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Dynamic Random Walk for Superpixel Segmentation
Xuejing Kang , Member, IEEE, Lei Zhu, and Anlong Ming , Member, IEEE

Abstract— In this paper, we propose a novel random walk
model, called Dynamic Random Walk (DRW), which adds a new
type of dynamic node to the original RW model and reduces
redundant calculation by limiting the walk range. To solve the
seed-lacking problem of the proposed DRW, we redefine the
energy function of the original RW and use the first arrival
probability among each node pair to avoid the interference
for each partition. Relaxation of our DRW is performed with
the help of a greedy strategy and the Weighted Random Walk
Entropy(WRWE) that uses the gradient feature to approximate
the stationary distribution. The proposed DRW not only can
enhance the boundary adherence but also can run with linear
time complexity. To extend our DRW for superpixel segmentation,
a seed initialization strategy is proposed. It can evenly distribute
seeds in both 2D and 3D space and generate superpixels in only
one iteration. The experimental results demonstrate that our
DRW is faster than existing RW models and better than the
state-of-the-art superpixel segmentation algorithms with respect
to both efficiency and segmentation effects.

Index Terms— Random walk, image segmentation, superpixel
segmentation, weighted random walk entropy.

I. INTRODUCTION

IMAGE segmentation is a fundamental technique in
computer vision. It aims to partition an image into a

set of connected regions. As an important branch of image
segmentation, superpixel segmentation divides an image into
compact small regions with similar features, which can reduce
the number of operation units (compared with single pixels)
and improve the computational efficiency. Therefore, it has
been widely used in computer vision tasks as a preprocessing
step, such as for image segmentation [1], object tracking [2],
object detection [3] and depth ordering [4], [5].

In the last decade, many superpixel segmentation algorithms
have been proposed and can be categorized into two types:
gradient-based algorithms [6]–[9], and graph-based algorithms
[10], [11]. Both types have their own advantages and draw-
backs. The gradient-based algorithms usually exhibit satis-
factory time complexity, but lack boundary adherence [7],
[9]. This usually causes the superpixels to contain features
of different objects and confuses the superpixel-based vision
tasks [6]–[9]. In contrast, the graph-based algorithms work
well with respect to adhering to boundaries but suffer from
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inefficiency, which makes them inappropriate for real-time
tasks [10], [11]. Few superpixel segmentation methods can
achieve a balance between efficiency and segmentation effects.

As the most popular gradient-based superpixel segmentation
algorithm, the Simple Linear Iterative Clustering (SLIC) [6]
uses the k-means cluster within a limited scope to generate
superpixels. Although it achieves high efficiency due to first
introducing the idea of limiting the search range of superpixel
segmentation, it cannot adhere to the boundaries very well
and requires almost 7 iterations to update the cluster centers.
To further speed up the SLIC, Achanta and Susstrunk [7]
proposes the Simple Non-Iterative Clustering (SNIC) method
by greedily generating superpixels in only one iteration with
a priority queue and using an online center update strategy.
However, its time efficiency is not significantly improved,
because the logarithm of the priority queue length log(n) is
similar to the iteration times of SLIC, which means that the
SNIC’s time efficiency of O(log(n) ∗ N) is not always lower
than the SLIC’s of O(i ter ∗ N). Moreover, the cluster center
updating strategy worsens the boundary adherence of the
SNIC. To solve this problem, the manifold SLIC (MSLIC) [8]
converts the fixed search range of the SLIC into a variable
one based on the gradient information. Thus, the search range
of each cluster center is formed by a surface area, which can
ensure that the superpixels are small in the complex texture
area and large in the smooth area. Therefore, the MSLIC
can achieve better boundary adherence. Similar to other
SLIC-based methods, it only uses the pixel-level features.
To make full use of the region-level features, the Superpixels
Extracted via Energy-Driven Sampling (SEEDS) method [9]
randomly changes the boundary pixel labels in the initial
superpixels and uses a hill-climbing algorithm to optimize
an energy function formed by the histogram features of
superpixels. This method can be implemented in real time
and exhibits relatively good boundary adherence. But due to
its randomness, the superpixels usually have irregular shapes,
which is inconvenient to use.

The other branch of superpixel segmentation algorithms
includes graph-based algorithms, which use a graph model
to represent an image. Most of them are extended from the
graph-based image segmentation algorithms. Although this
type of superpixel segmentation algorithm can better repre-
sent the global relationship among pixels, these algorithms
are extremely inefficient in terms of time and memory. For
example, Ren and Malik [12] propose a 2-step segmentation
algorithm that can be used to generate compact superpixels
based on optimizing the Normalized Cut (NCut [13]) energy
function, followed by a k-Means cluster algorithm [14]. Since
the NCut energy aims to achieve the global optimum, it is
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very time consuming to relax it. To speed up this process,
Li and Chen [15] propose the Linear Spectral Clustering
(LSC) superpixel algorithm by applying a kernel function to
map pixels into another feature space, in which the NCut func-
tion can obtain the same optimum result as the weighted kernel
K-means. Therefore, the NCut-based superpixel segmentation
can be performed in this space (such as SLIC [6]) and only
has linear computational complexity. Additionally, because a
shape constraint is applied in the LSC, the superpixels can
obtain more regular shapes. However, despite the fact that LSC
considers the global relationship of pixels, the fixed limitation
range and the shape constraint limit its capacity for boundary
adherence to some extent. Recently, some studies have utilized
deep Convolutional Neural Networks (CNNs) to accomplish
the superpixel segmentation task [16]–[18]. Although they
can achieve superior performance versus the conventional
methods, they require a supervised learning scheme to train
the network with a GPU, and the generalization abilities of
the networks are limited.

