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a  b  s  t  r  a  c  t

Mapping  the  spatial  disease  extent  in  a  certain  anatomical  organ/tissue  from  histology  images  to  radio-
logical  images  is  important  in  defining  the  disease  signature  in  the  radiological  images.  One  such  scenario
is in  the  context  of men  with  prostate  cancer  who  have  had  pre-operative  magnetic  resonance  imaging
(MRI)  before  radical  prostatectomy.  For  these  cases,  the  prostate  cancer  extent  from  ex vivo  whole-mount
histology  is  to be  mapped  to  in  vivo  MRI.  The  need  for determining  radiology-image-based  disease  signa-
tures  is important  for (a)  training  radiologist  residents  and  (b)  for constructing  an  MRI-based  computer
aided  diagnosis  (CAD)  system  for  disease  detection  in  vivo.  However,  a  prerequisite  for  this  data  mapping
is the  determination  of  slice  correspondences  (i.e.  indices  of  each  pair  of  corresponding  image  slices)
between  histological  and  magnetic  resonance  images.  The  explicit  determination  of  such slice  corre-
spondences  is  especially  indispensable  when  an  accurate  3D reconstruction  of  the  histological  volume
cannot  be  achieved  because  of  (a)  the  limited  tissue  slices  with  unknown  inter-slice  spacing,  and  (b)
obvious  histological  image  artifacts  (tissue  loss  or distortion).  In the clinic  practice,  the  histology-MRI
slice  correspondences  are  often  determined  visually  by  experienced  radiologists  and  pathologists  work-

ing in  unison,  but  this  procedure  is  laborious  and  time-consuming.  We  present  an  iterative  method  to
automatically  determine  slice  correspondence  between  images  from  histology  and  MRI  via  a group-wise
comparison  scheme,  followed  by  2D  and  3D registration.  The  image  slice  correspondences  obtained  using
our method  were  compared  with  the  ground  truth  correspondences  determined  via  consensus  of multi-
ple experts  over  a  total  of  23  patient  studies.  In  most  instances,  the  results  of our  method  were  very close

a  visu
to  the  results  obtained  vi

. Introduction

As medical images from different modalities convey different
ypes of information about the same anatomical organ/tissue, it is
ery important to correlate these images so that complementary
nformation can be combined to better aid in disease detection and
iagnosis [1,2]. For example, in order to define the radiological-

maging-based disease signature pertaining to a specific anatomical
rgan/tissue, it is necessary to map  the ground truth of the spatial

isease extent from the corresponding histology onto the in vivo
adiological images. Two such applications where this ability to
recisely map  disease extent will be very useful are in the context

∗ Corresponding author. Tel.: +1 732 445 4500x6039.
E-mail address: gyxiao@rci.rutgers.edu (G. Xiao).

895-6111/$ – see front matter ©  2010 Elsevier Ltd. All rights reserved.
oi:10.1016/j.compmedimag.2010.12.003
al  inspection  by  these  experts.
© 2010 Elsevier Ltd. All rights reserved.

of (a) training radiologist residents to identify disease signatures
on in vivo imaging and (b) constructing a radiology-image-based
computer-aided diagnosis (CAD) system for detecting and diag-
nosing disease. A specific problem considered in this paper is the
training of a magnetic resonance imaging (MRI)-based CAD system
for prostate cancer detection [3–7], where the ground truth for can-
cer extent on the ex vivo whole-mount histological images needs
to be mapped to the corresponding pre-operative in vivo magnetic
resonance (MR) images.

Prostate cancer (CaP) is the most common malignancy among
men  and the second leading cancer related cause of death after
lung cancer [8,9]. Researchers have looked at non-invasive medi-

cal imaging modalities such as MRI  to identify CaP patterns [10].
Some groups, including ours, have also developed MRI-based CAD
systems to detect CaP in vivo [3,11].  To distinguish cancerous from
non-cancerous regions in vivo via prostate MRI  (T2-w or T1-w),

dx.doi.org/10.1016/j.compmedimag.2010.12.003
http://www.sciencedirect.com/science/journal/08956111
http://www.elsevier.com/locate/compmedimag
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dx.doi.org/10.1016/j.compmedimag.2010.12.003
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aP appearance needs to be quantitatively modeled using a set of
raining images on which disease extent has been delineated. How-
ver, since it is generally difficult to annotate the cancerous regions
irectly on the pre-operative in vivo MR  images, delineation of dis-
ase extent on histopathology through microscopic analysis still
emains the “gold standard” [12]. For men  with prostate cancer and
ndergoing radical prostatectomy, pre-operative MR  images of the
rostate gland could be registered with the ex vivo post-operative
istological images. This allows for mapping the ground truth for
patial extent of CaP from histology to MRI  [13,14].

