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Abstract. Glial cells play an important role in regulating synaptoge-
nesis, development of blood-brain barrier, and brain tumor metastasis.
Quantitative analysis of glial cells can offer new insights to many studies.
However, the complicated morphology of the protrusions of glial cells and
the entangled cell-to-cell network cause significant difficulties to extract-
ing quantitative information in images. In this paper, we present a new
method for instance-level segmentation of glial cells in 3D images. First,
we obtain accurate voxel-level segmentation by leveraging the recent
advances of fully convolutional networks (FCN). Then we develop a k-
terminal cut algorithm to disentangle the complex cell-to-cell connec-
tions. During the cell cutting process, to better capture the nature of glial
cells, a shape prior computed based on a multiplicative Voronoi diagram
is exploited. Extensive experiments using real 3D images show that our
method has superior performance over the state-of-the-art methods.

1 Introduction

Glial cells are heterogeneous central nervous system-specific cells. Recent studies
have shown that glial cells are critical to various homeostatic biological processes
(e.g., metabolic support of neurons and synapse formation and function), and are
largely implicated in neuroinflammatory events such as traumatic brain injury
and multiple sclerosis [3]. Quantitative analysis of glial cells, such as the number
of cells, cell volume, number of protrusions, and length of each protrusion, can
offer new insights to many studies. Although the current imaging modalities
are able to image glial cells in 3D in their native environment, the complicated
morphology of their protrusions and the entangled cell-to-cell network cause
significant difficulties to the extraction of quantitative information (Fig. 1(a)). In
this paper, we present a new method for instance-level segmentation of glial cells
in 3D images based on fully convolutional networks (FCN) and k-terminal cut.

Many methods were developed to visualize and quantify glial cells in 3D
microscopy images, such as angular variance [2], random walk [10], and local
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Fig. 1. (a) 3D visualization of a raw image of the glial cell network; (b) 3D visualization
of the instance-level segmentation of (a) computed by our method. Random colors are
assigned to every segmented instance (glial cell).

priority-based parallel tracing (LPP) [6]. Due to the difficulties in attaining accu-
rate voxel-level segmentation, none of these methods can automatically compute
accurate instance-level segmentation of glial cells in 3D. By leveraging the recent
advances of fully convolutional networks (FCN) [7], we obtain accurate voxel-
level segmentation (Fig. 2(d)). Based on that, we develop a new algorithm for
computing instance-level segmentation of glial cells in 3D microscopy images.

Utilizing deep learning techniques greatly relieves the burden of image seg-
mentation and detection. However, it is still non-trivial to attain accurate
3D instance-level segmentation of glial cells, for the following reasons. First,
although some recent FCNs are capable of computing instance-level segmenta-
tion in 2D images [8], due to the memory limitation of the current computing
systems, so far no FCN can directly yield good quality instance-level segmen-
tation in 3D. Second, in the native environment of glial cells, they form a large
network in which their protrusions entangle together (Fig. 1(a)). Hence, in the
voxel-level segmentation, thousands of glial cells form a large-size connected net-
work. In order to generate accurate 3D instance-level segmentation, we need to
carefully cut this connected network into thousands of individual 3D glial cells.

We model this cutting task as a k-terminal cut problem, in which the k ter-
minals correspond to the root points of glial cells (the root point of a glial cell
is the convergence point of its protrusions). Much work was done on the general
k-terminal cut problem [5], which is NP-hard and was solved only by approxi-
mation. Interestingly, by exploiting the morphological properties of glial cells in
our 3D images, we are able to develop an effective k-terminal cut algorithm to
disentangle the complex cell-to-cell connections. First, since glial cells touch one
another with their protrusions, we design a shape prior computed by a multi-
plicative Voronoi diagram (MVD) [1]. Then, we develop an iterative k-terminal
cut algorithm to incorporate this shape prior. Finally, we apply our k-terminal
cut algorithm to the voxel-level segmentation results computed by deep learn-
ing. Extensive experiments using real 3D images show that our method has much
better performance over the state-of-the-art glial cell analysis methods [6,10].
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Fig. 2. (a) A training image; (b) the training labels for (a); (c) a testing image; (d)
the testing result of (c).

2 Method

Our method consists of three major components: (1) voxel-level segmentation
and root point detection using FCN; (2) computing shape prior based on a
multiplicative Voronoi diagram (MVD) in a network model; (3) generating 3D
instance-level segmentation using a k-terminal cut algorithm.

2.1 Voxel-Level Segmentation and Root Point Detection

Accurate voxel-level segmentation and root point detection are basic founda-
tions of our method. As shown in [7], FCNs are a state-of-the-art method for
segmentation in 2D images. Thus, we chose U-net [9] (a state-of-the-art FCN
for biomedical image segmentation) to solve this problem. Note that due to the
memory limitation, U-net is so far not effective for direct 3D segmentation. This
section shows how we can still apply U-net to attain our goals on 3D images.

