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Automatic Best Reference Slice Selection for Smooth
Volume Reconstruction of a Mouse Brain From

Histological Images
Ulaş Bağcı *, Student Member, IEEE, and Li Bai, Member, IEEE

Abstract—In this paper, we present a novel and effective method
for registering histological slices of a mouse brain to reconstruct
a 3-D volume. First, intensity variations in images are corrected
through an intensity standardization process so that intensity
values remain constant across slices. Second, the image space is
transformed to a feature space where continuous variables are
taken as high fidelity image features for accurate registration.
Third, in order to improve the quality of the reconstructed volume,
an automatic best reference slice selection algorithm is developed
based on iterative assessment of image entropy and mean square
error of the registration process. Fourth, a novel metric for evalu-
ating the quality of the reconstructed volume is developed. Finally,
the effect of optimal reference slice selection on the quality of
registration and subsequent reconstruction is demonstrated.

Index Terms—Best reference slice, brain sectioning, histology
images, image registration, intensity standardization, reference
slice selection, smooth volume reconstruction.

I. INTRODUCTION

D UE to their high level specificity and spatial resolution,
2-D histological slices provide useful information for dis-

ease diagnosis and pathology studies. However, accurate recon-
struction of a 3-D volume from 2-D histological slices is re-
quired to fully appreciate anatomical structures [15]. Three-di-
mensional volume reconstruction from histological slices has
been an active area of research for the past decade [7]–[9], [13],
[14], [25]. However, only a few existing works use nonrigid reg-
istration (including elastic and fluid methods) to better handle
slice distortions caused by the preparation process [8], [9], [25].

Typically, a 3-D volume is reconstructed by registering
(aligning) all 2-D slices together [8], [9], [25], or registering
them with respect to a carefully chosen reference slice [3], [13].
The main drawback of the former approach is the high com-
putational cost, while the latter is more efficient and accurate.
The registration process is nontrivial because the acquisition of
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individual 2-D histological slices are performed independently,
and slice distortions, tears and holes, etc., are unavoidable.
Using an arbitrary slice as the reference slice, particularly a
distorted slice, will lead to registration and reconstruction er-
rors. Hence, the selection of a good reference slice is important
for high quality reconstruction. Fig. 1 shows some example
histological slices with noncoherent distortions, tears, holes,
and missing parts.

Reliability and accuracy are two of the many challenges in
image registration. Most of the existing nonrigid registration
methods rely on the assumption that image intensities remain
constant across all images [5], [6], [26], which is not always
true [9], [13], [16], [17]. It has been shown that intensity vari-
ations across images can lead to large registration errors, re-
sulting in an unsatisfactory 3-D reconstruction, a problem that
cannot be resolved through a simple intensity normalization
procedure [2]–[4]. Fig. 2 demonstrates that consecutive slices
may have different intensity/contrast characteristics even for the
same tissue regions. Therefore, we first standardize image inten-
sities so that intensities remain constant across images.

The choice of a feature space also plays a significant role in
registration quality. Since intensity-based registration methods
do not take into account the spatial information given by pixel
intensity variations (e.g., mutual information), registration al-
gorithms may get stuck in local maxima resulting in misalign-
ments. A feature space capturing pixel intensity variations will
have the potential to overcome the drawbacks of intensity-based
approaches.

To assess the quality of the 3-D reconstruction, the recon-
structed volume can be superimposed onto an unsectioned
reference volume, if one exists, to ensure that the reconstructed
volume represents the reference anatomy [13]. However, a
reference volume is not always available. In the absence of a
reference volume, the smoothness of the reconstructed volume
can be used to measure reconstruction quality [8], [19]. In fact,
without prior assumptions such as smoothness constraints, the
reconstruction problem is ill-posed and the solution will not
necessarily be optimal [19].

