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ABSTRACT

Graph-based segmentation methods such as the random
walker (RW) are known to be computationally expensive.
For high resolution images, user interaction with the algo-
rithm is significantly affected. This paper introduces a novel
seeding approach for graph-based segmentation that reduces
computation time. Instead of marking foreground and back-
ground pixels, the user roughly marks the object boundary
forming separate regions. The image pixels are then grouped
into a hierarchy of increasingly large layers based on their
distance from these markings. Next, foreground and back-
ground seeds are automatically generated according to the
hierarchical layers of each region. The highest layers of the
hierarchy are ignored leading to a significant graph reduction.
Finally, validation experiments based on multiple automati-
cally generated input seeds were carried out on a variety of
medical images. Results show a significant gain in time for
high resolution images using the new approach.

Index Terms— graph-based segmentation, Random
Walker, graph reduction, optimization, simulation.

1. INTRODUCTION

Graph-based segmentation techniques have recently gained
interest [1, 2]. Basically, the idea is to model the image with a
graph, where vertices represent pixels and edges represent the
connectivity between pixels. Each edge is assigned a weight
representing a transition cost between two vertices, such that
edges crossing an object boundary are more likely to have
high cost. Adapting the cost function offers the flexibility re-
quired for high quality segmentation, especially in medical
imaging, where the segmentation deals with different image
modalities.

Graph cut segmentation [3] is a well known approach
where the user marks certain pixels (vertices) as belonging
to foreground or background1. The segmentation consists of
breaking the image graph into two sub-graphs by removing
edges that maximize the flow [4]. However, graph cuts suffer
from the “small cuts” problem [1]. To overcome this limita-
tion, Grady [1] proposed the random walker (RW) segmenta-
tion. Here again, the user labels certain foreground and back-

This work is funded by grants from NSERC amd FRQNT
1Without loss of generality we assume a case of two label segmentation.

ground pixels creating a set, S, of labelled (seeded) vertices,
and a set, U , of unlabelled vertices, such that |S ∪ U | = N
(where N is the size of the image) and S ∩ U = ∅. For
each unlabelled vertex vi ∈ U , the algorithm computes the
probability of reaching one of the labelled vertices vj ∈ S,
i 6= j, using a random walk along the edges. The probabilities
are obtained by solving the sparse linear system AxU = B,
where A and B depend on the image and labels, and xU
denotes a vector of length U of the unknown probabilities
(cf. [1] for details). The speed of the algorithm depends on
how efficiently the linear system is solved, i.e. O(|U |). Gen-
erally |S| � |U | and |U | ' N , so the speed of segmentation
is strongly dependent on the image size.

The RW method provides segmentations at interactive
speeds on reasonably sized images, yet not fast enough when
it comes to high resolution or large 3D images. Strate-
gies to reduce computation time include using offline pre-
computation [5] and optimized pre-computation using priors
[6]. However, the pre-computation step is time consuming
and unusable for live applications. It can also require pro-
hibitive amounts of memory to store the large, non-sparse
matrices it generates. A GPU computation is proposed in [2]
to reduce the computation time.

In this paper, we propose a complementary approach
based on user interaction that can benefit from the GPU so-
lution as well. An intuitive and quick interaction would be
to roughly draw the object boundary as done in active con-
tours (snakes) [7] and Intelligent Scissors segmentation [8],
for example. Starting from this approximation, our approach
groups the vertices into layers according to their distance
from the markers. Then, foreground and background la-
bels are automatically generated on a selected layer ignoring
vertices in the higher layers of the hierarchy. Finally, a graph-
based segmentation algorithm, e.g. RW, is applied to the
sub-graph. This kind of interaction shortcut is similar to
that used in GrabCut, a variant of graph cut, segmentation
[9], in which the user specifies a bounding box around the
object and labels are automatically generated by applying
a Gaussian mixture model according to the bounding box.
However, when GrabCuts provide poor results in images
with low contrast between foreground and background, our
approach maintains the same quality results than the segmen-
tation algorithm used. Although the RW segmentation is used
as illustrative support in this paper, our approach extends to
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Fig. 1. Example of a segmentation using hierarchical graph : (a) Rough boundary quickly marked by the user, (b) Layer
map computed with the Fibonacci sequence (c) Seed generation in the inner (red) and outer (green) regions, the dashed re-
gions (yellow) are ignored vertices, (d) first round segmentation result, (e) further foreground-background seeding and (f) final
segmentation result.

other graph-based segmentation methods, including graph
cuts, that use foreground and background seeding.

The remainder of this paper is organized as follows. Sec-
tion 2 shows how to reduce graph size using hierarchical lay-
ering around a rough boundary drawn by the user. Then, an
automatic interaction simulation experiment is presented in
Section 3. Finally, Section 4 discusses the results.

