be used to improve the
accuracy of spiculated lesion detection algorithms [1,4,5]. The technique can also
be used to reduce the required computation time by examining only those pixels
that are classified into a given class.
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