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Abstract. The parenchyma tissue in the breast has a strong relation with predic-
tive biomarkers of breast cancer. To better segment parenchyma, we perform
segmentation on estimated tissue property 7; map. To improve the estimation of
tissue property (7;) which is the basis for parenchyma segmentation, we present
an integrated algorithm for simultaneous 77 map estimation, 77 map based pa-
renchyma segmentation and group-wise registration on series of inversion
recovery magnetic resonance (MR) breast images. The advantage of using this
integrated algorithm is that the simultaneous 7} map estimation (E-step) and
group-wise registration (R-step) could benefit each other and jointly improve
parenchyma segmentation. In particular, in E-step, 7; map based segmentation
could help perform an edge-preserving smoothing on the tentatively estimated
noisy 77 map, and could also help provide tissue probability maps to be robustly
registered in R-step. Meanwhile, the improved estimation of 7', map could help
segment parenchyma in a more accurate way. In R-step, for robust registration,
the group-wise registration is performed on the tissue probability maps pro-
duced in E-step, rather than the original inversion recovery MR images, since
tissue probability maps are the intrinsic tissue property which is invariant to the
use of different imaging parameters. The better alignment of images achieved in
R-step can help improve 7| map estimation and indirectly the 7; map based pa-
renchyma segmentation. By iteratively performing E-step and R-step, we can
simultaneously obtain better results for 77 map estimation, 7 map based seg-
mentation, group-wise registration, and finally parenchyma segmentation.

1 Introduction

Breast cancer is the most common cancer in women. Breast cancer surveillance is im-
proved through accurate assessment of the risk to develop cancer, which can be car-
ried out by studying certain predictive biomarkers. Mammogram breast density has
been demonstrated to be a biomarker of breast cancer risk [1]. The proposed MRI
based predictive biomarkers are parenchyma volume and parenchyma enhancement
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pattern. Parenchyma volume should represent a more precise anatomic measure than
mammogram density, while parenchyma enhancement intensity should correlate with
an active proliferation and thus a risk of cancer [2]. Therefore, to diagnose breast can-
cer early and prevent morbidity and mortality, the quantitative analysis of these pre-
dictive biomarkers in parenchyma is desired. As a basis to analyze the proposed MRI
based biomarkers, it is essential to accurately segment parenchyma, one of the two
main breast tissues, from breast.

So far, there are mainly two types of methods proposed for segmenting parenchyma
tissue from breast MR images, i.e., intensity-based segmentation and tissue property
based segmentation. Intensity-based segmentation differentiates tissues from their in-
tensities and has its own drawbacks in images with intensity inhomogeneity. Tissue
property based segmentation uses MR physics to characterize the intrinsic properties
of tissue, which is believed to be more robust to intensity inhomogeneity. 7, value
based parenchyma segmentation belongs to this category, which utilizes the intrinsic
physical fact that parenchyma and fat have different 7, values [3]. To develop T,
value based parenchyma segmentation, the accurate estimation of 7T value for each
pixel in the image is an extremely important step. Our paper focuses on how to im-
prove 77 map estimation for achieving a better segmentation of parenchyma.

To estimate T value, our group uses a 3D inversion recovery spoiled gradient echo
sequence to collect series of inversion recovery images with 7} varying from 0.2 sec-
ond to 1.6 seconds, and T} value is estimated by fitting the intensities of these inver-
sion recovery images to the solution of Bloch equation. There are two main problems
in T} estimation, and both of them decrease the accuracy of T} estimation:

1) The estimated T is rather noisy due to the complexity of the non-linear equations
to be fitted;
2) The estimated T is inaccurate due to body motions during the imaging acquisition.

Accordingly, we here present a novel framework of joint T; map estimation, T,
map based parenchyma segmentation and group-wise registration of inversion recov-
ery images. It has its merit in solving 77 map estimation, tissue segmentation, and im-
age registration simultaneously, thus eventually improving parenchyma segmentation.
In particular, parenchyma segmentation based on the estimated 7; map could reduce
the noise in 7} map estimation by using an edge-preserving smoothing, and could
produce tissue probability maps to guide the group-wise registration for more robust
registration. Meanwhile, group-wise registration based on the previously produced
probability maps could compensate the effect of body motions and thus improve T}
estimation and parenchyma segmentation. By iteratively repeating these steps, we
could improve T estimation and finally parenchyma segmentation, which is impor-
tant for quantitative analysis of predictive biomarkers of breast cancer.

