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An automated pipeline for mitochondrial segmentation
on ATUM-SEM stacks
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It is possible now to look more closely into mitochondrial physical structures due to the rapid
development of electron microscope (EM). Mitochondrial physical structures play important
roles in both cellular physiology and neuronal functions. Unfortunately, the segmentation of
mitochondria from EM images has proven to be a di±cult and challenging task, due to the
presence of various subcellular structures, as well as image distortions in the sophisticated
background. Although the current state-of-the-art algorithms have achieved some promising
results, they have demonstrated poor performances on these mitochondria which are in close
proximity to vesicles or various membranes. In order to overcome these limitations, this study
proposes explicitly modelling the mitochondrial double membrane structures, and acquiring the
image edges by way of ridge detection rather than by image gradient. In addition, this study also
utilizes group-similarity in context to further optimize the local misleading segmentation. Then,
the experimental results determined from the images acquired by automated tape-collecting
ultramicrotome scanning electron microscopy (ATUM-SEM) demonstrate the e®ectiveness of
this study's proposed algorithm.
Keywords: ATUM-SEM; membrane enhancement; mitochondria; group-similarity.
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1. Introduction
At the current time, there is no doubt that mitochondria are the most essential and
versatile organelle in a majority of eukaryotic cells. They carry out all types of
important cellular functions including producing the overwhelming majority of cellular ATP needed for endoergonic processes, and also regulating cytosolic Ca 2þ
transients.1 Moreover, mitochondrial functions play a crucial role in the regulation of
cellular life and death, including disease states. Disturbances in the mitochondrial
functions and distribution can be accompanied by signi¯cant morphological alterations.2 Consequently, many meaningful research studies have focused their investigations on the relationship between the mitochondrial locations and morphology,
and the corresponding functions. A growing body of evidence has indicated that the
mitochondrial distribution inside a cell can be strikingly heterogeneous.1 For example, they are often enriched at the cellular sites where the demands for energy are
greater, or where their metabolic functions are required, such as at the level of the
synaptic button. Recent studies have shown that the regulation of mitochondrial
shapes is crucial for cellular physiology, since changes in mitochondrial shapes have
been linked to neurodegeneration, calcium signaling, lifespan, and cell death, which
further expounds the crucial role that morphological changes of mitochondria play in
the immune system.3 Furthermore, it has been established that the function of mitochondria is closely related to cancer.4 Some speci¯c examples have demonstrated
that the mitochondria in cancer cells can alter the function of resisting apoptosis,5,6
which has naturally led the research studies regarding cancer therapy to focus
on mitochondria by stimulating mitochondrial membrane permeability, or by
changing the mitochondrial metabolism.7 Along with the important role in physiological functions, mitochondria can also be regarded as the preferable corresponding
landmarks across adjacent sections for image registration due to their homogeneous
shapes and wide scatter.8 This is the basis of 3D reconstruction from the electron
microscopy (EM) images of serial sections, which is used in the analysis of the
structures of biological specimens, such as the neuronal circuits in brain tissue.9,10
Therefore, the automatic detection and segmentation of the mitochondria from intracellular space has been found to be very meaningful for cancer simulations and 3D
reconstructions.
Mitochondrial shapes vary in living cells, and can range from punctuate structures to tubular networks, the sizes of which may vary between 0.3 and 10 m.11
Optical microscopy with a limiting resolution cannot provide su±cient resolution to
reveal these ¯ne structures. Fortunately, recent progress has been made regarding
super-resolution electronic microscopy, and it has already been possible to acquire
images with higher resolutions, which have provided new penetrations into mitochondrial structures and functions.12 In Fig. 1, the left picture depicts a biological
specimen from a mouse cortex, and a region of interest (indicated by a red rectangle)
is shown in the right picture. The data used in this study was acquired by automated
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Fig. 1. Left: Tissue from a mouse cortex; Right: A region of interest indicated by a red rectangle.

