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ABSTRACT

In this work, we introduce a new fusion model whose ob-

jective is to fuse multiple region-based segmentation maps to

get a final better segmentation result. This new fusion model

is based on an energy function originated from the global

consistency error (GCE), a perceptual measure which takes

into account the inherent multiscale nature of an image seg-

mentation by measuring the level of refinement existing be-

tween two spatial partitions. Combined with a region merg-

ing/splitting prior, this new energy-based fusion model of la-

bel fields allows to define an interesting penalized likelihood

estimation procedure based on the global consistency error

criterion with which the fusion of basic, rapidly-computed

segmentation results appears as a relevant alternative com-

pared with other segmentation techniques proposed in the im-

age segmentation field. The performance of our fusion model

was evaluated on the Berkeley dataset including various seg-

mentations given by humans.

Index Terms— Color textured image segmentation, com-

bination of multiple segmentations, global consistency error.

1. INTRODUCTION

Combining multiple, quickly estimated (and eventually weak)

segmentation maps of the same image to obtain a final refined

segmentation has become a promising approach, over the last

few years, to efficiently solve the non-trivial problem of un-

supervised segmentation of textured natural images.

This approach has been first proposed in [1] with a con-

straint specifying that all input segmentations (to be fused)

must be composed of the same regions number and soon af-

ter, without this specific constraint, with an arbitrary num-

ber of regions, in [2] and combining the individual putative

segmentations which minimizes the within-point scatter of

each cluster members. This fusion of segmentations can also

be carried out according to the probabilistic version of the

well-known Rand [3] index (PRI) criterion [4] or according

to the evidence accumulation sense [5], Finally, we can also

mention the fusion scheme proposed in [6] in the optimal or

maximum-margin hyperplane (between classes) sense or the

recent Bayesian fusion procedure for satellite image segmen-

tation proposed in [7] in which the class labels obtained from

different segmentation maps are fused by the weights of evi-

dence model.

The fusion model, introduced in this work, is based on the

global consistency error (GCE) measure. This graph Theory

based measure has been designed to directly take into account

the following interesting observation: segmentations pro-

duced by experts are generally used as a reference or ground

truths for benchmarking segmentations performed by various

algorithms (especially for natural images), and even though

different people propose different segmentations for the same

image, the proposed segmentations differ, essentially, only in

the local refinement of regions. In spite of these variabilities,

these different segmentations should be interpreted as being

consistent, considering that they can express the same image

segmented at different levels of detail and, to a certain ex-

tend, the GCE measure is designed to take into account this

inherent multiscale property of any segmentations made by

humans. In our fusion model, this GCE measure, which has

thus a perceptual and physical meaning, is herein adopted and

tested as a new consensus-based likelihood energy function

of a fusion model of multiple weak segmentations.

2. PROPOSED FUSION MODEL

2.1. The GCE Measure

In our fusion model we use the global consistency error

(GCE) [8] criterion which measures the extent to which one

segmentation map can be viewed as a refinement of another

segmentation. It was recently proposed in image segmenta-

tion [9] as a quantitative and interesting metric to compare

machine segmentations of an image database to their respec-

tive manually segmented images given by human experts.

Formally, let S t = {C t
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sured and the manually segmented image and Rt being the

number of segments or regions (C) in S t and Rg the number

of regions in Sg. We consider, for a particular pixel pi, the

segments in S t and Sg including this pixel. We denote these

segments by C t
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respectively. If one segment is



a subset of the other, so the pixel is practically included in the

refinement area, and the local error should be equal to zero.

If there is no subset relationship, then the two regions overlap

in an inconsistent way and the local error ought be different

from zero [8]. The local refinement error (LRE) is therefore

denoted at pixel pi as:

LRE(S t, Sg, pi) =
|C t

<pi>
\Cg

<pi>|

|C t
<pi>|

(1)

where \ represents the set differencing operator and |C| the

cardinality of the set of pixels C. As noticed in [8], this seg-

mentation error measure is not symmetric and encodes a mea-

sure of refinement in only one sense. A possible and natural

way to combine the LRE at each pixel into a measure for the

whole image is the so-called global consistency error (GCE)

which constraints all local refinement to be in the same sense

in the following way:

GCE(S t, Sg) =

1

n
min

{
n∑

i=1

LRE(S t, Sg, pi),
n∑

i=1

LRE(Sg, S t, pi)

}
(2)

where n is the number of pixels pi within the image. This

segmentation error, based on the GCE, is a metric whose val-

ues belong to the interval [0, 1]. A measure of 0 expressed

that there is a perfect match between the two segmentations,

and an error of 1 represents a maximum difference between

the two segmentations to be compared.

