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Abstract
Estimating and visualizing uncertainty in medical image segmentation has become an active research area due to
the necessity of making medical experts aware of possibly wrong segmentation decisions. Still, to our knowledge
all these methods are based on a single choice of the underlying segmentation approach. Segmentation using an
ensemble of classifiers (or committee machine) use multiple classifiers to increase the performance when com-
pared to applying a single classifier. In this paper, we propose methods to estimate uncertainties in segmentations
produced by ensembles of classifiers. We investigate and compare the different combining strategies of the seg-
mentation results of the ensemble members from an uncertainty point of view. We discuss why some combining
strategies tend to perform better than others. Also, we visualize the estimated uncertainties using a color mapping
in image space and propose a post-segmentations correction step to reclassify the noisy pixels in the final result
based on the statistical uncertainty.

1. Introduction

In pattern recognition and machine learning, several stud-
ies confirmed the concept that combining the results of
multiple classifiers can yields more reliable and accurate
results when compared to the results of individual classi-
fiers [KHDM98, Sha99, Die00, Kun04, FJ05]. This concept
is known as committee machine, mixture of experts, or en-
semble of classifiers [Mig10]. An important aspect of such
an ensemble of classifiers is the diversity, i.e., that the com-
plementary information of the individual classifiers can im-
prove the final result when combining them. Hence, the indi-
vidual classifiers are allowed to produce errors, but in order
to be able to correct them, different classifiers shall not pro-
duce the same errors. Diversity can be achieved in multiple
ways: Several instances of the same algorithm can be ap-
plied on different subsets of the input data or on the same
data but initialized using different parameter values. Diver-
sity can also be achieved using different data representations
(e.g., the same input image is represented in different color
spaces) or using different algorithms with diverse behaviors
on the input data [FJ05,Mig10]. In the context of combining
the members of the ensemble of classifiers, there are sev-
eral combining rules proposed in the literature. Examples of
these rules are majority votes, weighted majority votes, or

probability rules such as product, sum, maximum, minimum,
median, etc. There is no agreement on which rule would be
the best for all cases, neither a clear theoretical explanation
why certain rules are better than others for certain applica-
tions. In general, the concept of ensemble of classifiers was
mostly used in machine learning applications for supervised
classification.

In medical image analysis, the main focus of applying the
concept of ensembles of classifiers was to solve the medi-
cal image segmentation problem using collection of atlas-
based or human-rater segmentations. The ensembles of clas-
sifiers has been applied to estimate the performance level of
individual segmentation algorithms [WZW04, LvdHK∗10]
or to achieve more accurate segmentation results [RM05,
AMBdS09, APNY13].

Recently, many approaches have been presented to tackle
uncertainty estimation and visualization including a few
techniques in the context of medical image segmentation,
but they typically address the uncertainty associated with a
single segmentation approach [ATHL14, RPHL14, PGA13,
PRH10, SMH10]. These studies show the importance of
uncertainty-aware medical visualization in supporting the
analysis and decision-making process. To our knowledge,
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there is no known method to estimate and visualize the
uncertainty associated with ensemble-based image segmen-
tation, although applying several approaches to solve the
segmentation problem together is an important uncertainty
source. In the presence of new measures to estimate the
uncertainty associated with probabilistic image segmenta-
tions [ATHL14], we developed in this paper a new method to
estimate the uncertainties associated with the results of seg-
mentations from ensemble of classifiers. We compare dif-
ferent combining rules from an uncertainty point of view to
explain why some combining rules tend to perform better
than others. Also, we visualize the estimated uncertainties
using a color mapping in image space and propose a post-
segmentation correction step to re-classify erroneous pixels
in the final result.

The main contributions of this paper can be summarized
as: (1) Uncertainty estimation for segmentations from en-
sembles of classifiers and their numerical and visual assess-
ment. (2) Combining segmentation results from ensembles
of classifiers without given ground truth in form of atlases
or manual segmentations. (3) Segmentation correction based
on uncertainty estimation in segmentations from ensembles
of classifiers.

