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Abstract

Image segmentation and its performance evaluation are
very difficult but important problems in computer vision.
A major challenge in segmentation evaluation comes from
the fundamental conflict between generality and objectiv-
ity: For general-purpose segmentation, the ground truth
and segmentation accuracy may not be well defined, while
embedding the evaluation in a specific application, the eval-
uation results may not be extended to other applications. We
present in this paper a new benchmark for evaluating image
segmentation. Specifically, we formulate image segmenta-
tion as identifying the single most perceptually salient struc-
ture from an image. We collect a large variety of test images
that conforms to this specific formulation, construct unam-
biguous ground truth for each image, and define a reliable
way to measure the segmentation accuracy. We then present
two special strategies to further address two important is-
sues: (a) the most salient structures in some real images
may not be unique or unambiguously defined, and (b) many
available image-segmentation methods are not developed to
directly extract a single salient structure. Finally, we apply
this benchmark to evaluate and compare the performance
of several state-of-the-art image-segmentation methods, in-
cluding the normalized-cut method, the level-set method,
the efficient graph-based method, the mean-shift method,
and the ratio-contour method.

1. Introduction

As a central step in computer vision, image segmentation
has been extensively investigated in the past decades with
the development of a large number of image-segmentation
methods [1, 2, 3, 10, 11, 15, 16, 17, 19, 20]. However,
general-purpose image segmentation is still an unsolved
problem. We still lack reliable ways in performance evalua-
tion for quantitatively positioning the state of the art of im-
age segmentation. In early days, segmentation performance

is usually evaluated by subjectively judging on several sam-
ple images. Such subjective evaluation on a small data set
lacks both generality and objectivity [7, 14, 18, 22, 23, 24].
To address this problem, it has been widely agreed that a
benchmark, which includes a large set of test images and
some objective performance measures, is necessary for im-
age segmentation evaluation.

Unfortunately, benchmark-based segmentation evalua-
tion [6, 13] usually suffers from a well-known dilemma be-
tween objectivity and generality. On the one hand, the test
images are expected to have a large variety so that the eval-
uation results reflect the real performance on various appli-
cations. However, for such a general-purpose segmentation,
the ground truth may not be well defined and therefore, it
is difficult to define an objective segmentation-performance
measure. On the other hand, by embedding the segmen-
tation evaluation in a certain class of images and/or in a
specific application, the evaluation results may not be use-
ful for more general applications, although the well-defined
ground truth and segmentation-performance measures are
available.

One important prior work on the segmentation bench-
mark is Berkeley benchmark presented by Martin et al.
[13]. This benchmark contains more than 1000 various
natural images, each of which is manually processed by a
group of people to get the ground-truth segmentations. Such
manual segmentations reflect the general human perception
and therefore, different people may partition the images into
different number of segments. Although this benchmark
achieves good generality, it may have some problems on
the evaluation objectivity. Given non-unique ground truths,
this benchmark uses a global consistency error (GCE) and
a local consistency error (LCE) to measure the segmenta-
tion accuracy. These two measures tolerate unreasonable
refinement of the ground truth, i.e., if the segmentation is a
refined version of the ground truth, or vice versa, the seg-
mentation error is always zero. Therefore, trivial segmen-
tations, where each segment only contains one pixel or the
whole image is a single segment, always produce “perfect”
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100% segmentation accuracy in this benchmark. In the re-
cent work by Estrada and Jepson [6] and Martin [12], the
precision-recall figures are used to better reflect the trade-
offs between the segmentation performance and the number
of regions.