In this paper, we present a novel method for 3-D reconstruc-
tion from 2-D histological slices. The method tackles four dif-
ficult problems in registration of histological images. First, his-
tological images are standardized so that intensity variations
between slices are minimized (Section III). Second, classical
motion estimation-based affine and locally affine registration
methods are implemented to register images in the image space,
as well as a feature space for more accurate global alignment
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Fig. 1. Histological images with noncohorent distortions, tears, and holes.

Fig. 2. Consecutive slices may show different contrast maps even for the same
tissue level.

(Section IV). Third, an automatic Best Reference Slice (BRS)
selection algorithm based on an iterative assessment of image
entropy and mean square error (MSE) of the registration process
is developed for smooth 3-D reconstruction (Section V). Fourth,
to evaluate the reconstructed volume qualitatively and quanti-
tatively, both the existing correspondence alignment measures
(CAM) and our standard deviation maps (SDM) method are im-
plemented to compare our 3-D reconstruction method with the
state-of-the-art methods (Section VI). Concluding remarks and
future research directions are given in Section VII. The work de-
scribed in this paper extends the preliminary work published in
the conference proceedings of the SPIE 2007 Medical Imaging
Symposium [3].

Fig. 3. Processing pipeline for 3-D reconstruction from 2-D histological slices.

II. METHODS

A. Overview

Our method works as follows. First, we divide the data set
into several subsets, each of which is named a subvolume and
contains the same number of consecutive histological slices.
Within each subvolume, the slices are intensity standardized and
mapped to the edgeness feature space, where the edgeness, to-
gether with the entropy information, is used to guide the global
alignment of the slices. A BRS is then automatically selected
for each subvolume, and locally affine registration is performed
with respect to the BRS. Finally, rigid registration is performed
on all the subvolumes. The complete 3-D reconstruction process
is shown in Fig. 3.

III. STANDARDIZATION OF HISTOLOGICAL SLICES

OF A MOUSE BRAIN

It is important to transform the image scale into a standard
intensity scale so that, for the same body region, intensities are
similar [2], [10]. This is called intensity standardization. As can
be seen from Fig. 2, some edges are clearly visible in one image,
but are not visible in the other. This shows the need for inten-
sity standardization, which was originally proposed for the cor-
rection of MR image intensity differences in order that, for the
same MR protocol and body region, similar tissues should have
similar intensity in all images. In our recent medical image reg-
istration study [4], we have shown that intensity variations be-
tween images degrade the registration performance, because the
accuracy of image registration not only depends on spatial and
geometric similarity but also on the similarity of the intensity
values for the same tissues in different images. Therefore, in-
tensity differences should be minimized prior to registration.

The standardization process maps nonlinear image intensity
gray scale into a standard intensity gray scale through a training
and transformation step without losing image information. In
the training step, all the images acquired from the same body
region according to the same protocol are given as input
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Fig. 4. Slices before (first row) and after (second row) standardization.

to learn histogram-specific parameters. Although in the training
step we use all images to estimate histogram-specific param-
eters accurately, a subset of the whole volume might also be
enough to estimate the same histogram-specific parameters. In
the transformation step, any given image for and is stan-
dardized with the estimated histogram-specific landmarks ob-
tained from the training step. In the data sets considered for this
study, : “mouse brain” and represents the same imaging
protocol using an optical microscope.

Fig. 4 shows slices before and after standardization. The first
row shows the original data displayed using the default window
setting. The second row shows the same slices after the stan-
dardization process.

Prior to registration, we standardized all the slices according
to the standardization algorithm defined in [10] which is valid
for images of any histogram type (mono-modal, bi-modal or
multimodal). The basic premise of the standardization methods
is that, in slices acquired for a given , certain tissue-spe-
cific landmarks can be identified from the histograms of the
slices. Therefore, by matching the landmarks, one can stan-
dardize the gray scales. Median, mode, quartiles and deciles,
and the mean intensity values in the largest few generalized-
scale regions have been used as landmarks [12]. Additionally,
to handle outliers, a “low” and “high” intensity value (selected
typically at 0 and 99.8 percentiles) are also selected as land-
marks.