2. Related Work

In recent years, combining ensembles of classifiers in order
to improve their performance have witnessed a great atten-
tion by researchers across different fields to solve different
classification problems. Kittler et al. have reviewed the com-
bining rules and introduced a common theoretical frame-
work of these rules [KHDM98]. Dietterich has reviewed
the ensemble methods algorithms and explained from a sta-
tistical, computational, and representational point of views
why ensembles can often performs better than any individ-
ual classifier [Die00]. Mignotte introduced the probabilistic
Rand index (PRI) as combining strategy in a label field fu-
sion Baysian model for image segmentation [Mig10]. Fred
et al. have explored the idea of evidence accumulation for
combining the results of multiple clusterings using differ-
ent ways of producing data partitions in order to achieve
the diversity for more improvement [FJ05]. Recently, Paci
et al. proposed an ensemble-based texture classification sys-
tem [PNS13].

As image segmentation plays an essential role in any
medical visualization system, medical image segmentation
is the most addressed problem to be solved using the en-
sembles of classifiers concept in the biomedical field. Sev-
eral researchers exploited the concept of ensemble methods
to tackle the drawbacks of the individual segmentation ap-
proaches [RM05, AMBdS09] or to estimate the accuracy of
individual approaches [WZW04,LvdHK∗10]. Rohlfing et al.
proposed a multi-classifier framework for atlas-based im-
age segmentation. Images from several subjects have been
segmented using multiple individual atlases, or using one

atlas registered with different parameter settings for differ-
ent subjects. Then, the combining rules are used to produce
the final segmentation [RM05]. Warfield et al. presented the
STAPLE algorithm for the validation of image segmenta-
tion using a collection of segmentations produced by hu-
man raters or by automated segmentation algorithms. The
algorithm uses an expectation-maximization approach in an
iterative way to estimate a probabilistic ground truth. The
estimated ground truth is then used for performance assess-
ment of an automated image segmentation algorithm or for
performance comparison of human raters and the automated
algorithms [WZW04]. Langerak et al. have proposed the
SIMPLE algorithm as improvement to the STAPLE algo-
rithm by removing the segmentations with low accuracies
from the ensemble in each iteration [LvdHK∗10]. Wang et
al. proposed a classifier ensemble based on the performance
level estimation of the individual classifiers [WZH∗09]. Ar-
taechevarria et al. [AMBdS09] followed up on the idea by
Rohlfing et al. [RM05] in combining multi-atlas-based im-
age segmentation. They demonstrated that no fusion method
outperforms others for all the regions and the performance
of each method depends on the gray-level contrast charac-
teristics of the segmented region. While combining rules
that use local weights outperform global methods in seg-
menting high-contrast structures, the global techniques are
less sensitive to noise in regions with low contrast between
structures. Although these methods succeeded in improving
the performance of the individual classifiers or in building
probabilistic ground truth for accuracy level estimation, they
suffer from several drawbacks. As pointed out by Rohlfing
et al. [RM05] producing multiple atlases (also human rater
segmentations for STAPLE or SIMPLE) is time consuming
and tedious, such atlases are, in practice, not always avail-
able. Langerak et al. [LvdHK∗10] referred to the shortcom-
ing of atlas-based segmentation as being equivalent to the
segmentation by human expert. They also discussed two im-
portant drawbacks of using multiple atlases: the large com-
putational costs of the registration process and the shape
variance in the atlas ensemble that is not always similar to
that of the population from which the input image is drawn.
These drawbacks may lead to the fact that the ensemble
methods using atlas-based segmentations become impracti-
cal. Although Langerak et al. [LvdHK∗10] tried to reduce
the effects of these drawbacks by reducing the number of
atlases through atlas selection procedure, the problem could
not be solved completely.

In this paper, we combine the result of several unsuper-
vised classification-based segmentations of the same input
image using different segmentation approaches with accept-
able accuracies. We achieve the required diversity and re-
move the above-mentioned drawbacks, i.e., the requirement
for producing atlas-based or human-rater segmentations and
for establishing the registration process.

