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Abstract

This article introduces an automatic approach for the segmentation of coloured natural
scene images based on graphs and the propagation of labels originally designed for com-
munities detection in complex networks. Images are initially pre-segmented with super-
pixels, followed by feature extraction using colour information of each super-pixels. The
resulting graph consists of vertices which represent super-pixels, whereas the edge weights
are a measure of similarity between super-pixels. The resulting segmentation corresponds
to the propagation of labels among the vertices. In this article, three strategies for propagat-
ing labels have been formulated: (i) iterative propagation (ILP), (ii) recursive propagation
(RLP) and (iii) a weighted recursive propagation (WRLP). The experiments have shown
that the proposed methods, when compared to other state-of-the-art methods, produce
better results in terms of segmentation quality and processing time.

1 INTRODUCTION

Automatic image segmentation is still considered an open prob-
lem, for its importance in tasks such as image classification,
object detection, and tracking. Moreover, segmentation is often
a subjective task, since the regions of interest or objects in
images are defined by the perception of different individuals.
Specifically, the automatic image segmentation of natural scenes
(e.g. landscapes, cities, roads, and remote sensing images) aims
to identify and separate objects of interest (foreground) from
the rest of the image (background).

During the last years, several methods for automatic image
segmentation have been proposed. These can be based on
simple thresholding, region growing and edge detection or
more sophisticated methods such as level-set, graph clustering,
machine learning, and many hybrid approaches [1–3]. What nor-
mally defines the best approach to segmentation is the applica-
tion. Region growing and level set methods, for example, are
often used when the object of interest is known and usually
demand user intervention during the process. Threshold and
graph clustering methods, on the other hand, are usually used
for automatic image segmentation and are capable of determin-
ing the foreground and background regions.

For graph-based segmentation approaches, it is crucial to
build a graph in which the image is properly represented, that is,
all image information necessary for a robust segmentation must
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be kept in the graph model. Usually, graph vertices are repre-
sented by individual pixels, and edge weights are obtained by
measuring the proximity (similarity metrics) among pixels. Seg-
mentation is then achieved by applying graph clustering meth-
ods.

If every pixel of an image with n pixels is represented as a ver-
tex in the graph, the number of edges can be n(n − 1)∕2 or even
higher. Since the computational complexity of graph clustering
methods is related to the graph cardinality, finding the best par-
tition of a graph is an NP-complete problem [4]. Hence, it is
crucial to build graphs from images where both the number of
vertices and edges are minimum, while guaranteeing segmenta-
tion quality. To reduce the computational cost, many works have
proposed a pre-segmentation task that segments the image into
small regions of homogeneous properties, the so-called super-
pixels [5–8]. A graph is then built, in which a vertex represents
a super-pixel instead of a single pixel. By using super-pixels, the
graph cardinality can be drastically reduced, in some cases up to
90% [5].

There is a vast range of graph clustering methods. We high-
light: Normalized Cut [4], Fast Greedy [9] Label Propagation
[10], Louvain [11] and Efficient Graph-Based Image Segmenta-
tion [12]. Most of these methods were originally proposed for
clustering graphs built from various data types, not necessarily
images. Many do not take into account the domain informa-
tion. For example, the label propagation method, was originally
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FIGURE 1 Illustration of our method. (a) Input image; (b) super-pixel extraction; (c) graph building. Blue edges indicate high similarity among vertices,
whereas red edges represent low similarity; (d) label propagation. The red vertex is assigned the most frequent label in its neighbourhood, (e) segmentation result,
that is, regions containing super-pixels with the same label

proposed as a clustering strategy for huge graphs, with more
than a million vertices [13]. However, when applied to images,
over-segmentation is likely to occur. Besides, it is a non-
deterministic approach. Nevertheless, the computational com-
plexity of this method is nearly linear [5], one of the fastest and
most appealing methods for very large graphs.

The low computational cost is a potential feature of the label
propagation method to generate robust segmentation, as long
as the intrinsic features of the image are taken into account.
This is the main motivation of this work. We propose a graph-
based approach to image segmentation that addresses two chal-
lenges: reduce the high graph cardinality and produce high-
quality image segmentation using the label propagation strategy.

The main idea of our proposal is illustrated in Figure 1. Given
a natural scene image, we extract super-pixels. Next, a graph is
created, where super-pixels are mapped onto vertices and the
edges represent the similarity among super-pixels. Finally, seg-
mentation is achieved with label propagation clustering tech-
niques.

The main contributions of this work are the following:

∙ A strategy to build graphs from images in such manner that
simplifies the propagation of labels during the clustering pro-
cess;

∙ A novel similarity measure to compute edge weights from
super-pixels;

∙ Three deterministic image segmentation methods based on
the label propagation strategy.

Applications of the proposed methods are not limited to nat-
ural scenes images. Non-coloured medical images such as ultra-
sounds [14] and X-rays [15, 16] may also be a target. The pro-
posed methods could also be used for the segmentation of 3D
magnetic resonance medical images [17]. They can be applied
in pre-segmentation tasks for semantic segmentation of natu-
ral scenes [18, 19]. Another application would be the detection
of communities in complex networks that model transport and
propagation of epidemics or other types of networks where the
spatial location is a core factor.

The remainder of this paper is organised as follows: in Sec-
tion 2, we describe some traditional and state-of-the-art related

work; in Section 3, we detail concepts that underpin our pro-
posal; in Section 4, we present three label propagation-based
segmentation methods; Section 5 presents the experimental
results; and finally, in Section 6 we present conclusions.

2 RELATED WORK

Jianbo Shi and Malik [4] proposed Normalized Cut (NCut),
one of the first graph clustering-based methods to automatic
image segmentation. The image is represented as a weighted
undirected graph, where each vertex represents a pixel and
edge weights are given by the Gaussian similarity between pix-
els. Aware of the graph partitioning NP-complete nature, the
authors proposed a method where the eigenvectors of the
Laplacian matrix are used to compute a division of the graph.
Finding the eigenvectors of the Laplacian matrix has a compu-
tational complexity of O(n3), where n is the number of vertices.
To improve segmentation results and further decrease compu-
tational cost, several NCut-based methods followed [20–23].
Fowlkes et al. [20] employ linear algebra techniques, such as
Lanczos and Nystrom, to reduce the cost of computing the
eigenvectors. Cour et al. [21] proposed a multi-scale segmenta-
tion approach and claimed that the technique had almost linear
computational cost ∼ O(n), n being the number of pixels [21].