We first process an input 3D image slice by slice. The procedure for the
pixel-level segmentation in a 2D slice remains the same as in [9]. For the root
point detection, we mark each root point by a disk of a 5-pixel diameter in the
training images. Figure 2(b) gives an example of the labeled training images for
segmentation and root point detection. After processing the 2D slices, because
we use optical sectioning when we image the tissue samples, there is no shift nor
distortion between the slices. Thus the voxel-level segmentation can be obtained
by simply stacking the 2D segmentation results together. However, it is more
complicated for the root point detection. Figure 3(a) shows that after stacking
the 2D root point detection slices, the detected root points form some columns
rather than spheres and the columns belonging to different cells may be con-
nected together. These are caused by two main factors: (1) The axial resolution
for multi-photon microscopy is 2–3 times lower than the lateral resolution; (2)
U-net is very sensitive in detecting root points (it can still detect the true center
root points even when it is out of the focus plane). To discriminate different cells
that have the same x-y positions but different z positions, we adopt the noise-
tolerance non-maximum suppression method [4] (see Fig. 3(b) for an example).

2.2 Computing Shape Prior

After obtaining the voxel-level segmentation and root point detection results, we
compute 3D instance-level segmentation using a k-terminal cut algorithm. But,
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Fig. 3. (a) 3D visualization of a stacked root point detection probability map. (b)
3D visualization of the non-maximum suppressed root point detection map (each root
point is dilated for illustration). (c) Some touching glial cells. (d) The cell cutting areas
computed by our method. The root points of glial cells are in yellow, the segmentation
is in blue, and the computed cell cutting areas are in green.

common minimum cut algorithms are sensitive to the number of cut edges and
are likely to give some trivial solutions (e.g., cutting only some edges close to
the terminals). Thus, in this section, we address this issue by computing a shape
prior based on a multiplicative Voronoi diagram (MVD) in a network model.

Since glial cells touch one another with their protrusions, in the 3D instance-
level segmentation, the cutting boundary between two touching cells should fall
inside the area of their touching protrusions. We call this area the touching pro-
trusion area (TPA). We observed two properties of the TPAs: (1) While two
neighboring cells may have multiple touching protrusions, their TPA always lies
between the two root points; (2) the TPA is at least 8µm (can be adjusted to
accommodate different scenarios) away from their root point. Thus, we define
the common region of two neighboring cells Ca and Cb that satisfies both these
properties as the cell cutting area, denoted by Aab (Fig. 3(d)). Due to the mor-
phology of glial cells, we use the concept of MVD in a network model to define
Aab. The MVD is a variant of Voronoi diagram that uses weight parameters
for the sites (root points) to control the volumes of their Voronoi regions (i.e.,
Voronoi cells) [1]. Since cell touching is a pairwise relation between two neighbor-
ing root points, we apply the MVD in a pairwise manner to determine Aab.

The MVD is defined as: Given an undirected graph G = (V,E) and m sites
vsi ∈ V with weight wi > 0, divide V into m Voronoi regions Ri, one for each
site vsi , such that for every vx ∈ V , vx ∈ Ri if and only if D(vx, vsi)/wi =
minj{D(vx, vsj )/wj}, where D(vp, vq) is the length of the shortest vp-to-vq path
in G. We define the Voronoi region border of the MVD as a set Vbd of vertices:
For each vx ∈ V , vx ∈ Vbd if and only if either vx is shared by different Voronoi
regions or ∃(vx, vy) ∈ E such that vx and vy belong to different Voronoi regions.
In our model G = (V,E) for two cells Ca and Cb, V corresponds to all the voxels
in Ca ∪ Cb, E is the 6-neighborhood system of V whose edge lengths are all 1,
m = 2, vsi corresponds to a root point with i ∈ {a, b}, and wi is the weight of
vsi . Since our MVD has only two sites, different weight values wa and wb with
the same ratio of wa/wb result in the same partition of V . Let wab = wa/wb

denote the relative weight. Note that different wab values yield different Vbd.
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Intuitively, we consider all possible Voronoi region borders of the MVD in G
that satisfy property (2) as lying between the two root points and as possible cell
cutting area. Thus, we define Aab as follows: vx ∈ V is in Aab if and only if ∃wab >
0 such that vx ∈ Vbd (for this wab value) and all vy ∈ Vbd satisfy property (2)
of the TPAs (i.e., for each vy ∈ Vbd, D(vy, vsa) ≥ 8µm and D(vy, vsb) ≥ 8µm).
Based on the definition of MVD, Vbd satisfies property (2) if and only if 1/θab ≤
wab ≤ θab, where θab = (D(vsa , vsb)−dmin)/dmin and dmin corresponds to 8µm
in the image space. Thus, we compute Aab as follows: For each vx ∈ V , vx is in
Aab if and only if either 1/θab ≤ D(vx,vsa )

D(vx,vsb
) ≤ θab or ∃(vx, vy) ∈ E such that the

interval [1/θab, θab]
⋂

(min{D(vx,vsa )
D(vx,vsb

) ,
D(vy,vsa )
D(vy,vsb

) },max{D(vx,vsa )
D(vx,vsb

) ,
D(vy,vsa )
D(vy,vsb

) }) �= ∅.