IV. REGISTRATION OF HISTOLOGICAL SLICES

A. Locally Affine and Globally Smooth Registration-LAGS

Registration of histological slices requires a serial registration
procedure which involves a series of transformations between
consecutive slices. Let be the transformation that warps
the source image to the target image . The transformation

is computed serially as follows:

where represents composition.
We use a locally affine and globally smooth (LAGS or elastic)

algorithm [17] for registering two consecutive slices. Common

to nonrigid registration algorithms, the LAGS involves two
steps: a global alignment step followed by a local alignment
step. Usually, this involves the estimate of eight parameters.
However, in our case we need only six parameters because the
slices have been intensity standardized and the two parameters
for intensity and contrast [17] have been fixed through intensity
standardization [2], [3].

Fig. 5 shows a qualitative evaluation of the affine and LAGS
registration methods. Fig. 5(a) and (b) shows the difference
(error) images between the registered source and target slices
for affine and LAGS registration, respectively. It can be seen
that LAGS registration is much more accurate than affine
registration. Optical flows (c) and warping fields (d) of the
source slice provide information about local and global defor-
mations between the slices. In (e), the contour of the registered
source is overlaid onto the target image to show a one-to-one
correspondence between the images.

In global alignment, it is possible for registration algorithms
(especially intensity-based registration algorithms) to get stuck
in local maxima. To prevent this from happening, we propose to
use a feature space approach for global alignment of images.

B. Registration in -Space

A feature space capturing variations of gray-level character-
istics has the potential to overcome the drawbacks of inten-
sity-based approaches to registration. A particular feature space
that allows the representation of an image by continuous vari-
ables is called the edgeness space [22], which describes the in-
tensity variance of local regions in an image. At image coordi-
nate , the edgeness is represented by

(1)

where represents a radius, the and operators are used to
denote the standardization of the intensity space and the process
of extracting desired features in standardized intensity space, re-
spectively. Superscripts and are used to denote the results of
standardization and feature space conversion of a given image.
For example, if is a given set of slices for body region and
protocol , then and . Note
that edgeness space is used not only to determine whether a
particular pixel is an edge pixel or not [22]. Rather, by taking
into account pixel/voxel intensity distribution/variations within
a specified radius, registration can be more accurate and robust
against intensity variations. Fig. 6(b) shows the edgeness map
derived from a particular histological slice shown in Fig. 6(a).
The boundaries of the structures can be easily identified, and
continuity and smoothness of the boundary elements can be sat-
isfied by selecting a proper value for ( for this ex-
ample).

Since the edgeness concept considers the intensity variance
within a predefined radius, mutual information between images
is emphasized more in the edgeness space, which can help
prevent the registration process from getting stuck in local
maxima. Fig. 7(c) illustrates the misalignment due to local
maxima in affine registration in the image space. Fig. 7(d) is the
same source slice after affine-registration in the -space. In the
image space, local maxima lead to incorrect affine parameters
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Fig. 5. Difference image (error) between registered source and target image (a)
affine registration (b) LAGS registration (c) optical flows (d) warping fields (e)
registered source overlaid onto the target image.

Fig. 6. Edgeness map (b) of a histological slice (a) is shown.

as can be seen in Fig. 7(c). Affine parameter matrices
for registered images in (c) and (d), and mean square errors

Fig. 7. Registration of source slice (a) to target slice. (b) Dashed lines in (b)
indicate asymmetry of the image. (c) Incorrect registered source slice in image
space. (d) Correct registered source in feature space.

between registered sources and target images, ,
are shown below

The results of serial registration show that optimal registra-
tion can be achieved in feature space but may not be in image
space. Note that depending on the number of slices in each
subvolume, it is possible to select a target slice as shown in
Fig. 7(b) which is substantially different from the source image
[Fig. 7(a)].