Our work is based on another graph-based semi-supervised
segmentation algorithm called the Random Walk (RW) [19],
which labels pixels according to the first arrival probability
between pre-labeled pixels and non-labeled pixels. Similar to
the NCut [13], the RW has been used for some superpixel seg-
mentation tasks. For example, the Lazy Random Walk (LRW)
[11] adds a self-loop to the RW model to consider the global
relationships between all of the pixels and the seed nodes.
It also uses the return probability to replace the first arrival
probability of the RW. The LRW can be extended to superpixel
segmentation with a three-step iterative process [11]. First,
the seed nodes are initialized with half of the expected number
of superpixels by a grid initialization strategy. Second, based
on these seed nodes, the whole image is segmented by the
LRW model. Finally, an objective function is optimized to
split the superpixels and obtain new seed nodes until the
number of superpixels reaches the expected value. In each
iteration, because calculating the return probability involves
traversing the entire graph, the time complexity of relaxing the
LRW model is O(N2). Unlike the node-focused LRW [11],
Liu et al. [10] develop another RW-based algorithm called
the Entropy Rate Superpixel (ERS). It focuses on the edges
and uses the random walk entropy to generate superpixels.
Specifically, by progressively adding edges to a new graph
using a greedy strategy, the ERS maximizes the new graph’s
entropy until the connected area reaches the expected number.
It also uses a priority queue as the SNIC [7], but the length of
this queue is the same as the number of edges in the graph.
Thus, the time complexity of the ERS is O(Nlog(N)), which
is not efficient enough. Additionally, since the ERS focuses on
the edges between node pairs, the greedy strategy will ignore
the spatial constraint and cause the shape of the superpixels to
become extremely irregular despite using a shape limitation.
These drawbacks make it difficult for the ERS to capture the
features of superpixels.

To sum up, a good superpixel segmentation algorithm
should satisfy the following points:

- Adhere to the boundaries as much as possible.
- Have a low computational complexity.

Fig. 1. Superpixel segmentation results with nearly 300 superpixels. From
top to bottom and left to right are the results of our DRW, the ERS [10],
the LRW [11], the NCut [13], the SNIC [7], the SLIC [6], the LSC [15],
the SEEDS [9].

- Obtain a relatively regular shape.
- Capture small or twig objects [20].

To visually present the performances of typical superpixel
segmentation algorithms, we display the results in Fig 1.
As can be observed, the graph-based algorithms [10], [11],
[13], [15] are good with respect to the first and fourth points,
while the gradient-based algorithms [6], [7], [9] are good
for the other points. In addition, as shown in Fig 1, for
all of the algorithms (except our DRW), the features of
superpixels in the smooth background area are almost the
same, while the number of superpixels is nearly half of the
total number. For some specific tasks such as edge detection,
region merging, or object detection, the preprocessing step
(i.e., superpixel segmentation) should reduce the number of
redundant superpixels to speed up the subsequent process.
However, due to the huge calculation redundancy, the existing
superpixel segmentation algorithms are inefficient with respect
to extracting features [21].

In this paper, we propose a novel random walk model
called Dynamic Random Walk (DRW) for superpixel seg-
mentation. Our DRW adds a new type of dynamic node to
the original RW model, which has the merits of reducing
redundant computation and considering the global feature.
We also redefine the energy function of the original RW to
overcome the seed-lacking problem and enhance the boundary
adherence. By greedily optimizing the Weighted Random Walk
Entropy (WRWE), our DRW model can be relaxed to linear
complexity. In addition, to handle the superpixel segmentation
task, we present a new seed initialization strategy for our DRW
to evenly distribute seed nodes in both 2D and 3D space.
With this strategy, our DRW can obtain superpixels in only
one iteration without updating seed nodes. Finally, we com-
pare our DRW superpixel segmentation results with those of
other state-of-the-art methods on five datasets. Experimental
results demonstrate that our DRW model can outperform the
RW-based models in terms of both performance and efficiency
for superpixel segmentation. Our DRW is also comparable
to or outperforms other state-of-the-art superpixel algorithms.
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Moreover, our algorithm exhibits adaptivity to automatically
control the number of superpixels for different images, which
is a unique advantage compared with other superpixel segmen-
tation algorithms.

Compared to our earlier version of this work [22], several
improvements have been made in this paper. First, the energy
view of our DRW is discussed in Section III-B. In this part,
we reformulate the energy function to make it consider all
node pairs, which can overcome the seed-lacking problem of
the RW. Second, we provide a more detailed mathematical
proof for the greedy strategy to relax our DRW model in
Section III-C. Finally, an extension of the seed initialization
strategy is given and compared with other commonly used
strategies. Experiments show that our seed initialization strat-
egy can generate a good distribution for initial seed nodes with
the help of gradient prior information.

The remainder of this paper is organized as follows.
In Section II, we briefly review the original RW model.
In Section III, our DRW model and its relaxation are proposed.
Section IV introduces our DRW superpixel segmentation
algorithm with a new seed initialization strategy. Section V
provides a comparison between our algorithms and other state-
of-the-art superpixel segmentation algorithms.

II. PRELIMINARIES

Our DRW model is based on the RW [19], therefore, it is
essential for us to first review the RW. The RW model regards
the input image as a graph G = (V , E), in which V is “the
set of nodes” (pixels), and E is “the set of edges” (connecting
a pixel and its neighbors). Before executing a random walk,
the pre-labeled pixels are used as the seed nodes of the graph
model. Then, the membership probability is calculated by the
“first arrival probability r” between non-labeled nodes and
each seed node, ri j is defined as [19]:

ri j =
�

l∈nb(i)

wil

di
∗ rl j (i ∈ V lk

m ) (1)

where wil is “the weight of the edge” connecting node i and
node l, and di = �

j wi j is “the degree” of node i . Thus,
each seed node’s label is distributed to the non-labeled nodes.
Fig. 2 shows the random walk process and the judgment of
the non-labeled nodes’ labels.

In recent years, many extended methods have been devel-
oped to enhance the twig segmentation of the RW algorithm.
For example, the Partially Absorbing Random Walks (PARW)
[23] adds a self-loop for every node to capture the global struc-
ture. In contrast with the LRW [11], the self-loop of PARW
is used to absorb the walk process, which endows the PARW
with the absorbing probability to determine the non-labeled
nodes’ labels and consider the global structure. The Random
Walks with Restart (RWR) [24] calculates a return probability
for every non-labeled node by adding edges between every
non-labeled node and seed node, which allows the RWR to
judge the labels of non-labeled nodes and explore the graph
structures by using the steady probability. To combine the
advantages of different RW models, the sub-markov Random
Walk (SubRW) [20] provides a framework and uses it to create
a new type RW of model with a Gaussian Mixture Model.

Fig. 2. The process of a random walk. (a) The graph before performing
a random walk, where white nodes represent the non-labeled nodes, while
colored nodes represent the seed nodes, and different colors indicate different
labels. (b) The random walk starting from the yellow-labeled seed. (c) The
random walk starting from the red-labeled seed. (e) The result of the random
walk.

