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Abstract

This paper presents a new method for bilateral asym-

metry analysis of breast MR images that uses directional

statistics of the breast parenchymal edges, obtained from

a multiresolution local energy edge detector, and image

texture information derived from local energy maps, ob-

tained by using a bank of log-Gabor filters. Classification of

MRI scans into cancer and non-cancer categories was per-

formed by linear discriminant analysis and the leave-one-

out methodology. A total of 40 cases, 20 normal/benign

(BI-RADS 1 and 2) and 20 malignant, taken from a high

risk screening population, were used in this pilot study. Av-

erage classification accuracy of 70% (κ = 0.45 ± 0.14)
with sensitivity and specificity of 75% and 65%, respec-

tively, was achieved. The results obtained support the idea

that bilateral asymmetry analysis of breast MR images can

provide additional information for detection of breast tissue

changes arising from diseases.

1 Introduction

Breast cancer is the second most common cancer among

women in the world. If detected in early stages, the progno-

sis of this disease is very favorable with five-year survival

rate exceeding 96%.

Mammography screening is still nowadays the gold stan-

dard method for early detection of breast cancer. Unfortu-

nately, it has been shown that 10-30% of cancers are missed

by this method [10]. The main reason for the missing can-

cers is that the cancers are often obscured by radiographi-

cally dense, fibroglandular breast tissue. Dynamic contrast-

enhanced breast MRI (DCE-MRI) has shown to provide

very high sensitivity with moderate specificity rates [17].

By providing 3D views, morphological and functional in-

formation (via contrast enhancement kinetics), better image

contrast between breast tissue structures, large field of view,

and without requiring the use of ionizing radiation, DCE-

MRI has great advantages to mammography, not only in the

detection but also in diagnosing and staging of the breast

cancer. Despite all the benefits of DCE-MRI, it is unlikely

that this imaging modality will replace mammography as

a standard, widespread tool for screening of asymptomatic

women. The reasons are the high cost of the exam, the lim-

ited availability and the large volume of data generated for

analysis. On the other hand, DCE-MRI has been recently

indicated by the American Cancer Society guideline as a

screening modality for women at a “high risk” of develop-

ing breast cancer [17].

Bilateral asymmetry analysis of mammograms of a given

subject is an important clinical procedure often used by ra-

diologists to help in the diagnosis of breast cancer [2]. In

the context of Computer-Aided Diagnosis (CAD) systems,

bilateral asymmetry analysis may provide additional infor-

mation about the presence of early signs of breast cancer

that are not detected or assessed by other methods, includ-

ing areas of increased density, parenchymal distortion, and

small asymmetric dense regions [5, 13]. Despite the poten-

tial clinical significance of this analysis, its application to

analysis of mammograms is compromised due to the tis-

sue superposition resulting from breast compression and

two-dimensional (2D) image projection, which are inher-

ent to mammography [2] and may result in unnatural asym-

metries on the images. Breast MR imaging, on the other

hand, does not require breast compression, provides 3D im-

ages and presents better image contrast. Women with dense

breasts, which are very difficult to diagnose via mammog-

raphy, can also greatly benefit from this modality. All these

facts are particularly important on this work, since women
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in the high risk groups begin screening at an earlier age than

the general population and therefore are more likely to have

dense breasts.

In this work, we present a newmethod for bilateral asym-

metry analysis of breast MR images, which is based on the

hypothesis that breast angiogenesis will locally change the

natural flow of directional structures (parenchymal edges,

milk ducts, and blood vessels) oriented towards the nip-

ple and that, by directional analysis of the linear structures

present in the breast, it is possible to capture such changes.

In addition, supported by the work of Warren and Lakhani

[18] on the effect of breast stroma changes on the growth

and progression of a breast tumor, bilateral asymmetry anal-

ysis using texture features may provide additional informa-

tion to differentiate between normal and cancer cases. This

paper is organized as follows. In Section 2 a brief litera-

ture review is given. Methodology and image dataset are

described in Sections 3 and 4, respectively. Results and dis-

cussions are presented in Section 5 followed by the conclu-

sions in Section 6.