There are two general approaches to map  ex vivo the histological
aP extent to pre-operative MR  images. The first, and perhaps the
ore intuitive approach, is to reconstruct the 3D histology volume

rst, then register the 3D histology volume with the 3D MR volume
16,34]. The second approach is to register each 2D histology slice
o its corresponding 2D MRI  slice separately [3,14,15]. In the first
pproach, one critical prerequisite is the accurate reconstruction
f the histological volume; while in the second approach, the pre-
equisite is to determine histology-MRI slice correspondences. In
ome cases, the former prerequisite may  not be achievable (as will
e discussed in details below), hence the only solution is to take
he second approach.

.1. Difficulties in the reconstruction of 3D histology volume

In order to accurately reconstruct the 3D histology volume, the
ollowing two pre-requisites need to be satisfied:

. A large number of histological slices with known inter-slice spac-
ing are available: In [22], 89 and 28 slices of histological sections
with inter-spacing varying between 140 �m and 260 �m were
obtained from two data sets. In [23], the 1.5 cm thick human
basal ganglia were cut into 70 �m thick sections before one out
of every 10 sections so obtained were scanned. In [24], the rat
brains were cut into 20–26 sections with an inter-section spac-
ing of 0.4 mm.  Similarly, in [25] whole rat brains were sectioned
with a uniform slice spacing of 1 mm.  Schmitt et al. [26] first cut
a 170 mm long human brain into 6214 sections before choosing
450 sections for the brain reconstruction, while in [33], 121 his-
tological sections with an inter-slice spacing of 0.72 mm were
used in the 3D reconstruction of baboon brains.

. The artifacts in the histological slices can be corrected: The arti-
facts are mostly in the form of tissue loss or distortion caused by
prostate sectioning or Haematoxylin and Eosin (H & E) staining.
In order to correct these artifacts, researchers have previously
relied on (a) the use of blockface images (digital photos of the tis-
sue slice taken right before the histological sectioning) and/or (b)
extra fiducial markers to aid in the 3D histological reconstruction
of the prostate [16,33–35].  For both approaches, pathologists
need to carefully examine all the histological slices so as to
manually place control points or fiducial markers at appropriate
locations on the selected slices.

However, these two prerequisites may  not be easily satisfied.
his is especially true during the preparation of the prostate his-
ological data for the purpose of training a CAD system. Ideally, to
rain a CAD system, it is desirable to collect a large amount of train-
ng data from as many patients as possible. However, when large
mounts of histological data are required, it becomes unrealistic for
he pathologists to either scan a large number of histological slices
or each patient, or laboriously go through the time-consuming
rocedures of preparing blockface images and manually placing

ducial markers on these slices. Therefore, in actual clinical prac-
ice, the histological image preparation procedures need to be
erformed in a reasonable time frame. Hence in many medical cen-
ers, the prevailing protocol of preparing prostate histological data
ng and Graphics 35 (2011) 568– 578 569

comprises of the following steps: (1) The excised prostate gland
is sectioned into a number of blocks each of which is a few mil-
limeters thick. (2) Each of the blocks is further sectioned into much
thinner slices each of which is approximately 5 �m thick. (3) All
these thin slices are examined under a microscope and for effi-
ciency, typically only one representative thin slice with relatively
good imaging quality is selected for each block and scanned, while
the rest are discarded. Hence, the histological slices are coarsely
and unevenly spaced, with indeterminate inter-slice spacing pos-
sibly ranging from 5 �m to several millimeters, making it difficult
to accurately reconstruct a 3D histological volume. In this case, the
only solution for mapping ex vivo the histological CaP extent to
pre-operative MR  images is to register each 2D histology slice to its
corresponding 2D MRI  slice separately. Apparently, this requires
the 2D histology-MRI slice correspondences be determined at first.

1.2. Determination of the 2D slice correspondences between
prostate histology and MRI

The existence of 2D histology and MRI  slice correspondences
has been reported in the context of human prostate data [3,27,28],
as well as small animal data [15,25]. Nevertheless, as Park et al.
[16] recently pointed out, because of the possible out-of-plane align-
ment problem (i.e. the orientation of the 2D histology slices and the
axial MRI  slices not being identical), there is no guarantee of the
existence of a particular in vivo axial MRI  slice corresponding to a
particular histology slice. This in turn suggests that the exact cor-
responding MRI  slice can only be found through a slice-to-volume
registration between each 2D histology slice and the 3D MRI  vol-
ume.

