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Purpose: Symmetry is an important feature of human anatomy and the absence of symmetry in
medical images can indicate the presence of pathology. Quantification of image symmetry can then
be used to improve the automatic analysis of medical images.
Methods: A method is presented that computes both local and global symmetry in 2D medical
images. A symmetry axis is determined to define for each position p in the image a mirrored position
p0 on the contralateral side of the axis. In the neighborhood of p0 , an optimally corresponding position ps is determined by minimizing a cost function d that combines intensity differences in a patch
around p and the mirrored patch around ps and the spatial distance between p0 and ps . The optimal
value of d is used as a measure of local symmetry s. The average of all values of s, indicated as S,
quantifies global symmetry. Starting from an initial approximation of the symmetry axis, the optimal
orientation and position of the axis is determined by greedy minimization of S.
Results: The method was evaluated in three experiments concerning abnormality detection in frontal
chest radiographs. In the first experiment, global symmetry S was used to discriminate between 174
normal images and 174 images containing diffuse textural abnormalities from the publicly available
CRASS database of tuberculosis suspects. Performance, measured as area under the receiver operating characteristic curve Az was 0.838. The second experiment investigated whether adding the local
symmetry s as an additional feature to a set of 106 texture features resulted in improvements in classifying local patches in the same image database. We found that Az increased from 0.878 to 0.891
(P = 0.001). In the third experiment, it was shown that the contrast of pulmonary nodules, obtained
from the publicly available JSRT database, increased significantly in the local symmetry map
compared to the original image.
Conclusions: We conclude that the proposed algorithm for symmetry computation provides informative features which can be used to improve abnormality detection in medical images both at a local
and a global level. © 2017 American Association of Physicists in Medicine [https://doi.org/10.1002/
mp.12127]
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1. INTRODUCTION
Symmetry, an ubiquitous property of both natural and manmade objects, is the property of an object being invariant to
certain types of transformations. The most well-known forms
of symmetry are reflection, or bilateral symmetry, and rotation symmetry. Symmetry as a general feature of objects has
been extensively studied in computer vision. Being such a
fundamental property of many objects, there have been
numerous applications where symmetry has been applied, for
example in face detection,1 object tracking,2,3 and analysis of
textures.4 A detailed overview of many aspects of symmetry
computation and its applications can be found elsewhere.5
Many of the proposed algorithms considered symmetrical
properties in objects described by their boundaries.6–8 More
recently techniques have been developed that detect symmetry directly in images, using point descriptors (features) to
measure similarity between symmetric points.9,10
Although the output of these methods is mostly a binary
measure, a continuous symmetry measure contains more
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information as it can be used to impose an ordering on a series of objects such that an object with a smaller measure is
judged to be less symmetric. A well-known example of such
a measure is the continuous symmetry measure (CSM) by
Zabrodsky et al.,8 which quantifies symmetry in object
boundaries. A number of papers have used continuous symmetry measures, such as the CSM, to find correlations with
other characteristics. Examples are the relation between facial
symmetry and subjective measures of attractiveness,11 fluctuating asymmetry and developmental instability,12 and molecule symmetry and enzyme activity.13
The human body exhibits a large degree of symmetry,
clearly visible on the outside, and numerous organs such as
the brain, lungs, and visual system also display symmetry. A
loss of symmetry in these organs is often an indication of a
disturbance of their normal functioning. For this reason,
visual assessment of symmetry in medical images is typically
used by human specialists for image interpretation and
pathology detection. In automated medical image analysis,
the use of symmetry has been limited and mainly focused on
© 2017 American Association of Physicists in Medicine
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brain MRI. In Liu et al.,14 symmetry was used to robustly
extract the midsagittal plane in pathological brain images. In
Sun et al.,15,16 the detection, segmentation, and classification
of brain lesions was performed using a symmetry measure
that involves computing point-to-point similarities based on
the curvature of the gradient vector flow. Digital subtraction
techniques have been also used to show differences between
the two sides of the symmetry axis. Li et al.17,18 performed
registration of the left and right lung fields in posterior–anterior chest radiographs, followed by subtraction, to suppress
normal symmetrical structures and enhance pathology. In a
later study,19 a similar technique was successfully used as a
postprocessing stage to reduce the number of false-positive
detections in a CAD scheme to detect nodules.
However, many previously proposed methods9,15,16 are formulated from an assumption of perfect symmetry, but are
applied to images that have varying degrees of symmetry.
Many natural objects clearly display properties of symmetry,
but this symmetry is usually not perfect.20 In the human
body, symmetrical organs, such as the brain, are not perfectly
symmetrical, even in healthy subjects.21 The lungs are not
fully symmetrical (e.g., the left lung has two lobes and the
right one three and the shadow of the heart breaks the symmetry in chest radiographs), but still exhibit a large amount
of symmetry in how its internal structures, such as vessels
and airways, are organized. The amount of symmetry in a
medical image also depends on the properties of the imaging
device. Projection radiography, computed tomography (CT),
and magnetic resonance imaging (MRI) have different resolutions, contrast, etc. A method analyzing symmetry in medical
images should be able to deal with this inherent normal
asymmetry.
In this paper, we propose a new algorithm to assess symmetry in 2D medical images with the aim to detect the presence of pathology. The innovative contribution of the
proposed method is twofold. First, unlike previous methods,
the proposed algorithm deals with both the inherent normal
asymmetry of the organs and asymmetry as a result of pathology. The normal asymmetry cannot be corrected for using
existing fixed point-to-point analysis or registration methods.
Therefore, the method uses point descriptors and similarity
measures to describe the image contents and its symmetry.22–24
Second, two symmetry measures are provided: a local symmetry measure, and a global symmetry measure derived
from local symmetry, which will allow not only determining
the presence of pathology but also provide an exact localization of the lesion. These innovative aspects lead to quantification of symmetry perception in medical images without
being wrongly influenced by anatomical asymmetries. The
potential usefulness of the algorithm is demonstrated in a
number of applications involving the detection of abnormalities in chest radiographs where the proposed symmetry measures are correlated to clinical characteristics.
The paper is organized as follows. Section 2 describes the
method and its implementation. Section 3 describes the
experiments and shows results for three different tasks. Section 4 discusses the results and in Section 5 we conclude.
Medical Physics, 44 (6), June 2017
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2. MATERIALS AND METHODS
In this section, the algorithm to obtain a continuous local
symmetry and global symmetry measure is described. Local
symmetry s is defined as the minimum dissimilarity between
two corresponding points on both sides of the symmetry axis.
This is a different definition than the one used in some previous works,9 where local symmetry is described as the presence of symmetrical structures in a subregion of the full
image. On the other hand, global symmetry S is defined as
the degree of symmetry in the whole image.
2.A. Prerequisites
The method operates on a discretized 2D gray value image
I in which one mirror symmetric object or region of interest
is present. Posterior–anterior chest radiographs and brain
MRI or CT sections are common medical examples of such
images.
Let l be the vertical symmetry axis of the object in I with
location x ¼ xs . The image is then divided by l into two sets
of points: on the left PL and on the right PR (Fig. 1(a)). An
equal number of points in both sets is not required and the
correspondences between their points are not known. PL and
PR can cover all the points in the image I (i.e., PL [ PR ¼ I)
or be subsets of points (PL  I and PR  I, PL [ PR 6¼ I),
for example, presegmented structures of interest such as the
lung fields in chest radiographs (Fig. 1(a)).
In order to deal with objects which are known a priori to
exhibit only partial symmetry, we take into account points
p  PL (similarly p  PR ) if p0  PR (similarly p0  PL ),
where p0 is the corresponding point in the mirrored position
of p with respect to l (see Fig. 1(b)). Given a set P  PL
(similarly P  PR ), let P0  PR (similarly P0  PL ) be the
corresponding mirrored set of P with respect to l (see Fig. 1
(a)). The regions formed by P and P0 are mirror images of
each other and are used to compute local symmetry.
2.B. Local symmetry
We define the local symmetry s(p;l) of point p 2 P with
coordinates (x,y) given the symmetry axis l as the minimum
dissimilarity between p and the points on the contralateral
side of l:
sðp; lÞ ¼ min0 dðp; qÞ