The goal of this paper is to develop a new image-
segmentation benchmark by seeking a balance between the
objectivity and the generality in evaluating image segmen-
tation. Particularly, we formulate image segmentation as
extracting the single most salient structure in the image. In
this formulation, the ground truth is a segment with a closed
boundary, thus image segmentation is reduced to an image-
bipartitioning or a boundary-detection problem. Similar to
Berkeley benchmark, the saliency of the identified structure
may come from a combination of various cues, such as in-
tensity, texture, shape, size, or familiarity, and we do not
put any explicit bias on any one of them in constructing the
ground truth. By treating the salient structure as the fore-
ground figure, and the remaining portion as the background,
such a formulation is usually referred to as figure-ground
segmentation in prior literatures. For convenience, we will
continue to use this terminology in this paper. However, it
must be emphasized that the “background” in our test im-
ages has a more general meaning than a trivial segment of
homogenous intensity, random noise, or uniform texture as
assumed in most prior literatures. Actually, the background
segment may contain many other salient structures that are
not as salient as the one shown by the foreground segment.

The following considerations make this benchmark more
appropriate for image-segmentation evaluation. First, the
figure-ground segmentation is a much better defined prob-
lem than the general-purpose segmentation. As shown in
Fig. 1, for the figure-ground segmentation, human percep-
tion can produce an unambiguous ground truth on many nat-
ural images. By collecting only such images into the bench-
mark, we can construct a unique unambiguous ground-truth
segmentation for each image. Second, in the figure-ground
segmentation, an image is always partitioned into two seg-
ments. This property, together with the uniquely-defined
ground truth, facilitates the definition of segmentation-
performance measures that are more robust and objective
than the GCE and LCE measures adopted in Berkeley
benchmark. Third, the figure-ground segmentation can be
regarded as a special case of the general-purpose segmen-
tation. Therefore, given the fact that there are still no good
solutions to figure-ground segmentation, we believe it may
be too early to evaluate the general-purpose segmentation
where the unique ground truth is not available. Finally, the
performance on the figure-ground segmentation, to some
extent, reflects the performance on the general-purpose seg-
mentation, because, if one method can perform well in seg-
menting the most salient structure from an image, then it
can be applied iteratively to the same image to extract multi-

ple structures to accomplish the general-purpose image seg-
mentation.

(b) (c)

(d) (e) (f)

(a)

Figure 1. The figure-ground segmentation is usually better defined
than the general-purpose segmentation: (a) a sample image. (b)
The unambiguous ground truth in the figure-ground segmentation.
(c-f) Four different ground-truth segmentations produced by dif-
ferent people in the general-purpose segmentation.

We need to address two important problems in apply-
ing this benchmark to evaluate various image-segmentation
methods. First, most available image-segmentation meth-
ods are not specifically designed to produce a figure-ground
segmentation. For example, many of them partition the in-
put image into a set of disjoint segments, from which the
foreground and background are usually not specified. Sec-
ond, many real images contain multiple salient structures
and in some images, and the most salient structure may not
be unambiguous defined. Although we intentionally collect
only the images with unambiguous most salient structures
to construct the proposed benchmark, we expect that the
images with multiple choices of salient structures can also
be included and evaluated. In this paper, we introduce two
special strategies in Section 3 to address these two impor-
tant problems.

2. Benchmark Construction

In this section, we introduce the two basic components of
the proposed segmentation benchmark: test-image database
and the segmentation-performance measure.

2.1. Test-Image Database

As the first stage of the benchmark construction, we col-
lected 1023 real natural images from internet, digital pho-
tos, and some well-known image databases. We carefully
examined each image before including it into the database.
A particular requirement is that each image contains a sin-
gle most salient foreground structure that is unambiguous in
human visual perception. This way, the ground-truth seg-
mentation can be easily constructed by manually extracting
the closed boundary of this salient structure. To make this
benchmark suitable for evaluating a large variety of image-
segmentation methods, color information is removed, and
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all the images are unified to 256-bit gray-scale images in
PGM format, with a size in the range of 80×80 to 200×200.