Although some existing slice-to-volume registration methods
have been previously proposed [29–32],  the registration between
prostate 2D histology and 3D MRI  is not readily addressable via
these methods. Because of the presence of histological artifacts [10],
the registration between the prostate histology and MR  images
often has to rely on special landmarks. Although in [10], some inter-
nal landmarks were extracted from both high resolution quartered
histological and ex vivo MRI  slices, these landmarks are much more
difficult to identify automatically on low resolution whole-mount
histological and in vivo MRI  slices. For this reason, manual selection
of landmarks for registration is still the most reliable and commonly
adopted approach, such as in [16].

The manual selection of landmarks in the prostate images has
to be done by pathologists and radiologist reviewing both histo-
logical and MRI  images, a very laborious and time consuming task.
In order to ease this burden on the pathologists and radiologists,
it would be desirable to limit the searching space to find the land-
marks. One way  to achieve this is to find the slice correspondences
between the histology and MR  images, so that the pathologists and
radiologists only need to select the landmarks on each pair of cor-
responding slices (if such slice correspondences do exist, such as in
[27,28,3]) or on the few image slices that are in the vicinity of the
corresponding slices (if the out-of-plane problem exists, such as
in [16]). In both cases, the 2D histology-MRI slice correspondences
need to be determined.

At first glance, a straightforward way to determine the 2D
histology-MRI slice correspondences is via a brute-force, pair-wise
comparison scheme, wherein each histology slice is compared with
every MRI  slice according to a pre-defined image similarity mea-
sure (such as mutual information (MI) [17,18]). Thus, the MRI  slice
determined to have the highest similarity value with respect to a
specific histology slice is identified as the corresponding MRI  slice.
However, this pair-wise comparison approach may only work
for certain types of data in which the multi-modal or multi-protocol
image differences are not very large and where both image sets
have consistent and relatively small slice spacing. The establish-
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ent of slice correspondences between prostate histology and MRI
mages is complicated on account of the following reasons:

. Artifacts introduced into histology images during data prepara-
tion: Tissue loss and tissue distortion can significantly alter the
appearance of the original histological scene.

. Deformation to the prostate during endorectal in vivo imaging:
The presence of the endorectal coil during acquisition of in vivo
prostate MRI  can cause some deformation to the prostate, fur-
ther aggravating the difference between the histology and MRI
slices.

Fig. 1 illustrates an example where, according to the opinion of
he medical experts, three histology slices (A1, A2 and A3) should
orrespond to the second, fifth and tenth MRI  slices, respectively.
owever, through the pair-wise comparison, three bar plots of MI

imilarity between each histology slice and all the thirteen MRI
lices can be obtained, where the X-axis denotes the indices of each
RI  slices and the Y-axis denotes an image similarity measure (in

his case, mutual information [17,18]). It can be seen that in these
hree plots, the peak of the similarity measure all occurs at location
f the fourth MRI  slice, indicating that all of these histology slices
re most similar to the same MRI  slice. This reflects the inability of a
imple pair-wise comparison approach to reliably determine slice
orrespondences between the prostate histology and MRI  slices
hen the image differences caused by the two aforementioned

actors have not been compensated.
To overcome the aforementioned challenges in determining

lice correspondences, we develop an iterative approach. Our
ethod involves a group-wise comparison scheme to get a rough

stimate of the slice correspondences, followed by 2D and 3D reg-
stration to refine the result. All these procedures iterate until the
lice correspondence result no longer changes. As will be shown
ater in the section of experimental results (Section 6), experi-

ents based on 23 patient studies indicate that the histology-MRI
lice correspondences determined by our method is very close to
he ground truth correspondences determined via consensus of

ultiple experts. In addition, our method was shown to be better
ompared to a pair-wise comparison approach.

The rest of this paper is organized as follows. In Section 2, we
ive an overview of our method. Then in Section 3, we  discuss in
etail our group-wise comparison approach to estimate the slice
orrespondences. The steps of the 2D registration and the 3D regis-
ration schemes are presented in Sections 4 and 5, respectively. The
xperimental results of our method using histology and MRI  image
ets from 23 patient studies are presented in Section 6. Concluding
emarks and discussions are presented in Section 7.

. Overview of the determination of slice correspondences

.1. General framework

We present a computerized framework to automatically deter-
ine slice correspondence between images from histology and
RI. Our method consists of three modules (described below)
hich are iteratively executed until there is no further change to

he slice correspondence result:

odule 1: Obtain an initial estimate of the slice correspondences
via a group-wise comparison of mutual information
between the histological and MR  images. Here, we  con-

sider all the histology slices as a single group and all
the MRI  slices as another group. The goal is to find a
sub-set of MRI  slices that best matches the histology
group. The intuition behind this scheme is that dur-
ng and Graphics 35 (2011) 568– 578

ing this group-wise comparison procedure, the order of
the image slices in each group is strictly maintained,
thereby limiting the extent of the mismatch.