Although these RW-based methods are good at capturing
small or twig objects, their efficiencies are low and the per-
formances are heavily dependent on the number of seed nodes.
When the seed number is small, the boundary adherence of
these models will be significantly weakened. Furthermore,
the goal of superpixel segmentation is to over-segment the
input image into small compact regions, which means that
each non-labeled node has a much higher probability to be
labeled by the nearby seed nodes. But the original RW model
must calculate the first arrival probability for all of the seed
nodes (as Fig. 2 shows), which requires a massively redundant
computation. Another problem for the original RW model is
that it excessively depends on the pre-labeled seed nodes,
while there is only a single seed node for each label in the
superpixel segmentation task.

III. THE PROPOSED DYNAMIC RANDOM WALK

To overcome the drawbacks of the original RW model,
in this section, we propose a novel DRW model that is more
suitable for the superpixel segmentation task. In our DRW
model, a dynamic node is added to cut off the edge of the
graph model and limit the walk range, which can solve the
redundant computation problem. To address the seed-lacking
problem, we define a new energy function that considers the
relationship among all of the node pairs. The relaxation for
our DRW is also given by using the WRWE and greedy
strategy. To provide more clarity regarding our algorithm,
we list the meaning of some pivotal symbols in Table I. Next,
we introduce the proposed DRW in detail.

A. The Graph Model of the Proposed DRW

Once given an input image, a directed graph G = (V , E)
can be constructed, where V denotes the node set formed
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TABLE I

THE MEANING OF SOME PIVOTAL SYMBOLS

Fig. 3. The dynamic random walk graph model. Different colors indicate
different labels. In this graph, we omit the killing node.

by image pixels, and E denotes the edges that only connect
the 4 neighbor nodes. A weight matrix W (wi j ) is defined to
represent “the weight of edges”:

wi j = ex p(−�Ii − I j �/σ) (2)

where Ii and I j are “the intensities” of node i and node j ,
and σ is a parameter.

Fig. 3 shows the graph model of our DRW. Different from
the existing RW models in [11], [19], [20], [23], [24], which
only contain seed nodes and non-labeled nodes, our DRW adds
dynamic nodes into the graph model. A dynamic node can
be viewed as a weak seed node and can capture region-level
features that profit from its labeling. Therefore, the node set
V of our DRW can be further divided into three types: “the
seed node set Vm”, “the non-labeled node set Vu”, and “the
dynamic node set Vd”, where Vm ∪ Vu ∪ Vd = V . Note that
the seed node set Vm is the set of pre-labeled nodes.

In our model, dynamic nodes are progressively added into
the graph model as shown in Fig. 4. At the beginning, there
is no dynamic node in graph G, as shown in Fig. 4(a).
When a non-labeled node gains the maximal increment of
the WRWE, it will be labeled and converted into a dynamic
node as in Fig. 4(b) and (c). This process will continue until
all non-labeled nodes are labeled. We define the “transition

Fig. 4. The process of a dynamic random walk. White nodes represent
the non-labeled nodes, colored nodes represent the seed nodes, and different
colors indicate different labels. Square nodes are the dynamic nodes.

probability” of G as:

pi j =

�
�����������

�����������

(1−ci)
wi j

di
i ∈ Vu and j ∈ Vu ∪ Vm ∪ Vd

(1−ci)
wi j

di
i ∈ V lk

m ∪ V lk
d and j ∈ V lk

m ∪ V lk
d

(1−ci)(1 − ai ) i ∈ V lk
m ∪ V lk

d and j ∈ Slk

ci i ∈ Vu ∪ Vm ∪ Vd and j ∈ �

1 i, j ∈ � or i, j ∈ Slk

0 others

(3)

where V lk
m and V lk

d indicate “the seed node set and dynamic
node set whose labels are lk”, ci is “a parameter” for node i ,
di = �

j wi j is “the degree” of node i , and ai = �
l∈V lk

wil
di

.
The “staying node S” and “killing node �” are two auxiliary
nodes.

In our DRW model, there are three special nodes: the killing
node, the staying node and the dynamic node. The first two
nodes are the auxiliary nodes inherited from the SubRW [16].
From (3), we can see that the killing node brings about a
probability (ci ) for an invalid walk to become a lazy walk,
which mainly affects the nodes with small degrees (generally
near boundaries). This reduces the situation in which walks
span boundaries and can improve the boundary adherence. The
staying node does not affect the walks. It is used to supplement
the sub-Markov property which is broken by cutting edges of
differently labeled nodes.

The dynamic nodes (Vd ) are the most significant node in
our DRW model and effect two aspect of the walks. First,
a dynamic node can cut off the edges between differently
labeled nodes (i.e., pi j = 0 when i ∈ V lk1

d(m), j ∈ V lk2
d(m),

lk1 �= lk2). The walk range of nodes can thus be limited to
within the same-labeled area, which reduces the redundant
calculation (note: the walk range in other RW models is the
whole graph, as shown in Fig. 2). Second, the dynamic nodes
can enrich the feature of labels. Unlike other RW models,
in which each kind of label feature is only carried by a single
seed node (Vm) in superpixel segmentation, our DRW model
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progressively adds dynamic nodes into the graph model as
weak seed nodes to capture region-level features. Therefore,
our DRW can enrich the label feature to some extent.

B. The Energy View of the Proposed DRW

To make full use of the features of the dynamic node in
our DRW, in this section, we redefine the energy function
of the original RW and make it consider the features of the
dynamic nodes. From the energy view, a random walk can
be seen as computing “the membership probability vector xi ”
to minimize the following function [19] under the condition�

k xk
i = 1:

D(G) = 1

2

�

ei j

wi j ||xi − x j || (4)

where wi j is the weight of edge ei j . The membership probabil-
ity xi in RW [19] is determined by the first arrival probability
ris between the non-labeled node i and the seed node s of the
partitions k, the calculation of which is inefficient.