Casaca et al. [24] proposed a methodology based on cartoon-
texture concepts, image reduction, and scaling strategies with
the bi-cubic interpolation to segment images. The authors
claimed, in addition to an improvement in segmentation qual-
ity, a processing time six times faster than the original proposal
NCut [4].

Felzenszwalb and Huttenlocher [12] introduced a method
for automatic image segmentation called Efficient Graph-Based
Image Segmentation (EGBIS). It creates regions of vertices by
joining components of the graph, where the vertices represent
location and colour information of the pixels. Edge weights are
computed by measuring the distance among vertices. The com-
putational cost is approximately linear ∼ O(m), where m is the
number of edges. However, the number of clusters is not deter-
mined automatically. Compared to NCut, the computational
cost is low, as there is no need to compute eigenvectors.
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A variation of the EGBIS method was presented by Cheng
et al. [25], in which the vertices are represented by super-
pixels. The authors highlight three reasons for using super-
pixels instead of single pixels: (i) super-pixels are units that con-
tain features such as shape and texture; (ii) the number of super-
pixels is drastically inferior than the number of pixels, yielding a
more compact representation with reduced computational cost;
and (iii) the super-pixel adds more coherence and robustness
when compared with raw pixels alone.

Cuadros et al. [5, 6] proposed an automatic segmentation
method, which includes a combination of a colour based ver-
sion of the Speed-up Turbo Pixels (SUTP) method [26] for
super-pixel extraction and a method for finding communities
(clusters) in large graphs, the Fast Greedy (FG) algorithm [9].
They use super-pixels to represent the vertices in the graph and
colour descriptors and texture (Local Binary Patterns [27, 28])
super-pixels features. The authors found that the most accu-
rate descriptor for segmenting natural scene images is the colour
average of super-pixels.

The aforementioned method, Fast Greedy, requires a mea-
sure called Modularity, which assesses the “quality” of a division
of a graph into communities. Ideally, a good division is the one
in which there is a high number of edges between vertices of
the same community as well as a low density of edges between
members of different communities. The FG method applies a
greedy strategy to approximate an optimal division of the graph
in which the Modularity value is maximised. One of the main
advantages of FG is the low computational cost, which is of
the order O(m d (log n)), where m is the number of edges, n is
the number of vertices, and d is the depth of the dendrogram.
For sparse and hierarchical graphs with m ∼ n and d ∼ Log n

the complexity is of linear order ∼ O(n log2 n). Another impor-
tant feature to highlight is that FG automatically determines the
number of clusters in the graph. The major drawback, however,
is its non-deterministic nature especially for image applications.

Cuadros et al. [5] also evaluated the community detection
algorithm Label Propagation (LP) [10] with an iterative prop-
agation of vertex labels. The low computational cost of LP,
which is of the order O(m) for each iteration, made it possi-
ble to segment very large graphs. However, according to the
authors, the resulting segmentation were not as accurate as the
one achieved with the FG algorithm the main reason being
the LP over-segmentation problem. Like Fast Greedy, the LP
approach, as implemented, does not provide deterministic seg-
mentation. This is due to the random propagation mechanism
of labels at each iteration.

Mourchid et al. [29] proposed to use the community detec-
tion algorithm, known as the Louvain method (LV) [11] for
automatic image segmentation. The LV method is a greedy
agglomerative hierarchical algorithm proposed by Blondel et al.
[11] for community detection in large graphs. The LV method
is also based on the concept of Modularity, and consists of two
iterative phases: (i) Modularity optimisation: initially, each vertex
is labelled as a community. Next, vertices are moved to a neigh-
bouring community. The Modularity is evaluated at each step,
the vertex remains in the new community if there is a positive
gain in the Modularity. (ii) Aggregation: a new network is cre-
ated where the vertices are the communities created during the

ALGORITHM 1 LP Algorithm

first phase. Both (i) and (ii) are processed until no more posi-
tive gain in Modularity is achieved. The computational cost of
the LV method is linear O(n) for graphs with V ≈ E , where
V is the number of vertices and E the number of edges in the
graph. For dense graphs, it is approximately O(n log n). However,
in image segmentation domain, the method also exhibits over-
segmentation.

Nguyen et al. [8] combined the LV method with super-
pixels. The authors also proposed a strategy to solve the over-
segmentation problem by merging a pair of regions according
to some colour similarity metric over the original LV output.

3 CONCEPTS

In this section, we present the main concepts that under-
pin this work. The graph clustering method Label Propaga-
tion is described, followed by the pre-segmentation super-pixels
methods. Metrics for quantitative assessment of the proposed
method are also introduced.

3.1 Label propagation (LP)

LP [10] was originally proposed as a method for detecting
communities in complex networks modelled as a graph. It starts
by assigning a distinct label to each vertex. Next, k clusters are
obtained iteratively by propagating the vertex label towards its
neighbouring vertices. Given a graph G = (V ,E ), the label
propagation algorithm (Algorithm 1) performs the following
steps:

(i) Initially at t = 0, different labels are assigned to each vertex
Cx (t ) = x, where x ∈ V . Set t = 1.

(ii) At each iteration t , arrange the graph vertices randomly
X = random(x1, .., xn ), xi ∈ V .

(iii) For each vertex x ∈ X update its label according to the
highest frequency of its n neighbouring labels. The high-
est frequency of labels can be determined synchronously
(Equation 1) or asynchronously (Equation 2).