Recently, several approaches presented robust methods
to estimate and visualize the uncertainties associated with
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probabilistic segmentations. These studies show how the
methods can be useful for post-segmentation visual anal-
ysis and for decision-making support [ATHL14, RPHL14,
PGA13, PRH10, SMH10]. Saad et al. [SMH10] introduce
two-way and three-way interactive tools, which measure the
difference between the first and second largest and between
the second and third largest probabilities,respectively. These
tools are used to highlight the uncertainty regions in the
segmentation results. Praßni et al. [PRH10] use the proba-
bilistic segmentation result of a random walker algorithm.
After classifying the pixels into being certain or uncertain
based on some selected probability thresholds, they use the
gradient of the maximum probability of the uncertainty in-
formation to estimate the uncertain area at the boundary of
segments. The approaches by Potter et al. [PGA13] and Al-
-Taie et al. [ATHL14] use concepts from information the-
ory to estimate and visualize the uncertainty of a probabilis-
tic segmentation result. Ristovski et al. [RPHL14] present
a taxonomy to a wide range of uncertainty sources that en-
countered in the medical visualization pipeline. Yet, there
is no method to estimate the uncertainties associated with
ensemble of classifiers methods, although using several seg-
mentation approaches is considered an important uncertainty
source. In this paper, we exploit the recently developed un-
certainty measure by Al-Taie et al. [ATHL14] to estimate
the uncertainty associated with ensemble-based segmenta-
tions suitable for several combining rules. Furthermore, the
proposed method does not rely on ground truth.

3. Combining segmentation ensembles

In the context of probabilistic segmentation, the output asso-
ciated with each voxel x is the probability vector P(x) where
the ith entry Pi(x) of the vector denotes the probability that
voxel x belongs to the segment (or class) i out of C segments
(classes) such that ∑

C
i=1 Pi(x) = 1 (i.e., Pi(x) is the a pos-

teriori probability for class i). Traditionally, the maximum
a posteriori (MAP) Baysian principle is applied to obtain a
hard (crisp) classification from this "soft" output.

In the framework of combining the results of L classifiers,
some combining rules depend on the soft output (the a pos-
teriori probabilities) of the individual classifiers such as the
product, sum, max, min, and median rules, while other rules
depend on the label field (i.e., on the hard classification out-
put) such as the majority voting or the weighted majority
voting (see [KHDM98]).

For quick reference, we rewrite these rules as defined in
[KHDM98] here. To each pixel x, we assign the class that
maximizes the value of the argument of the corresponding
rule. Hence, we assign the following classes:

• Product Rule:

C
argmax

k=1
P(k)−(L−1)

L

∏
j=1

Pk j(x),

where P(k) is the a priori probability for class k, and Pk j
is the a posteriori probability for class k obtained by clas-
sifier j. An issue with the product rule is that we lose the
information in the product, if any of the probabilities has
the value zero. Because of this issue, the product rule is
not suitable for our purposes and we do not consider it
further.

• Sum Rule:

C
argmax

k=1

[
(1−L)P(k)+

L

∑
j=1

Pk j(x)
]

Under the assumption of equal priors, the sum rule can be
viewed as computing the average a posteriori probabilities
for each class over all the classifier outputs [KHDM98] as
follows:

C
argmax

k=1

1
L

L

∑
j=1

Pk j(x) (1)

Using the same assumption, Kittler et al. derived the
following max, min, median, and majority vote rules
[KHDM98].

• Max Rule:

C
argmax

k=1

L
max
j=1

Pk j(x) (2)

• Min and Median Rule: for min and median rules, the
maxL

j=1 operator in Equation 2 is replaced with the
minL

j=1 or the medL
j=1 operator, respectively.

• Majority Vote Rule: Applying the MAP Bayesian princi-
ple to the a posteriori probabilities Pk j produces a binary-
valued function ∆k j as

∆k j =

{
1 if Pk j(x) =

C
max
i=1

Pi j(x)

0 otherwise.