V. AUTOMATIC BEST REFERENCE SLICE SELECTION-BRS

A. Metrics

The quality of the 3-D volume reconstruction process de-
pends on the choice of reference slice. The reference slice is
used as a target slice and all the remaining slices are consid-
ered as source images to be registered onto the target image. If
the reference slice is distorted or noisy, the reconstructed 3-D
volume will not be optimal. Selecting the best reference slice
can be based on high fidelity image features such as MSE, en-
tropy, edge, texture, color, intensity histograms, etc. The theo-
retical basis of our study on how to select the best reference slice
automatically originated from the following observations.
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1) Intensity/Contrast: Intensity/contrast patterns play an im-
portant role in image registration, especially when a stan-
dardization method has been used to correct intensity vari-
ations between images.

2) Edgeness: Global registration is performed in -space
in order to prevent the registration algorithm from getting
stuck in local maxima, where edgeness parameters hold
both edge information and spatial variations of pixel inten-
sities over all regions in the image and the MSE between
any image pair relates to edges.

3) MSE: In the case of distortions, structural similarity cannot
always be maintained even for consecutive slices. When
affine registration is performed for global alignment of
slices in -space, the optimization procedure minimizes
MSE between images, but due to distortions, it will not
reach the desired low MSE values. Furthermore, it is also
known that with small SNR values, alignment is difficult,
leading to high registration errors [1]. Therefore, MSE can
be used as a tool for checking whether the slices are dis-
torted or not. While high MSE values indicate a high prob-
ability of distorted and noisy slices, low MSE values indi-
cate strong similarity between consecutive images.

4) Entropy: Entropy is another measure often used to charac-
terize the information content of a data source [18]. It has
been used as a metric for image registration in the form of
mutual information. High mutual information content in
consecutive slices implies high similarity and vice versa.
There is a strong possibility that initial and end slices may
contain little information due to the topology of the mouse
brain and -space based registration error MSE may be-
come small even if these slices are not suitable candidates
for reference slices. To avoid selecting these slices, entropy
information together with MSE can be used as high fidelity
features. A common way to define entropy for the stan-
dardized image is

(2)

where is the probability density function for inten-
sity value and is the set of all possible grey values
in . It is certain that if the amount of information con-
tained in the image is large, the entropy value will be high.
Based on this, we propose to combine entropy information
with MSE to automatically identify BRS for 3-D volume
reconstruction. Note that, since is 1:1 and the slice thick-
ness is small, we observe that is roughly the same
as and , where and de-
note two consecutive slices. Furthermore, since anatomy
changes slowly from slice to slice, one may easily assume
that is small if and only if there are
no distortions or damage in the slices.

B. Best Reference Slice (BRS)

To find the BRS according to the metrics described in Sec-
tion V-A, an iterative framework is developed to compare slices
that are identified as potential BRS candidates, which are often
nonconsecutive, to avoid errors arising from noisy and distorted
images. The framework divides slices into subvolumes.

Let be the total number of slices, the th subvolume
where and the number of slices in subvolume

such that .
Since the MSE is inversely related to the similarity of images

and entropy information is directly related to the content of the
image, we define the best reference slice for the subvolume as

(3)
where is the -space based mean square error after
registering the image to , using the global registration
step of the LAGS algorithm, is th subvolume and is
the entropy for the image .

Fig. 8(a) illustrates the use of entropy to measure the infor-
mation content of slices. Clearly, the information content curve
in feature space is different from that obtained in image space.
For example, slices 75–100 are not suitable for , however,
the image space entropy curve is unable to capture this infor-
mation, although both curves agree on the unsuitability of slices
275–350 for . Note that slices from the first and last quarter
of the stack are not suitable as candidates. High entropy
values are compensated by MSE values as seen in the figure.

We present the overall algorithm for automatically selecting
BRS.

VI. RESULTS AND EVALUATION

A. Multiresolution Framework

Once a BRS is automatically selected for each subvolume,
locally affine registration is performed within each subvolume
with respect to the BRS. Rigid registration is then performed on
all registered subvolumes to produce the final 3-D reconstruc-
tion.