Cx (t ) = f (Cx1
(t − 1), … ,Cxk

(t − 1)), (1)

Cx (t ) = f (Cxi1
(t ), … ,Cxim

(t ),Cxi (m+1)
(t − 1), … ,Cxin

(t − 1)),
(2)
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FIGURE 2 Iterative label propagation: (a) Initial graph with distinct
labels; (b,c,d) iterative propagation of label a [10]

where (t ) represents the current iteration, (t − 1) the previ-
ous iteration, f (.) the function for determining the highest
frequency of labels in the neighbourhood of vertex x.

(iv) If each vertex x has the same label as most of its neigh-
bours, terminate; otherwise, go to (ii).

(v) The k communities are obtained by clustering the vertices
that share the same labels.

Figure 2 illustrates how iterative propagation works for the
a label.

3.2 Super-pixels

A super-pixel is a set of pixels which share a common prop-
erty and can be used as a pre-segmentation tool. Super-pixel
methods are a relatively recent proposal, characterised by they
ability to precisely adjust to the boundaries of the processed
image. Hence, a good super-pixel method should seek quality
(ability to self-adjust to image edges) at a reasonably running
time. The major importance of super-pixel methods is associ-
ated with the reduction in the computational cost of the under-
lying image analysis tasks in which they are employed. Formed
of a set of pixels, they can convey more information (statisti-
cal measures such as mean and variance) and, hence, be used as
powerful descriptors when compared with a single pixel [30].

3.2.1 Simple not iterative clustering (SNIC)

SNIC [31] is presented as an improvement of the SLIC super-
pixel [30] both in quality and computational cost. To group pix-
els into a super-pixels, SNIC employs a priority queue accord-
ing to the distance between the pixels and the super-pixel cen-
troids. As a result, the method does not require iterations like its
counterpart SLIC does. The steps of the SNIC algorithm (Algo-
rithm 2) are described below:

(i) Let K be the number of super-pixels to extract. Given an
image with N pixels, set the pixel labels L[∶] = −1 to indi-
cate that a pixel belongs to a given super-pixel. A regular
grid with initial cells of dimension S × S is created, where
S =

√
N∕K .

(ii) Initialise the super-pixel centroids, C [∶] = {x, c}, where x

is the spatial location of the centroid, c = {l , a, b} are the
colour intensities in the CIELAB colour space for the pix-
els located at x.

ALGORITHM 2 SNIC Algorithm

(iii) Given a priority queue Q, with respect to distance d , insert
the Ci centroids in the form e = {x, c, k, d }, where k = i is
an index to identify the super-pixel, and d = 0 which estab-
lishes the distance to centroid i. The distance d is initially
set to 0 for all centroids.

(iv) While the priority queue Q is not empty, pop an element
(pixel) ei = {xi , ci , ki , di} from Q. If L[xi ] = −1, then assign
a label to L[xi ] = ki . Update the C [ki ] centroid with the
just inserted pixel {xi , ci}.

(v) For each x j neighbour of xi create e j = {x j , c j , ki , d( j ,ki )}.
If L[x j ] = −1, then push e j into Q, with d( j ,ki ) given by the
following equation:

d( j ,ki ) =

√||x j , xki
||

2
2

s
+

||c j , cki
||

2
2

m
, (3)

where s and m are normalising factors for space distance
and colour distance, respectively.
Being initially a squared region, the super-pixel side s has
a fixed value of

√
N∕K . The m parameter is a compres-

sion factor that is provided by the user. The higher the m,
the more compact the super-pixels, at the expenses of less
adherence to the edges of the image, and vice versa.

3.3 Evaluation of image segmentation

An effective way to quantitatively evaluate segmentation is to
compare the segmented images ST of a given method with a
reference segmented image SG or ground-truth. In this work,
ground-truth data consists of a set of manual segmented images,
subjected to users’ own opinions. We describe three measures
commonly used to quantitatively assess segmentation: the first
is based on the coverage of regions; the second, on the dis-
tances among the object contours and the third, a measure
based on probabilities.

3.3.1 Covering

Given ST as the segmentation result produced by a method and
given SG as the reference segmentation, the coverage of regions
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(Covering) [32, 33] quantifies the coverage of the regions of ST

in relation to the regions of SG . The Covering is defined by
Equation (4)

Covering(ST → SG ) =
1
A

∑
R∈SG

|R| max
R′∈ST

{(R,R′ )}, (4)

(R,R′ ) =
|R ∩ R′||R ∪ R′| = |R ∩ R′||R| + |R′| − |R ∩ R′| , (5)

where A is the number of pixels in the image. R and R′ are
regions of SG and ST , respectively. (R,R′ ), also known as the
Jaccard Index [34, 35], represents the overlap between the R

and R′ regions. |R| and |R′| denote the number of pixels in the
R and R′ regions, respectively. Equation (4) returns values in
the range 0 ≤ Covering(ST → SG ) ≤ 1. Values close to 1 indicate
high similarity between ST and SG regions, which means good
segmentation quality.

3.3.2 Boundary-based measures

The quantitative assessment for boundary-based segmentation
was initially proposed by Qian Huang and Dom [36]. Later, Mar-
tin et al. [37] extended this idea to estimate the segmentation
accuracy by calculating minimum distances between the pairs
of points of 2 sets of boundaries: (i) BT boundaries of some
segmentation method ST and (ii) BG boundaries of the ground
truth reference segmentation SG .

To reduce the computational cost, Estrada and Jepson [38]
and Dogra et al. [39] proposed a convolutional process with cir-
cular windows to traverse the boundaries of BT and BG and,
thus, compute distances according to selected metrics: Precision
(P), Recall (R) and BF1-Score.

Precision (Equation 6) quantifies the similarity of the points
of the boundaries BT in relation to the points of the bound-
aries BG, according to a maximum distance 𝜃. Similar to Pre-
cision, the measure Recall (Equation 7) quantifies the similar-
ity between the points of the boundaries BG in relation to the
boundaries BT. The metric BF1-Score is also defined from P
and R (Equation 8) [40].