We hired two computer-science undergraduate students
to build this test-image database. They use the following
strategy to decide whether to include an image into the
database. First, both of them look at the considered image
and select the most salient structure independently. Second,
if both of them select the same structure without any reser-
vation, this image will be included into the database. Other-
wise, if they choose different salient structures or any one of
them has reservations in determining the most salient struc-
ture, this image will not be included. After one image is de-
cided to be included into the database, they work together to
construct a single ground-truth segmentation by extracting
the closed boundary of the identified salient structure.

Figure 2. Nine sample images in our image database and the
ground truth produced manually.

Figure 2 demonstrates several sample images and their
ground-truth segmentations in the current image database.
Note that we intentionally collect images with various fore-
ground structures, such as human, animal, vehicle, build-
ing, etc., and various backgrounds. Also note that, in the
collected images, the most salient structure may not be the
only structure in the image, and the background may con-
tain some structures that are not as perceptually salient as

the foreground one. Certainly, the decision made by these
two students may not always be psychophysically consis-
tent with other people, i.e., some collected images, when
presented to other viewers, may still result in a different
foreground structure. In Section 3, we will develop a spe-
cial strategy to handle this problem. With this special strat-
egy, an image with multiple salient structures, from which
the most salient one may not be unambiguously defined,
can still be evaluated and the only requirement is that one
of the salient structures is labelled as the ground truth. We
believe the ground truths constructed by these two students
well satisfy this lower requirement.

2.2. Performance Measure

Under the figure-ground assumption, we expect an
image-segmentation method to produce only two segments:
one for the foreground and the other for the background.
While the ground-truth segmentation is also a figure-ground
bipartition of this image, the segmentation performance can
be measured by the coincidence between the segmentation
result and the ground truth. The basic performance measure
we implement for this benchmark is based on the region
coincidence. Let the region A be the ground-truth fore-
ground structure and the segment R be the detected fore-
ground structure, we define the region-based segmentation
accuracy as

P (R;A) =
|A ∩ R|
|A ∪ R| =

|A ∩ R|
|A| + |R| − |A ∩ R| , (1)

where | · | is the operation of computing the segment area.
Different from the region-coincidence-based GCE and LCE
measures used in Berkeley benchmark, this measure has no
bias to the segmentations that produces overly large or small
number of segments. The numerator, |A∩R|, measures how
much the ground-truth structure is detected. The denomi-
nator, |A ∪ R|, is a normalization factor which normalizes
the accuracy measure to the range of [0, 1]. With this nor-
malization factor, the accuracy measure penalizes the error
of detecting irrelevant regions as the foreground segments
(false positives). It is easy to see that this region-based
measure is insensitive to small variations in the ground-truth
construction and incorporates the accuracy and recall mea-
surement into one unified function.

3. Segmentation-Evaluation Strategies

Based on the above benchmark, we evaluate the fol-
lowing six image-segmentation methods: (1) Normalized-
cut method (NC) [19] implemented by Shi and Malik
[5]; (2) Efficient graph-based method (EG) [16] imple-
mented by Felzenszwalb and Huttenlocher [9]; (3) Mean-
shift method (MS) [3] implemented by Comaniciu and
Meer [4]; (4) Level-set method (LS) [17] implemented by
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Fan [8]; (5) Ratio-contour method (RC) [20] implemented
by Wang et al. [21]; (6) A trivial uniform-partition method
(UP) without considering any image features.

We choose the non-trivial methods of NC, EG, MS, LS,
and RC based on three considerations: (a) They well rep-
resent different categories of image-segmentation methods,
(b) all of them are relatively new methods and/or implemen-
tations that well represent the current state of the art of the
general-purpose image segmentation, and (c) the softwares
of these five methods are publicly available. The trivial
method of UP is also included because we want to investi-
gate to what extent the state-of-the-art image-segmentation
methods, such as NC, EG, MS, LS, and RC, outperform the
trivial segmentation method.