A common method to reduce the computational cost and deal
with nonlinearities in image registration is to use a multilevel
(multiresolution) image pyramid so that a coarse-to-fine strategy
can be applied to accelerate the registration process and reduce
computational cost. Registration in a finer level is performed
with the registration result of the previous level serving as ini-
tial conditions. This process continues until the finest level is
reached. To define the optimal starting conditions, it is crucial
that the coarse levels of the pyramid represent the finest level
[2], [23]. In addition to this, the use of interpolation models (ex-
cept linear interpolation) will change the intensity histogram of
the image after each warp. To ensure a more accurate solution,
we perform standardization after each warping/interpolation.

We have registered a stack of 350 Nissl-stained slices ac-
quired by cyro-sectioning coronally an adult mouse brain with
a resolution of 590 520 pixels at a resolution of 15 and
24-bit color format [11].

Quantitative evaluation of the reconstruction results is often
difficult. Often the quality of 3-D reconstruction is measured by
the smoothness of the reconstructed volume surface. As such
the correspondence alignment measure (CAM) was proposed
to evaluate the smoothness of the surface [8]. We propose an
alternative method to CAM called the standard deviation map
(SDM). The method is based on the standard deviation of the
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Fig. 8. Feature and image space entropy values.

pixel values for the same location in all slices. The CAM and
SDM results for the reconstructed 3-D volume and validation
of the SDM are given in the following subsections.

B. Correspondence Alignment Measure (CAM)

The CAM measure was proposed in [8] and it relies on the
assumption that if a point is perfectly aligned, it lies midway be-
tween its corresponding points on neighboring slices. One CAM

value is produced for each image, and the mean or standard de-
viation of the CAM values of serial images are usually used
to evaluate reconstruction results. The reconstructed volume is
smooth if the mean or standard deviation of CAM measures are
small and vice versa. Changes in mean and standard deviation
of CAM values are shown in Tables I and II, respectively. The
values in Tables I and II are obtained by considering the worst
case scenario and uses all of the slices instead of just a few
slices from the middle of a stack as proposed in [8], and the
confidence threshold is set to 0. The CAM values indicate that
a smooth volume is constructed with our method. While mean
values have dropped by 7.29% and 18.69%, the standard devia-
tion values have dropped by 24.46% and 27.73% for affine and
locally affine registered stacks, respectively.

Tables I and II highlight the advantages of using our auto-
matic BRS selection algorithm over manual selection of ref-
erence slices. Five different reference slices have been chosen
from appropriate locations of the stack by visual inspection. For
LAGS without the BRS selection, we select the reference slices
manually in each subvolume. It can be observed that our BRS se-
lection method for all the registration methods listed in Tables I
and II produces considerably more accurate registration per-
formance with the smoothest reconstructed volumes than those
with manually selected reference slices. Moreover, we observe
that incorporating feature space into the global alignment step
of the registration algorithms improves the registration accuracy
further for all methods implemented in this study.

We have chosen different numbers of slices and subvolumes
experimentally in order to analyze how the number of slices af-
fects the reconstruction quality. Table III shows the CAM mean
and standard deviation values for different numbers of sections
in each subvolume. As seen from the table, there is a small im-
provement if each subvolume includes five sections instead of
25 sections, whereas, after having more than 25 sections in each
subvolume, the CAM values are increased.

C. Standard Deviation Map

We propose standard deviation map (SDM) for measuring the
quality of reconstruction based on the smoothness of the recon-
structed volume. SDM is a 2-D image template showing the
spread of intensity values over the reconstructed volume. If the
reconstructed volume is naturally smooth, the structures change
smoothly and slowly from slice to slice which depends highly
upon registration quality.

Conjecture: For any reconstructed volume , which is a se-
quence of images , , if we take the same pixel
position for all slices in , we should expect a smooth transi-
tion of pixel values within the slices of , if the slices are well
registered.