2 Background

Although bilateral asymmetry analysis of breast images

is an important clinical approach used by radiologists for

detection of breast cancer, only a few works have been pre-

sented in the literature using this approach. Lau and Bischof

[8] proposed a technique for detection of breast tumors us-

ing the asymmetry approach. The authors used the detected

nipple in the image along with the pectoral chest wall as

references to help in the alignment of the left and right

breast images. The analysis was then performed by us-

ing a combination of four measures; brightness, roughness,

brightness-to-roughness ratio, and directionality. Miller and

Astley [11] have also performed comparison of correspond-

ing anatomical regions between left and right breast images

in terms of shape, texture and density. An automatic algo-

rithm for asymmetry analysis of mammograms using mor-

phological and directional features was proposed by Fer-

rari et al. [5, 13]. In their work, the breast extension

and the pectoral muscle region were identified and removed

from the left and right images. By using a breast density

model, the fibroglandular disks were segmented and used

for further analysis. The authors used directional statistics

of linear structures and morphological and shape informa-

tion extracted from the segmented fibroglandular disks in

order to characterize bilateral breast asymmetries. The al-

gorithm was applied to 88 digital mammograms and the

highest classification accuracy reported was 84.4%. Alter-

son and Plewes [1] have presented an automatic technique

for bilateral symmetry analysis of breast MRI. The tech-

nique was applied ”only” to normal MRI scans of patients

in the high risk group and it was demonstrated that the sym-

metry approach could in fact be used to match similarities

between left and right breast tissues. It was suggested that

this approach could consequently be used to detect bilat-

eral changes caused by the development of a cancer. Scutt

et al. [14] have shown evidence that breast asymmetry is

higher in healthy women who are free of breast disease but

subsequently go on to develop breast cancer than in women

who remain disease-free in the same period. Conditional

logistic regression analysis showed that, along with other

established risk factors, such as family history of breast can-

cer and parenchymal type, breast asymmetry is an indepen-

dent predictor of breast cancer. Fairly recently, Warren and

Lakhani [18] have indicated that breast stroma is not inert

but that there might be an interplay between the breast ep-

ithelial and stromal compartments, which have an effect on

the growth and progression of a breast tumor. In this case,

bilateral changes in the breast stroma may be captured by

image texture analysis of the breasts.

Since a precise definition of breast asymmetry is not fea-

sible, one could think of this term on a large range of ab-

straction levels. At one extreme of this range, a pixel by

pixel comparison of corresponding left and right breast re-

gions could be defined as a measure of asymmetry. How-

ever, such a definition is very naive considering the natu-

ral tissue variation between the breasts. At the other ex-

treme, the images could be compared based on the anatom-

ical components of the breast. In this case, image segmen-

tation is required to determine the anatomical regions in the

left and right breast images, which by itself is a very com-

plex task. In addition, the presence of a tumor in the image

can easily bias the segmentation results and description of

the anatomical regions.

In the present work we use a set of features extracted

from the left and right breasts to characterize changes on the

breast parenchymal and image texture of MR scans. This

approach is somewhere between the two extremes of ab-

straction, as discussed previously.

3 Methodology

Figure 1 shows a flowchart of the proposed technique.

The details of the methods are described in the following

sub-sections.

3.1 Image Preprocessing

Before carrying out the directional and texture asymme-

try analysis, a global histogram equalization algorithm [6]

was applied to the left and right MR images. The first three

lowest gray levels (corresponding mostly to the image back-

ground) was not considered in the image equalization since

they can largely vary from image to image. The reason for



Figure 1. Flow diagram of the proposed
method for bilateral asymmetry analysis of

breast MR images.

this pre-processing step is twofold; first, it enhances the im-

age contrast of the pectoral muscle region. Second, it works

as an image normalization step that is also important for

texture analysis.