2 Method

In the following, T} map estimation and 7} map based parenchyma segmentation, as
well as group-wise registration of probability maps, are described in Subsections 2.1
and 2.2, respectively.
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2.1 T, Map Estimation and 7; Map Based Parenchyma Segmentation

Our novel parenchyma segmentation is based on intrinsic tissue parameter 7}, which
is more robust to intensity inhomogeneity. To get better segmentation results, the ac-
curacy of T estimation is important. In this step of 77 map estimation and 77 map
based parenchyma segmentation: 77 map estimation provides a basis for segmenta-
tion. Meanwhile, segmentation based on T; map not only provide the parenchyma
segmentation results to guide group-wise registration (with details in Subsection 2.2),
but also help perform a same-tissue-type-smoothing on previous estimated noisy T}
map, which would eventually improves parenchyma segmentation.

2.1.1 T; Map Estimation

The image data were acquired using a 3D inversion recovery spoiled gradient echo
sequence [4]. For each breast, five series of 3D images, {I", m=1,...,5}, were acquired
by using five different sets of inversion time 7; and repetition time Ty, i.e., {(T{",
"), m=1,...,5}={(1600, 280), (800, 280), (400, 280), (200, 280), (140, 280)} in a
unit of ms. The observation flip angle is fixed to a=20° during all data acquisition. It
takes 10-15 minutes to acquire 5 series of 56%256%256 inversion recovery (IR)
images.

The intensities in each acquired image I" can be theoretically represented by a
solution of Bloch equation as defined next. Given T;", TR", and a for each image I”,
the theoretical intensity at each voxel v is [ ”(v), which is a function of three position-
dependent parameters, i.e., T} value T}(v), equilibrium magnetization Sy(v), and inver-
sion pulse flip angle S(v). Notice that 7(v) is tissue-dependent, while two parameters
So(v) and fB(v) are generally tissue-independent. The relationship among these parame-
ters is mathematically defined as follows:
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This equation indicates that three parameters 77(v), So(v), and f(v) on each voxel v
can be estimated from five acquired intensities, {I"(v), m=1,...,5}, by minimizing the
fitting errors as defined in equation (2) below. This equation requires that the theo-
retically estimated intensities 7 "(v) should best fit with the practically acquired inten-
sities I"'(v) on each voxel v, e.g.,
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where M=5 in our study. A gradient-based optimization algorithm can be used to
search for suboptimal solutions, based on the initializations provided for T(v),
So(v), and B(v). As indicated above, random values will be provided in the first itera-
tion of 77 map estimation, while in other iterations the previously estimated 7; map
after edge-preserving smoothing will be used as an initialization for new 77 map
estimation.
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2.1.2 T; Map Based Parenchyma Segmentation

Improving parenchyma segmentation based on 77 map is our final goal, which could
result in a potentially important breast cancer risk biomarker. Besides, the tentative
segmentation results produced during the 7| map estimation procedure can also help
to perform an edge-preserving smoothing for the iteratively estimated noisy 7 map.
In particular, Fuzzy C-means is used for parenchyma segmentation [5].

In 7 map estimation, the energy function E, ;a0 in Eq. (2) can be very complex,
thus the estimated 77 map can be noisy due to the lack of spatial smoothness con-
straints on estimated 77 map. To avoid this, we perform a 7| map based parenchyma
segmentation to determine tissue class by which an edge-preserving smoothing filter
is built to smooth 77 values only for the voxels with the same tissue class. Meanwhile,
the improved T, map estimation helps produce more accurate and less noisy paren-
chyma segmentation. By iteratively repeating these steps, we can achieve both better
estimation and segmentation of 77 map. Also, with the segmentation results, tissue
probability maps would be built for group-wise registration, as detailed in Section
2.2.1 below.

2.2 Group-Wise Registration

As mentioned above, registration among different time images is necessary to com-
pensate for the patient’s motion during image acquisition, and can benefit for the T
map estimation, 77 map based parenchyma segmentation, and eventually parenchyma
segmentation. We will use group-wise registration method to align all different time
images simultaneously, rather than using pair-wise registration methods which can
potentially produce bias due to the selection of template [6].

Generally, group-wise image registration is based on the similarity of image inten-
sities, e.g., using correlation coefficient and mutual information. For our application,
we first calculate the tissue probability map in each time point image, and the registra-
tion of different time point images is based on the respective tissue probability maps.
This is because, based on physiological fact, the tissue probability is a consistent fac-
tor and the same tissue should have similar probability in different time point images.