tape-collecting ultramicrotome scanning electron microscopy (ATUM-SEM). Then,
178 sections with thicknesses of 50 nm were automatically cut and collected from a
water bath using a custom designed tape-collection conveyor belt.13 Since the support tape was electron opaque, the ATUM sections were mounted on an imaging
plate, and imaged with SEM (Zeiss Supra55) at the Institute of Automation, CAS,
where the pixel size was set at 2 nm. The EM images with higher resolution will
inevitably produce more data at the same volume. The hand segmentation from the
above image stack requires months of tedious manual labor. Also, considerable attention is paid to the automated data analysis which has greatly lagged behind the
data acquisition. Nevertheless, the EM data has a sophisticated background, which
violates the standard assumption that strong image gradient always corresponds to
signi¯cant boundaries. The state-of-the-art algorithms are powerless on these mitochondria in close proximity to vesicles or various membranes.14,15 In order to
overcome this drawback, this study improves upon the earlier approaches in two
aspects as follows:15
(1) In this study, during the process of segmentation, the fact of mitochondrial
double membrane structures is exploited, and the image edges are acquired by
explicitly modeling the thick dark membranes, which can have a better performance than the original image edges obtained by the image gradient.
(2) On the basis of the above-mentioned segmentation results, we utilize the fact
that the segmentation results in the continuous layers should maintain consistency, and embed the low-rank property of similar shapes to regularize an active
contour model for further optimizing the local misleading segmentation.
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The remainder of this study is outlined as follows: In Sec. 2, some related works
regarding mitochondrial segmentation on EM data are introduced, and the merits
and demerits of two SEM-based methods are detailed. Section 3 gives an indepth
presentation of a speci¯c method for mitochondrial segmentation based on the
characteristics of ATUM-SEM data. Then, the experimental results are shown to
verify the e®ectiveness of the proposed method in Sec. 4. Finally, in Sec. 5, this
study's conclusions are made, and some future research issues are discussed.
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2. Related Work
In this section, we ¯rst describe some of the classical algorithms pertained to image
segmentation in the context of this study's proposed method. Then, previous
attempts to segment the mitochondria from EM data are introduced. Finally, we
broaden our discussion to the trade-o®s of two SEM-based methods and brie°y
mention the image registration technology that is the basis of using the context
information.
2.1. State-of-the-art segmentation technique
Image segmentation aiming at partitioning an image into a set of disjoint regions has
undergone profound examination in computer vision. To date, there have been
plenty of brilliant segmentation algorithms developed to tackle this problem in recent decades, such as watersheds,16 level set,17 active contour,18 region growing,19
and so on. It is noteworthy to emphasize that EM data, with a variety of sub-cellular
structures including vesicles, synapses, and membranes, violates the assumption that
strong image gradient always corresponds to signi¯cant boundaries, which is different from natural images and brings more challenges for segmentation.14
2.2. Mitochondrial segmentation on EM data
As previously mentioned in Sec. 1, understanding the processes which regulate mitochondrial shapes and functions is very important. Therefore, in recent years,
various attempts have been made to quantify the important properties of mitochondria from EM data. In this study, we take a simple review of some recent
research about the mitochondrial segmentation of EM data. Aurelien et al. considered an automated graph partitioning scheme which was incorporated with shape
features. In their study, they ¯rst over-segmented the image stack into supervoxels
for the purpose of reducing the computational and memory costs by a simple linear
iterative clustering (SLIC), followed by embedding the feature vector consisting of
Ray descriptors and intensity histograms into the graph.14 Due to the fact that the
Ray features relied on a good binary edge which could not be easily obtained on noisy
EM images, they subsequently improved upon their earlier approaches by exploiting
the context-aware features instead of the Ray features.20 Jorstad et al. took advantage of the fact that mitochondria have thick dark membranes, and proposed an
1750015-4
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active surface-based method for re¯ning the boundary surfaces of mitochondrial
segmentation.21 A recent approach ¯rst utilized a parabolic arc model to extract
membrane structures, and then employed the curve energy based on active contour
to obtain roughly outlined candidate mitochondrial regions, and ¯nally obtained the
mitochondrial segmentation by way of a validation process.11
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2.3. Trade-o®s
While preferable results were derived from previous research studies, these results
have relied on the isotropous characteristic of the data acquired by using focused ion
beam scanning electron microscopes (FIB-SEM, Zeiss NVision40).14,20,21 It has been
determined that the FIB-SEM method of high consumption is only limited to small
volumes, and is also destructive to the tissues since the sections are lost as soon as
they are removed from the block face. In contrast, the ATUM-SEM method does not
su®er the damages, and the preserved sections can be imaged and analyzed many
times. Furthermore, the ATUM-SEM method can be applied to large volumes for the
large-scale statistics and analysis of mitochondrial shapes. In addition, the image
acquisition time can be accelerated since the sections collecting on the tape can
be parallel imaged using multiple SEMs. Despite the advantages, some challenges
still remain, such as the registration of sequential images, and coarse resolution
in z-direction.13
In order to break through the registration challenge, Saalfeld et al. developed an
automated registration method for serial sections,22 and this has been improved by
considering the case of wrinkle.8 This study adopts the improved registration method
and two adjacent pictures after registration depicted in Fig. 2 are randomly chosen as
the information sources. The image registration techniques are di±cult to describe in

Fig. 2. Two adjacent pictures after image registration.
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just a few sentences. Therefore, we refer the interested reader to previous methods for
further details regarding the techniques.8,22
3. Proposed Method
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Since the coarse resolution in z-direction of the ATUM-SEM method limits the use of
the previous methods proposed in the isotropous data,14,20,21 we put forward an
automated pipeline for segmenting mitochondria from ATUM-SEM stacks. The
proposed algorithm comprises detection, validation for detection, segmentation, and
validation for segmentation. The entire °owchart for mitochondrial segmentation is
shown in Fig. 3.
3.1. Coarse detection
Adaboost has achieved great success in many applications as a general method for
improving the accuracy of any given learning algorithm, especially in regards to
image retrieval and face recognition.23,24 This study recognizes its advantages of fast
speed, good performance, and having been implemented in OpenCV. Therefore, the
Adaboost algorithm is applied in this study for the detection of the mitochondria.
Due to the fact that the machine-learning-based image analysis requires labeled
training samples, the following is denoted: Xi ; i ¼ 1; . . . ; 178 represents the ith slice
and the samples are manually obtained on X1 ; X10 ; X20 , and X30 . The positive
samples include the mitochondria and are labeled as þ1. Meanwhile, the other are
negative samples and labeled as 1. Figure 4 shows some of the speci¯c examples.
Also, in order to obtain a classi¯er
with better identi¯cation ability, these
training samples have to ful¯ll the following criteria:
.