(1)

q2P

where d(p,q) is the dissimilarity between points p and q.
Higher values of s indicate less similarity between points.
Note that the algorithm considers all points on the other side
of the symmetry axis to compute s(p;l), instead of using only
the mirrored point p0 of p with respect to l as in Fig. 1(a). In
this way, the inherent asymmetry in the image is taken into
account, in contrast to previously described methods.9,15
Let f(p) be a point descriptor which describes the local
properties of p and consists of an image component f img ðpÞ
and a position component f pos ðpÞ:
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(a)

(b)
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FIG. 1. Computation of local symmetry s(p) for a point p. (a) Point p in PL with mirror symmetric point p0 in PR . (b) Computation is only performed in mirror
symmetric sets of locations. The continuous line delimits points P with corresponding mirror symmetric points P0 . The dashed line represents the initial regions
PL and PR . (c) The optimal matching point ps is determined by minimizing a cost function d that measures the dissimilarity of position and image characteristics
of p with all points in PR . The minimum value of d determines s(p). Note that ps is not necessarily equal to p0 .

fðpÞ ¼





f img ðpÞ
:
f pos ðpÞ

(2)

The image component f img can be provided by any suitable
local descriptor. Examples are SIFT,23 local binary patterns,25
etc. In this paper, we define the elements of f img as the pixel
intensities sampled from a square patch Ω around p with
patch size (edge length) m pixels, as in Avni et al.,22 and a
stride of 1 pixel. As m determines in physical space the area
of the regions that are compared, the optimal value depends
on the application. From the algorithmic side, m2 is also the
number of elements of the image component of the point
descriptor and as such influences the speed of the algorithm
(see below). Therefore, for selected applications, a stride larger than 1 pixels might be necessary, but in the experiments
in the paper we found the default stride of 1 pixel to be sufficient. In order to determine similar looking positions on both
sides of the symmetry axis, computation of f img ðqÞ for q 2 P0
are calculated using a mirrored version of Ω. In square
patches, and with a row-based sampling, mirroring is performed by reversing the order of elements in f img . The optimal value of m depends on the application and is determined
in Section 3.
The position component f pos consists of the position of p
with respect to the symmetry axis l:
 
xl
f pos ðpÞ ¼
;
(3)
yl
where
xl ¼



x
2xs

x

if x  xs
if x [ xs

(4)

and yl ¼ y. The inclusion of the position component in the
descriptor ensures that two points are only considered similar
Medical Physics, 44 (6), June 2017

if they have similar visual characteristics and they are
approximately spatially symmetrical.
The dissimilarity d(p,q) between two points p 2 P and
q 2 P0 is then defined as the distance K between their
descriptors:
dðp; qÞ ¼ KðfðpÞ; fðqÞÞ

(5)

