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(GVS) Over Other Image Segmentation Methods
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Abstract: Although inherently tedious, the segmentation of images and the evaluation of segmented images are critical in computer vision processes.
One of the main challenges in image segmentation evaluation arises from the basic conflict between generality and objectivity. For general segmentation
purposes, the lack of well-defined ground-truth and segmentation accuracy limits the evaluation of specific applications. Subjectivity is the most common
method of evaluation of segmentation quality, where segmented images are visually compared. This is daunting task, however, limits the scope of
segmentation evaluation to a few predetermined sets of images. As an alternative, supervised evaluation compares segmented images against
manually-segmented or pre-processed benchmark images. Not only good evaluation methods allow for different comparisons, but also for integration
with target recognition systems for adaptive selection of appropriate segmentation granularity with improved recognition accuracy. Most of the current
segmentation methods still lack satisfactory measures of effectiveness. Thus this study proposed a supervised framework which uses visual saliency
detection to quantitatively evaluate image segmentation quality. The new benchmark evaluator uses Graph-based Visual Saliency (GVS) to compare
boundary outputs for manually segmented images. Using the Berkeley Segmentation Database, the proposed algorithm was tested against 4 other
quantitative evaluation methods — Probabilistic Rand Index (PRI), Variation of Information (VOI), Global Consistency Error (GSE) and Boundary
Detection Error (BDE). Based on the results, the GVS approach outperformed any of the other 4 independent standard methods in terms of visual
saliency detection of images.
Keywords: computer vision, image segmentation, visual saliency detection, graph-based algorithm.
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1 INTRODUCTION
In computer vision, image segmentation is about splitting
digital images into sets of pixels [1]. As a critical element of
content analysis, image segmentation locates objects and
boundaries and thereby increases image compaction and
resolution [2]. In spite of the hundreds of algorithms
available
today
[3,4,5,6,7],
boundary
or
region
segmentation techniques are often not as accurate as
desirable [8,9] Thus there is a renewed focus on
complementarity of boundary versus region and then
generality versus objectivity. While boundary uses
discontinuity property, region on the other hand uses
similarity property of pixels to segment and verify images
[8,9,10]. Also whereas generality uses different
segmentations to verify images (making it applicable to
other image analyses), objectivity uses ground-truth to
verify the images (making it hardly applicable to other
areas) [11,12]. Domain-independent partitioning of images
into sets of regions that are visually distinct and uniform in
terms of image grey-scale, color and texture properties is
critical in compute vision [13,14]. However, because
standard and performance measures differ, designing a
good measure for image segmentation quality is largely
elusive [15]. Whereas the criteria for good segmentation are
not entirely clear and application-dependent, the differences
between superior and inferior segmentations are often
visually noticeable [16]. The performance of segmentation
algorithms can be evaluated against human perceptual
groupings using hand-segmented natural images and to
understand cognitive processes governing the grouping of
visual elements in images [17,18,19]. Due to lack of
standards for segmentation and use of ground-truths in
measuring outputs of algorithms, comparisons are done
against perceptually consistent interpretations (i.e., only
minute parts of images) to measure performance of
algorithms [19,20]. Image segmentation evaluation is based
on two main methods — generality and objectivity [12]. Also
many segmentation methods are based on two basic
properties of pixels in relation to local neighborhood —
discontinuity (boundary-based) and similarity (regionbased) problems [10,21]. As these methods have accuracy