To evaluate segmentation using this benchmark, the most
desirable form of segmentation output is certainly a figure-
ground-style segmentation, i.e., the image is partitioned into
two segments with one as the foreground and the other as
the background. In this case, we can directly measure the
segmentation accuracy using Eq. (1). However, different
image-segmentation methods generate segmentation results
in different forms. Among the above six selected methods,
LS and RC produce figure-ground segmentations and there-
fore, we may directly apply Eq. (1) to evaluate their perfor-
mance on each image. Note that the foreground segment
produced by LS may not be a single connected one, be-
cause LS does not preserve the foreground topology. NC,
EG, MS, and UP partition an image into a set of disjoint
segments without labelling the foreground and background.
Consequently, we need to develop new strategies so that
they can be fairly and convincingly evaluated in the bench-
mark.

3.1. Strategy 1 for Estimating an Upper-Bound Per-
formance

Many image-segmentation methods can produce a small
set of candidate foreground segments R1, R2, . . . , Rk,
which may or may not overlap with each other. For exam-
ple, we can repeat RC on the input image to obtain multiple
candidates of the most salient structure. Since we do not
know which one of them should be used to evaluate against
ground truth, we define the segmentation accuracy by

P1(R1, R2, . . . , Rk;A)

= max
{ |A ∩ Ri|
|A ∪ Ri| , i = 1, 2, . . . , k

}
(2)

where A is the ground-truth foreground segment. We can
see that Eq. (2) is essentially an upper-bound performance
because it can be achieved only when an ideal postprocess-
ing step helps pick the best candidate from R1, R2, . . . , Rk.
In real application, more cues or knowledge of the desir-
able structure may or may not be available to implement

this postprocessing. Note that the identified candidate fore-
ground segments R1, R2, . . . , Rk may overlap with each
other.

This strategy is particularly useful in addressing an im-
portant problem mentioned in Section 1: Many real images
contain multiple salient structures in which the most salient
one may not be unambiguously defined from the human
perception. Using this strategy, we can still include such
images into the database and simply label one salient struc-
ture to construct the ground truth. In evaluating an image-
segmentation method, we can iteratively apply it to produce
a set of candidates of the foreground structure. Specifically,
we can repeat the segmentation process more times than the
number of salient structures in the images, then we evaluate
the performance of each candidate using this strategy and
find the best-performed candidate. The basic assumption
underlying this evaluation strategy is that a good segmen-
tation method should be able to detect a specified salient
structure in an image after a finite number of iterations even
if this image contains multiple salient structures.

3.2. Strategy 2 for Estimating an Upper-Bound Per-
formance

Many available image-segmentation methods, such as
NC, EG, MS, and UP, partition an image into a set of dis-
joint segments {R1, R2, . . . , Rn}, where Ri ∩ Rj = ∅ for
i �= j, and ∪n

i=1Ri = Ω, the whole image. In this case, the
ground-truth foreground segment usually corresponds to a
subset of these disjoint segments. To evaluate these meth-
ods in our benchmark, we find a best possible combination
of a subset of the segments Ri, i = 1, 2, . . . , n to construct a
figure-ground segmentation. In this paper, we simply count
a segment Ri into the foreground R if it has more than 50
percent overlap with the ground-truth foreground A in terms
of the area, i.e.,

R =
⋃

i:ρ(Ri,A)>0.5

Ri.

where

ρ(Ri, A) = max
{ |Ri ∩ A|

|Ri| ,
|Ri ∩ A|

|A|
}

.

From the resulting foreground R, we define the perfor-
mance measure P2(R1, R2, . . . , Rn;A) as P (R;A) given
in Eq. (1). An example of performance evaluation using
this strategy is illustrated in Fig. 3.