Many distance definitions are available for K. In this study,
the Euclidean distance K ¼ jjf 1 f 2 jj is used.
The elements of the point descriptor contain intensity as
well as position values. These values were normalized to zero
mean and unit standard deviation over both lung fields before
computing distances. In order to control the relative contribution of image and position components, a position weight factor w is introduced:


f img ðpÞ
fðpÞ ¼
:
(6)
wf pos ðpÞ
High values of w favor matching points which have similar
symmetric locations. The value of w depends on the application and optimal values are studied in Section 3.
Determining the local symmetry using Eq. (1) can be
computationally expensive if the number of points is large.
To reduce computational requirements, finding the most
similar point is formulated as a 1-nearest-neighbor problem. Efficient solutions to this problem have been developed which precompute data structures and provide a fast
approximation close to the exact solution.26 In this work,
we use the approximate nearest neighbor (ANN) algorithm
described in Arya and Mount.27 The algorithm uses precomputed kd-trees and provides an approximate solution
which insures that the distance to the approximated nearest
neighbor is smaller than (1+e) times the distance to the
true neighbor. For asymmetry computation e = 2.0 is used.
In previous work, we established that this value showed
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no change in classification performance compared to e = 0
(Ref.28)
2.C. Global symmetry
The global symmetry measure S(I;l) of an image I given
the symmetry axis l and the sets P and P0 is computed by
averaging all the local symmetry measures s(p;l) in P and P0 .
If the set of all N locations on both sides of the symmetry axis
is defined as P ¼ P [ P0 , S is then defined as:
1X
sðp; lÞ
(7)
SðI; lÞ ¼
N p2P
Low values of S indicate overall similarity of image characteristics on both sides of the symmetry axis. A value
of S = 0 indicates that for every point a perfect analog
has been found on the other side at the expected
reflected position. High values of S indicate the presence
of image characteristics on one side which cannot be
found on the other side.
Local symmetry values s are spatially correlated and contain redundant information. The global symmetry can therefore be estimated using only a subset of P without losing its
discriminative properties. In Section 3, we determine the
effect of reducing the number of samples in P by introducing
a subsample factorpkﬃﬃﬃas parameter, which was implemented
by sampling every jth pixel in the x- and y-direction. Pilot
experiments showed negligible influence of j on the optimal
values of m or w; increasing the value of j is mainly of interest for reduction of computation times.
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dimension of the image. For brain imaging with computed
tomography or magnetic resonance imaging, a similar fixed
relation between patient and image coordinate systems is
common. In practice, locations of axes or planes of symmetry
are not exactly known and are not necessarily aligned with
the image axes.
We estimate the optimal position of the symmetry axis l
from an initial approximation by minimization of the global
symmetry value S. Note that the ensuing discussion relates to
2D images, but the procedure can be easily extended to
higher dimensions.
2.D.1. In-plane rotation
If the patient is rotated in the xy plane, it will cause the
symmetry axis to deviate from the verticality which is
expected by the algorithm. In order to identify the optimal
angle of the symmetry axis, anatomical structures are rotated
upright by artificially imposing a range of rotations with different angles to the image. Rotation was performed around
the center of the image. The angle which results in the minimum global symmetry S corresponds to the optimal rotation
of the image and the upright position of the thorax. Let a be
the angle used to rotate the image I in the xy plane around the
image center. Let S(I;l,a) denote the global symmetry value
computed for I after rotation. The optimal angle aopt is
defined as:
aopt ¼ argmin SðI; l; aÞ

(8)

a2A

where A is a set of test angles. Figure 2 shows an example of
in-plane rotation for a chest radiograph.

2.D. Determination of optimal symmetry axis
In medical imaging, the scanning protocol typically
ensures that anatomical structures have a fixed orientation
and location in the image. For example, in posterior–anterior
chest radiographs, the lung fields are centered and the caudocranial direction of the patient is aligned with the y

(a)

Original

(b)

s before rotation

High local symmetry

2.D.2. Symmetry axis x-coordinate
The x-position of the initial approximation of the symmetry axis xs (Section 5) can be displaced from its optimal position. A similar minimization procedure as for the in-plane
rotation was used to find the optimal position. Let S(I;l,d)

(c)

Optimal rotation

(d)

s after rotation

Low local symmetry

FIG. 2. Example of local symmetry (s) maps before and after optimal rotation in the xy plane. Overlay maps in (b) and (d) indicate local symmetry. Overlay scale has arbitrary units, because s values have only a relative interpretation. The graph in (c) indicates the relation between the rotation angle a and global symmetry S (compared to
the original image). The image rotated by the angle corresponding to the minimum value of S in (c) is used in (d). [Color figure can be viewed at wileyonlinelibrary.com]
Medical Physics, 44 (6), June 2017
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denote the global symmetry value of image I after applying
an horizontal displacement d to the symmetry axis l. The
optimal horizontal displacement dopt of l is computed as
dopt ¼ argmin SðI; l; dÞ

(9)

d2D

where D is a set of test locations.
2.E. Symmetry computation in chest radiographs
In this paper, we select the analysis of chest radiographs to
evaluate the performance of the proposed symmetry measures
in real medical images. Specific details for symmetry computation in chest radiographs, which are used in the experiments, are given in this section.
The expected scale of normal and abnormal structures
determine the working resolution of the images for symmetry
computation and the scale at which f img is computed. Chest
radiographs were resampled to a fixed width of 512 pixels in
all experiments. Optionally, images can be preprocessed to
enhance certain structures. The use of a normalization procedure and its properties may influence the symmetry measures. In Section 2.F.3, we evaluate the use of a local
normalization procedure which enhances contrast, removes
low frequency variations, and normalizes edge strengths.29
This procedure locally normalizes the intensity deviation
from the average to the local standard deviation:
I ~I
ILN ¼ qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
~I 2 ð~IÞ2