2.3 The Iterative k-Terminal Cut Algorithm

Given the voxel-level segmentation and k detected root points, to compute the
3D instance-level segmentation, we aim to assign to each segmented cell voxel a
label for one of the k root points. We use the k-terminal cut [5] to model this task.
The definition of the k-terminal cut problem is: Given an undirected graph G =
(V,E) with edge costs and k terminals vt1 , . . . , vtk ∈ V , assign to each vx ∈ V a
label L(vx) ∈ {t1, . . . , tk}, such that L(vti) = ti, all vertices with label ti form a
connected subgraph in G using edges whose end vertices are both labeled by ti,
for each i = 1, 2, . . . , k, and the total cost Tcost =

∑
(vp,vq)∈E c(vp, vq)∗I(L(vp) �=

L(vq)) is minimized, where c(vp, vq) > 0 is the cost of edge (vp, vq), and I(b) is
the indicator function that is 1 when b is true and 0 otherwise. In our k-terminal
cut model, all the segmented cell voxels are vertices in G, the k root points are
the k terminals, the labels L(v) specify the instance-level segmentation, E is the
6-neighborhood system of V , all edge lengths are 1, and the edge cost c(vp, vq) =
min{I(vp), I(vq)} + 1, where I(vx) is the intensity of voxel vx in the raw image.

In Sect. 2.2, we introduce a shape prior to guide our cell cutting. This shape
prior is determined between the pairs of neighboring cells. Thus, we solve the k-
terminal cut problem as a collection of minimum st-cut problems: We iteratively
refine the cut between each pair of neighboring cells. We use the ordinary Voronoi
diagram [1] in our graph G to define the initial neighboring relations (two glial
cells are neighbors of each other if their initial Voronoi regions touch in their
boundaries), and update the neighboring relations as the iterative algorithm
refines the cuts. The details of the algorithm are given below.

Step 1: We first compute the ordinary Voronoi diagram in G, whose k sites
correspond to the k root points. The definition of the ordinary Voronoi diagram
is the same as that of MVD in Sect. 2.2, but with all wi = 1. To avoid conflict
in the labeling, for each vx ∈ V that belongs to multiple Voronoi regions, we
assign vx to the Voronoi region with the largest index. As initialization, for each
vx ∈ V , we let L(vx) = ti if and only if vx ∈ Ri. Let CCti denote the set of all
the vertices with label ti. By the definition of minimum st-cuts and the ordinary
Voronoi diagram algorithm in G, every CCti forms a connected subgraph in G
by using edges whose end vertices are both labeled by ti. Intuitively, each CCti
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(roughly) corresponds to a cell in the image. Two cells Ca and Cb are taken as a
neighboring pair if and only if ∃vp ∈ CCta and ∃vq ∈ CCtb such that (vp, vq) ∈ E.
We construct the set N of neighboring pairs, with (CCti , CCtj ) ∈ N if and only
if CCti and CCtj are neighbors in G.

Step 2: For each (CCti , CCtj ) ∈ N , we construct a subgraph G′ = (V ′, E′)
of G to compute (or refine) the cut between this pair, where V ′ is the set of
vertices in CCti ∪ CCtj and E′ = {(vp, vq) | (vp, vq) ∈ E and both vp, vq ∈ V ′}.
Since we allow cutting only in the TPAs, we compute Aij as in Sect. 2.2 (with
G′ as the input graph, and vti and vtj as the two sites). Note that even for the
same neighboring pair (CCti , CCtj ), G′ may change iteration by iteration. Thus,
Aij needs to be recomputed in each iteration. To restrict the minimum st-cut
in G′, for each (vp, vq) ∈ E′, we set its cutting cost c′(vp, vq) = c(vp, vq) if both
vp, vq ∈ Aij , and c′(vp, vq) = ∞ otherwise. Then we refine the cut between CCti

and CCtj by computing the minimum st-cut in G′ (with s = vti and t = vtj ).
After the st-cut, for each vx in G′ belonging to the component Hs containing s
(resp., Ht containing t), we assign L(vx) = ti (resp., L(vx) = tj).

Step 3: After obtaining the cut between every neighboring pair in N , the neigh-
boring relations in G may change. Hence, we update N accordingly. If Tcost for
the k-terminal cut in G thus computed decreases after step 2, we go back to step
2 with the updated N . Otherwise, we output the results and stop.