P =
1|BT | ∑

p∈BT

[Matched (p,BG ) ≤ 𝜃], (6)

R =
1|BG | ∑

p∈BG

[Matched (p,BT ) ≤ 𝜃], (7)

BF 1 − Score = 2 ×
P × R

R + P
. (8)

In P , Matched (.) traverses the p points of BT in search of
points near to the BG boundaries, following a maximum dis-
tance 𝜃. If [.] is true, the return value is 1, otherwise 0. In R,
Matched (.) traverses the p points of BG searching for points near
the BT boundaries. |BT | and |BG | are the number of points in
boundaries BT and BG, respectively.

3.3.3 Probabilistic rand index (PRI)

The PRI metric [41, 42] computes the probability that a pair
of pixels (i, j ) of the segmentation obtained by a ST method
have consistent labels in the set of k reference SGk

segmentation
(ground-truth). Thus, the PRI metric is defined in Equation (9)

PRI (ST , {SGk
}) =

1
A

∑
i< j

[
ci j pi j + (1 − ci j )(1 − pi j )

]
, (9)

where ci j is the probability that pixels i and j have the same label
in segmentation ST , pi j corresponds to the probability that pix-
els i and j share the same label in the set of reference segments
SGk

, and A is the total number of pixel pairs. The PRI presents
values in the range of [0,1]; high values indicate high similarity
between the segments ST and SGk

.

4 THE PROPOSED METHOD

The major steps of the proposed method are depicted in Fig-
ure 1. We start by computing super-pixels from a coloured nat-
ural scene image. Then, a similarity graph is created, where
the vertices represent the super-pixels and edges the similarity
weights between two vertices. Segmentation is finally achieved
by means of label propagation based-algorithms. Each of these
steps is detailed in the following subsections.

4.1 Super-pixels extraction

Let N be the total number of pixels in the image and S the size
of an initial square-shaped super-pixel. Thus, one can extract
R = N∕S 2 super-pixels from the original image. Since every
super-pixel represents a graph node, the higher the R, the
greater the number of vertices of the graph, leading to more
accurate segmentation. Clearly, the higher the S , the smaller
the amount of vertices and processing time. However, this will
impact the quality of the segmentation. Determining the opti-
mal value of S will be crucial.

We employ the SNIC super-pixel method, which provides
good quality at low computational cost [31]. The output of this
process is an over-segmented image with R regions or super-
pixels.

4.2 Graph building

An undirected and weighted graph G = (V ,E ,W ) is created
with V vertices, E edges and W weights. With every graph
node modelled as a super-pixel, V = R. The tasks that lead to
graph G are described below:

(i) Vertex creation: V vertices can be best represented by fea-
ture vectors, each describing the content of one super-pixel.
As we are dealing with colour images, we created two colour
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FIGURE 3 Multilevel neighbourhood strategy. (a) A subset of
super-pixels; (b) edge creation for vertex i (red super-pixel) and its j neighbours
for the first three levels (H = 3) depicted in yellow, blue and green colours

descriptors in the CIELAB colour space, namely: (i) ME,
the mean pixel intensity of each colour channel (three fea-
tures) and (ii) CM, the first three colour statistical moments
(mean, variance and skewness) per channel, yielding nine
features in total. Features are normalised with zero mean
and unit variance.

(ii) Edge creation: the definition of an edge weight follows a
multilevel neighbourhood criterion H , as illustrated in Fig-
ure 3. Assume i is a super-pixel and, for a given H value,
there exists a set of j neighbouring super-pixels. Recall that
i and j are actually feature vectors, hence the edge weights
Wi j can be computed by a weight function F (.), defined by
Equation (10)

Wi j =

{
F (i, j ), If j ∈ H and F (i, j ) ≥ T

∄, else
, (10)

where H delimits the neighbourhood reach among super-
pixel i and neighbours j , T is a threshold that governs the
creation of the edge weight Wi j . Edge weights can be inter-
preted as follows: Wi j with values close to 1 indicate similar
super-pixels, whereas values close to 0 represent low simi-
larity. In this paper, we propose three similarity measures as
the weight function F (i, j ): Gaussian (GAU), Cosine (COS)
and Tanimoto (TAN) defined, respectively, by Equations
(11)–(13)

GAU (i, j ) = e
−d (i, j )2

2𝜎2 , (11)

COS (i, j ) =

⎧⎪⎨⎪⎩
c =

i⋅ j||i|||| j || , If c > 0

0, else
, (12)

TAN (i, j ) =

⎧⎪⎨⎪⎩
t =

i⋅ j||i||2+|| j ||2−i⋅ j
, If t > 0

0, else
, (13)

where 𝜎 is a constant of value 0.5. As proposed, COS and
TAN functions are guaranteed to produce values in the
range [0, 1]. Algorithm (3) details the graph creation pro-
cess.

ALGORITHM 3 Graph Building

4.3 Label propagation segmentation

In this section, we describe three label propagation strategies for
automatic image segmentation. The novelty of our proposal is
the use of image domain information, as opposed to the label
propagation method [10], originally proposed for the identifica-
tion of communities in the context of complex networks.

The propagation of labels follows the spatial location of
the super-pixels in the image: from top to bottom, from left
to right. Vector X = Super pixelsLocation(v1, … , vn ) contains the
spatial location of all super-pixels extracted from the image. We
describe the three variations of our label propagation method in
next sections.

4.3.1 Iterative label propagation (ILP)

ILP is a deterministic strategy for automatic segmentation of
images, which propagates labels iteratively given an arbitrary
neighbourhood range. The steps are described below:

(i) Assign different labels to each vertex L
(t )
i = i, i ∈ V .

(ii) For each iteration (t ), asynchronously update the label of
each vertex i ∈ X looking at the frequency of its neigh-
bouring vertex. This is given by Equation (14)

f (t )(i,L) = argmax
j∈N (i )

(∑
L j

(t ), … ,
∑

L j
(t−1)

)
, (14)
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ALGORITHM 4 Iterative Label Propagation

where argmax returns the most frequent label found in the
neighbourhood of i. N (i ) gives all i neighbours.