The ambiguous samples are required to be removed;
. The proportion of the positive and negative samples are required to be controlled
between 1 : 3 and 1 : 5;
. The positive samples are required to be larger than the de¯ned window.23

Fig. 3. Complete °owchart for the mitochondrial segmentation.
1750015-6
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Fig. 4. Some speci¯c examples of the positive and negative samples.

When applying the classi¯er to each Xi ; i ¼ 1; . . . ; 178, each region determined by
a sliding window is classi¯ed at the multi-scale based on Haar-like features.23 Of
course, in more scales the region is classi¯ed into positive, the greater possibility the
region has to include a mitochondrion. We de¯ne Ns as the number of scales that the
region is classi¯ed into positive at the multi-scale. Then, the judgements are made as
to a given threshold . The regions with Ns greater than  are reserved and considered to include the mitochondria. In the experiment, we indicate each region by a
red rectangle, which has the same center as the region and has the same size as the
largest scales satisfying the region classi¯ed into positive. Assume that ðc 1i;j ; c 2i;j Þ and
ðc 3i;j ; c 4i;j Þ are, respectively, the top-left and lower-right coordinates of the jth red
rectangle in Xi . Then we can use Xi;j ¼ ðc 1i;j ; c 2i;j ; c 3i;j ; c 4i;j Þ to solely represent the jth
image domain determined by the jth red rectangle in Xi . Some of these results are
provided in Sec. 4, and there are found to be mainly three types of identi¯cation
errors as follows:
.

False negatives (the true mitochondria are not identi¯ed);
False positives (the false mitochondria are identi¯ed);
. A small number of mitochondria are too long to be totally identi¯ed.
.

Two reasons can account for these errors. The ¯rst is that a complex cellular background exists, which contains various types of organelles with di®erent sizes, shapes,
texture and brightness. The second is that the pleomorphic mitochondria appear in
many di®erent shapes, based on the cell type and cutting angle. A detailed discussion
regarding the most important parameter  has been included in Sec. 4, which represents the minimum detection times at the multi-scale in the Adaboost algorithm.
3.2. Multi-layer information fusion
In this section, this study fuses the multi-layer information in order to eliminate the
false negatives, and to obtain the mitochondrial connection relationship across the
adjacent sections. The main principle can be stated as follows: the mitochondrial
sizes are far more than the thickness of the sections. Therefore, a simple conclusion is
1750015-7
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drawn, whereby a true mitochondrion M is able to exist in the continuous slices. We
then de¯ne the mitochondrial \length" N as the number that exists in the continuous
slices. A direct solution of eliminating the false negatives is determined to obtain the
mitochondrial \length". Given a mitochondrion M1 , the main procedure to judge
whether it is true could be summarized as follows:
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Step 1: Assume that Xi;j is an image domain that the mitochondrion M1 ¯rst
appears in Xi , and then set the initial slice N0 ¼ i. The ¯nal slice N1 in which M1 will
disappear is unknown and initialized to be 0.
Step 2: Denote the central point of Xi;j as Pi;j ¼ ðc 1i;j =2 þ c 3i;j =2; c 2i;j =2 þ c 4i;j =2Þ, and
ni as the number of rectangles in the ith slice. Then we de¯ne the distance  ki;j
between Xi;j and Xiþ1;k as follows:
 ki;j ¼ jjPi;j  Piþ1;k jj2 ;

k ¼ 1; . . . ; niþ1 :

ð1Þ

Step 3: Assume the maximum o®set of a true mitochondrion in adjacent slices to be
 pixels. Then, together with the indicative function I, the mitochondrial number Ci;j
in Xiþ1 adjacent to Xi;j can be counted as follows:
Ci;j ¼

niþ1
X

If ki;j  g:

ð2Þ

k¼1

Step 4: According to the value Ci;j , the following three cases can be considered here
for the sake of narrative clarity as follows:
(C1): In the case of Ci;j ¼ 0, it means that the current layer is a ¯nal layer. Set
N1 ¼ maxfN1 ; ig;
(C2): In the case of Ci;j ¼ 1, it means that the current layer is an intermediate layer.
There must exist a solely positive integer 1  ki;j  niþ1 which satis¯es the following:
n

ki;j ¼ arg minf 1i;j ;  2i;j ; . . . ;  i;jiþ1 g;

ð3Þ

where Xiþ1;ki;j and Xi;j are considered to be connected and represent the same mitochondrion M1 . Set i ¼ i þ 1; j ¼ ki;j , and then go back to step 2;
(C3): In the case of Ci;j ¼ 2, it means that the current layer is an intermediate layer
and a split has occurred. There exist two positive integers 1  k 1i;j , k 2i;j  niþ1 which
satisfy the following:
n

k 1i;j ¼ arg minf 1i;j ;  2i;j ; . . . ;  i;jiþ1 g;
k 1 1

k 1 þ1

k 2i;j ¼ arg minf 1i;j ; . . . ;  i;ji;j ;  i;ji;j

ð4Þ
n

. . . ;  i;jiþ1 g;

ð5Þ

where Xi;j splits into Xiþ1;k 1i;j and Xiþ1;k 2i;j , which are considered to be connected and
represent the same mitochondrion M1 . Set i ¼ i þ 1; j ¼ k 1i;j , and i ¼ i þ 1; j ¼ k 2i;j ,
respectively, and then go back to step 2.

