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Abstract—The present paper is aimed to compare the efficiency
of a new segmentation method with several existing approaches.
The paper addresses the problem of image segmentation evalua-
tion from the error measurement point of view.We are introduc-
ing a new method of salient object recognition with very good
results relative to other already known object detection methods.
We developed a simple evaluation framework in order to compare
the results of our method with other segmentation methods. The
experimental results offer a complete basis for parallel analysis
with respect to the precision of our algorithm, rather than the
individual efficiency.

I. INTRODUCTION

The problem of segmentation is an important research

field and many segmentation methods have been proposed

in the literature so far ([1],[3],[4],[7]). The aim of image

segmentation is the domain-independent partition of the image

into a set of regions which are visually distinct and uniform

with respect to some property, such as grey level, texture or

color.
Image segmentation is one of the most important operations

performed on acquired images. Image segmentation evaluation

[2] focuses on two main properties: objectivity and generality.

Objectivity means that all the test images in the benchmark

should have an unambiguous ground-truth segmentation so

that the evaluation can be conducted objectively. Generality

means that the test images in the benchmark should have a

large variety so that the evaluation results can be extended to

other images and applications.
The main objective of this paper is to emphasize the very

good results of image segmentation obtained by our segmen-

tation technique, Graph−Based Salient Object Detection,

and to compare them with other existing methods.

The algorithms that we use for comparison

are: Normalized Cuts, Efficient Graph −
Based Image Segmentation (Local V ariation) and

Mean Shift. All of them are complex and well known

algorithms, with very good results in this area and building

the knowledge based on their results represents a solid

reference.

The experiments were completed using the images and

ground-truth segmentations in the Berkeley segmentation

dataset [8]. Since the ground-truth segmentation may not be

well and uniquely defined, each test image in the Berkeley

benchmark is manually segmented by a group of people.

The segmentation accuracy is measured taken into consid-

eration the global consistency error and the local consistency

error. We will provide comparative results that reflect a well-

balanced behavior of the algorithm we propose.

The paper is organized as follows. In Section III we briefly

present previous studies in the domain of image segmentation

and the segmentation method we propose. The methodology

of performance evaluation is presented in Section IV. The

experimental results are presented in Section V. Section VI

concludes the paper and outlines the main directions of the

future work.

II. RELATED WORK

Image segmentation evaluation is an open subject in to-

day’s image processing field. The goal of existing studies

is to establish the accuracy of each individual approach and

find new improvement methods. The segmentation methods

require ground truth image segmentations as reference. The

main drawback of providing such reference is represented by

the resources that are needed. However, after analyzing the

differences between the image under study and the ground

truth segmentation, a performance proof is obtained.

Region-based segmentation methods can be broadly classi-

fied as either model-based [13] or visual feature-based [14]

approaches. A distinct category of region-based segmentation

methods that is relevant to our approach is represented by

graph-based segmentation methods. Most graph-based seg-

mentation methods attempt to search a certain structures in

the associated edge weighted graph constructed on the image

pixels, such as minimum spanning tree [3], or minimum cut

[15].

Berkeley image segmentation benchmark is the reference

that we use for our study. Using the same input, the provided

image dataset, we are developing a customized methodology

in order to efficiently evaluate our algorithm.

The closest work to ours is [3], in which an image

segmentation is produced by creating a forest of minimum

spanning trees of the connected components of the associated

weighted graph of the image. The novelty of our contribution

concerns two main aspects: (a) in order to minimize the

running time we construct a hexagonal structure based on the

image pixels, that is used in both color-based and syntactic-

based segmentation algorithms, and (b) we propose an efficient
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method for segmentation of color images based on spanning

trees and both color and syntactic features of regions.

III. SEGMENTATION METHODS

We will compare four different segmentation techniques,

the Mean Shift-Based segmentation algorithm [4], Efficient

Graph-Based segmentation algorithm [3], Normalized Cuts

segmentation algorithm [7] and our own region-based seg-

mentation method. We have chosen Mean Shift-Based seg-

mentation because it is generally effective and has become

widely-used in the vision community. The Efficient Graph-

Based segmentation algorithm was chosen as an interesting

comparison to the Mean Shift. Its general approach is similar,

however, it excludes the mean shift filtering step itself, thus

partially addressing the question of whether the filtering step

is useful. Due to its computational efficiency, Normalized

Cuts represents a solid reference in our study. We use all

these algorithms as terms of comparison for the evaluation

we performed.

A. Graph-Based Salient Object Detection

We present an efficient segmentation method that uses

color and some geometric features of an image to process

it and create a reliable result [10]. The used color space is

RGB because of the color consistency and its computational

efficiency.