Before giving the details of our proposed group-wise registration method, we first
define "™ as a virtual image where all collected images {I", m=1,...,5} will be reg-
istered. The transformation from the m-th inversion recovery image to the virtual im-
age I"™" is defined as h"(v), where v=1,...,N is a voxel in the image space.
H"={h"(v), v=1,...,N, m=1,...,5} represents all estimated transformations for all in-
version recovery images. The segmentation result in 1" is defined as S={S(v),
v=1,...,N}, where S(v) denotes the segmentation result for a pixel v in "™

2.2.1 Tissue Probability Map

The tissue probability map in each time image I"(v) can be estimated with the help of
T, map segmentation result S(v) in the space of virtual image I'"™“. Assume for each
image I'"'(v), all pixels with the same tissue label c, i.e., S(v)=c, form a Gaussian dis-
tribution. This way, we can obtain a probability map for each image in I={I"(v),
m=1,...,5}, e.g., P={P"(v,c), m=1,...,5, c is a tissue label}. Here, P"(v,c) is the tissue
probability of I"'(v) belonging to a tissue class ¢, which can be defined as:
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P"(v,c)=P"(I" ()15 =c)=

exp e ’
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where g, ., . are the standard deviation and mean of image intensities, belonging to
the tissue class ¢, in the image I" (v). The average of all tissue probability maps
P={P"(v,c)} is the virtual probability map P""™“, where all individual probability
maps should be registered during the group-wise registration.

2.2.2 Group-Wise Deformable Registration Using Tissue Probability Maps
Our group-wise registration on tissue probability maps is implemented using B-spline
based image registration [7]. As mentioned, H"={h"(v), v=1,...,N, m=1,...,5} is a
transformation from individual tissue probability map P" to the common virtual
tissue map space P'"™. The energy function that our group-wise registration will
minimize is:
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Based on the estimated transformation H", we can align each inversion recovery
image I'" to the common space as ", (m=1,...,5), where I is the aligned image of I"".

2.3 Summary of Algorithm

Fig. 1 summarizes the overall framework of our proposed joint 77 map estimation, 7
map based parenchyma segmentation, and group-wise registration technique. It takes
approximately 15-20 minutes to process 5 series of 56%256%256 IR images, by a
Linux machine with 1.6GHz CPU and 8GB RAM.

Step (1): T, map estimation of inversion recovery images I={I"'}. Use random values
as initialization for T(v), So(v) and f(v), and then independently estimate
their true values by minimizing the errors between the practically acquired
intensities I"'(v) and theoretically estimated intensities ["(v) as detailed in

Subsection 2.1.1.

Step (2): Segment the currently estimated 77 map into two classes, i.e., parenchyma
and fat, by using a tissue segmentation algorithm such as fuzzy segmenta-
tion algorithm [5].

Step (3): Perform an edge-preserving smoothing on the currently estimated 77 map,
therefore achieving a smoothed version of 77 map. By repeating Step (2),
we can obtain better tissue segmentation, and the corresponding voxels in
I={I"(v)} has the same tissue label c.

Step (4): Calculate tissue probability maps P={P"(v,c)} of I={I"}. Assume the inten-
sities of a same tissue class c is distributed at a Gaussian way, and then the
tissue probability for pixel v in the image I" can be calculated as
P"(I"(v)IS(v)=c). (Details are in Subsection 2.2.1.)

Step (5): Compute an average probability map P""™ from P={P"(v,c)}, where all in-
dividual probability maps P"(v,c) will be registered during the group-wise
registration in Step (6).
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Step (6): Group-wise registration of P={P"(v,c)} to the virtual average probability
map P'"™_ The registration is implemented by B-spline based registration
to minimize the differences between P"(v,c) and P""™(v,c) as defined in
Eq.(4). )

Step (7): Generate the registered images {I™}, and check their differences with the
corresponding results in the previous iteration. If total difference is smaller
than a certain threshold, update I=I B perform Steps (1)-(3) to obtain the fi-
nal segmentation result and stop; otherwise, repeat Steps (1)-(7).

T, estimation-
segmentation

Group-wise
registration

Generate registered images I;={1‘"’),

(7 Compare I'={I™} with I'={I"} from previous iteration.

If converged, update I=I' and repeat steps (1)-(3) to get final
segmentation result. Otherwise, repeat steps (1)-(7).