(iii) After each iteration, the number of label updates c is evalu-
ated. If c > 0, continue to the next iteration t = t + 1 and
go to (ii). Otherwise, finish. Algorithm (4) details the ILP
method.

4.3.2 Recursive label propagation (RLP)

RLP is a deterministic strategy for automatic segmentation
which propagates labels recursively. The steps are described
below:

(i) Assign different labels to the vertices Li = i, i ∈ V .
(ii) For each vertex i ∈ X , recursively update the labels of the

neighbouring vertices according to Equation (15)

f (i,L) =

⎧⎪⎪⎪⎨⎪⎪⎪⎩

𝛼 = Li

𝛽 = argmax
j∈N (i )

(∑
L j

)
If 𝛼 ≠ 𝛽

Li = 𝛽

𝛿 j∈N (i )( f ( j ,L) If L j ≠ 𝛽 )

(15)

where 𝛼 is the current label of vertex i, 𝛽 the new label
assigned by argmax. When a change of labels occurs, 𝛼 ≠ 𝛽,
and label Li = 𝛽 is finally updated. Labels of the j neigh-
bours of i are recursively updated following 𝛿 j∈N (i )( . ).
Algorithm (5) details the RLP method.

4.3.3 Weighted recursive label propagation
(WRLP)

WRLP is similar to RLP method, but considers the edge weights
in the propagation of labels. The steps are described below:

ALGORITHM 5 Recursive Label Propagation

ALGORITHM 6 Weighted Recursive Label Propagation

(i) Assign different labels to the vertices Li = i, i ∈ V .
(ii) For each vertex i ∈ X , recursively update the labels of the

neighbouring vertices, considering the edge weights. This is
calculated by Equation (16):

f (i,L,W ) =

⎧⎪⎪⎪⎨⎪⎪⎪⎩

𝛼 = Li

𝛽 = argmax
j∈N (i )

(∑
L j (1 +Wi j )

)
If 𝛼 ≠ 𝛽

Li = 𝛽

𝛿 j∈N (i )( f ( j ,L,W ) If L j ≠ 𝛽 )

,

(16)
with argmax returning the label with the highest frequency
in the neighbourhood of vertex i. Unlike the previous
strategies, argmax includes edge weights Wi j in the propa-
gation process. Algorithm (6) details the WRLP method.

For the three proposed methods, the final segmentation is
obtained by clustering k components of the graph, where each
component is formed by vertices that share the same label. The
components represent image regions.

4.4 Computational complexity

The iterative propagation method (ILP) does not require many
iterations to converge, therefore, it can be inferred that the com-
putational complexity of the method is of linear order O(m) for
dense graphs, and of a linear order O(n) for sparse graphs with
V ∼ E , where n and m are the number of vertices and edges of
the graph, respectively.
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FIGURE 4 Selection of manual reference segmentation. (a) Original image; (b–e) boundaries of four manual segmented images; (f) combined boundaries of
the four manual segmentation. Selected manual reference image shown in blue frame (d)

FIGURE 5 Quantitative results for S and H parameter values. (a,b) Segmentation results and processing time for S; (c,d) segmentation results and processing
time for H

Regarding the recursive (RLP) and weighted recursive
(WRLP) propagation methods, for low neighbourhood levels,
the computational complexity is O(m) since it has only one
internal recursion call in the neighbourhood of each vertex. In
addition, the label propagation converges very quickly.

5 RESULTS AND DISCUSSIONS

We used the Berkeley University dataset BSDS500 [42] to eval-
uate the three proposed segmentation methods. It contains 500
natural scenes images and a number of human-made segmented
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FIGURE 6 Covering results for 20 distinct threshold values (X axis) for the 100 images in the BSDS500-Validation set. From left to right, neighbourhood level
H = [1, 2, 3, 4, 5]

FIGURE 7 BF1-Score results for 20 distinct threshold values (X axis) for the 100 images in the BSDS500-Validation set. From left to right, neighbourhood
level H = [1, 2, 3, 4, 5]

samples, for each image (5 − 10). The dataset consists of images
for training images (200 samples), testing (200), and validation
(100). Each image is 481×321 pixels, yielding graphs with a
maximum of 154,401 vertices. It is worth mentioning that the
manual segmented samples provided vary widely within a single
image, as they are subject to the perception of each person.

Bearing in mind the high non-uniformity of the manual seg-
mented samples for an arbitrary image in the database, we
devised a strategy to select a single reference sample, so as to
perform quantitative evaluation of the proposed methods. This
process is illustrated in Figure 4. We first add all contours of each
manual segmentation (Figure 4(b–f)) to produce a fused con-
tour image (Figure 4(f)). We then apply Equation (8) to select
the reference ground-truth contour for evaluation purposes. In
this scenario, the manual segmented samples correspond to the
BT boundaries and the fused boundary image, the BG term as
explained in Section 3.3.

5.1 Assessment of parameters

The proposed methods ILP, RLP, and WRLP rely on a few
parameters that affect the segmentation outcome. They are:
neighbourhood level (H ), threshold (T ) and initial length of the
super-pixel side (S ). The first experiment aims to show the per-
formance of the proposed methods, as we change the afore-
mentioned parameter values. We employ the similarity func-
tions GAU, TAN, and COS to quantitatively evaluate the per-
formance so as to define the “optimal” parameter setup. We
employed the descriptors ME and CM, as proposed in Section 4.

We start by analysing the super-pixel size S parameter, for
fixed values of T and H . Figures 5(a) and 5(b) illustrate the
results for S = [5, 6, … , 39, 40], T = 0.7 and H = 3. The best
result was obtained with ILP-TAN-CM setup. We also observe
that the longer the super-pixel side, the lower the segmenta-
tion quality and shorter running times. This is expected as the

FIGURE 8 PRI results for 20 distinct threshold values (X axis) for the 100 images in the BSDS500-Validation set. From left to right, neighbourhood level
H = [1, 2, 3, 4, 5]
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FIGURE 9 Time results for 20 distinct threshold values (X axis) for the 100 images in the BSDS500-Validation set. From left to right, neighbourhood level
H = [1, 2, 3, 4, 5]

FIGURE 10 Segmentation results for distinct values of T and neighbourhood level H . (a) Ground truth; (b–f) segmentation obtained with the ILP-TAN-CM
method with H = [1, 2, 3, 4, 5] and fixed T = 0.75

underlying graph has a reduced number of vertices. The best
segmentation results were obtained for super-pixel side S in the
range {14–27}.