Although a fundamental problem with the GCE measure

is that there are two degenerate segmentation cases that give

an aberrantly high score value [8]. These two degenerative

segmentations are the two following trivial cases; one pixel

per region and one region covering the whole image. The

former is, in fact, a detailed refinement of any segmentation,

and any segmentation is a refined improvement of the latter.

In our application, in order to be able to define an energy-

based fusion model, avoiding the two above-mentioned de-

generate segmentation cases, and for which a reliable consen-

sus or compromise resulting segmentation map would be so-

lution, via an optimization scheme (see Section 2.2), we have

replaced the minimum operator in the GCE by the average

operator:

GCE�(S t, Sg) =

1

2n

{
n∑

i=1

LRE(S t, Sg, pi) +
n∑

i=1

LRE(Sg, S t, pi)

}
(3)

Let us finally mention that, as already said, the GCE met-

ric is a measure tolerant to the intrinsic variability existing

between possible interpretations of an image by different hu-

man observers. As proposed in [9], this variability can simply

be taken into account by estimating the mean GCE value, or,

in our case, by estimating the mean GCE� value. More pre-

cisely, let us assume a set of L manually segmented images

Fig. 1. From left to right; Input image, chosen from the

Berkeley image dataset, Results of K-means clustering for

the segmentation model (presented in Section 3.1) and final

segmentation given by our fusion model.
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L} related to a same scene. Let

S t be the segmentation to be compared with the manually la-

beled set, the mean GCE� measure is thus given by:

GCE�
(
S t, {Sg

k}k≤L

)
=

1

L

L∑
k=1

GCE� (S t, S
g
k) (4)

2.2. Penalized Likelihood Based Fusion Model

Let us assume now that we have an ensemble of L (differ-

ent) segmentations {Sk}k≤L = {S1, S2, . . . , SL} of the same

scene to be combined with the goal of providing a final im-

proved segmentation result Ŝ. A classic strategy for finding a

segmentation result Ŝ, which would be a consensus or com-

promise of {Sk}k≤L consists in designing an energy-based

model generating a segmentation solution which is as close as

possible (with the GCE� considered distance) to all the other

segmentations, since this measure, contrary to the GCE mea-

sure, is not degenerate. This optimization-based approach is

sometimes referred to as the median partition [10] approach

with respect to both the segmentation ensemble {Sk}k≤L and

the (GCE
�

in our case) criterion. In this framework, if Sn

designates the set of all possible segmentations using n pix-

els, the consensus segmentation ŜGCE
� (optimal in the GCE�

sense) is then straightforwardly defined as the minimizer of

the GCE
�

function:

ŜGCE
� = arg min

S∈Sn

GCE
�(
S, {Sk}k≤L

)
(5)

However, the problem of image segmentation remains an ill-

posed problem, providing different solutions regarding to the

multiple possible values of the number of regions, which is

a priori unknown.1 To make this problem a well-posed

problem, characterized by a unique solution, it is essential

to add some constraints on the segmentation process, favor-

ing merging regions or conversely, splitting existing regions.

Analytically, this requires to recast our likelihood estimation

1Different human experts can segment the same image at different levels

of detail.



problem of the consensus segmentation in the penalized like-

lihood framework by adding, to the simple (likelihood) fusion

model [see (5)], a regularization term, allowing to integrate

knowledge about the types of resulting fused segmentations,

a priori considered as acceptable solutions. In our case, we

search to estimate a resulting segmentation map providing a

reasonable number of segments or regions. In this optic, an

interesting global prior, derived from the information theory,

is the following region-based regularization term:

EReg

(
S = {Ck}k≤R

)
=

∣∣∣∣−
R∑

k=1

[
|Ck|

n
log

|Ck|

n

]
−R

∣∣∣∣ (6)

where we remind that R denotes the number of regions in the

segmentation map S, n and |Ck| are respectively the num-

ber of pixels within the image and the number of pixels in

the k-th region Ck of the segmentation map S. R is an in-

ternal parameter of our regularization term that defines the

mean entropy of the a priori defined acceptable segmentation

solutions. This penalty term favors merging if the current seg-

mentation solution has an entropy greater than R (i.e., in the

case of an over-segmentation) and favors splitting in the con-

trary case. Finally, with this regularization term, a penalized

likelihood solution of our fusion model is thus given by:

ŜGCE
�
β

= arg min
S∈Sn

{
GCE

�(
S, {Sk}k≤L

)
+ β EReg(S)

}
= arg min

S∈Sn

GCE
�

β

(
S, {Sk}k≤L

)
(7)

with β allowing to weight the related contribution of the re-

gion splitting/merging argument in our energy-based fusion

model.

2.3. Optimization of the Fusion Model

In our case, this optimization problem is difficult to solve,

mainly because (among other things) we are not able to ex-

press (for this GCE
�

criterion) the local decrease in the energy

function for a new label assignment at pixel pi. Neverthe-

less, we can adopt the general optimization strategy proposed

in [11], in which the optimization is based on the ensemble

of superpixels belonging in {Sk}k≤L, i.e., the ensemble of

segments or regions provided by each individual segmenta-

tions to be fused. This approach has also other crucial advan-

tages. First, by considering this set of superpixels, as being

the atomic elements that make up the consensus segmenta-

tion (instead of the set of pixels), we considerably decrease

the computational complexity of the consensus segmentation

process. Second, it is also quite reasonable to think that,

if individually, each segmentation (to be fused) might give

some poor results of segmentation for some sub-parts of the

image (i.e., bad regions or superpixels) and also conversely

good segmented regions (or superpixels) for other sub-parts

of the image, the superpixel ensemble created from {Sk}k≤L

is likely to contain the different individual pieces of regions or

right segments belonging to the optimal consensus segmen-

tation solution. In this semi-local optimization strategy, the

relaxation scheme is based on a variant of the iterative con-

ditional modes (ICM) [12] i.e., a Gauss-Seidel type process

which iteratively optimizes only one superpixel (in our strat-

egy) at a time without considering the effect on other super-

pixels (until convergence is achieved).

3. EXPERIMENTAL RESULTS

3.1. Initial Tests Setup

In all the tests, the evaluation of our fusion scheme [see

(7)] is presented for an ensemble of L = 60 segmentations

{Sk}k≤L with spatial partitions generated with the simple

K-means based segmentation technique associated with 12
different color spaces in order to ensure variability in the seg-

mentation ensemble. Those are; RGB, LAB, HSV YCbCr,

TSL, YIQ, XYZ, h123, P1P2, HSL, i123, LUV, and using as

features the set of values of the requantized color histogram

around the pixel to be classified.2

As initial test, we have evaluated the influence of pa-

rameter R [see (6)] on the generated solutions of segmenta-

tion. Fig. 2 indicates unambiguously that R can be clearly

interpreted as a regularization parameter of the final num-

ber of regions of our combination scheme; favoring under-

segmentation, for low values of R (and consequently penal-

izing small regions) or splitting, for great values of R. To

further test the regularization role of R in our fusion model,

we have also calculated the average regions number in each

image of the BSD300 as a function of the value of R. In

our case, the value for R = 4.2 (see Section 3.2) allows to

obtain 23 regions, on average, on the BSD300. This parame-

ter is interesting since the average regions number belonging

to the (training) set of human segmentation ensemble of the

BSD300 is around this value (see [9]).

Fig. 2. Example of segmentation solutions generated for dif-

ferent values of R (β = 0.01), from left to right, R =
{1.2, 2.2, 3.2, 4.2}, respectively segmentation map results

with 4, 12, 20, 22 regions.

2See [4] for a justification of these color spaces and for the histogram-

based features.



Table 1. Performance of several region-based segmenta-

tion algorithms (with or without a fusion model strategy)

for four different performance (or distance) measures: VoI,

GCE, BDE (lower is better), and PRI (higher is better) on the

BSD300.