3.2 Analysis of the parenchymal edges dis-
tribution

Assessment of global changes in the breast parenchymal,

possibly caused by a developing cancer, was performed by

the analysis of the parenchymal edge distribution. In this

analysis, the detected edges from the left and right breasts

were first mapped to their respective left and right angular

histograms or rose diagrams. A rose diagram is a graph-

ical representation of directional information [9] in which

the area of each angle bin is proportional to the amount of

information present in that specific direction. A set of first-

and second-order directional statistics was derived from the

difference between the left and right angular histograms and

used for the classification. The phase congruency method

[7], that is an image singularity detector based on local

phase information, was used to detect the curvilinear im-

age structures representing the parenchymal edges. In the

present study, both phase and magnitude images obtained

from the phase congruency method were used for the anal-

ysis.

3.2.1 Phase Congruency

The phase congruency model provides a measure of fea-

ture significance that is invariant to illumination and con-

trast resolution in an image [7]. PC is proportional to the

local energy of a signal, which can be calculated via convo-

lution of the original signal with a set of spatial quadrature

filters [16].

For 2D images, the PC measure has been proposed in

Ref. [7] as follows:

PC2D(s) =

∑

n,k Wn,k(s) ⌊An,k(s)∆Φn,k(s) − T ⌋
∑

n,k An,k(s) + ǫ
, (1)

where ⌊ ⌋ denotes that the enclosed quantity is equal to itself
when its value is positive, and zero otherwise; s indicates a

spatial location (x, y) in an image and An,k(s) is the image

energy at location s, computed by using a 2D log-Gabor

filter with scale n and orientation k. T is a threshold con-

trolling the noise level of the image energy map. The term

Wn,k(s) =
1

1 + exp

{

γ

[

c − 1
N

(
∑

n

∑

k
An,k(s)

Amax(s)+ǫ

)]} .

(2)

is a weighting function used to correct the measure from the

intrinsic effect of frequency spread. The parameters γ and

c in this function represent a gain factor and a cut-off value,
respectively. The term ∆Φ in Equation (1) is an energy

expression used to correct for the lack of localization in the

original phase congruency measure and it is defined as:

∆Φn,k(s) = cos(φn,k(s) − φn,k(s)) −
∣

∣sin(φn,k(s) − φn,k(s)
∣

∣ (3)

where φn,k(s) is the average phase angle at position s. The

reader is referred to Ref. [7] for more details on the phase

congruency model.

3.2.2 Bank of log-Gabor filters

In the present work, a bank of complex 2D log-Gabor filters

was used for the implementation of the phase congruency

algorithm, as described in the previous subsection. The

choice for log-Gabor filters is twofold: i) log-Gabor filters

have zero DC component and therefore do not respond to

regions with constant gray value intensities; ii) the filters

have extended tails covering high frequencies, thus making

possible to obtain arbitrarily wide bandwidth.

A 1D log-Gabor function has a transfer function of the

following form:



G(ω) = exp


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, (4)

where ωo is the central radial frequency and σβ (0 < σβ <
1) is related to the bandwidth β of the filter in octaves as

σβ = exp

(

−1

4

√

2 logβ

)

. (5)

The 2D log-Gabor function is constructed in Fourier do-

main as the product of the 1D log-Gabor function in radial

frequency, as indicated in Equation 4, and a 1D Gaussian in

the angular distance, as follows

G(ω, θ) = exp











−
[

log
(

ω
ωo

)]2

2 [log (σβ)]
2











×exp

{

− (θ − θo)
2

2σ2
θ

}

,

(6)

where θo is the orientation angle of the filter and σθ is the

angular standard deviation of the Gaussian.

In practice, the real valued transfer function of the 2D

log-Gabor filter given in Equation 6 is multiplied by the fre-

quency representation of the image and, after transforming

the result back to the spatial domain via inverse FFT, the re-

sults of applying the oriented energy filter pair are extracted

as simply the real component for the even-symmetric filter

and the imaginary component for the odd-symmetric filter.

