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Abstract

Three-dimensional serial section imaging delivers
high spatial resolution and histological detail, which fa-
cilitates analysis of differentiation and development by
exact labelling of tissues and cells, unknown to other
3-D imaging modalities. We propose an algorithm for
interleaved reconstruction and segmentation of tissues
in serial section volumes by diffusion-based registration
and adaption of two-dimensional reference labellings.
Iterative refinement of the global image congruence and
local deformation of labellings delivers an efficient al-
gorithm for processing of large volume data-sets. The
benefits of the approach are shown by means of recon-
struction and segmentation of giga-voxel serial section
volumes of plant specimen.

1 Introduction

The investigation of growth and development of bio-
logical specimen in their natural spatial extension deliv-
ers a high benefit, and has become widely available to
researches within the past decades. Apart from direct 3-
D imaging by tomographic or laser scanning methods,
serial section imaging remains an important method to
exhibit histological details in 3-D. Particularly for in-
vestigating growth and differentiation processes, pre-
cise identification of prevailing cell types and tissues is
important [3].
This paper proposes a method for joint reconstruction
and segmentation of tissue types in un-aligned stacks
of light microscopic serial section images, in typical
data sets comprising 109 - 1010 voxels at approximately
isotropic resolution. Since the three-dimensional coher-
ence of structures is lost by preparation for digitization,
the required registration and segmentation of volumes
are inter-dependent tasks: In order to reconstruct spec-
imen in the dimension of the sectioning, slice images
need to be segmented into unique structures, which are
again to be registered and brought into correspondence,
reconstituting the intact three-dimensional organs.
Concise identification and deliniation of multiple tis-

sues in sections is difficult, even for histological experts.
We therefore believe, that the input of expert-created
reference data is essential for correct segmentation of
tissues in such histological volumes.
As a result of the dense sectioning, i) tissue segmen-
tations in aligned adjacent slices differ in local defor-
mations, and ii) identified local structures deliver ad-
ditional constraints for a global registration of the im-
age stack. To exploit these observations, we propose a
model for interleaved registration and segmentation of
images by iterative refinement of gobal transformations
and deformation of references to capture local features.
With the proposed model, we aim at mutually improv-
ing both tasks for a robust scheme for 3-D tissue recon-
struction from section data. We perform experiments
showing the usefullness of the approach in reconstruc-
tion and segmentation of giga-voxel sized serial section
data sets of cereal grain specimen.

2 Related Work

In the context of processing volume data from se-
rial sectioning a comprehensive study of registration
schemes in reconstructing rat and human brains is given
in [6], without addressing the segmentation of tissues
in reconstructed volumes. In recent works [2] segmen-
tation of such data using neural networks and a high-
dimensional set of non-linear and computationally ex-
pensive features is proposed. In [1] random forest clas-
sifiers with a rich feature set are used for segmentation
of blockface section volumes, using topological group-
ing post-processing to reduce over-segmentation.
Atlas-based approaches for segmentation as in [5], us-
ing complete 3-D references have been widely used for
medical data like MRI volumes. Such approaches de-
pend on complete anatomical knowledge, being consis-
tent in structure with the sampled image intensities to
some degree, which is unavailable for our kind of data.

3 Method

Our approach aims at addressing registration and
segmentation of image stacks inter-dependently: Re-
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construction requires alignment of structures in sec-
tions, segmentation by image driven local deformation
of reference labellings depends on a sufficient global
alignment. We propose to join both tasks: Iterative
affine registeration, using initial and deficient tissue la-
bellings, and segmentation based on image intensities
in transformed sections by diffusion-based deformation
of reference segmentations.
Denote a reconstructed and segmented volume by

V(~x) = (I(~x),S(~x)) (1)

I(~x) : R3 7→ R
S(~x) : R3 7→ {1, . . . ,M}

with intensities I and class labels S. A measure for the
error of a computed volume V∗ is

E(V∗) = E1(I∗) + E2(S∗). (2)

E1 and E2 usually represent an intensity-based image-
to-image metric, and a voxel- or surface-based label-
ing error measure, for assessing registration I∗ and seg-
mentation S∗, respectively. In turn, assuming a correct
segmentation, E1 can be evaluated using S∗, and E2 is
based on how local deformation in image contents I∗
relates to aligned structures.
Rigid Registration: Registration of section stacks is
performed by finding the transform parameters, max-
imizing image similarity of pairs of consecutive im-
ages. Improved optimization can be achieved by iter-
ating over different scales of a scale-space representa-
tion of an image I(x; t) = Gt ∗ I(x), as described in
[7]. Although the overall alignment result can signif-
icantly degrade, since structures on smaller scales are
ignored. By registering images based on (possibly in-
complete) segmentation of structures, these ambiguities
can be overcome, yet for an ultimate alignment, an ex-
act segmentation is needed.
For a stack of k images, an optimal transform is as-
sumed as a set of pairwise alignments of adjacent seg-
mentations S1, S2 : Ω ⊂ R2 7→ {1, . . . ,M}