(10)

where I indicates the original image, ILN the locally normal~ blurring by convolution with a Gaussian
ized image and ðÞ
kernel with scale rLN . The parameter rLN is application
dependent. The procedure is implemented by applying Eq.
(7) to each point in the image.
An initial location of the vertical symmetry axis is determined as follows. The existence of a binary segmentation of
the lung fields is assumed, where lung fields have value 1
otherwise 0 (Fig. 3a). A one-dimensional projection image
yðxÞ is created by orthogonal averaging over the y direction
(Fig. 3b). The function y contains two peaks, corresponding
to the lung fields, and three valleys corresponding to the two
parts at the sides of the image and the part between the lung
fields. The approximate position of the symmetry axis is
determined by the minimum value in the middle 20% of the
curve (gray area in Fig. 3b) or, if there is no single minimum,
by the midpoint of the zero region.
Computation of the symmetry measures was performed
using locations in the symmetric lung fields only (as in Fig. 1
(b)). Please note that symmetric locations P and P0 , which
depend on l, are redetermined in each iteration of the symmetry axis optimization, including a recomputation of the xlocation of the symmetry axis using the procedure described
in the previous paragraph during rotation optimization.
Patches close to the lung border, with some of the pixels in
the patch outside P, are included in the computation. In chest
Medical Physics, 44 (6), June 2017

FIG. 3. Computation of initial symmetry axis location. (a) Binary lung segmentation (black = 1, white = 0) (b) Orthogonal projection over y-axis yðxÞ.
The x-coordinate of the symmetry axis is derived from the gray area.

radiographs this does not introduce artifacts because the symmetry of the image continues outside, but close to, the lung
border.
2.F. Experiments
We performed three experiments to validate the proposed
method for the detection of pathologies in chest radiographs
using global and local symmetry measures. In the first experiment, global symmetry was used to discriminate between
normal and abnormal images. In this experiment, the influence of algorithm parameters on the final result was extensively studied. In the second experiment, the contribution of
the local symmetry measure to a set of general texture features was determined in an image patch classification task. In
the third experiment, the local symmetry measure was used
to enhance nodule contrast.
2.F.1. Global symmetry to discriminate between
normal and abnormal images
The global symmetry measure S quantifies the presence of
symmetrical structures on both sides of the symmetry axis.
Chest radiographs (CXRs) of healthy persons are largely
symmetric and tend to give low values. The presence of
abnormalities in the lung fields tends to increase S. In this
experiment, we study the discriminatory power of S to distinguish between normal and abnormal images.
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A set of 348 CXRs (174 normal, 174 containing textural
abnormalities) was selected from a database consisting of
images of tuberculosis (TB) suspects. Images from digital
chest radiography units were used (Delft Imaging Systems,
the Netherlands) of varying resolutions, with a typical resolution of 1800 9 2000 pixels, the pixel size was 250 lm isotropic. The set is a subset of a publicly available database
described in Hogeweg et al.30 where normal images and
images containing textural abnormalities inside the lung field
were selected. The normal/abnormal decision is based on the
absence or presence of textural abnormalities in the image
(see Section 2).
Lung segmentations are used to determine the initial symmetry axis and limit the computation of local symmetry. They
were obtained using a previously developed algorithm,
which is a combination of pixel classification and shape
modeling.28
The discriminatory power of S to distinguish normal and
abnormal images was evaluated using the area Az under the
receiver operating characteristic (ROC). In this experiment,
the influence of the algorithm parameters, namely patch size
m, position weight w, and subsample factor jm was studied.
The effect of varying parameter values was first determined
per individual parameter; as starting values for each experiment we used w = 10.0, m = 9 pixels, j = 1. These values
were found to work well in a patch-based categorization and
retrieval method involving chest radiographs by Avni et al.22
After this first approximation, the optimal combination of w
and m was determined. The set of angles A used to determine
aopt was { 10.0, 9.5, . . ., 9.5, 10.0} degrees. The set of
horizontal displacements D used to estimate dopt was
{ 10, 8, . . . , 8, 10} pixels. Additionally, an experiment
was performed with m = 1, w = ∞, optimal rotation, and
optimal x-location. These values correspond to the situation
where symmetry is computed as the (normalized) difference
between a pixel and its corresponding position mirrored
pixel.
2.F.2. Local symmetry in combination with texture
analysis
In this experiment, the effect of adding local symmetry to
a set of texture features when classifying patches and images
for the presence of textural abnormalities was evaluated.
The dataset is the same as used for the first experiment.
For training of the patch classifier, labeled examples of
patches are required. Manual outlines of abnormalities were
created in the full set by an expert reader (LH) under supervision of an experienced chest radiologist. Patches whose center is inside the outline were assigned the label abnormal.
Normal patches were only sampled from normal images.
From the original images, 145,315 patches (116,252 normal
and 29,063 abnormal) and from the optimally rotated images,
144,905 (115,924 normal and 28,981 abnormal) patches were
extracted, both with a normal to abnormal ratio of exactly
4:1. Training and testing of the 348 cases was performed in
twofold cross-validation, by dividing the data in two equally
Medical Physics, 44 (6), June 2017
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sized sets of 174 images and alternating the role of training
and test set.
Optimal parameter values (m,w) for local symmetry maps
were computed in a similar setup as in the previous experiment, but only using the images in the training set. The image
rotation and symmetry axis x-location were optimized and
k = 1. The detection of textural abnormalities is based on texture analysis of circular image patches (radius = 32 pixels)
sampled every 4 pixels. Texture features were computed by
extracting statistics of Gaussian derivative filtered images of
order 0 through 2 (L, Lx , Ly , Lxx , Lxy , Lyy ), at scales 1, 2, 4,
and 8 pixels. The first four moments (mean, standard deviation, skew, and kurtosis) of the intensity distribution of each
Gaussian derivative, filtered image and the original image
were computed from pixels inside the corresponding circular
patch. This method has recently successfully been used to
detect textural abnormalities related to TB in chest radiographs.31,32 Two general position features, namely the x- and
y-position normalized to the image size, and four lung segmentation-derived position features, namely the x- and yposition normalized to the bounding box of the lung fields,
the distance to the lung boundary, and the distance to the center of gravity of the lung fields, were added to the texture features. A total of 106 features per patch were extracted.32
Image patches were sampled inside the segmented lung fields
and assigned an abnormality likelihood with a GentleBoost
classifier33 which used 100 regression stumps as weak classifiers. Image locations outside the mirror symmetric lung
fields P and P0 were assigned s = 0. Images were assigned an
overall texture score by computing the 95th percentile of the
cumulative distribution of patch likelihood scores.32 This texture score was used to determine image classification performance.
Two sets of features were compared: (a) the texture+position features totaling 106 features, and (b) the texture+position features and local symmetry totaling 107 features. These
feature sets were compared in a patch classification and
image classification experiment. In addition, the performance
of local symmetry as a single feature was determined in the
patch classification experiment. Classification performance
was determined using Az . Significant differences were determined with case-based bootstrapping34 using 1000 bootstrap
samples.
2.F.3. Local symmetry to detect nodules
Lung cancer is commonly detected on radiographs, but it
is known that retrospectively visible lesions are missed by
radiologists in 19–90% of cases,35 so computerized support
for lung nodule detection is an active area of research.36
Some nodules are very difficult to detect, also by humans,
and a careful comparison of the left and right lung fields is
often required to discern them. As an illustration of the local
symmetry algorithm, an experiment was performed to determine its potential in enhancing the contrast of nodules on
CXRs. In this experiment, also the effect of preprocessing
with local normalization was determined. Local
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normalization improves contrast of nodules,29 and also serves
to reduce low-frequency intensity variations which are uninformative for the detection of small lesions.
For evaluation we used the publicly available JSRT database consisting of 93 normal cases and 154 abnormal cases.37
Only abnormal cases were used in this experiment; each contained one nodule of which location and radius were available. Images were digitized 12-bit posterior–anterior CXR,
scanned to a resolution of 2048 9 2048 pixels with an isotropic pixel resolution of 175 lm. Nodule sizes ranged from 5
to 60 mm (median = 15 mm) with five degrees of conspicuousness, from obvious, relatively obvious, subtle, very subtle,
and extremely subtle. These ratings were assigned by a radiologist. Four cases, in which the nodule was located outside
the lung fields, could not be used; thus, we had 150 cases
available for analysis.
Images were resampled to a width of 512 pixels. Local
symmetry maps were computed with the optimal parameter
values determined in the previous experiment. The image
rotation and symmetry axis x-location were optimized.
The visibility of a nodule was determined by its contrast
with its neighboring background, using the Weber contrast
C¼