Fig. 1. The overall framework of joint 7} map estimation, 7; map based parenchyma segmenta-
tion and group-wise registration for MR breast inversion recovery images

3 Results

Experimental results are provided for demonstrating the performance of the pro-
posed algorithm in joint 77 map estimation, segmentation, and registration. First,
the T, map estimation results are visually compared between the methods with and
without using our joint framework of parenchyma segmentation and group-wise
registration; validation of 7 estimation on phantoms would also be presented. Sec-
ond, quantitative comparisons on parenchyma segmentation are performed to show
whether group-wise registration, rather than pair-wise registration, can improve the
parenchyma segmentation.
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3.1 Improvement of 7, Map Estimation

We evaluated whether the use of joint 7} map estimation, 77 map based parenchyma
segmentation and registration framework can effectively improve 77 map estimation.
Thus, in Fig. 2, we provide 7| map estimation results, obtained by using or without
using our joint framework. The maps in (b) and (a) represent, respectively, the T
maps estimated using our joint framework and without using our joint framework. For
T, map in Fig. 2, the brighter pixels mean higher T; values, and they are more likely
to be segmented as parenchyma in the breast tissue segmentation.

The difficulty of evaluating the improvement of 7; map estimation is that the actual
T, value of breast is not pre-known. One way to evaluate the accuracy of T estima-
tion is to evaluate the parenchyma segmentation results, as detailed in Subsection 3.2.
The other way is to visually check the estimated 7 values at the breast boundary
where T values should be lower, since there is no parenchyma at that region.

The red curves in (a), (b), and (c) are the selected regions of 7| map for comparing
the differences of T values estimated. Inside red curves, the brighter pixels (with
higher 7, values) in (a) become darker in (b), which means that 7} values in (b) are
more accurately estimated since there is less parenchyma around the breast boundary.
It can be better observed in the subtraction map (c). Also, the 7} map in (b) is
smoother than that in (a), which would improve the accuracy of parenchyma segmen-
tation as demonstrated next. All of these show the better estimation of 7; map with
the proposed joint segmentation and registration framework.

Fig. 2. T} map estimation results. (a) Estimated 7; map without using joint parenchyma seg-
mentation and group-wise registration. (b) Estimated 7'} map using joint parenchyma segmenta-
tion and group-wise registration. (c) Subtraction of (a) and (b).

We also performed a phantom test to validate the T, estimation. Phantoms contain-
ing six gadolinium-DTPA-BMA (Gd) saline solutions with different concentrations
were studied. In practice, the relation of 7} values between different Gd concentration
solutions is modeled with a simple relationship as in Eq.(5):

1 1 o
o) gy ) )

where p; (i=1,...,5) is Gd concentration and p is the baseline of Gd concentration; y is
the relaxation rate of Gd; T(p;) is the mean estimated 7' values for Gd concentration
pi and T(py) is the mean estimated T for baseline Gd concentration py.
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The ground truth of relaxation rate for Gd is 4.04. The estimated relaxation rate by
Eq.(5) using the estimated 7; of each Gd concentration is 4.10, so the error rate is
1.5%. This test means that our method has the potential to provide accurate 7} values
between different tissues.

3.2 Validation of Parenchyma Segmentation Results

Parenchyma segmentation is validated by comparing automated segmentation results
with manual segmentation results by radiologists. Note, by performing this compari-
son, we could indirectly evaluate the improvement of 7} map estimation by the
proposed method, since the parenchyma segmentation is based on 77 map and thus its
accuracy can reflect the accuracy of estimated 77 map indirectly.

Table 1. Overlay percentage and volume error between automated segmentation (P) and man-
ual segmentation (R). P1, P2, P3 are the automated segmentation results on three patients.

P1 vs.R P2 vs.R P3 vs.R
Overlay w/o reg 85.5% 88.7% 89.9%
percentage w/ reg 87.4% 90.2 % 91.9%
Volume w/o reg 16.0% 12.0% 10.6%
error w/ reg 13.5% 10.3% 8.4%

From Table 1, we could observe: first, our automated segmentation using esti-
mated 7 map has a great potential of segmenting parenchyma tissue as good as hu-
man raters, with the overlay percentage (<VV++V),2 ) around 87%-92% and volume error
((V‘AV;;;')‘ ) around 10%, where V, and V;; denote the segmentation results by automated
or manual methods respectively; second, the algorithm with group-wise registration
has a better segmentation results, compared to the algorithm without using group-wise
registration, which shows the importance of using group-wise registration to align the
inversion recovery images and to improve parenchyma segmentation and 7; map

estimation.

4 Conclusion

We have presented a joint 77 map estimation, 7; map based parenchyma segmenta-
tion, and group-wise registration framework for improving parenchyma segmentation
from MR inversion recovery images. By using this joint framework, we can jointly
solve the two main problems in 7} map estimation which is essential for parenchyma
segmentation, e.g., noises in the estimated 77 map and body motions among inversion
recovery images. Experimental results show the improved accuracy in parenchyma
segmentation using our proposed joint framework. In the future, we will test the per-
formance of our joint framework by more breast image data. Also, we will apply this
developed method to several large breast cancer studies performed in our institute.
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