E1(S∗) : =
∑
k

∫
Ω

D(S1(x), S2(x))dx (3)

=
k∑
i=1

D(Si, Si+1).

with the metricD being the cardinality of the set of pix-
els that match exactly between the moving and fixed
images DC . For the transformation ϕ : R2 7→ R

2

we allow translation and rotation and the minimization
problem DC(S1, S2;ϕ) := DC(S1, S2 ◦ ϕa) = min is
solved by downhill optimization.
Diffusion-Based Deformation: For section images
I1, I2 with a reference segmentation S1 : Ω 7→
{1, . . . ,M} of I1, a transformation of S1 to segment I2

can be found by deformable registration of I2 to match
I1, i.e. the segmentation is driven by similarity of un-
derlying images, instead of similarity to an atlas. Given
reference and target intensity image I1, I2 the goal is to
find a transformation φ(x) = x + u(x) by point dis-
placements u to maximize the similarity between both
images.
The problem of finding an optimal deformation u min-
imizing the sum of squared intensity differences DSSD
must be regularized w.r.t. u:

D(I1, I2;u) := DSSD(I1, I2 ◦u) +αs(u) = min . (4)

and

E2(I∗) :=
k∑
i=1

D(Ii, Ii+1;u) (5)

We use a regularizer s based on the diffusion equation
regularizing the gradient of the displacement

s(u) :=
1
2

d∑
l=1

∫
Ω

‖∇ul
‖22dx. (6)

While constraining a smooth displacement field, the
diffusion-registration problem can be solved in O(N)
operations per iteration using additive operator splitting
(AOS) solution schemes [8] to compute displacement
fields and S∗2 = S1 ◦ u to obtain a segmentation of I2.
Iterative Refinement: For mutually improving align-
ment and segmentation, we iterate both steps in an EM-
like heuristic over scale representations of images: Reg-
istration is improved with more exact labelling of struc-
tures, and vice versa.
For a set of Gaussians gt of width t, It is the image
representation It := I ∗ gt at scale t, i.e. all structures
smaller

√
t are attenuated. A pair of unaligned scale-

space images I1;t, I2;t, the reference segmentation S1

is fixed, while S∗2;t is updated iteratively over decreas-
ing values of t. An initial segmentation of S2;t max is
calcuated by estimating the conditional intensity distri-
butions from S1 on the coarsest scale I1,t max, which is
determined by the spatial image resolution.
Iterating over increasingly finer scales t, registration
and segmentation are updated according to

ϕt = argminϕD
(
S(1;t, S

∗
2;t;ϕ

)
(7)

ut = argminφD(I1;t, I2;t ◦ φt;u)

S∗2;t := S1,t ◦ ut t = T, . . . , 1.

The registration-step aligns both images based on cur-
rently available segmentation. Given the new alignment
of the intensity images, the segmentation-step then up-
dates S∗ based on the transformed intensity images (see
fig. 2) as summarized in algorithm 1 (DIF).

4 Evaluation

We have evualuated our method on histological se-
rial serial section volumes of developing barley grains,
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Algorithm 1 DIF()
1: compute scale-space representations I1,2 ∗Gt, t = 1, . . . , tmax
2: for t = tmax downto 1 do
3: compute φ = argminφDC(S1;t, S2;t;φ) (Downhill)
4: apply transform I2;t = I2;t ◦ φ
5: compute ut = argminφD(I1;t, I2;t ◦ φt;u) (AOS Scheme)
6: apply deformation S∗2;t−1 = S1,t ◦ ut
7: end for

which were acquired by biologists in the context of
works towards three-dimensional developmental at-
lases. Depending on the developmental stage, each in-
dividual data volume comprises between 2 · 109 and
1 · 1010 voxels.

Figure 1: 3-D reconstruction and tissue segmentation
from section data of developing barley grains: Surface
rendering of segmented tissues and virtual histological
sections (1, 600× 1, 200× 1, 954 px).

Data sets: Image data was acquired from Hordeum
vulgare specimen, bred under standardized conditions
at three timepoints, yielding 1, 058, 1, 809 and 1, 954
images respectively, at slice thickness of 3.0 µm.
Bright-field micrographs were digitized at a spatial res-
olution of 1.83× 1.83 µm per pixel to 1200× 1600 px
12-bit grayscale images. Image backgrounds were re-
moved using the method described in [4]. By experi-
ments we aimed at assessing i) the segmentation per-
formance of the proposed algorithm in terms of classi-
fication accuracy and ii) the ability of the approach for
proccessing whole 3-D datasets for tissue segmentation
and reconstruction.
Addressing i), a stack of 80 section images (i.e. 4.1% )
of the entire stack) were completely segmented by an

Figure 2: (Top down:) Registration results regarding
similarity of adjacent stack images by average SSD
of consecutive slices of the 7 DAF data set (1, 600 ×
1, 200×1, 954 px) before 1) and after 2) reconstruction.
Iterative alignment and segmentation: 3) Displacement
vector fields, 4) warped segmentations, and 5) corre-
sponding rigid alignment over decreasing scales ti.