If

Ib
Ib

(11)

where If is the average intensity of the nodule region of interest (ROI) and Ib the average background intensity. The Weber
contrast, also known as the Weber ratio, is a commonly used
measure used in perception studies as it follows Weber’s law
of psychophysics38. The nodule ROI is defined by a circle
centered at the nodule location and with a radius r obtained
from the JSRT annotations. Ib is measured in a band enclosing the nodule ROI with a width of 0.5r. The contrast was
measured only inside the unobscured lung fields, which were
automatically segmented using active shape models.28
C was computed on four types of input images: the original image, the locally normalized (LN) image with rLN ¼ 16
pixels,29 and local symmetry maps computed from the original and locally normalized image. Note that C can be negative when the surroundings have higher values than the
nodule ROI.

3. RESULTS
3.A. Global symmetry to discriminate between
normal and abnormal images
Figure 4 shows the effect of optimal rotation on individual
cases for the default parameter settings. By definition all
scores are equal or lower after optimization. For normal cases
(green), the scores are reduced more than for the abnormal
cases (red), as indicated by their respective trendlines. This
differential change between normal and abnormal cases leads
to a large improvement in discriminative performance.
Figure 5 shows the effect of varying the free parameters
on Az for the 348 test images. Optimal rotation of the symmetry axis was important for the majority of parameter values
Medical Physics, 44 (6), June 2017
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FIG. 4. Effect of optimal rotation on global symmetry S scores for 348 cases.
Scores were computed with optimal parameter values. S for normal cases
(dots) decreases relatively more than abnormal cases (pluses) as shown by
the trendlines. As a result, projection on the horizontal axis (no rotation)
results in high overlap of normal and abnormal cases, but projection on the
vertical axis (optimal rotation) yields good separation. [Color figure can be
viewed at wileyonlinelibrary.com]

and led to a large increase in performance. Additional optimization of the x-location did not lead to large further
increases. To investigate the reason for this, we investigated
the absolute changes in optimal x-location compared to the
initial symmetry axis. The mean absolute change in x-location was 1.15  1.38 pixels and the median absolute change
was 0 pixels. These values indicate that the initial x-location
of the symmetry axis was very close to the optimal location
for most images.
Performances reported in the remainder of this section
refer to the images with optimal rotation and x-location. Az
showed a slow increase with increasing m up to a value of 13
pixels and then a slow decrease. In the m range of 9–21 pixels,
Az values were highly stable. At w = 5.62, the optimal Az of
0.835 was achieved. In the w range of 3.2–32, Az was mostly
stable with values >0.82. Higher and lower values of w led to
a reduction in performance. Especially for low values of w, in
which case the influence of f img increases relatively to f pos ,
performance decreased substantially. The relation between j
and Az was mostly stable for j ≤ 16, for j > 16 performance
slightly reduced until it breaks down at j = 256. The
experiment with m = 1 and w = ∞ resulted in Az ¼ 0:732, a
value markedly lower than the optimal values in Fig. 5.
The value of w is related to the value m via Eq. (4); higher
values of m result in a larger number of intensity features and
therefore require higher values of w to maintain the same relative weighting between intensity and position features. To
reflect this, all combinations of m = (9, 11, 13, 15, 17) and
w = (1.77, 3.16, 5.62, 10.0, 17.7, 31.6) were tested with j =
16 to determine the optimal combination. For these parameter
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(a)
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(b)