We can see that, just like Strategy 1, Strategy 2 also pro-
vides an upper-bound of the segmentation performance by
assuming a postprocessing step of identifying and merging
some segments to form the foreground. Note that these two
upper-bound performances may not be achieved or even ap-
proached in real applications, where the ground truth is not
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(a) (b) (c)

Figure 3. An illustration of Strategy 2: (a) an image-segmentation
result; (b) the boundary of the ground-truth segmentation (the
thick curve) overlapped on the segmentation result; (c) the figure-
ground segmentation (the thick curve) derived using Strategy 2.

a priori known. However, the postprocessing steps required
by these two strategies are of different complexity. Picking
the best candidate, required in Strategy 1, is essentially a
verification problem with linear number of choices, while
region merging required in Strategy 2 has an exponential
number of choices. Therefore, we believe the upper-bound
performance obtained using Strategy 1 is more likely to be
achieved than the one obtained using Strategy 2. For exam-
ple, the upper-bound performance calculated using Strat-
egy 2 is useful only when the total number of segments, n,
is small. Considering the extreme case that each pixel is
partitioned as a segment, the upper-bound performance ob-
tained using Strategy 2 is a meaningless value of 100 per-
cent, which is similar to the GCE and LCE measures devel-
oped in Berkeley benchmark. But the difference is that GCE
and LCE also result in meaningless high accuracy when too
fewer segments are produced, such as the case where the
whole image is partitioned as a single segment. In this pa-
per, we always set the segmentation parameters to produce a
reasonably small number of segments when applying these
two strategies.

4. Evaluation Results

4.1. Performance Comparison

We first compare the average performance of different
image-segmentation methods. To make a fair comparison,
we measure the average performance when 1023 testing im-
ages are segmented into the same number of segments. Ta-
ble 1 shows the average upper-bound performance P̄2 (us-
ing Strategy 2) of NC, EG, MS, and UP in terms of the
number of produced segments. For EG and MS, the num-
ber of produced segments are controlled by the parameter S,
the minimum allowed segment area. Therefore, we continu-
ously vary S to achieve segmentation with different number
of segments. The average upper-bound performance P̄1 (us-
ing Strategy 1) of RC in terms of the number of iterations is
shown in Table 2. For LS, the implementation used in our
evaluation has many parameters and it is very difficult to
achieve multiple candidate foreground structures or a spec-
ified number of disjoint segments. Therefore, the default
parameters of the LS implementation [8] are used in evalu-

ation, and the average performance of LS is 0.33. For NC,
EG, and MS, their implementations contain other parame-
ters besides the number of regions. In our evaluation, we fix
the number of regions but vary the other parameters to get
the best performance on each image.

# segments NC EG MS UP

2 0.39 0.28 0.32 0.27
5 0.58 0.52 0.46 0.30

10 0.70 0.65 0.57 0.42
20 0.78 0.76 0.66 0.54
40 0.82 0.83 0.71 0.64
80 0.85 0.87 0.73 0.72

160 0.88 0.89 0.76 0.79
320 0.89 0.89 0.77 0.84

Table 1. Comparison of the average upper-bound performance P̄2

of NC, EG, MS, and UP.

Iterations 1 2 3 4 5 6
Performance 0.4 0.50 0.53 0.55 0.57 0.58

Iterations 7 8 10 12 16 20
Performance 0.59 0.59 0.60 0.61 0.62 0.62

Table 2. The average upper-bound performance P̄1 of RC in terms
of the number of iterations.

From Tables 1 and 2, we can see that the average upper-
bound performance of the three non-trivial methods — NC,
EG, and MS — are better than that of the trivial UP, when
a relatively small number of segments are produced. When
an image is segmented into more than 80 segments, the av-
erage upper-bound performance of the NC, EG, and MS
methods are close to that of UP. In addition, with the in-
crease of image segments, the upper-bound performance
becomes much more difficult to reach through region merg-
ing or best-candidate selection. From this perspective, the
upper-bound performance derived from over-segmentation
(≥ 160 segments) is largely meaningless.