Module 2: Based on the slices correspondences obtained in Module
1, each histology slice is registered to its corresponding
MRI  slice to compensate the image differences between
the histology and MRI  slices.

Module 3: Using the estimate of the slice correspondences
obtained in Module 1 and the registered histology slices
obtained in Module 2, a 3D histological pseudo-volume
can be roughly reconstructed through zero-padding (i.e.
inserting additional zero-value slices). The 3D MRI
volume is then registered to this reconstructed pseudo-
volume so as to gradually alleviate the out-of-plane
problem. After the registration, all the 2D MRI  slices
can be updated by re-slicing the registered MRI  volume
along the axial direction.

These three modules will be discussed in detailed in Sec-
tions 3–5,  respectively. With these iterative steps, we not only
make use of the existence of approximate histology-MRI slice
correspondences, but also take into consideration the possible out-
of-alignment problem. Moreover, our scheme allows us to rectify
the histological artifacts that can affect the slice correspondence
result. Fig. 2 illustrates a flowchart of our complete framework to
automatically determine the histology-MRI slice correspondences.

2.2. Notation

We  define an image C = (C, f), where C is a 2D grid of image pixels
c ∈ C and the intensity value at each pixel location c is denoted by
f(c). Given m slices CH,1, . . .,  CH,m from the first image set SH, and
n slices CM,1, . . .,  CM,n from the second image set SM (in our case,
n > m),  with images in sequential order for both image sets, we for-
mulate the determination of slice correspondences between SH and
SM as a group-wise comparison problem. The aim is thus to choose

from all possible image sub-sets SA

(
1 ≤ A ≤

(
n
m

))
of SM, the

most similar sub-set to SH, where SA =
{

CM,˛1 , CM,˛2 , . . . , CM,˛m
}

,

(˛1 < ˛2 < . . . < ˛m),

(
n
m

)
indicates the number of combinations of

n taken m at a time, ˛i ∈
{

1, . . . , n
}

is the index of the image slice in
SM and A is a sequential number indicating each of all possible sub-
sets of SM. The group-wise similarity measure between SA and SH

is denoted by D(SH, SA), which will be further elaborated in Section
3.2.

3. Group-wise comparison to estimate the slice
correspondences

3.1. Overview of group-wise comparison

The group-wise comparison module corresponds to Module 1 in
Fig. 2. Given 2 image sets comprising individual 2D slices SH ={CH,1,
. . .,  CH,m} and SM ={CM,1, . . .,  CM,n}, respectively, in order to deter-
mine the slice correspondences between images in sets SH and SM,
all sub-sets of SM containing m 2D slices are compared with the

2D slices in SH. Then all these sub-sets SA,

(
1 ≤ A ≤

(
n
m

))
, are

ranked in descending order based on the computed MI  measure.

Since the top-ranked subset may  not always comprise the opti-
mal  correspondences, the slice correspondences are estimated via
averaging the top K most highly ranked subsets. Our group-wise
comparison scheme comprises the following steps:



G. Xiao et al. / Computerized Medical Imaging and Graphics 35 (2011) 568– 578 571

F th MR
b RI sli
M  this fi

S

S

S

s

3

i

w

a
m
t
d

3

i
C

D

ig. 1. Three histology slices (A1, A2 and A3) correspond to the second, fifth and ten
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tep 1: Image sub-set generation:  From the n slices SM ={CM,1, . . .,
CM,n}, generate a comprehensive list of all sub-sets SA(

1 ≤ A ≤
(

n
m

))
, each of which contains m images in

sequential order.
tep 2: Group-wise comparison between SH and SM: For each sub-set

SA ⊂ SM, compute the group-wise image similarity, D(SH, SA)
Rank all SA in descending order according to D(SH, SA).

tep 3: Refine the ranked list of slice correspondences: Compute the
average of the slice indices of the top ranked sub-sets in the
ranked list of SA. Use this result as the final slice correspon-
dences.

These steps will be discussed in detail in the following sub-
ections. A flowchart illustrating all these steps is shown in Fig. 3.

.2. Group-wise comparison to estimate the slice correspondences

In order to determine the slice correspondences between images
n SH and SM, all sub-sets of SM containing m images are compared

ith SH using CMI. Then all these sub-sets SA,

(
1 ≤ A ≤

(
n
m

))
,

re ranked in descending order according to the computed CMI
easure. Since the top-ranked subset may  not always comprise

he optimal correspondences, the final slice correspondences are
etermined via averaging the top K most highly ranked subsets.