1750015-8
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Step 5: The \length" of the mitochondrion M1 is de¯ned as follows:
N ¼ N1  N0 þ 1:

ð6Þ

Of course, a larger \length" N the mitochondrion M1 has, the greater possibility
it will have to be true. Then, judgements are made as to a given threshold ,
the mitochondrion M1 with N greater than  are considered to be true. The
corresponding detection results are reserved to acquire the ¯ne segmentation, and
the corresponding connection relationship is reserved to display the 3D Visualization
results.
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3.3. Fine segmentation
In order to obtain a ¯ne segmentation of the mitochondria, this study introduces the
following variational image segmentation model25:
Z

min
ðgjruj þ fuÞdx ;
ð7Þ
u2½0;1

x2X

where u is a matrix with the same size of image domain X and can continuously vary
between ½0; 1. The function f : X ! ð1; þ1Þ provides certain hard constraints
about the foreground (f ¼ 1) and background (f ¼ 1) seed regions. In the experiment, f assigns the central region of X with a radius of ! pixels as 9999999, the
edge of X as 9999999, and the other region as 0. De¯ne the image edges as m, the
edge detection function g 2 ð0; 1 encodes the strong image edges m as small values,
and a common choice for g is
gðmÞ ¼ expðjmj  Þ

ð8Þ

with some suitable parameters  and . In previous methods, the image edges were
obtained by gradient rX. Nevertheless, the conventional assumptions that strong
image gradient corresponds to signi¯cant boundaries does not hold true when confronted with noise and textures inherent in EM data. This results in poor performances for the previous methods on these mitochondria which are in close proximity
to vesicles or various membranes.15 For this reason, we consider enhancing the image
edges by utilizing the following ridge detection method.
15

3.3.1. Ridge detection
Since the bright-dark-bright transition occurs in the membrane pro¯le, the membranes exist at the locations where the intensity increases in opposite directions, and
remains stable in the orthogonal directions. Therefore, enhancing the membrane-like
structures is an intuitive idea by which to obtain the mitochondrial edges. In order to
detect the membranes, we ¯rst eliminate the noise in the real images by convolving
the image X with a discrete two-dimensional Gaussian smoothing kernel as follows:

1750015-9
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Fig. 5. Topographic shapes to be detected with respect to the eigenvalues of the Hessian matrix, and the
assigned ridge energy.



x2 þ y2
;
Gðx; yÞ ¼ exp 
2 2

ð9Þ

where the standard deviation  is dependent
pﬃﬃﬃ on the radius r of the mitochondrial
membrane, and a suitable choice is  ¼ r= 3.26 Then, the second partial derivatives
of the image intensity are computed as Xxx ; Xxy ; Xyx ; Xyy , and a Hessian-based ridge
detector, which is sensitive to valley-like shapes, is constructed and applied to the
image X. Let 1 and 2 be the eigenvalues of Hessian matrix as follows:


Xxx Xxy
H¼
:
ð10Þ
Xyx Xyy
With no loss of generality, it is assumed that the eigenvalues satisfy j 1 j  j 2 j. As
clari¯ed in Fig. 5, a valley is acquired at a location where 1  j 2 j. In contrast, the
shape seemes to be a gap (i.e. a dark blob) when 1  j 2 j  0, as shown in the ¯rst
quadrant of the coordinate system. In the fourth quadrant, a saddle point on a valley
is obtained when 1  0 and 2  0, which corresponds to a relatively weak point on
a membrane. By considering the potential discontinuity in the membranes, the ridge
energy is de¯ned as:
I ¼ If

1 >0g

ð

1



2

 If

2 >0g

Þ:

ð11Þ

In the above formulation, the ridge energy in the ¯rst quadrant increases while 1 is
increasing, and 2 is decreasing. In case of the discontinuity of the membrane, 2 is
negative and the energy only depends on the valley depth that is proportional to 1 .
Since the objects which are in the shape of elongated dark stripes, and not hill-like
structures (i.e. bright) are favored, the ridge energy in the second and third quadrant
is assigned as zero. Then, the ridge energy I is normalized to a range of ½0; 1 by using
a min-max normalization as follows:

1750015-10
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I¼

I  Imin
;
Imax  Imin

ð12Þ

where Imax and Imin correspond to the maximum and minimum intensity in ridge
energy I, respectively. In this study, the minimization is achieved by the following
energy function:
Z

min
ðgðIÞjruj þ fuÞdx :
ð13Þ
u2½0;1

x2X
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3.3.2. Computing the solution