Here, we approximate the energy function of the RW as
follows:
D(G) = 1

2

�

ei j

wi j ||xi − x j || = 1

2

�

ei j

wi j

�

k

�

s∈V k
s

(ris − r j s)

= 1

2

�

ei j

wi j

�

k

�

s∈V k
s

((ri j\sr j s) − r j s) (5)

where ri j\s denotes “the first arrival probability” between the
non-labeled nodes i and j (excluding node s), and V k

s denotes
“the seed node set with label lk”. Considering V k

s � V \V k
s ,

we have:
D(G) ≈ 1

2

�

ei j

wi j

�

k

�

s∈V k
s

((ri j r j s) − r j s)

= 1

2

�

ei j

wi j (1 − ri j )(
�

k

�

s∈V k
s

r j s)

= 1

2

�

ei j

wi j (1 − ri j )

= 1

2

�

ei j

wi j − 1

2

�

ei j

wi j ri j

= C − E(G) (6)

where C = 1
2

�
ei j

wi j is “a constant” and E(G) =
1
2

�
ei j

wi j ri j is “the new objective function”. Compared
with (4), our definition of the energy function can be directly
calculated by the probability between node i and node j , rather
than using the seed nodes as a datum. Benefitting from this, our
DRW can overcome the seed-lacking problem. Furthermore,
with the above definition, the minimization of D(·) can also
be solved by maximizing E(·).

Considering that the first arrival probability ri j in (1) can
consider all of the nodes in the graph, it is a more compre-
hensive similarity measure than weight wi j in (6) that only
considers the neighbor nodes. Here, to obtain more accurate
superpixel segmentation, we replace the weight function wi j

Fig. 5. Seed-Lacking segmentation of RW-based algorithms. From left to
right are the original picture, and results of our DRW, the RW, the RWR. The
green node indicate the object seed node and the blue node represents the
background seed node.

with the similarity measure ri j to judge each node pair’s
similarity. The energy function thus becomes:

E(G) =
�

ei j

r2
i j (7)

For the RW model in [19], this replacement may cause more
redundant calculation, but our DRW model can address this
issue. To provide a clear explanation, we split E(·) into two
parts: one is for the same-labeled nodes, while the other is for
differently labeled nodes:

E(G) = 1

2

�

k

�

i∈Vk

�

j∈Vk

r2
i j + 1

2

�

k

�

i∈Vk

�

j /∈Vk

r2
i j (8)

From (3), we can observe that in our DRW model, if the
labels of node i and node j are different, then their first arrival
probability ri j is zero. This means that the second term in (8)
is zero, and thus, the energy function of our DRW model can
be formulated as:

E(G) = 1

2

�

k

�

i∈Vk

�

j∈Vk

r2
i j (9)

With this reformulation, we can convert the energy function
of our DRW from minimizing D(G) to maximizing E(G)
and the seed-lacking problem can be solved. Fig. 5 shows the
situation in which other RW models perform worse than our
DRW, or even produce erroneous results, when encountering
the seed-lacking problem (the quantity of same-labeled seed
nodes is too small to represent the object’s features).

In addition to overcoming the seed-lacking problem, this
conversion can also reduce the redundant calculation and the
interference for each partition with the help of the DRW
graph model. To provide a clear explanation, we consider
the situation shown in Fig. 6(a). When judging the label for
a non-labeled node, three probable situations exist for the
original RW model [19], while only two exist for our DRW
model. In our model, when labeling a non-labeled node i with
the label of an isolated seed node s, the graph model sets
ris = 0, so the increment of E(·) is zero, which means that this
condition cannot be chosen for maximizing E(·). In fact, since
the superpixel segmentation aims at partitioning a multitude of
small compact areas, an isolated same-labeled area does not
exist in our DRW (i.e., the third case on the right of Fig. 6(a)
does not exist). For the RW-based superpixel segmentation
algorithm [11], the number of isolated differently labeled area
pairs may be large, which causes the RW-based method to
suffer from low efficiency.
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Fig. 6. The white node indicates a non-labeled node, and the colored node represents a seed node or a dynamic node. The center images are the graph
constructed before labeling a node, where the imaginary line indicates that an edge exists in the RW model but does not exist in the DRW model. The images
on the left are the probable situations for labeling a node by the DRW model and maximizing energy E(G), while the images on the right are the probable
situations for labeling a node by the RW model and minimizing energy D(G). The thick line means that the probability of this edge will also be added into
the energy function, and the thick circle means that the node’s energy is variable.

As shown in Fig. 6(b), the original RW model can cause
interference for each partition when labeling the non-labeled
nodes during the random walk process. While in our DRW
model, this process only influences the energy of the area that
has the same label as the newly labeled node. Therefore, our
DRW can progressively label the non-labeled nodes during the
random walk process rather than labeling all non-labeled nodes
at the end, which thus can avoid the interference problem.

C. The Relaxation of the Proposed DRW

Relaxing our DRW model is an NP-hard problem due to
the uncertainty of the graph model. In this section, we use the
WRWE to guarantee the maximization of E(·) and propose
a greedy method to relax our DRW model with linear time
complexity.

1) The Weighted Random Walk Entropy: The Random Walk
Entropy (RWE) measures the similarity of an area and is
defined as [25]:

H (Rk) = −
�

i∈Rk

πi

�

j∈Rk

pi j ∗ log(pi j ) (10)

where Rk is “the k-th area”, and πi is “the stationary
distribution probability” of i . The RWE has been used to
estimate the complexity of the random walk process, and
more details can be found in [10]. Obviously, if we maximize
the RWE of all possible trajectories(i.e., the set of edges)
connecting the node pairs, then the energy function E(·) in (9)
will also be maximizated.