ALGORITHMS ↓VoI ↓GCE ↓BDE ↑PRI

HUMANS 1.10 0.08 4.99 0.87

GCEBFM 2.10 0.19 8.73 0.80

FMBFM [11] 1.88 0.20 9.30 0.80

PRIF [4] 1.97 0.21 8.45 0.80

FCR [2] 2.30 0.21 8.99 0.79

CTM [9] 2.02 0.19 9.90 0.76

FH [13] (in [9]) 2.66 0.19 9.95 0.78

SCKM [14] 2.11 0.23 10.09 0.80

Mean-Shift (in [9]) 2.48 0.26 9.70 0.75

NCuts (in [9]) 2.93 0.22 9.60 0.72

gPb-owt-ucm [15] 1.65 - - 0.81

3.2. Performances and Comparison

In order to evaluate the performance of our fusion model (as

segmentation algorithm) we have evaluated it on the Berkeley

Segmentation Dataset (BSD300) [8] (with images normalized

to have the longest side equal to 320 pixels). To guarantee

the integrity of the benchmark results, the two control param-

eters of our segmentation algorithm [i.e., R and β, see (6)

(7)] are optimized on the training images of the BSDS300

by using a local search procedure on a discrete grid, on the

(hyper)parameter space and within a feasible range of param-

eter values (i.e., β ∈ [10−3 : 10−1] [step-size = 10−3] and

R ∈ [3 : 6] [step-size =0.2]. We have found that R = 4.2
and β = 10−2 are reliable hyper-parameters for our model

yielding a competitive PRI [3] score (PRI=0.80) among the

state of the art segmentation approaches existing in the lit-

erature. This PRI score (which is highly correlated with the

human visual system [9]) estimates, in fact, the percentage

of pixel pairs that are correctly segmented and a score equal

to PRI=0.80 more precisely means that, on average, 80 % of

label pairs are correctly segmented in the BSD300.

Also, in order to ensure an effective comparison with

other segmentation methods we have used the VoI measure

[16], the GCE [8] and the BDE [17] (see Table 1) (the lower

distance is better). The results show that our method provides

a competitive result for some other metrics based on different

criteria and comparatively to state-of-the arts. Moreover, we

can observe (see Fig. 3) that the PRI, VoI, BDE, GCE per-

formance scores are better when L (the segmentation number

to be merged) is high. This test shows the validity and the

potentiality of our fusion procedure and demonstrates also

that our performance scores are perfectible if the segmenta-

tion ensemble is completed by other (and complementary)

segmentation maps of the same image. Also, we present in
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Fig. 3. Progression of the PRI and the VoI metrics accord-

ing to the segmentations number (L) to be fused for our

GCEBFM algorithm. Precisely, for L = 1, 5, ..., 60 seg-

mentations (by considering first, one K-means segmentation

(according to the RGB color space) and then by considering

five segmentation for each color space and 1, 2, . . . , 12 color

spaces).

Fig. 4. Example of segmentations obtained by our algorithm

GCEBFM on several images of the Berkeley image dataset.

Fig. 4 four segmentations obtained by our algorithm. Finally,

in term of execution time, the overall segmentation scheme

takes, on average, 2 minutes for an Athlon-AMD 64-Proc-

3500+, 2.2 GHz, 4422.40 bogomips and non-optimized code

running on Linux.

4. CONCLUSION

In this work, we have introduced an efficient fusion model

whose objective is to fuse multiple segmentation maps to pro-

vide a final improved segmentation result, in the (perceptual)

global consistency error sense. In order to overcome the in-

herent ill-posed nature of the segmentation problem, we have

re-cast the estimation problem of the consensus segmentation

in the penalized likelihood framework by adding to this fu-

sion model, a merging entropy-based regularization term al-

lowing to incorporate knowledge about the types of resulting

fused segmentations, a priori considered as acceptable solu-

tions. This penalized likelihood estimation procedure remains

simple to implement, efficient in terms of various criteria, per-

fectible (by incrementing the number of segmentations to be

fused), robust to outliers and is also general enough to be ap-

plied to different other problems dealing with label fields.
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