issues, several new algorithms now integrate the two
methods for optimized image segmentation. Irrespectively,
however, these evaluation methods still fail to clearly
capture the intuitiveness of human visual evaluation [18].
This has renewed efforts to search for more efficient image
evaluation methods. As a fast solution to even complex
image problems, Salient Object Detection (SOD) has had
significant interest in computer vision. SOD subdivides an
entire image, isolates the most attention-grabbing objects
and outputs the result as intensity map of pixels that could
belong to the object [4,6]. Whereas SOD segments only
salient foreground from background objects, traditional
algorithms only partition images into regions of coherent
properties. Unlike other saliency models, SOD also predicts
scene locations where human observers fixate [10,22] by
generating interchangeably applicable saliency maps [23].
In intuitive localization of objects, SOD computes saliency
maps and outputs salient objects [10]. Visual saliency is the
perceptual quality that makes an object or pixel stands out
in its neighborhood and thereby grabs attention. Visual
attention is a fast, bottom-up visual saliency of retinal input
coupled with a slow, top-down memory volition that is taskdependent [24,25]. Studies show that for a given image, the
human brain and nervous system get attracted to certain
spots of the image called salient objects. The elusiveness
of evaluation of the effects of perceptual correctness on
segmentation has increased with the rapid development of
image processing algorithms [14]. In fact, perceptual
correctness is blurred by the fact that there is an image
interpretation to every valid image processing solution [27].
Thus it is tempting to treat segmentation as part of a
proposed solution to a larger vision problem (e.g., tracking,
recognition and reconstruction) and then to evaluate a
segmentation algorithm based on the performance of the
larger system. However, such comparison can quickly
become unfair and inconsistent when evaluating algorithms
tailored to specific applications [22]. Furthermore, there are
several properties intrinsic to an algorithm that are
independent of end applications. As the stability of an
algorithm depends on input image data and operational
parameters, these are measured separately in order to be
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meaningful. This work proposed a Graph-based Visual
Saliency (GVS) method of image segmentation. This highly
subjective approach detects and integrates visually salient
regions of an image with existing measures to improve
image evaluation. The GVS approach was tested against 4
other independent standard methods — Probabilistic Rand
Index (PRI; [28]), Variation of Information (VOI; [29]), Global
Consistency Error (GCE; [16]) and Boundary Displacement
Error (BDE; [8]). Specifically, the study compared human
and machine (algorithm) image segmentations for
superiority. This was achieved via: 1) using human
evaluation database as benchmark for segmentation; 2)
developing a new segmentation benchmark along a
saliency map using the proposed GVS method; and 3)
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comparing the performance of the GVS method with the
above four standard evaluation methods.

2 METHODS AND PROCEDURE
Figure 1 is a flowchart of the new GVS and the four other
old evaluators for image segmentation. While the new GVS
uses both visual saliency and ground-truth, the four other
old evaluators use on ground-truth as input data for image
segmentation. The comparison of the performances of the
new and old evaluators determines the evaluation method
with the most superior image analysis. The ground-truth
isolates in greater details actual attraction sports on the
ground (the so-called region of interest) which the evaluator
captures in verifying image pixel content.

Ground-Truth

Visual Saliency

Old Evaluators

New GVS Evaluator

Image Segmentation

New GVS Evaluator score

Old Evaluator scores

Score Comparison

Results

Figure 1: Flowchart of the proposed Graph-based Visual Saliency (GVS) evaluation framework and the four other independent
standard evaluation (PRI, VOI, GCE & BDE) frameworks.

2.1 Probabilistic Rand Index (PRI)
PRI defines statistical correctness of segmentations by
counting the fraction of pairs of pixels with consistent labels
for both computed and ground-truth segmentations
averaged across multiple ground-truth segmentations to
account for scale variations in human perception [29,30,31].
Suppose that the segmentation of an image is described in
the form of binary numbers
on each pair of pixels
(xi, xj). The distribution of the numbers is a Bernoulli
distribution of random variables with expected values
denoted as pij [14]. Thus PRI of two segmentations is
defined as [30,28]:
{ }

( )

]

∑[

Where N is the number of pixels; { } is the set of groundtruth segmentations; and pij is the ground-truth probability
that (xi, xj) labels are the same [14]. PRI is in the range of (0,
1), where score 0 suggests that test-image label and
ground-truth are dissimilar and 1 implies the two are the
same in a set of pixel. PRI examines pair-wise relationships
in segmentations. If the labels of pixels
and
are the
same in a segmentation image, their labels are expected to
be the same in the ground-truth image for a good
segmentation and vice versa. The label of pixel
in
segmentation (denoted as ) corresponds to the label in
ground-truth (denoted as ). Thus PRI of comparisons
with multiple ground-truths is defined as [12,32]:
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Where
is the ground-truth probability of (
). In
practice
is the mean pixel-pair relationship among
ground-truth data given as [25]:
∑ (

)

(3)

Based on the above, the value of PRI definition lies within
the range 0‒1, confirming that the score zero indeed shows
that the segmentation and ground-truth have opposite pairwise relationship and that the score 1 indicates that the two
have the same pair-wise relationships [32].