To minimize model (13), an equivalent model with an auxiliary variable v is proposed27:
Z

gðIÞjruj þ ðu  vÞ 2 þ fv dx :
ð14Þ
min
u;v
2
x2X
It should be noted that model (14) could approximate model (13) when ! 1, and it
is an optimization problem about two variables, u and v, which can be solved by
alternatively optimizing:
Z

nþ1
n 2
u
¼ arg min
gðIÞjruj þ ðu  v Þ dx
ð15Þ
u
2
x2X
and

Z
v nþ1 ¼ arg min
v

x2X

2


ðu nþ1  vÞ 2 þ fv dx :

ð16Þ

Note that the sub-optimization problem (15) exactly resembles the Total Variation denoising model (ROF) presented by Rudin, Osher and Fatemi,28 where is
now a spatial regularization parameter. The outline of the alternating minimization
procedure is as follows:
Step 1: Solution for u nþ1 with a ¯xed v n .
The only di®erence found between (15) and the original ROF model is in the
g-weighting of the Total Variation norm, which does not produce any additional
di±culty for the solution. In order to solve this sub-optimization problem, the
following adapted version of the projected gradient descend algorithm is used29:
bt nþ1 ¼ t n þ  ru n
t nþ1 ¼

nþ1
gðIÞbt
nþ1
maxfgðIÞ; jbt
jg

u nþ1 ¼ v n þ

r  t nþ1

ð17Þ

:

where t is the dual variable; and time step
is used to guarantee the scheme
to remain stable. It has also been pointed out that  1=2d holds true for the
d-dimensional problems.29
1750015-11
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Step 2: Solution for v nþ1 with a ¯xed u nþ1 .
Note that (16) is an element-wise optimization problem, which is easy to solve.
The Euler–Lagrange equation for (16) is given by
ðv nþ1  u nþ1 Þ þ f ¼ 0:

ð18Þ

Where the following is acquired:
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v nþ1 ¼ ðu nþ1  fÞ= :

ð19Þ

Step 3: Repeat step 1 and step 2 until convergence is achieved.
In this study's experiment, u is ¯rst initialized at 0.5. Following alternative iteration until convergence, a binary image is obtained by thresholding at 0.5. The
white region u > 0:5 is considered as the segmentation result of the mitochondrion.
This model is applied to every reserved detection result after multi-layer information
fusion. we can obtain the desirable segmentation results, some of which are presented
in Sec. 4.
3.4. Veri¯cation by context
In this section, we focus on utilizing the context information to rectify the local
misleading segmentation. Assume that the \length" of mitochondrion M is n. By
utilizing the connection relationship and above segmentation results, a sequence of
consecutive binary images fM1 ; . . . ; Mn g for M are obtained. Then, we try to ¯nd a
set of contours fC1 ; . . . ; Cn g to optimize the segmentation results from the binary
images. In order to keep the contours similar to each other, the following model with
the low-rank property of similar shapes embedded is used30:
min
X

n
X

fi ðCi Þ þ jjXjj :

ð20Þ

i¼1

Here jjXjj is the nuclear norm of X ¼ ½C1 ; . . . ; Cn , and fi ðCi Þ is the energy functional
of the region-based active contour model:
Z
Z
fi ðCi Þ ¼
ðMi ðxÞ  u1 Þ 2 dx þ
ðMi ðxÞ  u2 Þ 2 dx þ length ðCi Þ;
ð21Þ
1

2

where 1 and 2 represent the regions inside and outside the contour, respectively;
and u1 and u2 denote the mean intensity of 1 and 2 , respectively. Then, in order to
optimize the objective energy function, a Proximal Gradient method and singular
value thresholding algorithm are used.
The concrete details for solving the model (20) can be found,30 and only the
iterative procedure is provided as follows:


1
X kþ1 ¼ D  X k  rF ðX k Þ ;
ð22Þ

where k is the iterative time, rF ðX k Þ ¼ ½rf1 ðC k1 Þ; . . . ; rfn ðC kn Þ, and D  with
1750015-12
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Fig. 6. Left: Ground truth data via hand segmentation in the ImageJ software; Right: 3D visualization
exhibition of the ground truth in the ¯rst 30 slices.

constant  controlling the step-length of the curve evolution in each iteration is a
singular value thresholding operator.
4. Experimental Results
We ¯rst provide some details related to the ground truth data and the corresponding
experimental results of proposed method. Then, some relevant experiments are
broadened and some useful discussions are provided.
4.1. Ground truth
The ground truth data were prepared via the hand segmentation outlining the inner
membrane of a total of 434 mitochondria which had appeared in the ¯rst 30 slices
using the ImageJ software. The left picture in Fig. 6 depicts the ground truth in one
slice where di®erent colors represent di®erent mitochondria. The right picture
exhibits the 3D visualization results obtained by the ImageJ software.31 It should
be emphasized that generating such a ground truth database required a considerable
amount of human e®ort, and it was also a very time consuming process, which
served to justify that computerized segmentation is liable to accelerate tomographic
analyses.
4.2. Results of proposed method
In this section, we detailedly present the results of proposed method including the
mitochondrial detection results, segmentation results, and 3D visualization results.
4.2.1. Detection results
In Fig. 7 of this section, some of the detection results are presented. The left picture
shows some detected mitochondria which are indicated by the red rectangles via an
1750015-13
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Fig. 7. Left: Detection results of the Adaboost algoithm; Right: Red rectangles are reserved and the green
rectangles are deleted after the multi-layer information fusion, and one green rectangle indicated by the
yellow circle is mistakenly deleted.