Experimental validation of this conjecture is straightforward
on the grounds that slice thickness is small. Taking a 3-D MRI
volume, the gold standard, then applying different random
warps to its slices one by one and stacking serial randomly
warped slices together, leads to the reconstruction of a warped
3-D MRI volume for which one can easily compute the SDM
and compare the smoothness of the original 3-D MRI, the gold
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TABLE I
CAM-MEAN VALUES FOR STACKS RECONSTRUCTED WITH RIGID, AFFINE AND LAGS REGISTRATION.
� � INDICATES THAT A GLOBAL TRANSFORMATION HAS BEEN PERFORMED IN FEATURE SPACE ����.

REF 1–5 INDICATE THAT DIFFERENT REFERENCE SLICES ARE CHOSEN FROM THE

MIDDLE OF THE STACK BY VISUAL INSPECTION

TABLE II
CAM-STANDARD DEVIATION VALUES FOR STACKS RECONSTRUCTED WITH RIGID, AFFINE AND LAGS REGISTRATION.

� � INDICATES THAT A GLOBAL TRANSFORMATION HAS BEEN PERFORMED IN FEATURE SPACE ����.
REF 1–5 INDICATE THAT DIFFERENT REFERENCE SLICES ARE CHOSEN FROM THE MIDDLE

OF THE STACK BY VISUAL INSPECTION

TABLE III
CAM VALUES FOR DIFFERENT NUMBER OF SECTIONS IN EACH SUBVOLUME

Fig. 9. Experimental validation of the conjecture. A 3-D MRI volume is taken
(a) and its slices have random warps applied individually spanning a high-to-low
level. In (b), high and medium levels of warps are seen in the slices, in (c), the
random warps applied to the slices are small.

standard, and the warped 3-D MRI volume. Fig. 9 shows a
symbolic sketch of the experiment design.

Fig. 10 shows an experimental validation of SDM for dif-
ferent levels of warping applied to the slices of . The level of
warping applied decreases from left to right, top to bottom, with
the first SDM in the first row having the highest warping level
including rigid body movements, and the last SDM in the second
row has the lowest (no warps). The slices are subject to warping

in a random fashion and the level of warping is defined based
on the size of the local windows used in the LAGS registration,
e.g., for medium warps, the perturbations are constrained to two
local windows, and for small warps, the perturbations are con-
strained to only one local window. As warping level decreases,
the smoothness of reconstruction increases and approaches
the original volume , where denotes perturbation. As shown
in Fig. 10, a small perturbation on the volumetric data leads to a
change in the local and global surface topology, therefore overall
registration and reconstruction quality can be determined effec-
tively using SDMs.

SDMs of the reconstructed volumes using rigid, affine and
LAGS registration methods are shown in Fig. 11, both in grey
scale and color. Although the volume reconstructed through
serial affine registrations is smoother than the volume recon-
structed by serial rigid registrations, it displays the “banana-
shape” effect [13], [15], which can be corrected by superim-
posing an MRI of the rat brain (if available) onto the recon-
structed volume. Among these three methods, the smoothest re-
constructed volume is obtained by our method shown in the last
SDM in Fig. 11.

D. 3-D Visualization for Qualitative Analysis

The human visual system is well-adapted to cope with the
topological properties of any object, hence topological fea-
tures of objects play an important role in discriminating the
differences of objects [20]. Visual evaluation of a cross section
through the stack, visual evaluation of adjacent sections by
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Fig. 10. SDMs for warped volumes spanning high-to-low levels of deforma-
tion.

Fig. 11. SDMs for stacks reconstructed using rigid, affine, and LAGS registra-
tion methods.

superposition, cross correlation and analysis of the positions
of tie points have been used in the literature for comparing
registration algorithms. All these evaluations are subjective and
only give information about how well two particular sections
have been brought into alignment.

The rendered volumes reconstructed by our method and the
method proposed by [25], which gave the best quantitative re-
sults among the four studies indicated in Table IV, are shown
in Fig. 12(a) and (b), respectively. The surfaces are obtained
from the reconstructed volumes using the 3DVIEWNIX soft-
ware system [24]. Since all reconstructed volumes are obtained
from the same histological slices, though by different methods,
we use the same threshold interval to get the boundary infor-
mation so that the rendered surfaces from the reconstructed vol-
umes offer information on the quality of the reconstruction.