The energy and phase images are computed, respectively,

as the norm and argument of the resulting complex image.

3.2.3 Design strategy of the bank of filters

The bank of filters should be designed to cover the log-

frequency plane uniformly so that to achieve a fairly even

spectral coverage with a minimal overlap between the filters

and minimum aliasing artifacts. In other words, the trans-

fer function of each filter should be as close as possible to

a perfect bandpass filter. By appropriately setting the term

σβ , the angular standard deviation σθ of the angular spread

Gaussian, and the number of scales S and orientations K of

the bank of filters, it is possible to change the coverage of

the filters.

Experimentally, we found that a very reasonable uniform

spectral coverage can be obtained by fixing the maximum

radial frequency center (ωmax) of the filters to 0.35 cy-

cles/width and setting σβ to 0.745, which gives filter band-

width of one octave. In this work, the number of orienta-

tions of the bank of Gabor filters was set to 12 (K = 12) to
allow a good angular resolution in the representation of the

phase information. Since we are most interested in detect-

ing the parenchymal edges of the breast, which correspond

to high frequencies in the image, only 3 scales (S = 3) were
used in the analysis. The central frequency of each scale is

defined as ωo = ωmax/2s−1, with s = 1 . . . S. The gain

factor γ and the cut-off value c of the weighting function in
Equation 2 were adjusted to 10 and 0.45, respectively, and

the noise level T was set to 0.2. Experimental analysis has

shown that changes on these parameters have little influence

on the results of the breast parenchymal edges detection.

3.2.4 Directional statistics

After applying the phase congruency algorithm to the left

and right breast MR images, a rose diagram was obtained

for each breast by summarizing the phase information com-

puted for all individual slices, as illustrated in Figures 2

and 3. In this case, one should expect that for a normal

case the distribution of oriented structures in the left and

right breasts will be similar, resulting in a symmetric pair

of rose diagrams. Contrarily, distortion in the distribution

of the natural oriented structures, possibly caused by a tu-

mor in development, is expected to affect the symmetry be-

tween the left and right rose diagrams. A set of three direc-

tional statistical features, including preferential orientation

(θ̄), circular variance (Var(θ)), and entropy (H) were ob-

tained from the difference rose diagrams. The features are

defined as follows:

• θ̄ = tan−1( Y
X

) varies from 0 to π and intends to

capture the preferential orientation of the parenchymal

edge flow, which for a normal breast would be nor-

mally in agreement with the straight line perpendicular

to the pectoral muscle passing through the nipple.

• Var(θ) = 1 −
√

X2 + Y 2 measures the dispersion of

the detected parenchymal edges. Lack of dispersion is

indicated by Var(θ) = 0, and maximum dispersion by

Var(θ) = 1.

• H = −∑N

i=1 Ri log(Ri +1.0) is used to represent the
scatter of the parenchymal edges. The entropy value

will be maximum if the parenchymal edges distribu-

tion is uniform and very small if the distribution is ori-

ented in a very narrow angle band,

where X =
∑N

i=1 Ri cos θi and Y =
∑N

i=1 Ri sin θi; Ri

and θi are, respectively, the value and the central angle of

the ith angle band of the difference rose diagrams. In the

present work, N = 12 is the number of bins in the rose

diagrams.

In addition to the directional features obtained from the

rose diagrams, a distance metric, defined as

DR,L =

√

(µR − µL)
2

+ (σR − σL)
2



was used to determine the similarity between the amount

of breast parenchymal edges present on the left and right

breasts. µR, µL and σR, σL are, respectively, the mean

and standard deviation values of the magnitude of the phase

congruency map for the right and left breast MR volumes.

3.3 Texture Analysis

Texture characterization was performed by using local

energy maps computed from the complex images resulting

from the convolution of a bank of log-Gabor filters with

the original image. In this work, the same bank of filters

used for the implementation of the phase congruency was

used for texture analysis. The reasons for using local en-

ergy maps for texture analysis in this work are to minimize

the processing time required in the analysis, since the same

filters are used for both purposes - texture analysis and edge

detection, and also because this approach is robust to image

noise and intensity inhomogeneities commonly present in

MR images.

