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Abstract
A new approach to imageenhancement of frontal chest radiographs is presented, with the goal of making
abnormalities more conspicuous.Chest radiographsare oneof the most frequently performed radiological
examinations, so there is considerablescope for image processingto improve the speedand accuracy of
reporting. A successfulsystem will be of considerableclinical and commercial importance. The method
(eigenimage processing) is closely related to principal components analysis and was �rst developed
for face recognition, but its use for chest radiographs is novel. To make the computation feasible we
used a numerical method based on the singular value decomposition. Test images included normal
radiographs as well as abnormal radiographs of pneumonia. Images were enhanced using \common
pass" �lters, \uncommon pass" �lters, and \remainder" images. The results suggestthat visualisation of
the remainder imageis the most promising technique for future application to a wider rangeof pathologies.
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1 Aim

In this project weaim to enhancechest radiographs
so that abnormal �ndings are more apparent to
clinicians such as a reporting radiologist. The
method we have chosen is eigenimageprocessing.
This method is based on principal components
analysis. This technique enhancespatterns found
throughout sets of images, rather than individual
features within one image.

2 Backgr ound

The trend towards digital radiography has made
it possible to routinely apply image processing
techniques to any acquired images. Common
examples include edge detection, smoothing, and
enhancement. Other more advanced techniques
include image subtraction, nodule detection, and
various forms of pattern recognition. Many good
review articles discuss the various methods used
for frontal chest radiographs [1]. Previously our
research group hassuccessfullyapplied eigenimage
processing to a set of frontal chest radiographs
as part of a Computer Aided Diagnosis (CAD)
system [2, 3].

Chest radiographs are the most common
examinations in most radiology departments.
Often they are performed after hours or at remote

locations. These images are then interpreted
by emergency sta� or junior doctors from non-
radiological specialties. The interpretation by a
radiologist is commonly performed hours to days
later, often after important medical decisions
have beenmade. Several recent studies concluded
that there is a signi�can t di�erence between
radiology specialists and non-specialists in their
interpretation of urgent �lms [4, 5]. Any CAD
system that could help non-radiologists with
interpretation in the acute setting could improve
patient care. Similarly, any system that can
improve a radiologist's speed and accuracy would
be of both clinical and commercial signi�cance.

Eigenimage processing is a pattern recognition
technique that uses a training set of images to
determine a basis set of images for the training
set. Test imagesare then described as the sum of
di�eren tly weighted basis images. Usually, these
weighting factors are used to classify the test
image. It was initially developed in 1991 for face
recognition, for which it is in wide commercial use
[6, 7, 8]. Other areaswhere it has beensuccessful
include handwriting recognition, lip reading,
and voice recognition [9, 10, 11]. Successful
face recognition systems are reported to have a
maximum recognition rate closeto 90% [12].



Our technique involvesdescribing each test image
to be enhancedasa linear combination of eigenim-
ages.In this study, rather than using the weighting
factors for a classi�cation scheme, we manipulate
the relative weighting of eigenimagesto enhance
the test image. Filtering in the eigen-domain is
analogousto the commonly used Fourier type �l-
ters in which �ltering takesplace in the frequency
domain. One study usedeigen-domain�ltering to
alter facial images[13]. It wasfound that low order
eigenimagestended to determine imagebrightness,
directly relating to the exposure of the subject's
face. They also showed that this enhancement
technique improved pattern recognition techniques
applied to their test images.

Filtering in the eigen-domainis a novel technique
for chest radiographs. The bene�ts for classi�ca-
tion systemsand for direct visualisation by clini-
cians is unknown.

3 Eigen-anal ysis

Our method for calculating eigenimages and
weighting factors is described in detail elsewhere
[2, 3]. The technique involvesstarting with a small
set of training images. A multiv ariate statistical
method called principal components analysis
(PCA) is then applied to produce a set of basis
images [14, 15]. This is illustrated in �gure 1.
This set of images provides an orthonormal
basis for the training set that best describes
the variance within the set. The basis images
from the analysis are often known as principal
components or alternativ ely eigenimages. The
word eigenimage is derived from the fact that
the images are eigenvectors of the covariance
matrix of the training set. For face recognition
the eigenimages are commonly referred to as
\eigenfaces"; for chest radiographs we have coined
the term \eigenchests".