Based on this outcome, we devise a strategy to automatically
determine the best value of S . We first compute the number of
squared super-pixels as NSP =

√
NP where NP is the number

FIGURE 11 Two examples of graph construction. (a) H = 2, GAU, T =
0.25 and CM descriptor. (b) H = 2, GAU, T = 0.01 and ME descriptor

FIGURE 12 Number of iterations (X axis) versus the average of label
updates (Y axis)

TABLE 1 Best nine settings for ILP, RLP and WRLP automatic
segmentation methods with specific values of S, H and T

Method S H T

ILP-GAU-CM 19 [2,3] [0.05–0.25]

ILP-TAN-CM 19 [2,3] [0.70–0.90]

ILP-COS-CM 19 [2,3] [0.80–0.90]

RLP-GAU-CM 19 [2,3] [0.10–0.35]

RLP-TAN-CM 19 [2,3] [0.65–0.85]

RLP-COS-CM 19 [2,3] [0.75–0.90]

WRLP-GAU-CM 19 [2,3] [0.10–0.30]

WRLP-TAN-CM 19 [2,3] [0.65–0.85]

WRLP-COS-CM 19 [2,3] [0.80–0.90]
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TABLE 2 Comparison with other methods. In each column, the two best results are highlighted. Some methods do not use the multilevel strategy to create
edges †

Covering BF1-score PRI Time

Method H T Mean (std) Mean (std) Mean (std) Mean (s)

EGBIS-P 1† – 0.4844 (±0.1598) 0.4717 (±0.1428) 0.8143 (±0.1181) 0.2580

EGBIS-SP 1† – 0.4734 (±0.1164) 0.4728 (±0.1248) 0.7995 (±0.1293) 0.0004

LPCI-SP 3 0.25 0.3970 (±0.1122) 0.4684 (±0.1288) 0.7909 (±0.1523) 0.0110

LV-SP 3 0.25 0.4706 (±0.1081) 0.5061 (±0.1356) 0.7980 (±0.1398) 0.0715

SUTP-FG 5† 6.00 0.4918 (±0.1724) 0.4881 (±0.1600) 0.7513 (±0.1232) 6.8881

RLP-GAU-CM 2 0.15 0.5129 (±0.1558) 0.5092 (±0.1371) 0.8092 (±0.1173) 0.0053

RLP-TAN-CM 2 0.70 0.5234 (±0.1448) 0.5023 (±0.1405) 0.8200 (±0.1257) 0.0050

WRLP-GAU-CM 2 0.10 0.5291 (±0.1545) 0.5195 (±0.1371) 0.8218 (±0.1241) 0.0120

WRLP-TAN-CM 2 0.70 0.5214 (±0.1542) 0.5042 (±0.1405) 0.8231 (±0.1339) 0.0103

ILP-GAU-CM 2 0.10 0.5152 (±0.1441) 0.5091 (±0.1353) 0.8200 (±0.1242) 0.0094

ILP-TAN-CM 2 0.60 0.5297 (±0.1303) 0.5069 (±0.1410) 0.8183 (±0.1307) 0.0106

ILP*-GAU-CM 2 0.10 0.5063 (±0.1442) 0.5051 (±0.1322) 0.8188 (±0.1243) 0.0049

ILP*-TAN-CM 2 0.60 0.5218 (±0.1294) 0.5018 (±0.1382) 0.8171 (±0.1310) 0.0048

RLP-GAU-CM 3 0.25 0.5288 (±0.1726) 0.5069 (±0.1380) 0.8064 (±0.1287) 0.0090

RLP-TAN-CM 3 0.80 0.5263 (±0.1463) 0.4932 (±0.1382) 0.8210 (±0.1354) 0.0069

WRLP-GAU-CM 3 0.25 0.5233 (±0.1658) 0.5025 (±0.1429) 0.8120 (±0.1310) 0.0154

WRLP-TAN-CM 3 0.80 0.5152 (±0.1446) 0.4837 (±0.1366) 0.8214 (±0.1353) 0.0137

ILP-GAU-CM 3 0.20 0.5491 (±0.1526) 0.5128 (±0.1421) 0.8307 (±0.1115) 0.0127

ILP-TAN-CM 3 0.75 0.5319 (±0.1430) 0.5025 (±0.1373) 0.8257 (±0.1309) 0.0123

ILP*-GAU-CM 3 0.20 0.5411 (±0.1514) 0.5069 (±0.1395) 0.8307 (±0.1100) 0.0069

ILP*-TAN-CM 3 0.75 0.5246 (±0.1400) 0.4954 (±0.1382) 0.8230 (±0.1315) 0.0062

FIGURE 13 Qualitative results. From left to right: original image, ground truth, EGBIS-P, ILP-GAU-CM (our) and ILP-TAN-CM (our)

FIGURE 14 Qualitative results. From left to right: original image, ground truth, LV-SP, ILP-GAU-CM (our) and ILP-TAN-CM (our)

FIGURE 15 Qualitative results. From left to right: original image, ground truth, LPCI-SP, ILP-GAU-CM (our) and ILP-TAN-CM (our)
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FIGURE 16 Qualitative results. From left to right: original image, ground truth, FG-SUTP, ILP-GAU-CM (our) and ILP-TAN-CM (our)

TABLE 3 Comparison with other methods. In each column the two best results are highlighted. Some methods do not use the multilevel strategy to create
edges †

Covering BF1-score PRI Time

Method H T Mean (std) Mean (std) Mean (std) Mean (s)