2. GRAPH REDUCTION

Our approach is illustrated in Fig. 1. First, based on the
roughly drawn boundary, we compute a hierarchical graph of
different layers using a distance map. The graph is reduced
by removing the most distant layer to the drawn boundary.
Then, seeds are automatically generated and a first round of
segmentation is performed. The segmentation then can be ad-
justed interactively using conventional foreground and back-
ground seeding (FBS) on the reduced graph (Fig. 1.f). This
hybrid approach benefits from the high efficiency of FBS and
the computational speed of hierarchical graph reduction.

2.1. Hierarchical graph construction

From the roughly drawn boundary, we compute a distance
map, D, from the markers. The marked pixels have null dis-
tances while larger distances are associated to the farthest pix-
els (Fig. 1.c). Our assumption, based on a cooperative user,
is that the true object boundary is more likely to be near the
markers. So, we can safely ignore details in distant regions.
This is the key to speeding up the segmentation. To achieve
this, pixels are grouped into increasingly large layers accord-
ing to their distance from the user’s markings (Fig. 1.d). The
Fibonacci sequence defined as

F =

{
F2 = 1, F3 = 2
Fi = Fi−1 + Fi−2

, ∀i = 4 . . . N. (1)

is well suited for this purpose. We assign a layer number,
L(p), to each pixel p such that

L(p) =
{
i− 1 if Fi ≤ D(p) < Fi+1

0 if D(p) = 0
. (2)

2.2. Seeding

In a multi-label segmentation, the user must create separate
objects by roughly marking their boundaries. This is the only
constraint imposed to the user. For clarity, let us assume that
the user roughly marked only one object boundary, thereby
defining two separate regions, the inner region (foreground)
and the outer region (background). Once all pixels are as-
signed to the appropriate layers (Fig. 1.d), the largest layer for
each region is computed. Then, we choose the smallest layer
between the two to be the detail significance layer, DSL.

DSL = min(max(L(pi)),max(L(po)), ∀pi ∈ Rin, po ∈ Rout,

where Rin and Rout are the inner and outer regions, respec-
tively. Seeds are generated on the DSL layer with respect to
each region and all vertices lying higher in the hierarchy are
discarded from the graph (Fig. 1.e). Recall that the RW so-
lution depends on the unlabelled vertices, i.e. the solution is
given in O(|U |) time. Reducing the unlabelled vertices, so
that |U | � N , improves the computation time.

2.3. Further motivations for using a contour drawing

Considering the segmentation task as finding the object
boundary, it is intuitive to ask the user to denote the desired
contour. However, this approach may seem tedious and time
consuming for the user, compared to labelling parts of the
foreground and the background. In reality, segmentation re-
sults obtained by labelling foreground and background pixels
are highly dependent on the geometry of the markers’ posi-
tioning relative to that of the object. Fig. 3.a illustrates this by
showing a step-by-step segmentation using the conventional
RW approach with FBS. The user is implicitly forced to label
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Fig. 2. Automatic marker generation strategy : (a) the sub-
sampled ground truth segmentation, (b) the nearest neigh-
bourhood map, (c) one step of the path generation strategy,
and (d) example of the automatic marker generation.

the background around the object, so that the segmentation
does not overflow the object boundary. Such adjustments
take place through several feedback exchanges between user
labelling and segmentation results. For high resolution image
segmentation, the segmentation response takes a few seconds
for each label adjustment, slowing the interaction. Suppose
that the user is familiar with the geometric constraint of label
positioning. In this case, before segmentation, the user antic-
ipates labelling the image where potential boundary overflow
could happen. This very nearly amounts to a rough contour
drawing. By explicitly requiring such an input (Fig. 3.b),
our approach avoids unnecessary interactions associated with
FBS, in addition to reducing graph size. This should also con-
tribute to reducing computation time. In addition, once the
graph is reduced, the user can adjust the segmentation using
the FBS preserving the benefits of this labelling approach.

3. EXPERIMENTAL METHODOLOGY

To avoid introducing variability due to human factors, we
use a simulation to compare our approach to the classical
foreground-background seeding (FBS) approach, purely in
terms of computation time. We simulate user interaction by
generating random paths as illustrated in Fig. 2. These paths
are used to (i) generate an approximation of the object bound-
ary, for our approach and (ii) generate foreground and back-
ground seeds, for classical FBS. Random paths are generated
from ground truth segmented images as follows.

The model : Let Posseq be the ordered sequence of

(a)

(b)

Fig. 3. Step-by-step RW segmentation example showing the
geometry constraint of labels positioning : (a) results (blue) of
segmentation using foreground (red) and background (green)
seeding, (b) our approach segmentation with the rough con-
tour drawing (yellow), labels are shown in top row and seg-
mentation results (blue) are shown in bottom row.

pixel positions representing a subset of the object boundary
(Fig. 2.a). Using Posseq , we generate the nearest neighbour-
hood map (NNM) of the image, i.e. considering each element
of Posseq as a label, the NNM maps each pixel of the image
to the nearest element of Posseq (Fig. 2.b). Posseq is also
used to generate a sequence of directional vectors, (DV).
Each element of DV represents a vector from Posseq(i) to
Posseq(i+ 1) stored in polar coordinates with a ri radius and
ϕi angle (Fig. 2.c).