Adaboost algorithm. In the right picture, the mitochondria represented by the red
rectangles appear more than  continuous slices and are considered as true. Meanwhile, the mitochondria represented by the green rectangles are considered as false
after the multi-layer information fusion. Since the detection results acting as a crucial
role in the experimental results are the basis of the segmentation, at this point a
discussion regarding the adjustment of the two important parameters  in the
Adaboost algorithm, and  in multi-layer information fusion is conducted. In this
study, the detection accuracy is measured by the two fundamental performance
indicators, precision and recall. The precision is computed as the ratio of the detection outcome being correct, and the recall provides the ratio of the true elements
being successfully detected, i.e.
precision ¼ True Pos=ðTrue Pos þ False PosÞ;

ð23Þ

recall ¼ True Pos=ðTrue Pos þ False NegÞ:

ð24Þ

Then, inspired by the preceding de¯nition,32 this study de¯nes that a detection
result is considered as positive if the area of overlap between the detection region and
corresponding ground truth occupies at least 70% of the area of the ground truth.
Then, the precision and recall are de¯ned on the number of regions, rather than the
sizes of regions. Such a de¯nition ensures an accuracy measurement which satis¯es
Table 1. Average precision and recall graph versus the validity threshold .


1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

precision 0.868 0.883 0.882 0.881 0.877 0.870 0.863 0.856 0.845 0.836 0.829 0.821 0.813 0.804 0.797
recall
0.148 0.212 0.276 0.333 0.381 0.427 0.469 0.506 0.535 0.565 0.590 0.614 0.634 0.651 0.668
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Table 2. Average precision and recall graph versus the validity threshold , respectively, at validity
threshold  ¼ 4, 5, and 6.
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0

1

2

3

4

5

6

7

8

9

10

precision

¼4
¼5
¼6

0.881
0.877
0.869

0.860
0.855
0.846

0.828
0.821
0.809

0.782
0.773
0.759

0.706
0.695
0.685

0.623
0.611
0.598

0.569
0.559
0.547

0.506
0.494
0.487

0.445
0.443
0.438

0.403
0.400
0.398

0.370
0.368
0.365

recall

¼4
¼5
¼6

0.333
0.381
0.427

0.497
0.545
0.589

0.614
0.656
0.697

0.712
0.744
0.773

0.774
0.806
0.830

0.831
0.851
0.871

0.862
0.878
0.898

0.887
0.903
0.914

0.897
0.914
0.923

0.918
0.928
0.928

0.934
0.937
0.939

that each region is evaluated, depending on whether or not it contains a single
mitochondrion. Together with the ground truth, the precision and recall of the
detection results in each slice could then be computed.
We provide the average precision and recall graph versus the validity threshold 
ranging from 1 to 15 in Table 1. It can be seen that the precision increases with the
increase of  while the recall has a maximum at  ¼ 2. Since the precision can be
improved by fusing the multi-layer information, we are here prone to choose a
smaller validity threshold , which can ensure a higher recall and allow a lower
precision. Some experiments are conducted for comparison at  ¼ 4, 5, and 6.
Table 2, respectively, provides the average precision and recall graph versus the
validity threshold . In this paper, the validity threshold  and validity threshold 
are, respectively, chosen as 4 and 3, the corresponding precision and recall are 0.782
and 0.712, which are marked in bold for distinction in Table 2. Some alternative
selection method can be  ¼ 5;  ¼ 3 and  ¼ 6;  ¼ 2. In general, each selection
method has its own emphasis and they can achieve the similar performance. Since the
focus in this paper is on the segmentation of mitochondria, we do not have more
discussion on which selection method is optimal. The left picture in Fig. 8 demonstrates the average precision and recall graph in the ¯rst 30 slices with respect to the

Fig. 8. Left: Average precision and recall graph in the ¯rst 30 slices versus the validity threshold ; Right:
Respective precision and recall of each slice at  ¼ 4.
1750015-15
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Fig. 9. Left: Precision and recall graph from slices 4–28 versus the validity threshold ; Right: Respective
precision and recall from slices 4–28 at  ¼ 3.

Table 3. List of the parameters and settings used in the implementation.
Parameters











!