(c)

FIG. 5. Optimization of position weight w, subsample factor j, and patch size m for global symmetry computation on a set of 348 images. Image classification
performance for original images, optimally rotated images, and optimal x-location of the symmetry axis are shown as function of the three parameters: (a) Patch
size, (b) Position weight (NB the x-axis is logarithmically scaled), (c) Subsample factor (NB the x-axis is logarithmically scaled).

values, the highest performance was found in their individual
optimization. The optimal combination was (m,w) = (15,17.7)
with Az ¼ 0:838; these parameter values were used in subsequent experiments.
Computation times are related to the amount of subsampling. Computation times for local and global symmetry
combined (at a single core of a Core 2 Duo @ 3.0 Ghz)
decreased from 50 s (j = 1) to 13 s (j = 4) and 8 s (j = 16)
for an average case ( 40,000 positions), using optimization
of image rotation and xs , and with optimal (m,w) values. Subsampling with a factor j = 16 gives minimal performance
loss compared to j = 1. An additional reduction of computation time could be achieved by not performing xs optimization, as it has only a very small effect on performance. The
search for optimal corresponding patches is also easy to parallelize in order to further improve the computation times.
Figure 6 shows an example of the effect of w on the
computation of local symmetry. For values of w that are
Medical Physics, 44 (6), June 2017

low compared to the optimal range (0.1 and 1), i.e., a low
influence of position in searching for corresponding points,
matching can occur far from the position-symmetric point.
In this case, even for abnormal patches a corresponding
patch can be found somewhere in the contralateral side,
resulting in overall high local symmetry values. In the case
of values that are near the optimal range (w = 10), corresponding patches can usually be found for normal patches,
but not for abnormal ones. This results in a discrimination
between normal and abnormal patches. For high values
(w = 100), the search space is effectively limited to the
exact position-symmetric point. Although this results in
low local symmetry values for some of the abnormal areas
that remained inconspicuous with lower values of w, it also
results in lower local symmetry values for normal areas.
More importantly it is not possible to localize abnormalities anymore as the local symmetry map has become (largely) symmetric.
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FIG. 6. The effect of the weighting factor w on the computation of local symmetry. Example for one image where local symmetry maps were computed with
values of w 2 {0.1, 1, 10, 100}. Overlay scaling is identical for all symmetry maps. [Color figure can be viewed at wileyonlinelibrary.com]

High local symmetry

Low local symmetry

FIG. 7. Examples of local symmetry for two normal and two abnormal images. Overlay maps indicate local symmetry; overlay scale has arbitrary units, because s
values have only a relative interpretation. The scaling is identical in all the examples. [Color figure can be viewed at wileyonlinelibrary.com]

3.B. Local symmetry in combination with texture
analysis
Optimal parameter values for local symmetry computation
were (m,w) = (15, 17.7) for both the training sets, similar as
in Section 3.A, but optimal Az values were 0.843 and 0.828
for the two training sets, respectively. Figure 7 shows four
examples of CXRs: the first two contain no textural abnormalities, the last two contain several abnormalities across the
lung fields. Local symmetry maps are shown for all four
cases. In the normal cases, values of s are on average low,
with slightly higher values close to the hilar structures. In the
Medical Physics, 44 (6), June 2017

abnormal cases, abnormalities are highlighted in the local
symmetry map.
Figure 8(a) shows the results of the patch classification
experiment. Local symmetry as a single feature achieved
Az ¼ 0:726. The texture+position features achieved
Az ¼ 0:878. The addition of the local symmetry features to
the texture+position features significantly increased performance to Az ¼ 0:891 (P = 0.001).
Figure 8(b) shows the results of the image classification
experiment. The texture+position features achieved
Az ¼ 0:848. The addition of the local symmetry features to
the texture+position features significantly increased
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(a) Patch level performance

2251

(b) Image level performance

FIG. 8. Effect of adding local symmetry to a supervised system detecting textural abnormalities analyzed using ROC analysis. Experiments were done on 384
chest radiographs. Texture is the basic system without local symmetry, Texture + local symmetry includes s as a patch feature. (a) Patch (local) level performance.
Local symmetry is the system with s as the only patch feature. (b) Image level performance. Global symmetry is added for reference and shows the performance
of S as a single image feature. [Color figure can be viewed at wileyonlinelibrary.com]

performance to Az ¼ 0:867 (P = 0.01). For comparison, the
results of using global symmetry to classify images is also
shown in the figure. No significant difference was found in
performance between global symmetry and the texture+position features alone (P = 0.352).
3.C. Local symmetry to detect nodules
Figure 9 shows three examples of original CXRs-containing nodules, locally normalized images, local symmetry maps, and the nodule ROI. In the local symmetry
maps, an increase of the values relative to the surroundings is observed at the nodule locations. Note the near
absence of rib and clavicle patterns, which are one of
the most prominent structures in CXRs but do not show
a pronounced response in the local symmetry map
because they exhibit strong symmetry. At a number of
locations in the image s is increased although no abnormalities are present. This can be observed near the pulmonary vessel tree, at some crossings of ribs and vessels
and close to the lateral rib cage.
Figure 10(a) shows the average nodule C for original
images and LN images and for local symmetry maps computed from original and LN images. The local normalization
procedure on its own increased C, but local symmetry computation applied to the locally normalized image further
enhanced the contrast. For both types of images, C increased
significantly in the local symmetry map: from 1:3  10 2 to
6:8  10 2 (P < 0.001; paired Student’s t-test) when using
Medical Physics, 44 (6), June 2017