When applying the above algorithm to our real 3D images, it usually stops
after 2–3 iterations. Once the labels L(v) are assigned, to generate the 3D
instance-level segmentation, we assign each cell voxel in the image a color for its
label. All the cell voxels sharing the same label have the same unique color. The
time complexity of the k-terminal cut algorithm is O(nkmv3), where n is the
number of iterations, k is the number of terminals, m is the maximum number
of neighbors of a glia cell, and v is the number of voxels in the largest glial cells.

3 Experiments and Results

To perform quantitative performance analysis, we collected four sample 3D
images of mouse brains using two-photon microscopy. The sizes of the 3D images
are 640×640×25 voxels and the resolution of each voxel is 1×1×2µm. Fluores-
cence background in all images is corrected by the algorithm in [11]. To evaluate
the performance of the root point detection, human experts manually marked all
the root points in these images. Due to the difficulties in labeling ground truth in
3D, to evaluate the performance of the 3D instance-level segmentation, three 2D
representative slices were selected from each of these four 3D images. To capture
the changes of glial cells in different 3D depths, we use the 7th, 13th, and 19th
slices. Human experts then labeled all the glial cells in these 2D representative
slices. After that, glial cells are assigned unique IDs and these IDs are used to
evaluate the 3D instance-level segmentation. The 1st and 25th slices of each 3D
image are also labeled and used as training data for U-net.

Two most recent methods are selected for comparison with our method. The
first one is an interactive method based on random walk [10]. The second method
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detects the root points using a logistic classifier based on hand-craft features and
detects the center lines of the protrusions using the LPP algorithm [6].

To measure the accuracy of the root point detection, we compute the max-
imum cardinality bipartite matching between the true root points and the
detected root points based on the following criterion. A true root point ri can be
matched with a detected root point r′

j only if the Euclidean distance between ri
and r′

j is smaller than 10µm. All the matched detected root points are counted
as true positive, all the unmatched true root points are counted as false negative,
and all the unmatched detected root points are counted as false positive. Then
F1 scores are calculated, and the results are shown in Table 1. Note that since
method one [10] requires that the positions of all root points be given as input,
it is not applicable to this comparison.

For a fair comparison on the 3D instance-level segmentation, we give method
one [10] our root detection results and method two [6] our voxel-level segmenta-
tion results. To generate segmentation by method two [6], each cell voxel in our
voxel-level segmentation is assigned to the nearest protrusion center line.

Table 1. F1 scores of the root point detection results.

Sample 1 Sample 2 Sample 3 Sample 4 Average F1 score

Our method 0.8999 0.9208 0.9148 0.8783 0.9035

LPP [6] 0.8222 0.7960 0.8336 0.7697 0.8054

Table 2. F1 scores of the 3D instance-level segmentation results.

Sample 1 Sample 2 Sample 3 Sample 4 Average F1 score

Our method 0.8709 0.9087 0.9032 0.8931 0.8940

Our w/o MVD 0.8423 0.8930 0.8852 0.8937 0.8786

Random walk [10] 0.7781 0.7855 0.7620 0.7856 0.7778

LPP [6] 0.8017 0.7943 0.8150 0.7960 0.8018

LPP w/ our roots 0.8203 0.8320 0.8308 0.8157 0.8247

To measure the accuracy of the 3D instance-level segmentation, we also com-
pute the maximum cardinality bipartite matching between the true instances and
the segmented instances. A true instance Ii and a segmented instance I ′

j can be
matched if and only if |Ii ∩ I ′

j |/|Ii ∪ I ′
j | > 0.5, where |I| denotes the total num-

ber of voxels of an instance I. All the voxels of the unmatched true instances
are counted as false negative, and all the voxels of the unmatched segmented
instances are counted as false positive. Among the matched instances, the num-
bers of true positives, false negatives, and false positives are calculated based
on their definitions. F1 scores are computed, and Table 2 summaries the results.
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Fig. 4. A cropped window in a slice from Sample 3. (a) The original image (the ground
truth is overlaid on the raw image for illustration); (b) the result of method one [10];
(c) the result of method two [6]; (d) our result. It shows that our method attains the
best result when multiple cells are entangled together.

Some visual results are shown in Fig. 4. One can see that in all cases, our method
achieves the most accurate results over the other two methods. Finally, the
average computation time for each cell is ∼3.5 s on a personal computer.

4 Conclusions

In this paper, we present a new method for instance-level segmentation of glial
cells in 3D images based on fully convolutional networks and an iterative k-
terminal cut algorithm. Further, we apply a shape prior of glial cells using a
multiplicative Voronoi diagram. Extensive experiments on real 3D images show
that our method has superior performance over the state-of-the-art methods.
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