EGBIS-P 1† – 0.7515 (±0.1710) 0.0888 (±0.0694) 0.7688 (±0.1462) 2.8006

EGBIS-SP 1† – 0.6331 (±0.1655) 0.0825 (±0.0460) 0.6742 (±0.1533) 0.0013

LPCI-SP 3 0.25 0.2491 (±0.1599) 0.0907 (±0.0569) 0.4456 (±0.1676) 0.1092

LV-SP 3 0.25 0.4205 (±0.0878) 0.1464 (±0.1047) 0.5245 (±0.1207) 0.2843

SUTP-FG 5† 6.00 0.6782 (±0.1877) 0.1029 (±0.1612) 0.6902 (±0.1697) 13.0435

RLP-GAU-CM 2 0.15 0.7365 (±0.1708) 0.0823 (±0.1286) 0.7551 (±0.1795) 0.0196

RLP-TAN-CM 2 0.70 0.7591 (±0.1999) 0.1733 (±0.1301) 0.7561 (±0.2021) 0.0208

WRLP-GAU-CM 2 0.10 0.7149 (±0.1705) 0.0797 (±0.1206) 0.7379 (±0.1719) 0.0407

WRLP-TAN-CM 2 0.70 0.7092 (±0.2047) 0.1915 (±0.1213) 0.7166 (±0.2021) 0.0406

ILP-GAU-CM 2 0.10 0.6910 (±0.1682) 0.0942 (±0.1052) 0.7332 (±0.1639) 0.0534

ILP-TAN-CM 2 0.60 0.6894 (±0.1956) 0.1838 (±0.1177) 0.7070 (±0.1979) 0.0635

ILP*-GAU-CM 2 0.10 0.6834 (±0.1663) 0.0918 (±0.1038) 0.7256 (±0.1650) 0.0197

ILP*-TAN-CM 2 0.60 0.6770 (±0.1926) 0.1838 (±0.1131) 0.6945 (±0.1959) 0.0196

RLP-GAU-CM 3 0.25 0.7721 (±0.1579) 0.0848 (±0.1263) 0.7951 (±0.1645) 0.0339

RLP-TAN-CM 3 0.80 0.7902 (±0.1794) 0.1872 (±0.1201) 0.7765 (±0.1953) 0.0337

WRLP-GAU-CM 3 0.25 0.7877 (±0.1497) 0.0907 (±0.1217) 0.8129 (±0.1544) 0.0720

WRLP-TAN-CM 3 0.80 0.7435 (±0.2006) 0.1946 (±0.1206) 0.7359 (±0.2088) 0.0681

ILP-GAU-CM 3 0.20 0.7873 (±0.1457) 0.0916 (±0.1104) 0.8270 (±0.1349) 0.0761

ILP-TAN-CM 3 0.75 0.7184 (±0.2037) 0.1927 (±0.1204) 0.7264 (±0.2107) 0.0826

ILP*-GAU-CM 3 0.20 0.7833 (±0.1441) 0.0966 (±0.1098) 0.8224 (±0.1372) 0.0345

ILP*-TAN-CM 3 0.75 0.7005 (±0.2081) 0.1855 (±0.1160) 0.7107 (±0.2134) 0.0314

of image pixels. The estimated super-pixel size is then given by
S 2 = ⌊NSP⌋.

All BSDS500 images, for example, have 154,401 pixels and,
hence, a total of NSP =

√
154, 401 super-pixels, each with side

S = 19. We can verify that this value is within the range {14–
27}.

We then analyse the influence of the neighbourhood param-
eter H for fixed values of S and T . Figures 5(c) and 5(d) illus-
trate the results for H = [1, 2, … , 9, 10], T = 0.7 and S = 19.
The best result was also obtained with ILP-TAN-CM setup. We
can see that the higher the neighbourhood level, the lower the
segmentation quality and the longer the running time. This is
expected, as larger neighbourhoods demand graphs with more
vertices. The best segmentation results were obtained for neigh-
bourhood values H = [1, 2, 3].

A more comprehensive experiment was performed to evalu-
ate the proposed methods while varying the threshold param-
eter T and the neighbourhood level H , simultaneously. We
defined the threshold in the range (0.0 ≤ T ≤ 0.95), with a 0.05
increment, yielding 20 values in total. The values for the neigh-
bourhood level were H = [1, 2, 3, 4, 5]. The side of the super-
pixel side was set to S = 19.

In this experiment, we evaluate the three proposed methods
(IPL, RLP and WRLP) using 2 descriptors (ME and CM)
and 3 similarity functions (GAU, TAN and COS), hence a
total of 18 combinations of methods. Each combination then
processes 100 samples from the BSDS500-validation dataset.
This procedure is carried out for 20 distinct values of threshold
T and 5 values of neighbourhood parameter H . In total,
360,000 segmentation operations are processed to generate
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FIGURE 17 Qualitative results. From left to right: ground truth, LPCI-SP, LV-SP, FG-SUTP and ILP-GAU-CM (our)

FIGURE 18 Qualitative results. From left to right: ground truth, LPCI-SP, LV-SP, FG-SUTP and ILP-GAU-CM (our)

our statistical analysis. The quantitative results of segmentation
(coverage, metric BF1-Score and PRI) and time performance
are shown in Figures 6–9, respectively.

Figures 6–9 show that the best results were obtained for val-
ues of H = {2, 3, 4, 5}. In terms of segmentation quality, differ-
ences among those values are not significant. However, as H

increases, so does the computational cost. For this reason, we
adopted values H = {2, 3} in our further analysis.

As for the descriptors, CM produced the best results. Thus,
only nine combinations were selected. Finally, with H = {2, 3},
for each of thenine combinations, we identified the threshold
ranges for the best segmentation results.

The nine combinations (method + metric + descriptors)
selected along with their parameter range are summarised in
Table 1. All nine setups exhibited very similar running times.
While analysing the wide variation in threshold parameter T ,

we observed that: values between T=0 and 0.5 are adequate
when the GAU similarity measure is used; values between T =
0.5 and 1.0 are suitable for COS and TAN similarity measures.
We also observe that GAU consistently gives better results than
TAN which, in turn, produces better results than COS. Fig-
ure 10 illustrates the best segmentation results for this experi-
ment. For qualitative analysis, Figure 11 shows the graphs cre-
ated for descriptors CM and ME.