Fig. 1. The grid-graph constructed on the hexagonal structure of an image

What is particular at this approach is the basic usage of

hexagonal structure instead of color pixels. In this way we can

represent the structure as a grid-graph G = (V,E) where each

hexagon h in the structure has a corresponding vertex v ∈ V ,

as presented in Figure 1. Each hexagon has six neighbors and

each neighborhood connection is represented by an edge in

the set E of the graph. For each hexagon on the structure two

important attributes are associated: the dominant color and the

coordinates of the gravity center. Basically, each hexagonal

cell contains eight pixels: six from the frontier and two from

the middle.

Image segmentation is realized in two distinct steps. The

first step represents a pre-segmentation step when only color

information is used to determine an initial segmentation. The

second step represents a syntactic-based segmentation step

when both color and geometric properties of regions are used.

The first step of the segmentation algorithm uses a color-

based region model and will produce a forest of maximum

spanning trees based on a modified form of the Kruskal’s

algorithm. In this case the evidence for a boundary between

two adjacent regions is based on the difference between the

internal contrast and the external contrast between the regions.

The color-based segmentation algorithm builds a maximal

spanning tree for each salient region of the input image.

The second step of the segmentation algorithm uses a new

graph, which has a vertex for each connected component

determined by the color-based segmentation algorithm. In this

case the region model contains in addition some geometric

properties of regions such as the area of the region and

the region boundary. The final segmentation step produces

a forest of minimum spanning trees based on a modified

form of the Borůvka’s algorithm. Each determined minimum

spanning tree represents a final salient region determined by

the segmentation algorithm.

B. Efficient Graph-Based Image Segmentation

Efficient Graph-Based image segmentation [3], is an effi-

cient method of performing image segmentation. The basic

principle is to directly process the data points of the image,

using a variation of single linkage clustering without any ad-

ditional filtering. A minimum spanning tree of the data points

is used to perform traditional single linkage clustering from

which any edges with length greater than a given threshold

are removed [6].

Let G = (V,E) be a fully connected graph, with m edges

{ei} and n vertices. Each vertex is a pixel, x, represented in the

feature space. The final segmentation will be S = (C1, ..., Cr),
where Ci is a cluster of data points. The algorithm [3] can be

shortly presented as follows:

1) Sort E = (e1, ..., em) such that |et| ≤ |e′t|∀t < t′

2) Let S0=({x1}, ..., {xn}) in other words each initial

cluster contains exactly one vertex.

3) For t = 1, ...,m

a) Let xi and xj be the vertices connected by et.

b) Let Ct−1

xi
be the connected component containing

point xi on iteration t− 1 and li = maxmstC
t−1

xi

be the longest edge in the minimum spanning tree

of Ct−1

xi
. Likewise for lj .

c) Merge Ct−1

xi
and Ct−1

xj
if:

|et| < min

{

li +
k

Ct−1
xi

, lj +
k

Ct−1
xj

}

(1)

4) S = Sm.

C. Normalized Cuts

Normalized Cuts method models an image using a graph

G = (V,E), where V is a set of vertices corresponding to

image pixels and E is a set of edges connecting neighboring

pixels. The edge weight w(u, v) describes the affinity between

two vertices u and v based on different metrics like proximity

and intensity similarity. The algorithm segments an image into

two segments that correspond to a graph cut (A,B), where A

and B are the vertices in the two resulting subgraphs.
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The segmentation cost is defined by:

Ncut(A,B) =
cut(A,B)

assoc(A, V )
+

cut(A,B)

assoc(B, V )
(2)

where cut(A,B) =
∑

u∈A,v∈B w(u, v) is the cut cost

of (A,B) and assoc(A, V ) =
∑

u∈A,v∈V w(u, v) is the

association between A and V . The algorithm finds a graph cut

(A,B) with a minimum cost in Eq.(1). Since this is a NP-

complete problem, a spectral graph algorithm was developed

to find an approximate solution [7]. This algorithm can be

recursively applied on the resulting subgraphs to get more

segments. For this method, the most important parameter is

the number of regions to be segmented. Normalized Cuts is

an unbiased measure of dissociation between the subgraphs,

and it has the property that minimizing normalized cuts leads

directly to maximizing the normalized association relative to

the total association within the sub-groups.

D. Mean Shift

The Mean Shift-Based segmentation technique [4] is one of

many techniques dealing with “feature space analysis”. Advan-

tages of feature-space methods are the global representation of

the original data and the excellent tolerance to noise [9]. The

algorithm has two important steps: a mean shift filtering of the

image data in feature space and a clustering process of the data

points already filtered. During the filtering step, segments are

processed using the kernel density estimation of the gradient.