expert biologist into six tissue types as ground truth
data. We compared the segmentation accuracy of ouf
method against feature-based classification, using a
one-vs-rest RBF kernel SVM ensemble, and a 30 − 15
logsig multi-layer perceptron (MLP) for discrimination
of 50-dimensional vectors of local image features (e.g.
Gabor-filters, gray-level co-occurrences, and derived
measures) into one of six classes.
Addressing ii) we applied the method to full datasets,
where no manual ground truth was obtained due to data
sizes.
Performance Measures: To measure the segmentation
accuracy against ground truth class memberships, we
used an confusion matrix and class-wise accuracy as an
indicator regarding mis-classified pixels.
As an additional measure we used distance to closest
point (DCP ) as a weighting factor for accounting the
spatial distribtion of segmentation errors. For S(x) =
m and S∗(x) = n being true and predicted class of
x ∈ Ω, the minimal distance

DCP (x) := (8){
minx̂ ,S(x̂)=m ‖x− x̂‖L2 if S(x) 6= S∗(x)
0 if S(x) = S∗(x)

to the true segment is aggregated for a weighted loss
function.
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Table 1: Class specific image segmentation accuracy
for supervised classification (SVM, MLP) and proposed
method (DIF) (6 classes with their fraction in the entire
dataset)

Class 1 2 3 4 5 6
(42.18)% (40.64%) (1.21%) (4.37%) (1.22%) (10.42%) Total

DIF 0.99 0.99 0.83 0.96 0.73 0.91 0.97
± 0.007 ± 0.004 ± 0.031 ± 0.017 ± 0.024 ± 0.095 ± 0.03

SVM 0.89 0.89 0.16 0.85 0.42 0.83 0.87
± 0.035 ± 0.018 ± 0.343 ±0.133 ±0.19 ±0.025 ±0.116

MLP 0.87 0.81 0.17 0.79 0.15 0.78 0.82
± 0.008 ±0.027 ±0.308 ±0.311 ± 0.289 ± 0.262 ± 0.201

Table 2: Per-class average distance-to-closest-point (in
px).

Class 1 2 3 4 5 6
(42.18)% (40.64%) (1.21%) (4.37%) (1.22%) (10.42%)

DIF 1.46 2.70 8.17 2.18 2.23 3.40
± 0.487 ± 0.189 ± 0.478 ± 0.858 ± 0.435 ± 1.062

SVM 18.63 16.92 48.17 42.18 42.23 34.00
± 3.11 ± 1.12 ± 4.78 ± 2.58 ± 10.43 ± 10.62

MLP 18.17 20.98 65.15 35.15 58.63 34.10
± 4.61 ± 2.01 ± 9.57 ± 12.28 ± 17.21 ± 11.0

4.1 Results

i) Segmentation accuracy on ground truth data:
For the ground-truth data features were extracted from
available images. The data set was split into 10%/90%
uniformly sampled test and training set (≈ 1.5 · 107/≈
1.5 · 108 samples) for SVM and MLP segmentation.
10% of equidistant segmented images were used for our
method (DIF). The results are summarized in tables 1-
2: Pixel classification by SVM and MLP achieve total
accuracies of 87% and 82% respectively. Our method
performs significantly better with 97% correct classifi-
cation rate. Particularly for small classes the achieved
accuracy is higher. While this problem might possibly
be overcome by tuning training and –data, average DCP
values show that mis-classified points are widely spread
over the image domain. Here the constraints in method
ensures that segmentation errors are locally bound.
ii) Reconstruction and segmentation of complete sec-
tion volumes: To test the usefulness of our algorithm
in reconstructing and segmenting large serial section
data sets, we processed complete data sets of sectioned
grains. For our results 5% of sections were segmented
as references by an expert. Concerning stack recon-
struction, metric values of consecutive stack slices are a
fundamental indicator (fig. 2a), yet the quality of the
alignment is ultimately determined by inspecting the
reconstructed structures in 3-D. By virtual slices and
renderings of segmented structures (fig. 1), biologists
confirmed correct alignment of structures and tissue la-
beling within the accuracy of human perception in 3-D
navigation.

5 Conclusion

We propose an algorithm for joint reconstruction
and segmentation of serial section data, based on it-
erative rigid registration and diffusion-based deforma-
tion of reference segmentations. While we see the input
of expert knowledge as being essential to any system
recognizing multiple tissues in such data, interleaving
registration and segmentation allows the use of expert
knowledge for both reconstruction and labelling. The
approach is limited when changes in image contents be-
tween slices are strong, however data acquisition pro-
tocolls usually aim at isotropic resolutions where this
should not be the case. Experiments show that the ap-
proach delivers high accuracies in segmentation, equal
to feature-based supervised schemes, while avoiding
computationally costly feature extraction. This makes
the method particularly useful for processing very large
high-resolution image volumes from serial histological
sections. Recently, we could successfully use the pro-
posed algorithm in different applications involving au-
toradiograph and confocal image data.
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