Similarly to the phase congruency algorithm, the energy

map E(s) was computed for each 2D MRI slice as the

magnitude of the complex filtered coefficients. The mean

and standard deviation measures of each energy map were

stored in four vectors (µR, µL and σR, σL, respectively)

for posterior analysis.

The Morgera’s covariance complexity (η) [12] was used
to measure changes in the texture patterns between the

left and right breasts. In this measure, the squared matrix

Γ = (µL−σL)(µR−σR)T was first calculated. Then, the

singular value decomposition method was used to compute

the eigenvalues λi, i = 1, . . . ,M , where M is the size of

the feature vector. Finally, the Morgera’s covariance com-

plexity was computed as

η = − 1

log M

M
∑

i=1

σ̄i log σ̄i, (7)

where

σ̄i =
λ2

i
∑M

j=1 λ2
j

(8)

is the normalized variance along the ith component. The

value of η lies in the closed interval (0 ≤ η ≤ 1) and is

inversely proportional to the correlation in the given data.

In addition, the Kullback-Leibler distance (KLD) [4]

between the corresponding left and right mean and standard

deviation texture feature vectors, computed as

KLD =
∑

(µL − σL) log2

[

(µL − σL)

(µR − σR)

]

(9)

was also used as a feature for the classification.

3.4 Pattern Recognition

Classification of the images into cancer and non-cancer

classes using directional statistical and texture features was

performed using linear discriminant analysis and the leave-

one-out methodology, implemented in the SPSS statistical

package [15]. The prior probability of each class (nor-

mal/benign and cancer) was set to 50%. Due to the lim-

ited number of samples, a pooled within-groups covariance

matrix, obtained by averaging the separate covariance ma-

trices, was used in the classification. For the same reason,

an exhaustive combination of features, with permutations of

up to 3 features, was used to select the best set of features

for the classification.

3.5 Evaluation criteria

In the present work, the classification results were as-

sessed by using the cross-validation average accuracy (AC),

sensitivity (Sens), and specificity (Spec) measures. Kappa

coefficient (κ) [3], which is a measure of scorer reliability,

along with its standard error se(κ) were used to quantify the
level of agreement of the cross-validation classification. κ
ranges from -1 to 1, and in general, κ = 0 to 0.20 is con-

sidered slight agreement, 0.21 to 0.40 fair agreement, 0.41

to 0.60 moderate agreement, 0.61 to 0.80 substantial, and

0.81 to 1.0 outstanding. A negative kappa would indicate

agreement worse than that expected by chance. se(κ) is the
standard error.

4 Image Dataset

A total of 40 cases, 20 benign and 20 malignant, from

patients who had previously obtained bilateral breast MRI

were randomly selected from a screening population of

high-risk women [17] and used in this pilot study. The study

consisted of bilateral T1-weighted sagital images acquired

from a 1.5T Signa GE scanner with 28 slices of 256 × 256
pixels resulting in an in-plane resolution of approximately

0.7mm and slice separation of 2-3mm. The images used in

this analysis were obtained prior to contrast enhancement

by Gd-DTPA. All the MRI scans were acquired in the mid-

dle of the menstrual cycle to avoid hormonal influences on

the symmetry of the breasts. The cancer and non-cancer

subject population are briefly described as follows:

• Non-cancer population: It is characterized by subjects

with normal breasts and with benign findings, classi-

fied by using the Breast Imaging Reporting and Data

System (BI-RADS) as categories 1 or 2, with a min-

imum of 2 years follow-up. The average age and

menarche for the subjects on this group were 43 and

12 years, respectively. Nine women were in pre- and

eleven in post-menopausal period.