Random path generation : Starting from the first ele-
ment of Posseq , we add Gaussian noise, i.e. x = Posseq(0)+ε
and ε ∼ N (0, σ). A large σ will initialize the first point far
from the object boundary. Then, using i = NNM(x), the next
position, x′, is generated according to DV(i). To capture the
randomness of a freehand drawing, we add noise to the dis-
tance and angle from x to x′, i.e. r̃ = r + εr and ϕ̃ = ϕ+ εϕ
where εϕ ∼ N (0, σϕ) and εr ∼ N (0, σr). Thus, we can
control the variation of the path with σr and σϕ (Fig. 2.c). A
large σr tends to smooth the path. In contrast a large σϕ will
lead to more jittery paths.

For FBS interaction, there is more freedom for seed gener-
ation. In this case, the image is manually marked with back-
ground and foreground areas where seeds can be generated.
In our simulation we choose 4 background areas and 1 fore-
ground area reasonably placed and sufficiently wide to rep-
resent where the user might mark seeds. Then, we generate
random paths using the same strategy described above.



Fig. 4. Simulation results for FBS and our approach: (top)
segmentation time versus image size and (bottom) FScore ±
one standard deviation measure for 20 images.

4. RESULTS

We tested our approach on 20 images of sizes ranging from
256× 256 to 1024× 1024 pixels, using an Intel Core i7 CPU
at 2.0GHz×4. The images consist of ultrasound, MR and
CT data from [10]. For each image, 1000 segmentations were
performed using the method of section 3 with σ = 1, σr =
0.1 and σϕ = 0.5 (see Fig. 2.d). We used an exponential cost
function with β = 300 as proposed by Grady [1].

Fig. 4 (top) shows the average segmentation time for dif-
ferent image sizes using FBS and our approach. The compu-
tation time is reduced up to three-fold for an image of size
1024× 1024. Assuming linear computational complexity, we
estimated the experimental slopes using a least-squares linear
regression. We obtained slopeFBS = 5.847 (10−6 s/pixel) and
slopeOur approach = 1.488 (10−6 s/pixel). Our approach shows
a reduction tendency ratio of 3.929, meaning that, while FBS
would approximately take ∼ 153s to perform one segmenta-
tion on a 3D image of size 512× 512× 100 for example, our
approach would take ∼ 39s. This is because the computation
depends on the set of the unlabelled vertices U , which our
approaches greatly reduces (see Fig. 1.e).

Segmentation quality is measured using the F-score

FScore =
2TP

2TP + FP + FN
∈ [0, 1], (3)

where TP, FP and FN are the true positive (inside of the ob-
ject), false positive and negative scores, respectively. Fig. 4
bottom shows the mean and standard deviation for the FScore
measure for both FBS and our approach. There is no signifi-
cant quality loss by ignoring higher layers in the graph hierar-
chy, since our approach yields similar (and sometimes better)

Fig. 5. Robustness analysis: (left) Input boundary draw-
ings of varying distance to the true boundary, and (right) the
FScore results with respect to the distance of the boundary
drawing from the ground truth contour, t = 5%.

FScore as the FBS. However, RW are designed for interactive
segmentation. Thus, results obtained with a first round of ran-
domly generated seeds are not representative of the algorithm
performance after multiple user interactions. Nevertheless,
since FBS takes significantly more time to perform one seg-
mentation, it becomes important to obtain a fairly good seg-
mentation at each interaction. Given the same seeding simu-
lation strategy our approach gives faster and comparably good
results as the FBS at the first interaction.

Fig. 5 shows FScore results for the first round segmenta-
tion when the drawn contour varies equidistantly from the ob-
ject boundary. We can observe cyclic drop off of the FScore.
This corresponds to the case where the distance inside the ob-
ject reaches a new layer in the hierarchy, with few seeds are
generated inside the object, leading to under-segmentation.
This situation can be avoided by removing one layer from the
DSL when the seeds are fewer than a threshold, i.e. DSL =
min(max(L(pi)),max(L(po))− 1, if seeds ∈ |Ri| < t.|Ri|.
Here, t represents a percentage threshold. Also note that the
FScore decreases gracefully with distance, providing reason-
able segmentation robustness with respect to the boundary
drawing.

5. CONCLUSION

This paper presented a novel interaction approach for graph-
based segmentations which allows significant reductions in
computation time, thereby extending their practical use to
higher resolution images. The interaction consists in a rough
and intuitive boundary drawing which allows to ignore the
most distant pixels while preserving the flexibility of the
graph-based segmentation approaches.

In addition to reducing computation time, the proposed
user interaction offers intuitiveness which may also help re-
duce the amount of interaction needed to perform a segmen-
tation. This could further reduce, perhaps even more signif-
icantly, the overall segmentation time. To evaluate these po-
tential benefits, future work will involve a user and human
factor impact study on the user interaction considering rough
contour marking versus foreground-background seeding.
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