Finally, we show the surface of a reconstructed volume ob-
tained using LAGS registration with BRS selection in Fig. 13.
As can be seen, the rendered surface from our method has the
smoothest transitions between slices. This qualitative result is
consistent with the CAM mean and standard deviation values
shown in Table IV.

E. Comparison With the State-of-the-Art Methods

An objective comparison between existing reconstruction
methods and our LAGS registration with the BRS selection

TABLE IV
COMPARISON OF OUR METHOD WITH STATE-OF-THE-ART METHODS

Fig. 12. Comparison of reconstruction. (a) Rendered volume using LAGS reg-
istration with BRS (b) by [25].

Fig. 13. Side-view of rendered surfaces. (a) Surface obtained through LAGS
registration with BRS. (b) Surface obtained by [25].

method is given in Table IV. Our methods also outperform
other state-of-the-art methods.

There are significant differences between our methods and
the other four studies on the same subject in terms of the quan-
titative and qualitative evaluation criteria [8], [9], [13], [25]. For
instance,

I) Intensity Standardization: Among the four state-of-
the-art studies [8], [9], [13], [25], differences of intensity
patterns across histological slices are only considered by
[13] using a histogram matching algorithm on all pairs
of consecutive slices. The approach is however compu-
tationally expensive. We standardize the intensities of all
the slices.

II) Ground Truth: Among the four state-of-the-art methods
[8], [9], [13], [25], only [13] uses a MR volume of the
mouse brain as the ground truth, and the smoothness of
the reconstructed volume is assessed by fusing the MR
volume with the reconstructed volume. However, MR
volume may not always available as is the case with this
study and the studies [8], [9], [25]. We evaluate the recon-
structed volume quantitatively by comparing the CAM
mean and standard deviation values. We also compare the
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results of quantitative evaluation and qualitative evalua-
tion based on SDM and they are consistent with one an-
other.

III) BestReferenceSlice: In [13],user intervention isnecessary
to select the reference slice and hence the reconstruction is
not fully automatic. In Tables I and II, not only our LAGS
registration with automatic BRS selection, but also with
manual BRS selection, outperform the methods in [13].

VII. CONCLUSION

In this paper, we have presented a novel method for recon-
structing a smooth 3-D volume of a mouse brain from 2-D his-
tological slices. The contribution of the paper is four fold: 1)
Intensity standardization is applied to histological images for
accurate registration and reconstruction. 2) The advantages of
registration in the edgeness feature space are demonstrated. 3)
A BRS selection algorithm is developed leading to smooth re-
construction. 4) A method (SDM) for measuring the smoothness
of the reconstructed volume is proposed. Qualitative and quan-
titative evaluations of the experimental results demonstrate the
effectiveness of our method.

So far, we have determined the number of slices for each
subvolume empirically. One may ask whether the number of
slices in each subvolume may influence the reconstruction re-
sult. Although we do not propose a theoretical analysis on the
optimal number of slices in each subvolume, it seems plausible
to consider the problem as a function of two parameters: 1) slice
thickness, and 2) MSE values. If slice thickness is small, then
anatomical changes between slices will be small. This will lead
to the selection of a larger number of slices in each subvolume.
Independent of the slice thickness, the MSE values can guide
the selection of the optimum number of slices. For example, a
threshold value can be set during the initial registration of the
whole stack. This threshold can be used to define the number
of slices for which the serial registration algorithm produces an
MSE less than or equal to the threshold value.

Further improvement is possible by developing an automatic
method to find the optimum number of slices in each subvolume
using the observations above. Another important factor, nonuni-
formity, can also be considered within the framework. As seen
from Fig. 2, intensity varies not only from slice to slice, but also
within the same tissue in a given slice. Nonuniformity of inten-
sity values within the same tissue leads to uncertainty in inten-
sity statistics, and hence degraded registration result [4], [21].
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