.2.1. Ranking image subsets based on CMI
We define the group-wise similarity measure D between the

mage set SH ={CH,1, . . .,  CH,m} and an image sub-set SA ={CM,˛1 ,
M,˛2 , . . .,  CM,˛m} as
(SH, SA) =
m∑

i=1

MI(CH,i, CM,˛i ), (1)
I slices, respectively, as determined by the consensus of medical experts. However,
ces obtained via pair-wise comparison, A1, A2 and A3 are all matched to the fourth
gure legend, the reader is referred to the web version of the article.)

where MI is mutual information between two images, ˛i ∈{1, . . .,
n}, and i ∈{1, . . .,  m}.  A comprehensive list of all possible sub-sets
SA ⊂ SM of SM are generated, and each sub-set SA is compared with

SH using Eq. (1).  From the total

(
n
m

)
image sub-sets SA ⊂ SM, a

ranked list of these image sub-sets in descending order L = {Su} is

obtained, where 1 ≤ u ≤
(

n
m

)
, D(SH, SB1 ) > D(SH, SB2 ) when 1 ≤

B1 < B2 ≤
(

n
m

)
.

3.2.2. Averaging top ranked subsets
3.2.2.1. Measurement of the slice correspondence error. One would
expect that the top ranked image sub-set S1 to be the most simi-
lar to the image set SH. However, for highly dissimilar images such
as the prostate histology and MRI  with different slice spacing, the
top ranked slice correspondences in L may  not always correspond
to the correct match. For instance, assume that for SA ={CM,˛1 , . . .,
CM,˛m}, the ground truth for slice correspondences in SH is given
by SE ={CM,ε1 , . . .,  CM,εm}, where 1 ≤ εi, ˛i ≤ n. Let VE = [ε1ε2 . . . εm]
and VA = [˛1˛2 . . . ˛m] be the vectors of slice indices in SE and
SA, respectively. The slice correspondence error between ground
truth SE and SA may  be quantified via the L1-norm of the difference
between the two vectors VE and VA as:

� (SA, SE) =
∥∥VE − VA

∥∥
1

= 1
m

m∑
i=1

|εi − ˛i|, (2)

where A ∈
{

1, . . . ,

(
n
m

)}
.

Ideally, one would expect that � (S1, SH) = 0. However, for the

prostate data considered in this work, it may  be that � (Su, SH) = 0,
with u > 1. Fig. 4(a) shows the plot of � (Su, SH), where n = 18
and m = 5. There are noticeable fluctuations along this curve, and
interestingly � (S114, SH) = 0. Clearly, the assumption that the first
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hange  to the slice correspondence result. Module 1 will be expanded in detail in F

lement S1 from the ranked list L is in correspondence with SH is
ncorrect. However, it is reasonable to assume that the majority
f the slice correspondences for the top ranked subsets in L are
lose to the best match. Thus we exploit the fact that a consensus
n slice correspondences among the top ranked subsets in L should
ield the final correct set of slice correspondences. Another way to
iew this is by observing that the curve in Fig. 4(a) appears to have
een obtained by adding noise to a smoother underlying curve.
ntuitively, this prompts us to somehow smooth the “noisy” curve
Fig. 4(a)) to make it resemble a smoother monotonically increas-
ng curve (Fig. 4(b)). At the end of this smoothing step, the newly
efined subset S1 ranked highest in the list L should correspond to
he final slice correspondences.
.2.2.2. Averaging the slice correspondences. The algorithm for
stablishing a consensus among the slice correspondences in the
espondences. The three modules are executed iteratively until there is no further

top ranked subsets in L proceeds as follows. The top K most highly
ranked subsets Su, u ∈{1, . . .,  K} in L based on the value of D(SA, SH),

A ∈
{

1, . . . ,

(
n
m

)}
, are identified and the vectors comprising the

indices of slice locations in Su, Vu = [vu
1, vu

2, . . . , vu
m], are determined.

For each of vu
j
, u ∈{1, . . .,  K}, j ∈{1, . . .,  m},  we  compute the average

index ṽj as:

ṽj =
⌊

1
K

K∑
u=1

vu
j

⌋
, (3)

where � � denotes the rounding operation towards minus infin-

ity. In this way, the final refined set of index locations for slice
correspondences is obtained as the vector Ṽ = [ṽ1, ṽ2, . . . , ṽm].
Hence the newly refined slice correspondences are obtained as
S̃ = [CM,ṽ1 , CM,ṽ2 , . . . , CM,ṽm ].
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Fig. 3. Flowchart of the group-wise comparison to estimate the prostate hi

In the next stage, these estimated slice correspondences will be
urther improved through additional 2D and 3D registration.