Table 1 also suggests the choices of the segmentation pa-
rameters. It shows that, for the collected 1023 images, NC,
EG, and MS all get close to their respective limits of the
upper-bound performance when images are segmented into
around 80 segments, i.e., segmenting images into more than
80 segments cannot noticeably increase the upper-bound
performance any more even using the proposed two strate-
gies. With less than 80 segments, we can also see both NC,
EG, and MS have an upper-bound performance better than
UP. Particularly, around 40 segments are expected to be the
target for NC, EG, and MS. This table shows that the appro-
priate range of the number of resulting segments is 10−80.

From Table 1, we can surely draw the conclusion that
even this simplified figure-ground segmentation is still far
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from being solved with the state-of-the-art segmentation
methods. Note that the performances in Table 1 are still
some kind of upper bounds that are usually difficult to reach
in real applications. Also be reminded that these 1023
images are carefully examined beforehand so that human
visual system is able to unambiguously extract the single
ground-truth foreground structure. We believe that, only af-
ter knowing how to solve this simplified yet well-defined
figure-ground segmentation, can we make real progress
on general-purpose image segmentation, where the ground
truth may not be well defined. Additionally, an effec-
tive figure-ground segmentation method itself can facili-
tate many important computer-vision applications, such as
content-based image retrieval.

To compare the relative performance of different image
segmentation methods, we also count the number of images
on which one method outperforms the others. For exam-
ple, if NC achieves the best performance on an image Ij

among all the methods, we consider NC the winner on Ij .
We then count the number of winning images of each seg-
mentation method and show the result in Table 3. Note that
Strategy 2 is used for NC, EG, UP and MS and Strategy 1
is used for RC. In this table, RC is compared to the other
five by setting different RC iterations. As discussed before,
we only include LS for comparison when two segments are
produced.

K NC EG MS UP RC LS

2(1) 197 86 144 42 394 160
5(2) 285 232 194 56 256 NA
10(4) 361 258 218 38 148 NA
20(8) 336 351 242 15 79 NA
40(16) 264 446 265 6 42 NA

Table 3. The number of winning times of each method. In the
table, K is the number of produced segments for NC, EG, MS,
and UP (or the number of iterations for RC and LS).

From Tables 1 and 3, we can also see that the trivial UP
has the worse average upper-bound performance. When two
segments are produced, RC wins more times than the other
methods. When targeting for more than 20 segments, EG
wins more times than the other methods. Since the average
upper-bound performance of EG is very close to that of NC,
it indicates that EG wins only marginally on most images.
Basically, for the NC, EG, and MS methods, there is no
strong evidence (based on Table 1 and Table 3) showing
that one specific method is apparently superior to the others;
in fact, their average (upper-bound) performances are very
close.

Several other reasons prohibit us from ranking the five
non-trivial segmentation methods: (a) Most performances
listed here are estimations of upper bounds; whether we can

reach or approach the upper bounds largely depends on spe-
cific applications. (b) Many methods are not especially de-
veloped for figure-ground segmentation; their performance
may still be significantly improved if they are tuned to the
figure-ground segmentation. (c) We use two different strate-
gies in comparing the upper-bound performance of differ-
ent methods. These two strategy have different complex-
ity. Strategy 1 used in RC is basically a verification process
with linear-complexity search space. For the Strategy 2, a
region merging postprocessing is required to find a figure-
ground segmentation; clearly, the search space is of expo-
nential size in terms of the number of segments, and there-
fore, the upper-bound performance obtained by Strategy 2
is usually more difficult to reach than the one obtained by
Strategy 1.

4.2. Combination of Image Segmentation Methods

Besides evaluating and comparing the performance of in-
dividual image-segmentation method, it is also important to
know whether and how these methods are statistically re-
lated. If these six methods can complement each other, then
it would be worthwhile for researchers to further investi-
gate ways to boost the performance by combining them.
To better understand the correlation of these methods, we
introduce a virtual method, which automatically picks the
best method (out of the selected six ones) for each individ-
ual image. We name this virtual method as the combined
method and its performance as the combined performance.
This combined performance indicates the best performance
we can get by “ideally” combining these six methods.