We also provide an analysis of the number of iterations and
the label updates that occur in the iterative proposed method
ILP. This analysis was carried out with configurations ILP-COS-
CM, ILP-TAN-CM and ILP-GAU-CM, for 20 distinct values
of the threshold parameter T and neighbourhood H = 3. The
quantitative results and running times are given in Figures 6–9.
The behaviour of the label updates against the number of itera-
tions is illustrated in Figure 12.

FIGURE 19 Qualitative results. From left to right: ground truth, LPCI-SP, LV-SP, FG-SUTP and ILP-GAU-CM (our)

FIGURE 20 Qualitative results. From left to right: ground truth, LPCI-SP, LV-SP, FG-SUTP and ILP-GAU-CM (our)
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It is clear that the majority of label updates occurs during
the first three iterations. As the number of iterations increases,
no more than 10 exchanges occur. Such small changes in
labels have no major impact in segmentation, but may rep-
resent a considerable gain in processing time, if a cut-off at
iteration three is established. Therefore, we can define the
ILP* method, which consists of the ILP method with only
three iterations.

5.2 Comparison with related methods

We also compare the proposed ILP, RLP, and WRLP methods
with other segmentation methods based on graphs and complex
networks. The chosen methods are: EGBIS [12], SUTP-FG [5,
6], LV [29] and LPCI [5]. We also included the ILP* method,
which uses only three iterations.

The values for parameters H and T used in this compari-
son are shown in Table 2. These were selected according to our
previous experimental evaluation, whose results were shown in
Table 1. We employed the descriptor CM and the similarity func-
tions GAU and TAN. As for the other methods, we adopted the
parameter setup suggested by the authors.

The original EGBIS-P method [12] is a pixel-based seg-
mentation method, with no super-pixel support. For fairness,
we implemented a super-pixel version named EGBIS-SP. The
SNIC method was employed to generate super-pixels with initial
lengths equal S = 19, thus yielding a total of k = N∕S 2 super-
pixels (N is the number of pixels in the image). The vertices
were created using CM to describe super-pixels. The edges were
created with the neighbourhood level H = 1 and Euclidean dis-
tance as a weight function. As in the original EGBIS-P, thresh-
old was not included.

The SUTP-FG method [5, 6] was run with the following con-
figuration (as proposed by the authors): SUTP [26] super-pixel
method, with initial side equal 10 and neighbourhood radius
R = 5. Super-pixels are described by a three-dimensional colour
descriptor based on the CIELAB average value of all pixels
belonging to a super pixel. The graph construction relies on a
weight function based on the Euclidean distance, and edges are
created for distances shorter than or equal 6.

We also implemented a variation of the LV method [29]
named LV-SP that includes super-pixels with the following con-
figuration: the SNIC method for super-pixels extraction and
initial side equals S = 19, descriptor CM, neighbourhood level
H = 3, weight function GAU and threshold T = 0.25.

The LPCI-SP was executed with a similar setup presented by
Cuadros et al. [5]. We used the SNIC method to extract super-
pixels with initial side length S = 19, descriptor CM, similarity
function GAU and threshold parameter T = 0.25.

Quantitative and qualitative results are illustrated in Table 2
and Figures 13–16, respectively. Both results show that the pro-
posed methods ILP, ILP*, RLP, and WRLP have better perfor-
mance than the traditional methods. Among the various com-
binations of similarity functions and super-pixel descriptors, the
best were ILP-GAU-CM and ILP-TAN-CM, with H = 3. As

for segmentation quality and processing times, we can see that
the other combinations of our methods also have similar per-
formance.

5.3 Application to medical images

We also evaluated our proposed methods on a set of coloured
medical images (ISIC2016 [43]). This dataset was originally pro-
posed as a classification skin lesion challenge. It consists of two
training (900) and test (379) subsets. Each skin lesion has a man-
ual segmentation image (ground truth). In this evaluation, we
selected 50 images from the test subset.

The same set of parameters used for the segmentation of nat-
ural scenes (BSDS500-validation) were employed, as described
in the Section 5.2.

The quantitative results for the 50 images of the ISIC2016
dataset are presented in Table 3. The superiority of the proposed
methods for neighbourhood levels H = 3 can be confirmed, by
observing the metrics of Covering and PRI. However, the low
values of the BF1-Score is a result of the reduced amount of
contour information presented in the ISIC2016 dataset.

The qualitative evaluation depicted in Figures 17–20 for the
ILP-GAU-CM method corresponds to the highest values of the
PRI metric shown in Table 3.

The results presented for the segmentation of coloured skin
lesions, also shows the feasibility of the proposed methods for
other medical images modalities, not necessarily coloured-based
ones, such as 3D magnetic resonances data. In this scenario,
needed adaptations to the current method would be: implemen-
tation of the super-pixel technique for super-voxels, implement-
ing descriptors for super-voxels, determining the neighbour-
hood level in three dimensions and the implementation of the
methods of label propagation in 3D space.

6 CONCLUSIONS

In this article, we presented three fast and accurate methods for
automatic image segmentation, based on a re-formulation of
the label propagation method used to identify communities in
complex networks. Our methods incorporate three determin-
istic propagation strategies that take into account information
from the image domain. The label propagation is performed
on an undirected weighted graph that is a representation of
the image. Edges are created using a multilevel neighbourhood
strategy among vertices. Several experiments carried out with
the BSDS500 and ISIC2016 datasets have shown that the pro-
posed methods are fast and competitive in terms of segmenta-
tion quality when compared with related methods.

Among the proposed methods, the ILP-GAU-CM is the
one with the best results for both datasets. Thus, the results
obtained may suggest a possible extension of the ILP-GAU-CM
method for medical images. In the case of magnetic resonance
images, the methodology could be adapted for the 3D nature of
the data.
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