Then, under the assumption of equal priors, the majority
vote rule simply counts the votes received for each class
from the individual classifiers and selects as final decision
the class with the largest number of votes:

C
argmax

k=1

L

∑
j=1

∆k j

• Weighted Majority Vote Rule: Based on some assump-
tions, the individual classifiers are assigned different
weights (e.g., the accuracy level of the individual clas-
sifiers). In this case, the majority vote rule becomes a
weighted majority vote rule

C
argmax

k=1

L

∑
j=1

ω j∆k j,

where ω j is the weight assigned to classifier j.
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4. Uncertainty estimation for single classifier
segmentation

Recently, Al-Taie et al. [ATHL14] proposed several forms
of the normalized Kullback-Leibler divergence in addition
to the normalized total-variation divergence as measures to
estimate the uncertainty associated with the segmentation
result of the probabilistic segmentation. Yet (to our knowl-
edge), no known method is available to estimate the uncer-
tainties associated with the segmentation obtained by com-
bining ensemble of classifiers methods.

In this paper, we develop ways to estimate the uncer-
tainties associated with the segmentation result of ensemble
methods suitable for each of the above-mentioned combin-
ing rules. Our approach is based on producing probabilistic
ensemble segmentations for each combining rule and we ex-
ploiting the uncertainty measure by Al-Taie et al. [ATHL14]
to estimate the uncertainty associated with ensemble seg-
mentation methods. Throughout this paper, we used only the
second form of normalized Kullback-Leibler divergence un-
certainty measure as it has been reported to be the measure
with the best behavior among others in modeling the uncer-
tainty. For quick reference, we rewrite the second form here:
The uncertainty for voxel v using the second form of Al-Taie
et al. [ATHL14] is defined by

UKL1(v) = 1− DKL(Pv||Pmax)

DKL(Pmin||Pmax)
,

where DKL is the Kullback-Leibler divergence (for two
probability distribution P and Q the Kullback-Leibler di-
vergence defined as: DKL(P||Q) = ∑i Pilog2(Pi/Qi)). Pmin
represents the minimum (i.e., no) uncertainty which is ob-
tained when one entry of the probability vector is 1 and
all the others 0 (e.g., Pmin = (1,0, . . . ,0)), and Pmax rep-
resents the maximum uncertainty which is obtained when
a pixel is equally likely to belong to all segments, i.e.,
Pmax = (1/c, . . . ,1/c). The Pv vector represents the segmen-
tation probability vector for voxel v. The normalization term
DKL(Pmin||Pmax)) represents the maximum amount of ran-
domness, which amounts to log2(c) for c segments. In case
of no uncertainty, i.e., Pv = Pmin, we obtain that U(v) = 0.
Likewise, in case of maximum uncertainty, i.e., Pv = Pmax,
we obtain that U(v) = 1.

We also make use of the aggregated uncertainties pro-
posed by Al-Taie et al. [ATHL14]. The aggregated uncer-
tainty information can be computed based on the uncertainty
measure U(v) for all voxels v, where aggregation can be
performed over the entire image, for a certain segment (or
region), for a certain level of uncertainty, and - in case of
known ground truth - for the misclassified area. The uncer-
tain voxels can be distinguished after defining an uncertainty
threshold θ, beyond which voxels are considered as uncer-
tain. Here, we use θ = 0.2, i.e., U > 0.2, similar to Al-Taie
et al. [ATHL14] and Praßni et al. [PRH10].

The first aggregated measure we use here is the uncer-

tainty area UArea(s) of segment s, which is the number of
uncertain voxels in segment s (also applicable to any region
or the entire image).

The uncertainty ratio URatio(s) is, then, the uncertainty
area divided by the total number of voxels in segment s de-
noted by |s|:

URatio(s) =
UArea(s)
|s|

The uncertainty mass UMass(s) is defined as the sum of the
uncertainties of all uncertain voxels:

UMass(s) = ∑
v∈s,U(v)>θ

U(v)

Finally, the uncertainty density UDensity(s) is the uncer-
tainty mass divided by the total number of voxels of segment
s:

UDensity(s) =
UMass(s)
|s|

5. Uncertainty estimation for ensemble segmentation

For ensemble segmentation, instead of using the probabili-
ties obtained by a single classifier, the probability values (or
votes for majority rule) of all classifiers compete to deter-
mine the winner as the final ensemble decision. To do so,
the probability values are combined in a normalized fashion
represent the probabilities assigned to the classes. The result-
ing probability vector that consists of these probabilities is
the probabilistic ensemble segmentation. For each combin-
ing rule, the probabilistic ensemble segmentation is achieved
by applying a respective combination step. The probabilis-
tic ensemble segmentation can be fed to applying the MAP
Bayesian principle to obtain a hard ensemble segmentation.