r

Settings

4

50

3

10

0.55

15

9


pﬃﬃﬃ
9= 3


10

0.245

1

1

1

validity threshold , ranging from 1 to 50. Speci¯cally, the respective precision and
recall value in each slice is shown in the right picture in Fig. 8 at validity threshold
 ¼ 4. On this basis, we fuse the multi-layer information to eliminate the false
negatives. For fairness purposes, we only compute the precision and recall of the
detection results in slices 4–28, since a small number of mitochondria may have
disappeared in the initial slices, or emerged in the terminative slices. The left picture
in Fig. 9 demonstrates the average precision and recall graph in slices 4–28 for the
reserved detection results, with respect to the validity threshold , ranging from 0 to
10. Analogously, the respective precision and recall value in slices 4–28 is shown in
the right picture in Fig. 9 at validity threshold  ¼ 3. The aforementioned parameters and settings used in the system are presented in Table 3.
4.2.2. Segmentation results
In this section, we ¯rst provide the speci¯c segmentation results of one mitochondrion existing in slices 1–9 in Fig. 10. Wherein, from the top to the bottom, each row
represents the detected results, corresponding ground truth, segmentation results by
previous methods, segmentation results after enhancing the image edges, and segmentation results after veri¯cation by context, respectively. It can be seen that the
segmentation results after enhancing the image edges (in the fourth line) have obviously better performance abilities than the results obtained by previous methods
(in the third line). This is particularly evident against these mitochondria adjacent to
vesicles or various membranes, such as in slices 1–3. Moreover, the ¯nal segmentation
1750015-16
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Fig. 10. One speci¯c example of the mitochondrion existing in slices 1–9. From top to bottom: each row
represents the detection results, corresponding ground truth, segmentation results by previous methods,
segmentation results after enhancing the image edges, and segmentation results after veri¯cation by
context, respectively.

results (bottom row) take advantage of the shape information in context, which
further increases the robustness and smoothness. As shown in slices 2 and 6, the
veri¯cation by context recti¯es the local misleading segmentation results and makes
the segmentation similar, which is the way mitochondria should be in continuous
slices.
For the quantitative results, we use the ground truth data to evaluate the segmentation results on each of the reserved detection results according to the so-called
Jaccard index, or the VOC score to measure the segmentation quality.14RG and VbC
denote the segmentation results in the previous methods,15 and the segmentation
results after veri¯cation by context in this study, respectively. For these two types of
segmentation results, we compute their corresponding VOC score as follows:
VOC score ¼ True Pos=ðTrue Pos þ False Pos þ False NegÞ;

ð25Þ

which is the ratio of the areas of the intersection between the segmentation result and
the ground truth, and of their union. The VOC score of one slice is de¯ned as the
average VOC score of each detected result and the VOC error is de¯ned as
1  VOC score. Additionally, this study also considers using the Rand error similarly de¯ned as 1  Rand index, where Rand index measures the accuracy with
which pixels are associated to their respective regions.33 The VOC error and the
Rand error between the two types of segmentation results, along with the ground
truth in each slice, are displayed in Fig. 11. It can be seen that the ¯nal segmentation
1750015-17
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Fig. 11. Average VOC error and Rand error between the two types of segmentation results and the
ground truth in each slice.

Fig. 12. Computerized segmentation results. Left: Four whole mitochondria in di®erent shapes; Right: 3D
visualization exhibition of the partial mitochondria.

results display consistently smaller errors, regardless of the VOC error and rand
error, when compared to the previous results in each slice,15 and closely match the
performances of the human annotators in this study.
4.2.3. 3D visualization
The segmentation results after veri¯cation by context are subsequently imported
into the ImageJ software and the computerized segmentation results are obtained, as
shown in Fig. 12. The left picture reveals the 3D visualization results of the four
whole mitochondria, from which it can be seen that there are evident variations in
the mitochondrial sizes. The smallest mitochondrion resembles an ellipsoid with a
1750015-18
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Fig. 13. From left to right: original image, ground truth, CVPR result and proposed segmentation result.

diameter of approximately 0:4 m since it exists in eight slices. In contrast, the
largest mitochondrion is found to be tubular, with a length of approximately 6 m.
The right picture in Fig. 12 also shows the 3D visualization results of the partial
mitochondria with the split errors indicated by the red rectangles, although they can
be easily solved by a merge operation in the ImageJ software.
4.3. Discussion
In this section, we broaden our experiments on proposed segmentation method on
an available benchmarks (FIB-SEM data) and recent deep learning methods on
annotated ATUM-SEM data, and provide some useful discussions on the experimental results.
4.3.1. Proposed segmentation method on FIB-SEM data
In this section, we explore whether the proposed method has the general applicability
to an available benchmark (FIB-SEM data). The dataset including training data and
testing data is downloaded from the webpagea and the resolution of each voxel is
approximately 5 5 5 nm. The segmentation results of the testing data were
produced with the algorithm presented in the CVPR13 publication.34 When applying the proposed method, we have attempted to train the Adaboost classi¯er
with the training data. Unfortunately, the classi¯er does not produce satisfying
detection results on FIB-SEM data as it does on ATUM-SEM data. It may be caused
by many reasons, such as the higher resolution (2 nm in plane) of ATUM-SEM data,
and the obvious di®erences can be seen from Fig. 13 (Left: original FIB-SEM image)
a http://cvlab.ep°.ch/data/em.
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Fig. 14. From left to right: original image, ground truth, FCN result and proposed segmentation result.