Due to the properties of the transition probability matrix in
our DRW (i.e.,

�
j pi j = 1) and the definition of a “stationary

distribution”, π P = π , we can obtain πi = 1/|V |, which
means that πi is a constant for every node i , so we cannot use
πi to evaluate the different influence of each node. To solve
this problem, we give “a weight function ω(i)” for H (Rk) and
use g(i) to merge the weight function ω(i) with the constant
stationary distribution πi , i.e., g(i) = ω(i)/|V |. Therefore,
the WRWE of R is defined as:

Hw(Rk) = −
�

i∈VRk

g(i)
�

j∈Nb(i)

pi j ∗ log(pi j ) (11)

where Nb(i) denotes “the neighbor node set” of node i .
We use the sum of Hw(·) of all labeled areas in G(·) as the
final energy function of our DRW:
Hw(G)=

�

k

Hw(Rk)=−
�

k

�

i∈VRk

g(i)
�

j∈Nb(i)

pi j ∗ log(pi j )

(12)

In this way, our DRW model can be solved by progressively
labeling the non-labeled nodes and converting them into
dynamic nodes to maximize the WRWE of G(·) until all
non-labeled nodes are labeled. When converting a non-labeled
node, all of its labeled neighbor nodes will cause variation in
Hw(·). According to (3) and (11), the variation in Hw(·) within
the labeled area Rk can be calculated by:
	H k

w(i) =
�

j∈V lk

−�(i)E(1 − pi j ) − �( j)E(a j − p j i)

− �(i)E(pi j ) − �( j)E(p j i) + �( j)E(a j)] (13)

where �(i) = (1 − ci )g(i), E(pi j ) = pi j ∗ log(pi j ).
2) Greedy Strategy: In our DRW, with the restriction

d�/dt ≤ 0, the WRWE in (12) will satisfy two mathematical
properties: monotonically increasing and submodularity.
This means that Hw(·) will increase when a non-labeled node
i is labeled, and the increment in this case is greater than the
increment when labeling it later. Therefore, our DRW model
can be relaxed by a greedy strategy. Next, we will prove
these two properties and provide the pseudocode of the greedy
strategy.

Theorem 1: A set function Hw(·) is monotonically increas-
ing if Hw(R1) ≤ Hw(R2) for all R1 ⊇ R2.

Proof: When a non-labeled node i is added into the
labeled area Rk , the increment of Hw(·) is defined in (13).
We can reformulate (13) with bi = 1− pi j and b j = a j − p j i ,
and obviously, bi ≥ 0, b j ≥ 0. Note that E(bi + pi j ) =
E(1) = 0; we introduce it into (13), and obtain

	H k
w(i) =

�

j∈Vlk

−�(i)E(bi) − �( j)E(b j)

− �(i)E(pi j ) − �( j)E(p j i)

+ �( j)E(b j + p j i) + �(i)E(bi + pi j )
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=
�

j∈V lk

�(i)pi j log(pi j + bi ) + �(i)bi log(pi j + bi )

+ �( j)p j i log(p j i + b j ) + �( j)b j log(p j i + b j )

− �(i)bi log(bi ) − �( j)b j log(b j )

− �(i)pi j log(pi j ) − �( j)p j i log(p j i) (14)

Then, with the help of the monotonic increase of f (x) =
log(x), which makes log(pi j + bi) ≥ log(pi j ) and log(pi j +
bi ) ≥ log(bi ), we can approximate :

	H k
w(i) ≥

�

j∈V lk

�(i)pi j log(pi j ) + �(i)bi log(bi )

+ �( j)p j i log(p j i) + �( j)b j log(b j )

− �(i)bi log(bi ) − �( j)b j log(b j )

− �(i)pi j log(pi j ) − �( j)p j i log(p j i)

= 0 (15)

Therefore, Hw(·) is monotonically increasing. �
Theorem 2: Let V denote a finite set. A set function Hw(·)

exhibits submodularity if Hw(R∪i)− Hw(R) ≥ Hw(R∪ j, i)−
Hw(R ∪ j) for all R ⊇ V , i , j ∈ V and i, j /∈ R.

Proof: From the definition of our DRW model, there is a
non-labeled node to be labeled every time. We can therefore
use the time t to represent the number of labeled nodes.
When t increases, pi j will not change, so the variables are
a j and � in (13). Thus, the derivative can be calculated as:
d	H k

w

dt
=

�

j∈V lk

d�

dt
[−E(1 − pi j ) − E(a j − p j i)

− E(pi j ) − E(p j i) + E(a j )]
+ �( j)

da j

dt
[(log(a j ) + a j

− (a j − p j i) − log(a j − p j i)]
=

�

j∈V lk

d�

dt
	H k

w(i, � ≡ 1)

+ �( j)
da j

dt
[log(a j ) − log(a j − p j i) + p j i ] (16)

From Theorem 1, we know that 	H k
w(i, � ≡ 1) > 0, so the

first term in (16) is directly determined by the symbol d�
dt .

For the second term in (16), when t increases, a j decreases
or remains unchanged, i.e.,

da j
dt

≤ 0, and the weight function
�( j) > 0, so:

�( j)
da j

dt
[log(a j ) − log(a j − p j i) + p j i ] ≤ 0 (17)

From the above discussion, we can prove that when d�
dt ≤ 0,

the labeled area R, and nodes i and j satisfy the equation:
Hw(R ∪ i) − Hw(R) ≥ Hw(R ∪ i, j − Hw(R ∪ j)) (18)

for all R ⊇ G, i , j ∈ G and i, j /∈ R. Therefore, Hw(·) exhibit
submodularity. �

Under these two properties, the greedy strategy can be used
to solve our DRW model when d�/dt ≤ 0. Algorithm 1
shows the pseudocode of the greedy relaxation for our DRW
model.

Algorithm 1 DRW Solution

3) Time Complexity Analysis: From Algorithm 1, the relax-
ation of our DRW model includes 3 main steps: 1) initializing
the weight matrix, 2) choosing the non-labeled nodes, and
3) labeling the non-labeled nodes. First, in the initialization
step, the weight matrix between every pixel and its 4-neighbor
pixels can be calculated in O(4N) complexity, where N
is the number of pixels. Second, in the step of choosing
the non-labeled node, the greedy strategy is executed with
a priority queue. This process costs O(logn) to add the
element and O(1) to find the maximal element, where n is
the maximal length of the queue. Third, in the labeling step,
one non-labeled node is added to the labeled set at every
moment, so O(N) is required to label all non-labeled nodes.
Thus, the time complexity of our algorithm is O(4N+Nlogn).
In practical experiments, the number n is much less than N ,
so the time complexity of our DRW is nearly O(N), which
is much lower than the complexity of O(N2) for other RW
models [11], [19], [20], [23], [24].

IV. DYNAMIC RANDOM WALK FOR SUPERPIXEL

SEGMENTATION

The superpixel segmentation algorithm based on our DRW
model contains three steps: initializing the seed nodes, creating
the DRW graph model, and solving this model to generate
superpixels. In our algorithm, we propose a new seed initial-
ization strategy with only one iteration and define a suitable
weight function for the WRWE in (13). Upcoming sections
will describe the algorithm in much greater detail.