The probabilistic ensemble segmentation can be com-
puted by using the respective combining rule without the ap-
plication of the final maximum operator and normalizing the
vectors. We produce probability vectors of the probabilistic
version of the combining rule as follows:

∀ i, i ∈ [1 . . .C] assign x→ Pi(x)

where Pi(x) in the probabilistic combining rules represents
the probability that voxel x belongs to class i according to the
corresponding combining rule as detailed below. I.e., Pi(x)
represents the ith entry of the probability vector of the prob-
abilistic ensemble segmentation result at each voxel x. The
values can be computed as follows:

• Probabilistic Sum Rule:

Pi(x) =
1
L ∑

L
j=1 Pi j(x)

∑
C
k=1

1
L ∑

L
j=1 Pk j(x)

The sum rule used here is the version with equal priors
assumption in Equation (1) above.
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• Probabilistic Max Rule:

Pi(x) =
maxL

j=1 Pi j(x)

∑
C
k=1 maxL

j=1 Pk j(x)

• Probabilistic Min Rule:

Pi(x) =
minL

j=1 Pi j(x)

∑
C
k=1 minL

j=1 Pk j(x)

• Probabilistic Median Rule:

Pi(x) =
medL

j=1 Pi j(x)

∑
C
k=1 medL

j=1 Pk j(x)

• Probabilistic Majority Vote Rule:

Pi(x) =
∑

L
j=1 ∆i j

∑
C
k=1 ∑

L
j=1 ∆k j

• Probabilistic Weighted Majority Vote Rule:

Pi(x) =
∑

L
j=1 ω j∆i j

∑
C
k=1 ∑

L
j=1 ω j∆k j

.

Since we have the probabilistic ensemble segmentation re-
sult now, it is straightforward to estimate the associated un-
certainty at each voxel using any of Al-Taie et al. uncertainty
measures [ATHL14] presented in Section 4. Consequently,
we can also use the visualization and the aggregated uncer-
tainties methods of Al-Taie et al. directly [ATHL14]. This
can be useful for comparing the performance of different
combining rules (in the sense that better rules have smaller
uncertainty area and lower uncertainty density) and for com-
paring their behaviors from an uncertainty point of view (in
term of which combining rule models better the misclassi-
fied area as uncertain region and the correctly classified area
as certain region).

6. Uncertainty-based correction step

Recently, Saad et al. [SMH10] and Praßni et al. [PRH10]
have suggested uncertainty-driven interaction tools as post-
segmentation tools for further expert segmentation editing
that are required to recover the imperfections in the seg-
mentation result. The uncertainty information provided by
these tools simplify the editing process and replace the usual
manual editing which is relying largely on visual assess-
ment. However, editing large amount of pixels or groups
of pixels scattered over the image using such tools is still
time consuming and impractical for large volumes. For an
ensemble-based segmentation framework, the existence of
large amount of information (such as the first and sec-
ond most probable classes, the local statistics, and the un-
certainty information) about each pixel/voxel that is de-
rived from several classifiers in addition to the ensemble
uncertainty information (available using the methods pro-
posed above) enables us to develop an automated post-
segmentation correction step (PSCS). Based on this infor-

mation, the correction step reclassifies the suspicious pix-
els (i.e., pixels that have high probability to be misclassi-
fied) with the estimated correct class. The tool recognizes
the suspicious pixels based on how high is their ensemble
uncertainty level according to a certain threshold (e.g., the
level of uncertainty density (U_Density) per uncertainty area
(U_Area) in the image). The proposed step uses a simple
set of fuzzy-logic rules that exploit the classes probabili-
ties in the first and second most probably classes, local class
statistics, and their corresponding uncertainties to estimate
the correct class for suspicious pixels. The results show that
this optional tool can improve the segmentation result sig-
nificantly such that the performance of combining rules with
very bad results is improved to compete or sometimes even
outperform the best one (without PSCS). The logic used for
this step is as follows:

The Algorithm

Let F,S, and N represent the sets of classes with (first) high-
est probability, (second) highest probability, and the highest
probability observed among all (neighboring) pixels in the
result of each individual classifier respectively. Hence, each
of the three sets contains L members, where L is the num-
ber of classifiers in the ensemble. Let U(d) represents the
uncertainty associated with the possible decision d. The un-
certainty associated with each member in F and S is simply
the uncertainty of the corresponding classifier decision. The
uncertainty for each member in the neighbor set N is com-
puted based on neighbor classes probabilities in the corre-
sponding individual classifier (the uncertainty for the three
sets are estimated using Al-Taie et al.’s [ATHL14] methods).
The logic used here in estimating the most possible class as
the correct class for each pixel/voxel is the class that has the
the maximum number of appearance in the three sets or the
combination of the sets and if that does not lead to a clear
winner, then the one that additionally has smallest uncer-
tainty. For further explanation, we give an example for one
pixel here: Let L = 5; F = {3,3,3,3,1}, S = {0,0,0,0,3},
and N = {0,0,0,0,0}, with the average uncertainty for the
most probable class in F (i.e., 3) is U(d = 3) = 0.6907 and
in N (i.e., 0) is U(d = 0) = 0.4825. Now to estimate the
correct class using our rules, the competition is limited to
three decisions: these are the first and second most probable
classes in F (i.e., 3 and 1 in this example, respectively) and
the first probable class in N (i.e., 0 in our example). The win-
ner is the decision that appears as the first or as the second
most probable class in both the FSN and FN combination
sets, and additionally has smallest uncertainty. In this exam-
ple, the competition is between the most probable class in
F (3) and the most probable class in N (0), and the winner
decision is 0 as it has the smallest uncertainty. Applying the
PSCS in this example leads to correct the false decision (=3)
to be equal the ground truth (=0).
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7. Experimented set-up

The problem of medical image segmentation has been ad-
dressed in the framework of ensemble of classifiers meth-
ods using several atlas-based segmentations or several hu-
man rater segmentations. To avoid the drawbacks of us-
ing atlas-based segmentations mentioned above, we propose
to combine the results of several automated segmentations
with acceptable accuracies instead of combining the results
of several atlases registered to the target image. The diver-
sity is achieved through several unsupervised segmentations
that use different approaches in the hope that the probabil-
ity that the different approaches (with sufficiently high ac-
curacy e.g.> 0.80%) agree on error is very low. The indi-
vidual segmentations used here are probabilistic or can be
interpreted as being probabilistic such as Fuzzy c-means
(FCM), since the probability-based combining rules require
that the individual segmentation results to be probabilistic.
Even for hard segmentation approaches such as K-means,
we can produce probabilistic results easily by applying one
FCM iteration initialized with the information derived from
the hard segmentation result. In this paper, we use several
variants of the fuzzy c-means (FCM) algorithm introduced
by Bezdek [Bez81]. Fuzzy c-means is one of the most used
algorithms for image segmentation [MAF99, CZ04, ZC04,
CTC∗06, CCZ07, AYM∗02, YWC∗05]. Its main advantages
include a straightforward implementation, the applicabil-
ity to multichannel data, its robustness in the absence of
prior knowledge about cluster centers, robustness when the
number of classes is known (as in the problem of human
brain segmentation), and the ability to model uncertainty
within the data. In addition to the above reasons, the exis-
tence of many FCM variants in the literatures that use dif-
ferent approaches to overcome the sensitivity of the stan-
dard FCM to noise and the ability of interpreting their re-
sults as probabilistic segmentation result encouraged us to
choose a subset of these variants in our ensemble design. The
FCM variants used in this paper are: (1) the modified fuzzy
c-means (mFCM) [MAF99], (2) the Bias-corrected FCM
(BCFCM) [AYM∗02] and its improvement, (3) the Bias-
corrected FCM with weighted α (BCFCM_WA) [YWC∗05],
(4) the spatial fuzzy c-means (sFCM) [CTC∗06], (5) the
kernelized fuzzy c-means (KFCM) and its spatial version,
(6) the spatial kernelized fuzzy c-means (SKFCM) [CZ04,
ZC04], (7) a variant of simplified fuzzy c-means meth-
ods (FCMS1) using mean filter, another such variant (8)
(FCMS2) using median filter [CZ04], (9) the CLIC algo-
rithm [LXAG09], (10) the enhanced fuzzy c-means algo-
rithm (EnFCM) [SBSA03], (11) its variant of the fast gen-
eralized fuzzy c-means (FGFCM) [CCZ07], and finally (12)
the fuzzy rule based system (FRBS) [TP98].