Details can be found in[4]. A uniform kernel for gradient

estimation with radius vector h = [hs, hs, hr, hr, hr] is used.

hs is the radius of the spatial dimensions and hr the radius

of the color dimensions. Combining these two parameters,

complex analysis can be performed while training on different

subjects.

Mean shift filtering is only a preprocessing step. Another

step is required in the segmentation process: clustering of the

filtered data points {x′}. During filtering, each data point in

the feature space is replaced by its corresponding mode. This

suggests a single linkage clustering that converts the filtered

points into a segmentation.

Another paper that describes the clustering is [5]. A region

adjacency graph (RAG) is created to hierarchically cluster

the modes. Also, edge information from an edge detector

is combined with the color information to better guide the

clustering. This is the method used in the available EDISON

system, also described in [5]. The EDISON system is the

implementation we use in our evaluation system.

IV. REGION-BASED PERFORMANCE EVALUATION

We present comparative results of segmentation perfor-

mance for our region based segmentation method and the three

alternative segmentation methods mentioned above.

Our evaluation measure is mainly related to the consistency

between segmentations. We use segmentation error measures

that provide an objective analysis of the segmentation algo-

rithms.

A potential problem for a measure of consistency between

segmentations is that there is no unique human segmentation

of an image, since each human perceives the scene differently.

In this situation you could declare the segmentations incon-

sistent. However, if one segmentation is a refinement of the

other, then the error should be small. Therefore, the measures

are designed to be tolerant to refinement. Some other aspects

to be taken into account are that error measure should not

depend on the pixelation level and should be tolerant to noise

along region boundaries.[12]

We used two metrics in order to provide an objective

comparison between the four segmentation methods and the

human segmentation. The two error measures are described

below. We applied the measures to the Berkeley segmentation

database and the segmentation results of the four algorithms.

In order to describe the segmentation errors, we considered

two different segmentations S1 and S2 and calculated a value

in the range [0..1] where 0 represents no error. For a given pi
we considered segments S1 and S2 that contain the pixel. If

one segment is a proper subset of the other, then the pixel lies

in an area of refinement, and the local error should be zero.

Otherwise, the two regions overlap in a inconsistent manner

and we should calculate the corresponding error. We use \to

denote the set difference and |x| for cardinality of set x.If

R(S, pi) is the set of pixels corresponding to the region in

segmentation S that contains pixel pi, the local refinement

error is defined as:

E(S1, S2, pi) =
|R(S1, pi)nR(S2, pi)|

|R(S1, pi)|
(3)

This local error measure is not symmetric. It encodes a

measure of refinement in one direction only: E(S1, S2, pi) is

zero precisely when S1 is a refinement of S2 at pixel pi, but

not vice versa. Considering this local refinement error in each

direction at each pixel, there are two methods to combine the

values into an error measure for the entire image. We apply

two error measures as follows: Global Consistency Error

(GCE) that forces all local refinements to be in the same

direction and Local Consistency Error (LCE) that allows

refinement in different directions in different parts of the

image.[11] For a given n as the number of pixels we have:

GCE(S1, S2) =
1

n
min

{

∑

i

E(S1, S2, pi),
∑

i

E(S2, S1, pi)

}

(4)

LCE(S1, S2) =
1

n

∑

i

min{E(S1, S2, pi), E(S2, S1, pi)}

(5)

We will evaluate the performance of our algorithm on the

Berkeley Segmentation Database (BSD) [8]. We will refer

the characteristics of the error metrics previously defined by

Martin et al. [2], explore potential problems with these metrics

in order to evaluate the quality of each segmentation and to

characterize its performance over a range of parameter values.
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The current public version of the Berkeley Segmentation

Database is composed of 300 color images. The images have

a size of 481 × 321 pixels, and are divided into two sets, a

training set containing 200 images that can be used to tune

the parameters of a segmentation algorithm, and a testing

set containing the remaining 100 images on which the final

performance evaluations should be carried out.

We built a custom benchmark framework, that processes

the Berkeley dataset, converts it to our proprietary format and

preforms parallel analysis. Additionally, we adapted the other

mentioned algorithms to the same evaluation format for unitary

purposes.

The human segmented images provide the ground truth

boundaries. Therefore, any boundary marked by a human

subject is considered to be valid. Since there are multiple

segmentations of each image by different subjects, it is the

collection of these human-marked boundaries that constitutes

the ground truth. Based on the output of the previously

presented algorithms for a set of images, we will determine

how well the ground truth boundaries are approximated.