. 2D registration between the estimated corresponding
lices
While the group-wise comparison approach allows for an initial
stimate of histology-MRI slice correspondences, the image differ-
nces caused by the histological tissue distortion and the organ
y-MRI slice correspondences. This figure corresponds to Module 1 in Fig. 2.

deformation during MRI  scanning have not yet been compensated.
Our aim is to reduce these artifacts, thereby further improving the
slice correspondence result.

We  achieve this by registering each histology slice to its
estimated corresponding MRI  slice. During the registration, the
transformation is done only to the histology slices and not to the

MRI  slices. This is because there is no tissue loss or distortion in
the MRI  slices. In addition, we  only perform a 2D affine registration
instead of an elastic registration between each pair of correspond-
ing histology and MRI  slices. This is because within an iterative
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ig. 4. (a) Plot of � (Su , SH), u ∈ {1, . . . ,
n
m

, for an ex vivo prostate histology and

H) = 0. (b) Plot of � (S̃u, SH), which is obtained after averaging the slice correspond

ramework (such as the one we employ), an elastic registration
t this stage will likely overfit each histology slice to a specific
RI  slice, making further refinement of the slice correspondences

nlikely. We  choose the MI  measure between the two images as
he target function, and the simplex method is used in the opti-

ization. The 2D registration procedure can then be formulated
s

i
2D = arg max

T
[MI(CM,ṽi , ˚(CH,i, T))], (4)

here i ∈{1, . . .,  m},  T stands for a coordinate transformation, and
 represents a generic image transformation. Applying Ti

2D to CH,i

ives the registered image CH,i
r :

H,i
r = ˚(CH,i, Ti

2D). (5)

Fig. 5 illustrates an example of the 2D registration between a
istology slice and its estimated (via group-wise comparison) cor-
esponding MRI  slice. It can be seen that using the MRI  slice as the
eference image, the differences between histology and the MRI
lices have been reduced, while at the same time, with the affine
egistration, the histology slice is not overly deformed to make it fit
he MRI  slice perfectly, so that the histology slice may  end up being

atched to a different MRI  slice in subsequent iterations. This 2D
egistration module corresponds to Module 2 in Fig. 2.

. 3D registration between the histology and MRI  data

The slice correspondences obtained so far using the group-wise
omparison and the 2D registration are based on the assumption
hat the orientation of the 2D histology slices and MRI  slices are
dentical. This assume that there is no out-of-plane alignment [16],
n issue that can only be resolved in the 3D space. We  previously

iscussed that the two main obstacles in the 3D reconstruction
f the prostate histological volume are (a) the limited number of
istological slices with indeterminate inter-slice spacing, and (b)
istological image artifacts in the form of tissue loss or distortion.

ig. 5. Example of the 2D affine registration between (a) one histology slice and (b) the co
fter  affine registration with the MRI  slice in (b). (The dotted curves in the histology slice
o MRI  study. A region of interest on the curve that is magnified reveals that � (S114,

 where S̃u is the smoothed version of Su .

Group-wise comparison and 2D registration steps (in Modules 1
and 2) enable a coarse estimate of the histological inter-slice spac-
ing (because the MRI  inter-slice spacing is known) as well as to
rectify the histological image artifacts to some extent. Therefore
even though an accurate 3D reconstruction of the histological vol-
ume  is still not attainable, we  can still reconstruct a 3D histological
pseudo-volume, where the limited histology slices are interlaced
with additional zero-value slices (a process called zero-padding).
With this histological pseudo-volume, 3D registration between the
histology and MRI  data can be performed, thereby allowing the
histology slices to be matched to some non-axial MRI  slices.

We obtain the the MRI  volume ZM by stacking all the 2D MRI
slices CM,1, . . .,  CM,n, since there is no inter-slice deformation in the
MRI  data. The histological pseudo-volume ZH is obtained through
zero-padding. As in the previous module, we  still perform a 3D
affine registration instead of an elastic registration in order to
avoid the problem of overfitting. However, this time we  choose
to impose the 3D transformation to the MRI  volume since there is
no zero-value slice in the MRI  volume. During the registration, the
MI between the two volumes is once again chosen as the target
function, and the simplex method is adopted as the optimization
method. This 3D registration procedure is formulated as:

T3D = argmax
T

[MI(ZH, ˚(ZM, T))], (6)

and by applying T3D to ZM we get the registered MRI  volume ZM
r ,

where

ZM
r = ˚(ZM, T3D). (7)

Fig. 6 illustrates an example of this 3D registration procedure.
For visualization purpose, surface rendering is used to represent
the 3D volume. This 3D registration module corresponds to Mod-

ule 3 in Fig. 2. After the registration, the registered MRI  volume is
re-sliced along the axial direction so that all the axial MRI  slices
are updated. These updated MRI  slices together with the registered
histology slices obtained in Module 2 are then used as input for the

rresponding MRI  slice obtained via group-wise comparison. (c) The histology slice
 are the cancer sptial distribution outlined by the pathologist.)
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ig. 6. Example of the 3D affine registration between the histology pseudo-volume an
nd  (c) the two  volumes in a common coordinate system post 3D registration.

roup-wise comparison module (Module 1), so that the slice cor-
espondences can be further refined. These 3 modules described
n Sections 3–5 are iteratively executed until there is no further
hange to the slice correspondence result.