2.2 Variation of Information (VOI)
VOI metric defines the distance between two
segmentations as the average conditional entropy of one
segmentation given the other and thus roughly measures
randomness in one segmentation explained by the other as
[6,32].
(4)
The first term in Eq. (4) measures information lost on Stest
[14], while the second term measures information gained on
Sk in going from segmentation Stest to ground-truth Sk,
expressed as [29,30]:
(5)
Where H and I are respectively the entropies of and mutual
elements between segmentation Stest and ground-truth Sk.
VOI is a distance metric since it satisfies the properties of
non-negativity, symmetry and triangle inequality. For two
identical segmentations, VOI is zero. VOI upper bound is
finite and depends on the number of elements in a segment.

2.3 Global Consistency Error (GCE)
This algorithm measures the degree of overlap of regions
and thereby allows refinement, but develops degeneracy.
Segmentations related in this manner are consistent
because they represent the same natural image segmented
at different scales [33]. Let R(S, pi) be the set of pixels in
segmentation S containing pixel pi. The local refinement
error
is defined as [17,34]:
(6)
This error is not symmetric with regard to the compared
segmentations and therefore takes the value of zero when
is the refinement of
at pixel over an image size
[30]. GCE is then becomes:
{∑

∑

}

(7)

2.4 Boundary Displacement Error (BDE)
BDE is a boundary-based metric used to evaluate
segmentation quality by calculating the average
displacement error of boundary pixels between two image
segmentations [30]. It defines the error of one boundary
pixel as the distance between the pixel and the closest pixel
in the other boundary image. So a near-zero mean and
small standard deviation indicate good quality image
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segmentation
[8,30].
Considering
two
different
segmentations
{
} and
{
} of the same
image, we associate each region
from
with a region
from
such that
is maximal. The directional
⋂
hamming distance
from to is defined as [17,35]:
∑

∑

|

|

(8)

Corresponding to the total area under the intersections
between all
and their non-maximally intersected
regions
from . The reverse distance
can
be similarly computed. Finally, the overall performance
measure is given by [34]:
P=1‒

(9)

Where
is the image size and
. Letting the
computed and ground-truth image play the role of
and
respectively allows us to measure their discrepancy.
Recently, this index has been used to compare several
segmentation algorithms by integration of region and
boundary information [8,34].

2.4 Graph-based Visual Saliency (GVS)
Saliency is the discrimination of features of regions of
interest in images, often considered as rare or informative.
While high saliency corresponds to most likely locatable
objects or places, low saliency is associated to image
background [36]. Generally, visual saliency is the additive
process of extraction, activation and normalization /
combination [4,31,37,38]. For extraction, a linear filter is
used followed by a simple non-linear filter for inhibition. Let
image
be convolved with a bank of linear filter ,
followed by half-wave rectification. And let the positive part
and the negative part
to give a set of responses
, where
the index is the orientation frequency channel [4,39]:
(10)
Where radially symmetrical filters model non-oriented simple
cells. Then the simple non-linear inhibition in local space of
a response profile, to suppress week responses among
strong ones at the same or nearby location, is given as
thresholds
for responses to channel
with
coordinates
as [4]:
(11)
Where is the neighborhood of
in which responses
in channel can inhibit responses in channel ; and
is a
measure of the effectiveness of the inhibition [39]. The postinhibition response
is given by:
(12)
This suppress responses below the threshold.
is a
sampling neighborhood from which strong responses in
channel are selected for subsequent processing — see
16
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[4,37,39] for further details. Next, for activation, we define
the dissimilarity
and
following [27] as:
(

)

|

|

(13)

This natural definition of dissimilarity is simply the distance
between one and the ration of two quantities measured on a
logarithmic scale [23]. Finally, activation normalization of
graph
with
nodes labelled with indices ⌈ ⌉ for each
node
and every node
including
to it is
connected is introduced an edge from
to
with
weight (36):
(

)

(14)

Note again that normalizing the weight of the outbound
edges of each node to unity and treating the resulting graph
as a Markovian chain allows the computation of equilibrium
distribution over the nodes — see [4,31,36,37,38] for further
details.