In order to determine an algorithm’s efficiency by com-

paring it to the ground truth boundaries, a threshold of the

boundary map is needed.

We are providing an additional evaluation based on his-

togram representation of the error density characteristic for

each algorithm.

V. EXPERIMENTAL RESULTS

Our study of segmentation quality is based on experimental

results and uses the Berkeley segmentation dataset provided

at [8].

A. GCE and LCE Metrics

In order to proper evaluate the segmentation method we

propose, we first need to better understand how the GCE and

LCE error metrics work. Given two extreme cases:an under-

segmented image, where every pixel has the same label (i.e.

the segmentation contains only one region spanning the whole

image), and a completely over-segmented image in which

every pixel has a different label.

From the definitions of the GCE and LCE we can see

that both measures evaluate to 0 on both of these extreme

situations regardless of what segmentation they are being

compared to. The reason for this can be found in the tolerance

of these measures to refinement. Any segmentations is a

refinement of the completely under-segmented image, while

the completely over-segmented image is a refinement of any

other segmentation.

In order to have a better analysis result and a more complete

description for the errors we considered, we have performed

10 different tests for each subject per algorithm - Fig. 2.

More precisely, by varying several key parameters, we

have obtained 10 distinct points that define the errors

for each approach. For Normalized Cuts [7] we have

modified the number of segments in the range of

{5, 10, 12, 15, 20, 25, 30, 40, 50, 70}. The variable parameter

Fig. 2. Average GCE vs. LCE for Berkeley test images

for Efficient Graph − Based Image Segmentation [3]

was the scale of observation, k , in range {100, 200, 300,

400, 500, 600, 700, 800, 900, 1000}. For Mean-Shift [4] we

have made 10 combinations from Spatial Bandwidth {8,

16} and Range Bandwidth {4, 7, 10, 13, 16}.

We calculated the GCE and LCE average values for the

100 test images provided by Berkeley. Figure 2 illustrates the

GCE vs. LCE graphic representation.

In the resulting diagram (Fig. 2) we can see that the

GCE vs. LCE error metric for our proposed method, denoted

GBSOD − Graph Based Salient Object Detection is

situated below the values for the other algorithms indicating

a better performance result, a smaller average error and a

balanced algorithm. Analyzing the set of results for each pa-

rameter per algorithm, it’s easy to distinguish which algorithm

is generating better results; the smaller the error it is, the better

is the accuracy of the respective algorithm.

B. Histogram based evaluation

We elaborated a histogram-based evaluation mechanism

aimed to compare the segmentation results for the studied

algorithms via the errors metrics.

In order to achieve this, we considered the human segmen-

tation as the ground-truth segmentation and compared each

algorithm with it, measuring the error metrics GCE and LCE.

For each algorithm we analyzed the 100 test images from

Berkley and calculated the corresponding GCE and LCE.

The histograms presented below illustrate this approach (Fig.3

- Fig. 10).

For a better description of the histogram based analysis, in

Fig.3 and Fig.4 we have depicted the distribution of the the val-

ues of GCE respectively LCE for the 100 images processed

using GBSOD−Graph Based Salient Object Detection

algorithm. It is very important that these value are more

concentrated on smaller error values, which gives us

the confidence that the presented method has good re-

sults. In Fig.5 and Fig.6 it can be seen the same

analysis for Normalized Cuts, in Fig.7 and Fig.8 for

Efficient Graph − Based Image Segmentation and in

Fig.9 and Fig.10 for Mean− Shift algorithm.

Figures Fig.11 and Fig.12 are illustrating a comparison

between all the four presented algorithms; it gives a good
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Fig. 3. GCE for Graph Based Salient Object Detection

Fig. 4. LCE for Graph Based Salient Object Detection

Fig. 5. GCE for Normalized Cuts

Fig. 6. LCE for Normalized Cuts

Fig. 7. GCE for Efficient Graph-Based Image Segmentation

Fig. 8. LCE for Efficient Graph-Based Image Segmentation

Fig. 9. GCE for Mean-Shift

perspective on the what error values generates each studied

algorithm.

VI. CONCLUSION

In this paper we presented a new graph-method for image

segmentation and extraction of visual objects. Starting from

a survey of several segmentation strategies, we aimed at

performing an image segmentation evaluation experiment.

Our segmentation method and other three segmentation

methodologies were chosen for the experiment, and the com-

plementary nature of the methods was demonstrated in the

results. The study results offer a clear view of the effectiveness

of each segmentation algorithm, trying in this way to offer a

solid reference for future studies.

Future work will be carried out in the direction of inte-

grating syntactic visual information into a semantic level of a

semantic image processing and indexing system.
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