original images and from 9:1  10 2 to 14:1  10 2 (P <
0.001; paired Student’s t-test) when using LN images. For all
of the subgroups of nodules, C consistently increased in the
local symmetry maps, except for the extremely subtle nodules. These nodules are almost impossible to observe, also
for human experts.37
Figure 10(b) shows the changes in C per nodule computed
on LN images and local symmetry maps computed from the
LN image. For most cases, an improvement of C is observed.
In LN images, the maximum contrast was 32:5  10 2 and in
local symmetry maps, 71:8  10 2 .
4. DISCUSSION
We have presented a method to compute local and global
symmetry efficiently in 2D gray value images. In applications
concerning detection of pathology in chest radiographs, global symmetry was found to be a strong indicator for the overall presence of abnormalities and local symmetry was an
informative measure for localizing abnormalities. The method
provides three contributions to the field of automatic medical
image analysis: (a) a novel continuous symmetry measure
was developed, (b) to our knowledge this is the first method
that uses global symmetry to detect images containing abnormalities, (c) the method addresses the issue of inherent and
pathological asymmetry by combining gray value and position information to quantify symmetry. The proposed method
for computing symmetry can contribute to the improvement
of automated abnormality detection systems for any organ
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High local symmetry

2252

Low local symmetry

FIG. 9. Local symmetry maps for three CXRs-containing nodules. Shown are original images, locally normalized images, symmetry maps calculated from
locally normalized images, and the nodule ROI (inside) and background region (outside) used for contrast computation. Insets show a detailed view of the nodule
ROI. The nodule contrast C is indicated below the images. [Color figure can be viewed at wileyonlinelibrary.com]

and imaging modality where (partial) symmetry is present in
the nonpathological situation.
A property of symmetry computation is that, without adding additional information, it leads to symmetrical structure
in the symmetry map. Especially when the computation is
limited to spatially symmetrical positions, such as in most
previously published methods on symmetry computation for
pathology detection,9,15,16 the symmetry map is by definition
fully symmetric. In medical images, which often do not exhibit perfect symmetry even in normal examples, this leads to
an artificial elevation of symmetry measures. It will also lead
Medical Physics, 44 (6), June 2017

to an ambiguity of the side where abnormalities, such as
pathology, are located. We have addressed this important
issue by allowing flexibility in matching positions, using a
weighting factor which controls the influence of position
and local density patterns. Smaller abnormalities can then
be unambiguously localized, such as is visible in Fig. 9
where nodules are highlighted on the correct side in the
local symmetry map or Fig. 6c for an example of a correctly localized textural abnormality. In contrast, using only
the exact reflected point for symmetry computation is
equivalent to employing very high position weights in the
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(a) Contrast after local symmetry computation

2253

(b) Contrast change of individual nodules

FIG. 10. Nodule contrast C measured in input images and local symmetry maps computed for 150 nodules. (a) Change of C measured in original and LN images.
Error bars indicate standard deviation. (b) Change in C per nodule on locally normalized images and on local symmetry images computed on LN images. Each
marker indicates a nodule. [Color figure can be viewed at wileyonlinelibrary.com]

proposed method (cf. Fig. 6c and 6d). Our results showed
that these higher weights have lower discriminative performance than lower weights, indicating the importance of
allowing positional flexibility in symmetry computation for
pathology detection. Other applications or other modalities
than chest radiographs likely require different optimal
parameters, which need to be determined experimentally.
As a general guideline, it is expected that higher values of
w (favoring the position component) are possible when the
type of image under consideration has a high degree of
natural symmetry.
In the field of automatic CXR analysis, one of the few
methods that uses left/right symmetry directly is the contralateral subtraction technique by Li et al.17,18 After determination of the symmetry axis based on rib profiles, the axis is
rotated upright using a minimization procedure. Then global
and elastic registration were used to align the lung structures.
Although ribs were visually determined to have been
removed in the majority of images, no evaluation was performed of the method’s value in pathology detection. An
important difference with our method is that we do not aim to
solve the registration problem. Registration can be difficult,
especially in pathological images, requires appropriate regularization, and leads to image artifacts.16 In fact, there is no
perfect registration possible between contralateral lung fields.
Instead our method derives diagnostic information from the
absence of corresponding points between the right and the
left lung and as such is less influenced by criteria required for
proper image registration such as smoothness of the deformation field or inverse consistency between corresponding
points.
Medical Physics, 44 (6), June 2017