Figure 1: A diagram depicting eigenimages
(eigenchests) derived from a training set.

All images are high resolution chest radiographs
taken from the Christchurch Hospital Department

of Radiology. Each image has mn = 1784� 1680
pixels. For our study we had a training set of
k = 77 normal chest radiographs. This allows us
to calculate 77 eigenimages.

For this study we have two setsof test images. The
�rst is 15 normal chest radiographs. The secondis
15 chest radiographs containing pathology (pneu-
monia). All images have previously been cate-
gorisedasnormal or pneumoniaby fully accredited
radiologists.

3.1 Image registration

Before the eigenimageprocessingcan be applied,
all the imagesin both the training set and test sets
are registeredto removedi�erences in radiographic
technique and patient size. Many methods are
available for this, however for this study we have
used a method basedon a�ne transformation us-
ing manually selectedcontrol points. We then crop
the image, and �nally centre the image intensity
around the average image. An example is given
in �gure 2. This is identical to the method of
registration in our previous eigenimageprocessing
publications.

Figure 2: A diagram showing registration of one
image. On the left is the original image. In the
middle is the sameimageafter spatial registration.
On the right is the image after intensity centring.

3.2 Calculating the eigenima ges

To calculate the eigenimageswe start with a data
matrix A. Each column vector of A represents one
registered image within the training set. HenceA
is of k = 77 columns and mn � 3 � 106 rows. We
note that k � mn.

We seek the eigenvectors of the covariance ma-
trix AA T . Since A is mn by k, AA T is huge,
(mn)2 � 9 � 1012 elements. SinceAA T is to large
to be directly calculated, we usethe singular value
decomposition (SVD) to �nd just the �rst k = 77
eigenvectors of AA T [16].

The SVD given by:

A = U S V T (1)



where the columns U are the eigenvectors of AA T

and the columnsof V are the eigenvectorsof AT A,

U = eig(AA T ) (2)

V = eig(AT A) (3)

S is a diagonal matrix with k non-zero singular
valueson the diagonal, such that the singular val-
uesare squareroots of the non-zeroeigenvaluesof
both AA T and AT A.

Fortunately AT A is small with only k2 elements.
It can be calculated from A, it is small enough to
store in a computer's memory, and can be usedto
�nd all the elements of both S and V . Thereafter,
we can �nd the �rst k columns of U that corre-
spond to non-zero singular values. These �rst k
columnsof U are the eigenvectors(e1 : : : ek ) which
we seekto useas eigenimages:

U = [e1 : : : ek ek+1 : : : emn ] (4)

The remaining columns of U (ek+1 : : : emn ) corre-
spond to the zerosingular values. In linear algebra
terminology e1 : : : ek provide an orthonormal basis
for the column spaceof A, while ek+1 : : : emn pro-
vide an orthonormal basisfor the left-null spaceof
A.

3.3 Expressing test images as a combi-
nation of eigenima ges and a remain-
der image

Each test image is expressedas a linear combina-
tion of the eigenimageswith weighting factors and
a remainder image. The remainder image is the
component of the original image not represented
by the eigenimagebasis, and therefore not found
within the training set. This is expressedin equa-
tion 5 where each test image (T ) is a linear com-
bination of the weighting factors (wi ), eigenimages
(ei ), and a remainder image (R ). If a test image
is from the training set or perfectly represented by
the training set the remainder image is zero.

T = R +
kX

i =1

wi ei (5)

The weighting factors wi can be calculated very
quickly once the eigenimageshave been found.
This is done by projecting each test image onto
the eigen-basis.That is:

wi = hT ; ei i (6)

Returning to equation 5 wenow havevaluesfor the
test image T , the eigenimagese1 : : : ek , and the
weighting factors (w1 : : : wk ). The equation can
now be rearrangedto �nd the remainder imageR .

R = T �
kX

i =1

wi ei (7)

We note that while we do not calculate the vectors
ek+1 : : : emn , they should provide an orthonormal
basis for the remainder image. Fortunately this
basis set is not required for our study as it is an
extremely large, comprising (mn � k) images.