• Cancer population: Twenty cases were used in this

study. Table 1 shows a stratification of the cases based

on the type of finding. The average cancer size of the

nine invasive cancers as a subset of the twenty cancers

was 0.7 ± 0.4 cm. The average age and menarche for

the subjects on this group were 51 and 13 years, re-

spectively.

Type of finding Num.cases : (%)

Ductal Carcinoma in situ (DCIS) 8 : 40%

DCIS + microcalcifications 3 : 15%

Invasive Ductal Carcinoma (IDC) 6 : 30%

DCIS + IDC 2 : 10%

Invasive Lobular Carcinoma (ILC) 1 : 5%

Table 1. Malignant cases stratified by the type
of finding.

5 Results and Discussions

Figures 2 and 3 show a benign and malignant MRI cases

used to illustrate the proposed method for asymmetry anal-

ysis using directional information extracted from the dis-

tribution of the parenchymal edges. As shown in subplots

(c) and (d), the phase congruency algorithm can detect very

precisely most of the relevant curvilinear structures in the

breast images and it is not sensitive to the MR image noise

and intensity inhomogeneities.

By visually inspecting the magnitude and phase images

in Figure 2, one can easily see that the parenchymal edges

in the left and right images appear very similar. In this case,

the left and right rose diagrams present a very good similar-

ity in the preferential orientation of the bins. Although im-

age processing methods using bilateral subtraction of pixel

values in corresponding locations on both sides would prob-

ably fail in this case, the proposed analysis based on map-

ping the curvilinear edges structures of the left and right

breast images to their corresponding rose diagrams seems to

be able to capture the overall similarity between the breasts.

The results of the analysis of the parenchymal edges dis-

tribution for a malignant case are illustrated in Figure 3. Un-

like the normal case presented in Figure 2, it is readily seen

that the rose diagrams do neither present the same dominant

orientation nor the same overall angular distribution. In this

case, the patient was diagnosed with Ductal Carcinoma in

situ and Invasive Ductal Carcinoma after a breast biopsy.

The tumor was located at the upper outer quadrant of the

left breast MR scan.

An important point to be noticed is that the rose diagrams

illustrated in Figures 2 and 3 map the detected curvilinear

structures of all slices of the respective MR volume and

not just the slices presented in these figures. It should also

be noticed that a slice-by-slice comparison of the rose dia-

grams would require registration of the left and right breast

images. All the features used in the classification are nor-

malized to account for difference in breast sizes and thus to

avoid introducing bias to the results.

(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 2. Benign MRI case. (a)-(b) original left

and right images after histogram equaliza-
tion. (c)-(d) and (e)-(f) are the magnitude and
phase images resulting from the phase con-

gruency algorithm applied to (a)-(b), respec-
tively. (g)-(h) rose diagrams obtained from
the magnitude and phase images.

A summary of the best average cross-validation results

for the classification is presented in Table 2. The best av-



(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 3. Malignant MRI case. (a)-(b) original
left and right images after histogram equal-

ization. (c)-(d) and (e)-(f) are the magnitude
and phase images resulting from the phase
congruency algorithm applied to (a)-(b), re-

spectively. (g)-(h) rose diagrams obtained
from the magnitude and phase images.

erage accuracy result achieved in this study was 72.5%,

obtained by using the Morgera’s covariance complexity

(η) feature. The highest sensitivity rate (95%) was also

achieved by using the same feature. However, in this case

the specificity rate was only 50%, which means that half

of the normal/benign cases were incorrectly classified. The

best result by using only directional statistical features was

achieved by using the similarity distanceDR,L feature, with

average accuracy of 65% and sensitivity and specificity of

50% and 80%, respectively. Texture features have shown

to provide better sensitivity rates (95% for η), while direc-
tional features were more effective in classifying correctly

the normal cases (specificity rate of 75% for the pair θ̄ and

Var(θ)). Different combinations of three features have pro-

vided the best tradeoff between sensitivity (65% and 75%)

and specificity (75% and 65%, respectively). The best aver-

age accuracy results presented in Table 2 have shown mod-

erate reliability (κ = 0.40 and κ = 0.45), as indicated by

the kappa coefficients.