2.5 Comparative Measure of Performance
In addition to the comparative measures of performance
detailed by [34], the root mean square difference (RMSD)
was used to measure the performance of each of the four
image processing methods against the one proposed in this
study. RMSD measures the difference between modelpredicted values and observed ground-truth values as
[40,41]:
√

√

√∑

(

)

(15)
Here, RMSD measures both the match and time
performances. Regarding time,
is the time elapsed on
matching when query and database images are both
preprocessed with saliency, while the original and only
saliency-processed database images are noted as . Then
regarding match,
is the match on the original query and
database images whereas matches on saliency-processed
database images or on both salience-processed database
and query images are noted as
[40].

2.6 Application
A segmentation database of 200 images (each with 8‒17
human-labeled ground-truth data) was set up via a
specialized software for data collection and storage with a
flexible mouse-assisted boundary delineation function. This
image segmentation was essentially done in two ways —
human-driven
(ground-truth)
and
machine-driven
(automated algorithm). Both the existing and proposed
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segmentation algorithms used processed the images fairly
easily, but with some biases which were later assessed
against ground-truth image data. Livewire algorithm [42],
which allows the selection of initial points along boundaries
with the shortest distances, was used to refine the groundtruth data for biases due to sharp boundary turns. For
complex boundaries (such as blurred regions), however,
human/manual segmentation was used to reduce biases.
The integrative use of manual/human and livewire tracing
eventually increased the accuracy and reproducibility of the
ground-truth data. All in all, a total of 40 pre-trained
university students (some with significant in image
processing) participated in the data collection and
segmentation task, where each person segmented 5
randomly assigned images into 2‒50 pieces. This took an
average time of 20 minutes per student over an average
period of 3 months to process the set of 200 images into an
average of 30 segments per image. The developed groundtruth images were refined (as explained above), overlaid
into a single ground-truth per image to improve the groundtruth data reliability) and then compared with algorithm/machine-based outputs (using RMSD) as a measure of
performance evaluation. The results of the study were
presented in 5 selected diagrams, tables and graphs and
discussed in the next sections

3 RESULTS AND DISCUSSIONS
This study evaluated the PRI, VOI, GCE and BDE methods
of image analysis against a proposed GVS image
processing. Out of a total of 200 image database, 5 were
processed using the 5 algorithms and evaluated against
thoroughly-processed ground-truth plates for each of the
200 image database as a measure of performance of the
segmentation methods [40]. Generally, subjective
segmentation via human/manually-processed images is
used to measure the performance of objective (automated
machine-based) image processors [43]. The superior
processors are those with close match with the human
processing output.

3.1 Sample Outputs
For clarity and brevity, only 5 randomly-selected sample
images from the established database of 200 images are
displaced in Figure 2, where each of the images segmented
by the 5-tested methods (PRI, VOI, GCE, BDE and GVS)
was compared with respective ground-truth data. In the
images, different levels of signals were used to extract
salient objects without a priori bias on any of the objects.
Each of the human segmentations was matched against
corresponding machine segmentation (for the same
segments) in the performance evaluation.
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Figure 2: A plot showing five segmentations by different people of five ample images randomly drawn from the established
database used in the study. The order of the segmentations in the left-to-right direction is respectively for PRI (Probabilistic
Rand Index), VOI (Variation of Information), GCE (Global Consistency Error), BDE (Boundary Displacement Error) and GVS
(Graph-based Visual Saliency) image evaluation algorithms.

3.2 Measured Performance
Table 1 quantifies the performances of the 5 image
processing methods against ground-truth data in terms
match (closeness to ground-truth observation) and time
(model run duration) as RMSD between outputs each of the
methods and the observed ground-truth data. It should be
noted that in terms of time, the average ground-truth image
processing time was 30 minutes and the image processing
time of each of the models was far less than 30 minutes.
This implies that the model with the short processing time
had the highest deviation from the ground-truth data,
resulting in high RMSD. In other words, the model with the
highest RMSD for time had the best performance. The

reverse was true for match, where the model with the least
RMSD for match had the best performance. Thus from
Table, GVS model, on the average, showed superior (in
both time and match) over the other 4 models. The next
best performing image processor was BDE model, followed
by PRI, VOI and the GCE models, respectively. For the
individual images in the set of the 5-selected images, there
were instances where the above order did not hold for the 4
other models, but not at all for the GVS model. This pointed
to the fact the proposed GVS model indeed had a strong
superior performance to all the other 4-tested models, and
was therefore considered to be a stable image processor
[43].