. Experimental results

Our method was quantitatively evaluated in terms of its abil-
ty to determine the slice correspondences between SH and SM

or 23 patient studies; all patient studies having been previously
nonymized and de-identified. Table 1 gives a summary of the data
sed in these experiments. 3 Tesla endorectal T2-w MR images
f the prostate were obtained in vivo with an image resolution
.27 mm/pixel and slice spacing 2.2 mm.  The prostate region of

nterest was manually extracted in these images by an expert radi-
logist. Following radical prostatectomy, the prostate histology
lices were prepared using the protocol described in Section 1.1.  All
he 2D histological images were then resized by the same scale so
hat the histological images were of the same size as the MR  images.
n the experiments, the RGB color histological images were also
onverted to grayscale before the image features were computed.

For these experiments, the radiologist and the pathologist
etermined the ground truth slice correspondences through visual

nspection of all the histology and MRI  slices. Specifically, they
pened two windows on the computer screen for the two  types
f images, respectively. By scrolling up and down the images in
ach window, the two experts visually compared the similarity in
ppearance between every pair of images based on their medical
xpertise before reaching an agreement on the final slice corre-
pondences.

We  also compared the performance of our method with the
air-wise comparison approach (described in Section 1.1)  for deter-
ining slice correspondences. The error norm � described in Eq. (2)
as used to compare the two approaches against the ground truth.

hus for each pair of SH and SM, the errors of our method (� GW(SH,
M)) and the pair-wise comparison approach (� PW(SH, SM)) were
btained and compared. Note that since the pair-wise comparison
ften matches more than one histology slices to a single MRI  slice,
he 2D and 3D registration as implemented in our method was not

one following the pair-wise comparison, because these additional
egistration procedures not only cannot correct this multi-to-one
atching mistake, but also are likely to re-enforce this mistake.

able 1
escription of data sets used for the experiment.

Number of
studies

Modalities Number of slices
in each study

23 SH: Prostate histology (whole
mount)

4–8

SM: Prostate 3 T endorectal T2
in  vivo MRI

8–18
 MRI  volume. Surface renderings of the (a) MRI  volume, (b) histology pseudo-volume,

Fig. 7 shows the histology-MRI slice correspondences for one
of the patient studies (Study #14). Fig. 7(a)–(d) shows all the 4
histology slices from this patient study. Fig. 7(e)–(h) shows the
corresponding MRI  slices determined by our method. The cor-
responding MRI  slices determined by the pair-wise comparison
approach are shown in Fig. 7(i)–(l), while the ground truth of the
corresponding MRI  slices established via a consensus of experts are
shown in Fig. 7(m)–(p). Note that the number in the top right cor-
ner of each corresponding MR  image is the index of this MRI  slice.
It can be seen that for this patient study, our result is at the most
only one slice away from the ground truth, while multiple histol-
ogy slices are matched to a common MRI  slice when the pair-wise
comparison approach is used (Fig. 7(i)–(l)).

The quantitative analysis of the experimental results on all the
23 patients is illustrated in Fig. 8, where a bar plot of � GW and
� PW for all the patient studies is shown. Across 23 patient studies,
the values of � GW range between 0 and 2.7, while the values of
� PW ranges between 1.7 and 5.2. A paired student t-test was also
performed, the null hypothesis being that no significant difference
exists between these two  types of errors. For a two-tailed paired
t-test, a p-value of 8.15 × 10−11 was  obtained.