In combining the above six methods, we specify the the
number of resulting segments for NC, EG, MS, and UP and
the number of iterations for RC, as discussed above. For
LS, we only consider the case where two segments are pro-
duced. In Figure 4, we illustrate the segmentation perfor-
mance using the cumulative-performance histogram curve
p(x) : [0, 1] → [0, 1] (or performance curve in short), which
describes the (upper-bound) performance distribution on all
1023 images. A specific point (x, p(x)) on the curve indi-
cates that 100 · x percent of the images are segmented with
an accuracy lower than p(x). Equivalently, this also means
that 100 · (1− x) percent of the images are segmented with
an accuracy higher than p(x). Clearly, the higher a perfor-
mance curve in the Cartesian coordinate system, the better
the performance of the corresponding segmentation method
and of the parameters setting. Note that, the performance
(or the accuracy) shown in this figure is the upper-bound
performance estimated using the proposed two strategies
when an image is segmented more than two segments.

Figure 4 (a-d) shows the upper-bound performance of the
combined method when the resulting segments for NC, EG,
MS, and UP are set to 2, 5, 10, and 20, respectively and
the number of iterations for RC is set to 1, 2, 4, 8, corre-
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spondingly. We can see that the performance of this “ideal”
combined method is substantially better than that of each in-
dividual method when two segments are produced, but only
slightly better when 20 segments are produced. The results
in Figure 4 indicate that the combination of different image-
segmentation methods cannot significantly boost the seg-
mentation performance when images are over-segmented.

To summarize, we have the following observations and
conclusions on the performance-evaluation experiments.

1. The figure-ground segmentation is still far from a
solved problem with the state-of-the-art segmentation
methods. When two segments are produced in each
image, the performances of the five tested non-trivial
methods are low and are very close.

2. When more than two segments are produced, the aver-
age (upper-bound) performances of the NC, EG, and
MS are very similar. The performance differences
among them are marginal and there is no obvious win-
ner. All of them produce much better performance than
the trivial UP when the number of produced segments
in an image is no more than 80.

3. The experimental results provide useful information
on selecting appropriate parameters for each method.
For RC, more iterations can significantly improve the
upper-bound performance, and 10 iterations is an ap-
propriate setting. For NC, EG, and MS, the target num-
ber of segments should be in the range of 10−80, with
40 being an expected number.

4. When fewer segments are produced, a combination
of different image segmentation methods may im-
prove the performance. With the increase of the num-
ber of image segments, the performance gain resulted
from combining these methods decreases. Particu-
larly, when images are segmented into 20 or more re-
gions, the performance of the combined method is only
marginally better than that of the EG and NC.

5. Conclusions

In this paper, we presented a new benchmark for evaluat-
ing image segmentation. The major contribution is the con-
struction of a benchmark for image segmentation evalua-
tion with an assumption of figure-ground segmentation, i.e.,
identifying the single most perceptually salient structure
from an image. We presented two special strategies to han-
dle two important problems in using this benchmark: (a) the
most salient structures in an image may not be unique or un-
ambiguous; (b) many available image-segmentation meth-
ods do not directly produce figure-ground-style segmenta-
tions. In this benchmark, the image-segmentation problem

is better defined while the test-image collection and ground-
truth construction can still be easily and unambiguously
achieved. Currently, we have collected 1023 natural images
for this benchmark. We applied this benchmark to evaluate
the performance of five state-of-the-art image-segmentation
methods. The results clearly show that this figure-ground
segmentation problem is still far from well solved. While
this figure-ground segmentation can be treated as a simpli-
fied yet better-defined case of the general-purpose segmen-
tation, we expect that this benchmark sets a more realistic
goal to image-segmentation researchers.
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