A. Seed Initialization Strategy

Seed initialization is a significant aspect of superpixel
segmentation algorithms. The grid seed initialization strategy
is usually used in seed-demand superpixel algorithms such as
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Fig. 7. (a) The 2D average generation. (b) The 3D average generation.

the SLIC [6], the SNIC [7], the LRW [11], and the LSC [15].
However, this strategy can only distribute the seeds on aver-
age in 2D space, and the probability of the seeds covering
small objects without being updated iteratively is low. The
IMSLIC [26] proposes a new seed initialization strategy using
2D and 3D features to randomly generate seeds. Although it
can produce a relatively average seed distribution in 3D space,
the seed distribution in 2D space is unstable and greatly
destroys the uniformity due to its randomness. Therefore,
the positions of the seeds still must be updated iteratively.
To obtain relatively regular positions for seed distribution in
both 2D space and 3D space, we propose a new initialization
strategy. It can produce seeds that cover the objects as much
as possible.

First, similar to the MSLIC in [8], we calculate the area
of a 2-manifold chamber A(p) to represent the gradient
information for every pixel p. Then, seeds are produced by
averaging the distribution of areas in both 2D and 3D space.
Given a maximum number of superpixels k, we can calculate
“the 2D and 3D average areas S2D, S3D” as:

S2D = N/(4k), S3D =
�

i∈V

A(i)/k (19)

where N is “the number of pixels in the image”.
Fig. 7 shows the principle of our seed initialization strategy.

From Fig. 7(a), the grid seeds are produced by choosing the
center pixels of grids whose 2D area is equal to S2D/4.
As in Fig. 7(b), we only select the seeds s that satisfy�

i∈grid(s) A(i) > S3D as the final seeds. Algorithm 2
(lines 2 to 7) gives the pseudocode of this strategy.

This seed initialized strategy can be extended by combi-
nation with boundary prior information, such as the gradient
information or boundary probability [27]. In Section V, we will
show the comparison results using different prior information.

B. Weight Function of the WRWE

Considering that the seed nodes in our DRW superpixel
segmentation are produced by an algorithm rather than labeled
by a human, the features of seed nodes are not more significant
than those of dynamic nodes. Additionally, due to the greedy
strategy, a formerly labeled dynamic node is more important
than a latter labeled one. Therefore, for the superpixel seg-
mentation task, the weight function � of the WRWE in (13)
can be defined as:

�(i) = (1 − ci )g(i) = (1 − 10−5) ∗ e−β∗C(i)/A(i) (20)

Algorithm 2 DRW Superpixel Segmentation Algorithm

where C(i) represents “the label time of node i” (i.e., i is the
C(i)th labeled pixel in its labeled area), and β is “a parame-
ter”, which can indirectly determine the seed filter intensity of
our DRW. Since the weight function �(i) takes the gradient
information into account through the term A(i), the pixels of
smooth areas play a dominant role in the entropy. Obviously,
d�/dt < 0, and thus the greedy strategy can be used to solve
our DRW model according to the discussion in Section 3.2.

C. DRW Superpixel Segmentation Algorithm

Now, we introduce our superpixel segmentation algorithm
based on the DRW model and a big-root priority queue Q.
First, we initialize the adjacency matrix W. Then, we calculate
the initial probability matrix P by (3). After that, we use the
strategy in Section 4.1 to initialize the seed nodes and apply
the DRW model to segment superpixels using the priority
queue. Algorithm 2 lists the detail of our DRW superpixel
segmentation algorithm.

V. EXPERIMENTAL RESULTS

In this section, we validate the effectiveness of our DRW
superpixel segmentation algorithm on challenging datasets
and compare the results with those of other state-of-the-art
superpixel segmentation algorithms. Moreover, the results of
the seed initialization strategy with different boundary prior
information are also given.

A. Qualitative Result Comparison

We compare our DRW superpixel segmentation algorithm
with other state-of-the-art algorithms on the Berkeley
500 dataset using the benchmark toolbox proposed by Neu-
bert [28]. The parameter σ is set as 50, and β is set as 10−4.
We use the original code released online for all methods,
including the SLIC [6], SNIC [7], SEEDS [9], ERS [10],
LRW [11], NCut [12], PB [27], and DBSCN [29].

1) Boundary Adherence and Shape: Since the weight func-
tion of the WRWE can dynamically limit the search range of
each seed node, the superpixels have relatively regular shapes
(i.e., relatively smooth boundary and regular size of the smooth
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Fig. 8. Superpixel segmentation results with nearly 300 superpixels. From top to bottom are our DRW, the ERS, the SLIC, the LSC, the SEEDS, the LRW,
and the DBSCN.

area). The graph model of our DRW can ensure the boundary
adherence of superpixels, as described in Section 3.

According to Fig. 8, the regularly shaped superpixels gen-
erated by SLIC [6], SNIC [7], and LSC [15] cannot adhere to
the boundary very well, while the better adherence superpixels
generated by the ERS [10] and SEEDS [9] have irregular
shapes with dentate and sinuous boundaries. Compared with
their results, our DRW can obtain a balance between these
two performances because our DRW can dynamically limit
the search range only by the greedy strategy rather than by a
fixed search range such as in SLIC [6]. In contrast with the
ERS [10], whose superpixel distribution is chaotic, our DRW
exhibits a more regular shape because we use the pre-labeled
seed nodes as cluster centers. Although the seed distribution is
not as compact as that of the grid seeds, we can still generate
relatively regular surperpixels.

Furthermore, our DRW considers the nodes rather than the
edges. That is, when labeling a non-labeled node, at most
four edges (eight edges when using 8 neighbor connections)
are considered. Therefore, the non-labeled node connected
with more edges tends to be labeled, which can make the
superpixels more regular. We use Fig. 9 to explain this process:
when the three edges of non-labeled node U1 have a common
increment with the edge of non-labeled node U2, our DRW
will label U1, while the method used in the ERS will label U2

Fig. 9. The superpixel shape constrain of our DRW. The left graph is labeling
the node connected with less edges, while the right graph is labeling the node
connected with more edges.

or U1. Therefore, although there is no specific shape control
term, the shape of our DRW superpixels is more regular than
those of the ERS [10]. And the DRW displays comparable
boundary adherence.