One of the most outstanding results in this work is that
global symmetry as a single unsupervised feature performed
as well for detecting abnormal CXRs as a previously published supervised method, which analyzes CXR locally for
abnormalities based on labeled training examples.31,32 Several reasons explain this result. The most important one is
that in symmetry computation the CXR is used as its own reference for determining what is normal and abnormal; an
important observation also mentioned by Sun et al.16 In this
way, the problems of inherent (nonpathological) differences
between CXRs from different individuals, due to anatomical
(e.g., shape and appearance of the ribcage) and physiological
(e.g., age), and also acquisition differences (e.g., scanner
model), are addressed at the same time. This self-normalizing
property holds for any type of medical image. A second reason is that global symmetry provides a robust holistic interpretation of the full radiograph without a need to determine
what kind of patterns are present. In this sense, the method
shows similarities to the first phase of the radiologist’s reading process, in which a very short impression of the Gestalt
of the image already provides a first clue to the presence of
abnormalities.39,40 A disadvantage of using only global symmetry, which is a summary statistic of local symmetry, is that
it can only detect images with relatively large abnormalities,
therefore we also investigated the diagnostic properties of
local symmetry.
We found that local symmetry was an informative feature,
which improved detection of textural and small nodular
abnormalities. When added to a set of texture features in a
state-of-the-art supervised system, it improved the detection
of textural abnormalities compared to texture features alone.
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It might be surprising that adding local symmetry improved
performance significantly in a combination with a large set
(106) of other features. We hypothesize that a reason for this
is the use of the nonlinear GentleBoost classifier. This type
of classifier uses an implicit feature selection in each iteration
of its training phase, where the feature is selected that minimizes the error for the current weighting of samples in the
dataset using a (weak) regression stump classifier.33 An illustration of the importance of local symmetry is that, in the
patch classification experiment, the feature was selected first
— indicating that it has the highest discriminatory performance of all the features — and in total in 6 of 100 regression
stumps of GentleBoost. In the third experiment, we found
that the local symmetry enhances the contrast of nodules and
in some cases even strongly highlighted the correct location
of the nodule. This property could be used in automated nodule detection, in addition with other features, to improve
detection and classification.
In generic 2D images, a full search for the position and
orientation of the symmetry axis is required as these parameters are unknown. Existing methods in literature have therefore included methods to find the axis as an integral part of
the algorithm.9,15 In medical images, it is often possible to
make a good initial approximation based on the prior knowledge of the image content. Instead of requiring a full search,
we refine this initial approximation, which can be usually
accurately found because the danger of being trapped in a
local minimum is small. Such an approach shares similarities
to the work of Liu et al.,14 who used minimization techniques
to determine the midsagittal plane in pathological brain MRI.
We found that an optimal rotation of the image led to large
performance increases of global symmetry compared to the
original image. The optimization of the x-location of the symmetry axis led to only a minor performance increase. This is
explained by two observations. First, the algorithm is relatively insensitive to translations in the x-direction; minor
position changes of corresponding patches will lead to overall
slightly higher local symmetry values, but not to a loss of the
discriminative properties of global symmetry. Second, the
initial x-location of the symmetry axis determined from the
lung mask is already close to the optimal location. To further
improve computation speeds, optimization techniques like
Powell’s or Nelder-Mead’s method could be employed to find
the optimal rotation angle and x-coordinate of the symmetry
axis, instead of employing two sequential one-dimensional
searches as were used in this work.
In the case of chest radiographs, the initial symmetry axis
is determined from the lung segmentation. The lung segmentation can be obtained through various fully automatic algorithms.28,41 The segmentation serves the other purpose of
excluding inherently asymmetrical parts of the image; in the
case of CXRs, the heart region and regularly the presence of
gas in stomach or colon or an asymmetrical positioning of
the arms. No information regarding symmetry is available in
that region; for the discriminative properties of global symmetry this is an issue when abnormalities are only present in
the excluded areas. In these excluded areas, we set local
Medical Physics, 44 (6), June 2017
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symmetry values to a value of 0, in order to still allow local
analysis by combining local symmetry with other local features. Alternatively, classification techniques dealing with
missing values could be used.
There are a number of situations where the optimization
of the symmetry axis can fail. The most prominent one is the
presence of very large, unexpected, asymmetric structures,
such as gross pathology. The optimization can then be
trapped in a local minimum, for example, when the symmetry
axis has been positioned in such a way that the pathology is
aligned with a structure of similar (high) density on the other
side. This failure to detect the correct upright position in
abnormal images is not necessarily a problem, as global symmetry scores will remain high. A more difficult situation is
the presence of density differences on the sides of the symmetry axis which are not caused by pathological processes.
An example of such a situation is rotation of the rib cage
around the caudocranial axis, which causes a slight intensity
difference between left and right lung fields. This specific
problem could be addressed by using contrast invariant
descriptors for f img, but might lead to loss of performance in
abnormal images where density differences play an important
role. In future research, the symmetry algorithm could be
expanded to recover caudocranial rotation angles by analyzing the (global) density differences between left and right
lung fields. Another situation where the procedure might fail,
and lead to elevated symmetry scores, is the presence of
strong local (elastic) deformations between corresponding
structures in left and right lungs, but such deformations themselves can suggest pathological processes.
The optimal type of descriptor for use in symmetry computation could be further investigated, see Mikolajczyk et al.42
for an overview of existing techniques. Of the point descriptors, SIFT descriptors are a popular point descriptor and they
have been successfully employed in symmetry computation.9
In this work, we used raw patch values. This type of descriptor
was shown to have similar performance as SIFT descriptors in
a content-based image retrieval application for the detection of
abnormalities in CXRs.22 One of the reasons why raw intensity values work well in chest radiographs is that rotation and
scale invariance are not required. On the contrary, the orientation of certain anatomical structures, such as ribs, provide
valuable information for symmetry computation. In other
types of medical images, it might be beneficial to explore different types of point descriptors and distance measures.
Regarding distance measures one can think of cross-correlation to provide contrast invariance, and mutual information for
nonlinear intensity relations between similar patches.
The presented method computes symmetry in 2D grayscale images, but it can be easily extended to N-D images,
such as CT and MRI, and color images, such as retinal or
microscopic pathology images. The only requirement is that
an appropriate point descriptor and similarity measure is
used. Radial symmetric structures can be addressed in the
same framework by a slight modification of the algorithm.
Because the method is designed to deal with the presence of
normal asymmetry, structures do not have to exhibit perfect
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symmetry to be suitable for analysis. In this paper, we have
shown the relevance of symmetry calculation for automatic
detection systems, and in future research on the symmetry
calculation, it could be interesting to investigate the use of
symmetry maps as a visual aid to human readers.
5. CONCLUSIONS
An efficient method to quantify local and global symmetry
in medical images was presented. The method is designed to
work under conditions of normal inherent asymmetry and
pathology-induced asymmetry. In three experiments on chest
radiographs, it was demonstrated that local and global symmetry are strong indicators for the presence of pathology.
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