Although, in this pilot study the method was applied to

a relatively small number of cases (40 cases, 20 normal and

20 malignant), the results are encouraging, considering the

small number of features used in the classification and the

small size of the lesions present on the images. In fact, 55%

of the malignant cases analyzed in this study are DCIS cases

and the average size of the invasive tumors is 0.7 cm. In

addition, the reported results were obtained by only using

normal MR images, that is, no MR contrast enhancement

images were used.

One important strenght of the proposed method is that it

does not require any procedure for the registration or align-

ment of the MR scans. Because in breast MRI the patient

is placed in prone position in the breast coil for the image

acquisition, the gravity helps in orienting the patient breasts

uniformly and therefore no alignment of the directional data

related to the rose diagrams is required.

Features Sens. Spec. AC κ ± se(κ)

η 95% 50% 72.5% 0.45 ± 0.13
DR,L 50% 80% 65% 0.30 ± 0.14

θ̄,Var(θ) 65% 75% 70% 0.40 ± 0.14
θ̄,DR,L 55% 75% 65% 0.40 ± 0.14

Var(θ),DR,L 60% 70% 65% 0.35 ± 0.15
Var(θ),η 60% 70% 65% 0.35 ± 0.15

H ,η 80% 50% 65% 0.35 ± 0.14
η,KLD 90% 40% 65% 0.45 ± 0.13

θ̄,Var(θ),DR,L 65% 75% 70% 0.40 ± 0.14
Var(θ),H ,η 75% 65% 70% 0.45 ± 0.14

Table 2. Summary of the best average cross-
validation results for the classification of the

normal/benign and cancer cases.

Filtering an entire MR volume (28 slices, matrix of 256×
256 pixels) with the designed bank of log-Gabor filters (3

scales and 12 orientations) takes approximately 2min on a

dual-core 2GHz PC computer with 4GB of memory.

Although the technique proposed in this work shares

similarities to the method in Refs. [5, 13], four main differ-

ences should be noticed; first the new proposed technique

uses the phase congruency algorithm to more precisely de-



tect the most relevant curvilinear structures in an image.

Second, the method uses a bank of log-Gabor filters which

has the designed advantage of having zero-DC components

and can be used to construct filters with an arbitrary band-

width, and consequently can be better optimized to produce

filters with minimal spatial extent. Third, the proposed tech-

nique was developed to process three dimensional images

and it has been applied to detect breast cancers in MR im-

ages. Finally, the proposed technique combines directional

and texture information for the image classification.

6 Conclusions

We have presented a new technique for the analysis of

bilateral asymmetries in breast MR images using directional

statistics of the parenchymal edges distribution and texture

information. Sensitivity and Specificity values of 65 and

75%, and 75 and 65%, respectively, were achieved by using

different combinations of only three features.

The method needs to be further evaluated by using a

larger database and assessing the results with the receiver

operating characteristic (ROC) curves. As an extension of

the current work, it would be very desirable to use the tem-

poral contrast information provided by the DCE-MRI to as-

sess dynamic bilateral changes in the breast tissues, in ad-

dition to the static ones analyzed in this work. In this case,

during the course of contrast enhancement to aid in differen-

tiating normal from abnormal tissues, it would be expected

that tumors enhance in a non-symmetric manner while nor-

mal tissues would be expected to exhibit a symmetric up-

take. Other possible applications for the proposed technique

are: assessment of the predisposition of a patient to develop

breast cancer via longitudinal study, and follow-up of sus-

picious regions in an image. In the last case, the asymmetry

analysis would be performed between an old MR scan, used

as a reference, and a new acquired scan.

In conclusion, although the results obtained from the

proposed method are insufficient to prompt biopsy, as it

was already expected, they do support the idea that bilat-

eral asymmetry analysis of breast MR images can be used

as a complementary piece of information in the detection of

breast tissue changes arising from disease, which is gener-

ally neglected by conventional CAD systems.
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