7. Discussion

Mapping the spatial disease extent in a certain anatomical
organ/tissue from histology images to radiological images is impor-
tant in defining the disease signature in the radiological images. We
consider the specific application of an MRI-based CAD system for
the detection and diagnosis of prostate cancer, where prostate can-
cer extent from histology needs to be mapped to MRI  to train the
CAD system. The disease mapping can be done through 3D registra-
tion between the histological and the MRI  volumes. A prerequisite
in this process is the accurate 3D reconstruction of the histolog-
ical volume in advance, which typically requires a large number
of finely sectioned histology slices and/or time-consuming proce-
dures to correct the histological artifacts (as discussed in Section
1.1). However, for the specific application of training a CAD sys-
tem, a large amount of training data from a large number of patients
is usually needed. Consequently, the complex procedures that are
necessary to reconstruct the 3D histological volume are usually
not feasible within the time and labor constraints imposed by rou-
tine clinical practice. In this case, the only solution is to register
each 2D histology slice to its corresponding 2D MRI slice sepa-
rately, which requires the 2D histology-MRI slice correspondences
be determined in advance. For this purpose, we have come up with
a framework comprising iterative implementation of group-wise
comparison, 2D and 3D registration. Experimental results show
the slice correspondences determined by our method are close to
the ground truth correspondences determined by the experts. In

addition, a statistical t-test indicates that our method significantly
outperforms the pair-wise comparison approach.

As described in Section 5, because of the possible out-of-
plane alignment problem, a 3D histological pseudo-volume of the
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Fig. 7. Examples of slice correspondence results obtained via different approaches. (a)–(d) The prostate histology slices, (e)–(h) corresponding MRI slices determined by our
method, (i)–(l) corresponding MRI  slices determined by pair-wise comparison approach, and (m)–(p) expert determined correspondences which serve as the ground truth.
The  number in the top right corner of (e)–(p) refers to the index of each MRI  slice. For this patient study, our result is at most only 1 slice away from the ground truth, while
in  the result of pair-wise comparison, multiple histology slices are matched to a common MRI  slice and the slice differences are larger. (The dotted curves in the histology
slice  are the cancer sptial distribution outlined by the pathologist.)

Fig. 8. Plots of � GW and � PW for the 23 patient studies used in our experiment. The number along the X-axis indicates each individual patient study. The values of � GW range
between 0 and 2.7, while the values of � PW ranges between 1.7 and 5.2. This indicates superior performance of our method over the pair-wise comparison approach.
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rostate is constructed through zero-padding. With this pseudo-
olume, a 3D registration between the histology and the MRI  data
an be performed. However, we would like to point out that the
D pseudo-volume reconstructed in this way contain some zero-
alue slices, while the 3D registration only utilizes the voxels on
he non-zero slices. Therefore, improvement over the slice corre-
pondences resulting from this 3D registration procedure is only
oderate in most cases. This is also empirically illustrated in our

xperimental results, which suggest that in most cases, there is only
 small change in the slice correspondences after the 3D registra-
ion. The group-wise comparison (Module 1) appears to play a more
mportant role in the determination of slice correspondences.

The group-wise comparison is done on the segmented histology
nd MRI  slices. While the segmentation of prostate on the histo-
ogical images is relatively straight forward, the segmentation of
rostate on the in vivo T2-w MR  images is more challenging. So far in
ll our experiments, the segmentation of the prostate on MR  images
as done by an experienced radiologist. It should, however, be
ointed out that this manual segmentation may  be subject to some

nter-observer variability. In case this inter-observer variability is
arge for some special patient studies, the slice correspondence
esult obtained using our group-wise scheme might vary with the
uality of MRI  segmentation by a different radiologist. A possible
olution is that in face of these extreme cases where the radiolo-
ist is very doubtful of the exact contours of the prostate in the MR
mages, instead of using our method, the slice correspondences will
e determined by the consensus of the radiologist and the pathol-
gist. In the next stage, we will focus on removing the dependency
f our algorithm on segmented prostate images.

. Concluding remarks

In this paper, we presented a complete framework to auto-
atically determine slice correspondence between images from

istology and MRI. Our method consists of three modules. In the
rst module, an initial estimate of the slice correspondences is
btained via a group-wise comparison of the image similarity.
ased on these initial slices correspondences, in the second module,
ach histological slice is registered to its corresponding MRI  slice in
rder to compensate the image differences caused by the possible
istological artifacts and prostate organ deformation. In the third
odule, a 3D histological pseudo-volume is reconstructed, and 3D

egistration between the histology pseudo-volume and the MRI
olume is then performed to gradually correct for the out-of-plane
lignment problem. These three modules are executed iteratively
ntil there is no further change to the slice correspondence result.
he prostate histology-MRI slice correspondences obtained using
ur method were compared with the ground truth slice correspon-
ences determined via consensus of multiple experts. The accuracy
f our method was in most instances close to the results given by
he experts. Additionally, our method was found to be better than
he pair-wise comparison approach. Future work will involve using
he slice correspondences determined via our scheme to drive a

ulti-modal registration method for accurate mapping of disease
ignatures from ex vivo histopathology onto corresponding in vivo
RI  in order to train and evaluate a CAD system.
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