2) Twig Segmentation: Benefiting from the seed initializa-
tion strategy and the weight function of the WRWE, our
DRW can achieve good performance in twig segmentation.
Fig. 10 compares the results of the grid seed initialization
[6], [7], the random seed initialization [26], and our seed
initialization strategy with 100 seeds. As can be observed,
the grid initialization strategy cannot assign the seeds very well
to cover the small objects or strip areas. Therefore, it cannot
segment these areas without updating the seed positions. The
random initialization strategy is effective in assigning seeds to
cover the small areas. However, most of the seeds are around
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Fig. 10. From left to right is the seed generated by grid initialization [6],
random initialization [26], our initialization.

Fig. 11. Twig segmentation results with nearly 300 superpixels. (a) The
results of different algorithms for a picture in the BSDS dataset; (b) detail 1 of
(a); (c) detail 2 of (a); (d) the results of different algorithms for another picture
in the BSDS dataset; (e) detail 1 of (d); (f) detail 2 of (f).

the boundary, and it is inadequate for non-iterative superpixel
segmentation. Our seed initialization strategy can avoid these
drawbacks. From Fig. 10, the seeds initialized by our strategy
not only cover many more small objects and strip areas, but
also remain relatively far from the boundary. This lays the
foundation for segmenting these objects without iteratively
updating the positions of seed nodes. Furthermore, the weight
function of our WRWE also improves the twig segmentation
by judging pixels around edges later than the pixels in the
smooth area. This makes our greedy strategy much more
accurate because the later a pixel is labeled, the more labels
of its neighbors are known.

As can be observed in Fig. 11, the twig segmentation of
our DRW is superior to that of the seed-based superpixel seg-
mentation algorithms such as SLIC [6] and SNIC [7]. Because
the SLIC and SNIC are based on the grid seed initialization
strategy and cannot cover the small objects, as discussed in
Section 4, the superpixels generated by these methods will
cross the twig boundary. Although the seed iteration can
reallocate the positions of seed nodes, the fixed limit search

Fig. 12. The result of 100 superpixel generated by our DRW and ERS. The
boundary of the twig part in this image is 2 pixels wide, the left one is the
result of our method and the other is that of the ERS.

Fig. 13. Quantitative result of Seed Initialization Strategy.

range and shape regulation term in the energy function still
weaken the adherence of twigs. Compared with the algorithms
that do not use pre-labeled seed nodes, such as the SEEDS [9]
and ERS [10], our DRW exhibits a comparable or enhanced
performance. Moreover, as Fig. 12 shows, when the color of
the pixels around the boundary is progressively decreasing
rather than suddenly, our algorithm tends to produce tenuous
superpixels that only capture the boundary feature. This is
another advantage for our DRW.

Furthermore, we also use the three seed initialization strate-
gies to generate seeds for our DRW superpixel segmentation.
Because our DRW does not need to update the positions of the
seeds, the segmentation results can reflect the performance of
the seed initialization strategy. From Fig. 13, we can see that
the proposed strategy can improve the boundary adherence
for our DRW superpixel segmentation, especially when the
number of superpixels is small.

3) Adaptivity: In many images, the pixels in the smooth area
are much larger than the pixels in areas of texture complexity.
For superpixel segmentation, the number of superpixels should
be the same as the distribution of pixels in these two areas
to simplify the following process. For instance, when using
superpixels to merge regions, redundant computation may arise
for the same color distribution superpixels (superpixels in the
smooth area), as these superpixels tend to be merged at the
start of the region merge process. Few superpixel segmenta-
tion algorithms have the adaptivity to judge the appropriate
numbers of superpixels for images with different textures.

Since our DRW can set different values of parameter β
to control the compactness of superpixels in smooth areas,
our algorithm has the adaptivity to generate different numbers
of superpixels for images with different texture complexities.
This trait benefits from the greedy strategy and the more
numerous trajectories of our WRWE. Specifically, the greedy
strategy ensures that our DRW first labels the node that is
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Fig. 14. The results of adaptivity with 300 superpixels. From left to right
the beta values are 10−3, 10−4, 10−5, 0.

more similar to the seed, so if there are two seeds in similar
small regions, our DRW will expand the optimal one.

Fig. 14 shows the results of our algorithm with different β
values. We can see that our DRW can obtain different numbers
of superpixls in the smooth areas by setting different β
values without lowering the boundary adherence of areas with
complex texture. This characteristic endows our DRW with
the ability to control the number of background superpixels
in the smooth areas without weakening the segmentation
performance. Such adaptivity of our DRW can be used to
overcome the unbalance sample problem in some computer
vision applications. Because the number of superpixels gener-
ated in the smooth area will have a larger scale than those in
the complex area, the final number of superpixels can approach
those in complex areas.

As shown in Fig.15(a), the complex texture area is much
smaller than the smooth area, only our DRW and the ERS
perform well for this image, and our DRW has a more
regular shape in the smooth area than does the ERS. The
histogram in Fig.15(b) also shows that in comparison with
other superpixel segmentation algorithms, only our DRW can
generate more superpixels in the complex texture area.

B. Quantitative Result Comparison

1) Dataset: To quantitatively evaluate the performance of
our method, the experiments are performed on five datasets.
They are:

• BSDS500: A dataset for boundary detection and
clustering-based segmentation including 200 training
images, 100 validation images and 200 test images. The
size of each image in this dataset is 321 × 481 and
481 × 321. Each image has more than 5 ground truth
segmentation results with different detail levels labeled
by the appearance variation rather than by the semantic
information.

Fig. 15. (a)The result of 100 superpixels generated from the top image
by different types of superpixel segmentation algorithms: the second is the
segmentation result of the complex texture area. From left to right, top to
bottom are the results of our DRW, the SLIC, ERS, LSC, DBSCN, SEEDS,
and SNIC. (b)The histogram of the superpixel numbers in the smooth area
and complex area for (a).

• DRIVE: A dataset for vessel segmentation including
40 images with size 565 × 584.

• STARE: A dataset for vessel segmentation including
20 images with size 700 × 605. Each image has two
ground truth segmentation results with different detail
level labels.

• VOC2012: A dataset for semantic segmentation including
1,464 training images and 1,449 validation images. Each
image has only one ground truth segmentation result
labeled by 21 semantic object classes.