and Fig. 14 (Left: original ATUM-SEM image). Since the main contributions in the
manuscript consist in the process of segmentation, namely, obtaining the image
edges of variational model by ridge detection rather than by image gradient, and
utilizing the group-similarity in context to optimize the local misleading segmentation, we test the proposed segmentation method by several given detection results.
According to size of mitochondrial p
membrane,
we adjust the parameters: radius
ﬃﬃﬃ
r ¼ 4 and standard deviation  ¼ 4= 3 in the experiment. After segmentation, we
choose the segmentation result on slice 1 (top) and slice 2 (down) and provide the
original image, ground truth, CVPR result34 and our result from left to right in
Fig. 13. We can see that our segmentation results are indeed smoother than CVPR
segmentation results, and closely match the ground truth. Nevertheless, it should be
pointed out when the mitochondrial membrane is blurry and the image edge of
variational model is hard to obtain, the segmentation will over°ow and segmentation
error will emerge.
4.3.2. Fully convolutional network on ATUM-SEM data
In this section, we compare the proposed method with the frequently-used convolutional neural networks (CNN) on produced dataset. In the experiment, we ¯rst
divide the annotated dataset into training data and testing data. Then we use the
VGG16's ¯rst 4 blocks to get CNN features,35 and combine upsampling and skip
layers to construct the fully convolutional neural networks (FCN).36 After that we
train the FCN end-2-end on the segmentation training data. The architect of FCN
based on VGG16 is presented in Table 4. We apply the network to the testing data
which ranges from slice 21 to 30, and then compute the average VOC error and rand
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Table 4. The architect of FCN based on VGG16.
Layer

Operation

VGG16 4th block last
conv feature map
Up4
Conv5
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Conv5 1
Conv5 2
Conv5 3
Up5
Conv6
Conv6 1
Conv6 2
Conv6 3
Up6
Conv7
Conv7 1
Conv7 2
Conv7 3
Conv8
Conv8 1
Conv8 2
Softmax

Kernel

Output channel
512

Upsampling
Concatenate VGG16
conv feature map
Conv/Relu
Conv/Relu
Conv/Relu
Upsampling
Concatenate VGG16
conv feature map
Conv/Relu
Conv/Relu
Conv/Relu
Upsampling
Concatenate VGG16
conv feature map
Conv
Conv
Conv
Conv
Conv
Conv
Softmax

2

2

512
768

1
3
3
2

1
3
3
2

256
256
256
256
384

1
3
3
2

1
3
3
2

128
128
128
128
192

1
3
3
1
3
3

1
3
3
1
3
3

64
64
64
32
32
32
2

3rd block
and up4

2rd block
and up5

2rd block
and up6

Table 5. Average VOC error and rand error in each slice.
Slice
VOC error
rand error

21

22

23

24

25

26

27

28

29

30

0.333
0.015

0.315
0.015

0.301
0.012

0.345
0.016

0.303
0.014

0.318
0.016

0.296
0.019

0.298
0.019

0.336
0.014

0.350
0.013

error between the segmentation results and the ground truth in each slice. The
corresponding errors are displayed in Table 5.
To have a visual understanding, we choose partial segmentation result from slice
29 and provide the original image, ground truth, FCN result and our result from left
to right in Fig. 14. We can see that proposed segmentation method preforms preferable results on regular mitochondria but not on elongated mitochondria. Meanwhile, the FCN based on VGG16 has a good performance on those mitochondria with
elongated shapes, but it is easy to confuse the mitochondria with other sub-cellular
structures, namely producing additional segmentation results of sub-cellular structures. Although some post-processing technology will improve the segmentation
performance of FCN, such as deleting the regions with small area and grotesque
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shape, it would be more interesting if the two segmentation results can be combined.
Future research in this area will investigate the two methods.
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5. Conclusion
In this research study, in order to investigate the link between the mitochondrial
physical structures and the corresponding functions, an ATUM-SEM method provides su±cient resolution to look into the details, and also produces substantial
amounts of data. Consequently, we have proposed a coarse-to-¯ne method for mitochondrial segmentation and showed the 3D visualization results in the ImageJ
software. It should be noted that the proposed method is completely automated, with
the exception of manual labels for training the Adaboost classi¯er and the ¯nal
manual validation process. All of these were operated in the ImageJ software, not
consuming many human work hours.
When compared to the previous methods proposed on the isotropous FIB-SEM
data, this study's method can be generalized to a more widely applicable EM data,
which allows a coarse resolution in the z-direction. Moreover, this study proposes to
acquire the membrane edges by using ridge detection instead of image gradient, and
then uses the context for veri¯cation, and ¯nally overcomes the previous limitations
on these mitochondria near the vesicles or various membranes. It should be noted
that, although the obtained mitochondria are just some initial results, the signi¯cance is found to be remarkable.
Despite the preferable segmentation results of this study's approach, there are still
many problems needed to be solved along the line of the present research. These
problems include the detection process and the multi-layer information fusion process. One reason is that some of the mitochondria parallel to the slice direction
display extremely elongated shapes, they are di±cult to be totally detected. What is
worse, a minority of the mitochondria do not present the mitochondrial structure
characteristics, and they are di±cult to be identi¯ed in one slice, even manually.
Therefore, it is natural to explore the use of other algorithms, or consider embedding
the multi-layer information into the detection algorithms. Beside, a better connection relationship should be obtained, such as using the segmentation information, to
reduce the split errors, as pointed out in Fig. 12. Inspired from Chen et al.,37 it may
be a better idea to go beyond the traditional coarse-to-¯ne method (segmentation
after detection) and segment the mitochondria directly from the EM data by the
deep learning method. In the future, we will attempt to quantitatively analyse and
compare the two kind of methods, a coarse-to-¯ne method and a direct segmentation
method. Future research in this area will investigate the two methods, and will focus
on optimizing the segmentation results.
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