4 Eigen-domain �ltering

To produce an enhancedimage we can adjust the
relative importance of selectedeigenimagesor the
remainder image. This is done by intro ducing a
\�lter parameter" for each component. This is
shown in equation 8 wherean enhancedimage(E)
is a linear combination of weighting factors (wi ),
eigenimages(ei ), and a remainder image (R ),
where each component also has a �lter parameter
(f 0 for the remainder image and f i for the i th

eigenimage).

E = f 0R +
kX

i =1

f i wi ei (8)

4.1 Common pass and uncommon pass
�lter s

It is possibleto de�ne many typesof eigen-domain
�lters. For this study we usetwo �lters - \common
pass" and \uncommon pass". Theseare analogous
to high and low passFourier �lters.

We de�ne common pass �lters as those with low
order eigenimages(e.g. e1 and e2) weighted more
heavily than high order eigenimages(e.g. e76 and
e77). We refer to this as common pass because
these eigenimagesrepresent components that are
common within the training set of normal images.

Similarly, wehavede�ned uncommonpass�lters as
those with high order eigenimagesweighted more
strongly than low order. Thesehigh order eigenim-
agesrepresent components that are less common
within the training set. For this study we used
cosine shaped �lters as given in �gure 3. This
choice of shape was arbitrary and in future we
intend to trial other shapes.
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Figure 3: Filter parameter (f i ) for common pass
(+) and uncommon pass�lters (o).

4.2 Examination of the remainder image

It is also possibleto view the remainder image R .
This imageshows information not described by the
eigenimagesof the normal training set. That is,
this image represents patterns not present within
the training set. In many ways it is similar to
other CAD systems,such as temporal subtraction
[17, 18]. In temporal subtraction an image is pro-
duced which is the di�erence between a current
image and a previous image, thereby making ar-
eas of pathology more apparent. In our method,
the remainder image demonstrates the di�erence
betweenthe actual image and what is represented
in the training set of normal images. This should
make areasof pathology more apparent.

The remainder image is displayed in two ways.
Firstly , the imagecan be displayed asa grey scale.
For those pixels where the remainder is zero, the
pixel is displayed as grey. Pixels where the re-
mainder is negative are displayed asdarker shades,
while pixels where the remainder is positive are
displayed as lighter shades. Absolute remainder
imageshavebeenproducedwherethe brightnessof
a pixel is proportional to the absolute (unsigned)
value of the remainder.

5 Results

It proved possible to produce common pass, un-
commonpass,and remainder imageswithin a prac-
tical computational time using this technique. Ex-
amples of these images are given in �gure 4. As
expected, commonpassimagestended to look like
the original image. Uncommon pass�lters tended
to look more noisy as structures unique to the
original image were enhanced.

Interestingly, images which contained pathology
were unlikely to show the pathology either on the

common or uncommon pass�ltered images,while
remainder images tended to show features that
were not present within the training set. This
is thought to be because the pathology is not
represented within the training set.

An exampleof a \normal" test image is given in in
the top half of �gure 4. Note how the remainder
imagesare near zero in intensity, suggestingthat
the sourceimageis well represented by components
of the normal training set.

The bottom half of �gure 4 is an example of a
\pathological" test image (right upper lobe pneu-
monia). Note how on the common pass �ltered
image, the area of abnormality is not well seen.
This is thought to be becausethe training set does
not have components that can easily represent the
pneumonia pattern. This inabilit y of the eigenim-
agebasis to represent the pathology is manifested
as high intensity areas in the remainder images.
That is, the background normal chest has been
subtracted making the pathological areasmore vis-
ible.

6 Discussion

The technique of enhancement in the eigen-
domain is a novel approach to enhancing chest
radiographs, and shows promising results for
examination of further sets of images. In future
we intend to process images containing many
other pathologies commonly found within chest
radiographs.

It seemsthat the most promising technique is ex-
amination of the remainder image, as this allows
visualisation of variation of a test image from a
normal training set. In future, we intend to assess
automatic classi�cation schemesbasedupon useof
this remainder image.
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