• MSRA10K: A dataset for salient object detection includ-
ing 10,000 images with size 400 × 300 and 300 × 400.
Each image has only one ground truth segmentation that
distinguishes the most salient object in that image. Each
ground truth result thus contains only 2 classes.

Based on the characteristics of different datasets used in
this paper, they can be divided into two types: 1) The
boundary-dominant datasets, including the BSDS500, STARE,
and DRIVE datasets, which have many edges in the ground
truth and can reflect the boundary adherence of the superpixel
model because the weak boundary and thin boundary are
labeled in their ground truch. 2) The object-dominant datasets,
including the VOC2012 dataset and MSRA dataset, which
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Fig. 16. Quantitative results of our DRW compared with other superpixel algorithms. Note that the algorithms in (f) use the deep boundary features to
construct the graph model, except for the imaginary line, which uses the RGB features as a comparison.

contain fewer edges and can reflect the adaptivity of the
superpixel model because they only capture the boundaries
of specific objects.

2) Boundary Recovery: Boundary Recall (BR) and Bound-
ary Precision (BP) are the evaluation criteria used to measure
the percentage of the natural boundaries recovered by the
superpixel boundaries, and more details about these criteria
can be found in [7]. We use the precision-recall curve (BP-BR)
and F-Measure to evaluate the boundary recovery of our
DRW superpixel segmentation algorithm. Here, F-Measure is
a combination of BR and BP and is defined as:

F = 2 ∗ B R ∗ B P

B R + B P
. (21)

From Fig. 16(a), (b), we can see that our DRW exhibits
much higher F-Measure and BP-BR curve, which means
that DRW can effectively balance the recall and precision in
adhering to boundaries.

3) Undersegmentation Error: The Undersegmetation
Error(UE) is another evaluation criterion for superpixel
segmentation. The UE is usually used to measure how much
the superpixels spill over the ground truth segmentation
borders. In [7], the authors note that the UE and BR are
the standard benchmarks for superpixel segmentation. Here,
we compare them for the two versions of the proposed DRW.
The non-adaptive DRW restrains the adaptivity of DRW by
judging the mean WRWE increment of neighbor nodes. From
Fig.16(c) and (d), we can see that the BR and UE of our
DRWs are better than those of most of the other algorithms,
which means that our DRW can generate superpixels with
good performance.

4) Computation Time: Comparing the DRW process shown
in Fig. 4 with the original RW algorithm proposed in [19],
we can see that our DRW can be viewed as a semi-parallel

algorithm that simultaneously considers all seed nodes. While
the original RW in [19] only considers one labeled seed
node set in each traversal. In addition, for every seed node,
the search range of our DRW is the same as the number of
dynamic nodes in its labeled region, rather than the whole
graph as in the RW [19]. We compare the computation time
of our DRW with that of other superpxiel algorithms. From
Fig. 16(e), we can see that our DRW exhibits outstanding
efficiency versus the graph-based algorithms such as the ERS,
the Ncut, and the LRW and is close to or faster than the
gradient-based algorithms. The runtime of the LRW algorithm
is more than a few minutes (nearly 250 seconds for 300 super-
pixels in our experiment), so we do not include it in our
figures.

5) Comparison With Deep Boundary Features: The deep
boundary features captured by a deep CNN [30] are also used
to evaluate our algorithms. In our experiment, we use the deep
boundary features to replace the original feature I in Eq.(2)
to construct the weight matrix W . As shown in Fig.16(f),
when using the deep features, our DRW can generate superior
performance (blue full line) versus the original feature (black
imaginary line) and outperform the other superpixel algorithms
with the same deep features (other full lines).

6) Comparison With Other RW models: We also quanti-
tatively compare our model with other state-of-the-art RW
segmentation models. The results are listed in Table II. In the
experiment, we perform the superpixel segmentation as an
original segmentation task with the same 1,500 grid seed nodes
for each of the RW models. The results demonstrate that
our DRW outperforms other RW models on all benchmarks,
especially efficiency (nearly 40 times that of the fastest RW
model), due to the traits of our dynamic node and energy
function.
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TABLE II

COMPARISON WITH OTHER RW MODELS

TABLE III

THE RESULTS ON BSDS WITH 1,500 SUPERPIXELS

TABLE IV

THE RESULTS ON VOC2012 WITH 1,500 SUPERPIXELS

TABLE V

THE RESULTS ON MSRA WITH 1,500 SUPERPIXELS

TABLE VI

THE RESULTS ON DRIVE WITH 1,500 SUPERPIXELS

Moreover, we also test the above evaluation criterion on
different datasets (i.e., BSDS500, VOC2012, MSRA, DRIVE,
and STARE), and the results are listed in Table III – Table VII,
which demonstrate that our algorithm performs better than
other state-of-the-art algorithms on these datasets.

7) Summary: In general, the graph-based segmentation
models are specialized in boundary adherence and exhibit
much higher BR than the gradient-based models, especially
for the boundary-dominant datasets (BSDS500, STARE, and
DRIVE). However, due to the lack of a range limitation,
the graph-based models produce significant trivial bound-
aries for the object-dominant datasets and lead to a low

TABLE VII

THE RESULTS ON STARE WITH 1,500 SUPERPIXELS

BP. Moreover, the graph-based models require much more
computation time than the gradient-based models. Our DRW
model not only further enhances the high boundary adherence
of graph-based models but also overcames their drawbacks
through its adaptivity (creating more superpixels in areas of
complexity areas and fewer in smooth areas) and the compu-
tational efficiency (suppressing the redundancy calculation by
using a greedy solving strategy). This makes our model robust
for superpixel segmentation under different conditions when
handling different tasks [31].

VI. CONCLUSION

This paper proposes a novel DRW model that is more
suitable for the superpixel segmentation task. The proposed
DRW adds a new type of dynamic node to the original RW
model and can be solved by greedily optimizing the WRWE.
Based on the DRW, we propose a superpixel segmentation
algorithm in which a new seed initialization strategy is applied
to further speed up the DRW. The experimental results verify
that our DRW exhibits better performance with respect to both
segmentation effect and efficiency.

Future work will contribute to the proposal of an unsuper-
vised segmentation algorithm based on our DRW. Different
from the existing RW-based segmentation algorithms that
heavily depend on the pre-labeled seed nodes, our DRW can
take into account both the seed nodes and dynamic nodes. This
trait will make our DRW more robust for the unsupervised
segmentation task.
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