TABLE 1
PA TABLE OF PERFORMANCE MEASURE OF THE TESTED IMAGE-PROCESSING ALGORITHMS AGAINST GROUND-TRUTH DATA (NOT SHOWN) IN
TIME AND MATCH AS A FUNCTION OF ROOT MEAN SQUARE DEVIATION (RMSD).
PRI
Image

VOI

GCE

BDE

GVS

Time

Match

Time

Match

Time

Match

Time

Match

Time

Match

Img. 1

28.65

5.02

23.65

5.74

18.77

6.33

32.87

4.66

48.23

2.46

Img. 2

28.44

4.79

40.88

3.03

32.16

4.27

37.23

3.89

56.92

2.78

Img. 3

23.54

2.74

18.67

3.43

16.17

2.98

29.37

2.22

33.47

1.86

Img.4

17.82

3.74

27.34

2.53

21.86

3.01

30.11

1.89

32.89

1.32

Img. 5

57.39

4.07

48.77

5.83

52.88

4.69

43.43

6.73

61.32

3.43

Avg.

31.17

4.07

31.86

4.11

28.37

4.26

34.60

3.88

46.57

2.37

Note that Img. 1 to Img. 5 denote the 5 displayed images in Figure 2 (in that order); Avg. is average value; PRI is Probabilistic Rand
Index; VOI is Variation of Information; GCE is Global Consistency Error; BDE is Boundary Displacement Error; and GVS is Graphbased Visual Saliency.
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The performance measure in Table 1 is reproduced in
Figure 3 for the average values of RMSD (bar graphs) and
for the individual images (line graphs) to emphasize the
superiority of the GVS method over the other 4 models.
While for the individual images the orders of the
performances were not consistent for the 4 other models
(PRI, VOI, GCE and BDE), the order was consistent for the
GVS model; which was superior in performance across all
the 5 images plus the average for both time and match
(Figure 3). Also for direct match count (not plotted), which is

the number of objects of interest (as identified in groundtruth image) corrected segmented by a model, it was on the
average (for the 5 sample images) far higher (over 90%
correct match) than other 4 tested models. All these
measured confirmed that the proposed GVS image
processing model out-performed the existing other 4
models tested in this study. Several other studies have also
reported that models built on GVS approach out-do those
built on other approaches [4,37,40,43].

50.0

5.0

4.07

4.11

4.26

3.0

46.57

40.0

3.88

2.0

2.37

1.0

RMSD Time

4.0

RMSD Match
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30.0

31.17

31.86

PRI

VOI

20.0

34.60
28.37

10.0
0.0

0.0
PRI

VOI

GCE

BDE

GVS

GCE

BDE

GVS

Image Processor

Image Processor

Figure 3: Plots of RMSD (Root Mean Square Deviation) in both match and time of the 5 image-processor segmentations
against ground-truth image data (Table 1) randomly drawn from the established database used in the study. The top 2 plots are
for the average RMSD values and the bottom 2 plots for all the RMSD values in Table 1. Note that PRI is Probabilistic Rand
Index; VOI is Variation of Information; GCE is Global Consistency Error; BDE is Boundary Displacement Error; and GVS is
Graph-based Visual Saliency.

4 CONCLUSIONS
Generally, image processing involves a large quantity of
data which effort is complicated by the lack of a unique
solution. This creates room for the development of a
multitude of algorithms to deal with this persistent
complication in image procession. To this end, emphasis
has focused primarily on computer vision analysis, which is
also often time hard to isolate the one most suitable among
a given set of applications. In this study, 4 existing standard
image evaluation models (PRI, VOI, GCE and DBE) were
tested against a proposed GVS model for suitability for
application in image processing using a well-vetted groundtruth observation images with sufficient objects of interest.
The study showed that the GVS approach to image
processing was superior to the other 4 tested approaches.
All the measures of comparison (RMSD match and time
performance along with direct match count performance)
suggested that the GVS approach was stable and reliable

and that it was available for application beyond bands used
in this study. This work is promising in terms of reducing the
complications and confusions surrounding the choice of
appropriate processing algorithms in image analysis.
Irrespectively, there is the need to employ not only more
sophisticated methods of classification, but also a
comprehensive evaluation method that accounts for every
parameter in image analysis and of image processing
models.
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