We present and compare the experimental results of ap-
plying the proposed methods on the synthetic image in Fig-
ure 1(a) after corrupting it with noise (Figure 1(b)) and sim-
ulated MRI brain images from [MNI97] (Figures 1(c) T2-
weighted and (d) PD-weighted). The reasons for using dig-

(a) (b)

(c) (d)
Figure 1: (a) Ground truth of synthetic image with four
classes; (b) synthetic image with mixed noise; (c) simulated
T2-weighted MR brain image; (d) simulated PD-weighted
MR brain image.

itally simulated images are the prior knowledge of the true
tissue types (used for evaluating the results) and the control
over image parameters such as mean intensity values and
noise. For the synthetic image, we tried to mimic the main
brain tissues of MR T1 and T2 images in a synthetic im-
age (i.e. the background Bg, the white matter WM, the gray
matter GM, and the cerebrospinal fluid CSF). We generate
an example of four respective classes with complex struc-
tures as shown in Figure 1(a). We believe that our examples
mimics the structures in an MR brain image better than the
two-class synthetic images of [AYM∗02] or [CZ04] and the
four-class synthetic image of [CTC∗06]. We corrupted our
synthetic image with different types of noise that are com-
mon in medical data such as Gaussian, salt-and-pepper, or
sinusoidal noise. In our experiments we use the synthetic
image corrupted with a mixture of three types of noise as
shown in Figure 1(b). Before describing the experiments,
we show in Table 1 the segmentation accuracy for each of
the above FCM variants (individual classifiers), which we
will use later for comparison and analysis purposes. Al-Taie
et al.’s [ATHL14] visualization methods will be used later
to visualize the ensemble uncertainty estimated using our
proposed methods for each combining rule. The visualiza-
tion method is simply color-coding the uncertainty level at
each pixel using a color map that assigns to value 0 (mini-
mum uncertainty) the darkest color (dark purple) and grad-
ually changes to brighter colors with increasing uncertainty
level until value 1 (maximum uncertainty) is reached using
the brightest color (yellow). The color map is shown to the
right of each image. The segmentation accuracy that is used
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Table 1: Segmentation accuracy (SA) in percentage of the
synthetic image in Figure 1(b) for the modified FCM vari-
ants that are used as individual classifiers of the ensemble.

Method SA% (low) Method SA% (middle) Method SA% (high)
BCFCM 85.33 BCFCM_WA 94.30 FCMS1 98.5565

CLIC 88.8062 EnFCM 94.5251 FRBS 98.5657
FGFCM 93.3868 FCMS2 96.5958 mFCM 98.7747
SKFCM 94.0079 KFCM 97.0963 sFCM 99.388

throughout this paper is computed by

SA =
Number of correctly classified pixels

Total number of pixels
×100%.

8. Results and Discussion

In the first group of experiments, we apply the proposed
methods for estimating the uncertainty associated with the
ensemble segmentation using the existing combining rules.
We implement several experiments for ensembles with dif-
ferent sizes (3, 4, 5, and 6). For each ensemble size, differ-
ent subsets from above FCM variants (the individual clas-
sifiers) are used. The strategy used in selecting the individ-
ual classifiers for each ensemble is based on grouping the
classifiers according to their levels of accuracy (low, middle,
and high). Then, the ensemble consists of members selected
from each group separately or from a mixture of different
groups. The aim of the experiments were: first, to present the
uncertainty estimated using our proposed methods for each
of the existing combining rules and, second, to compare the
behaviors of the different combining rules from an uncer-
tainty point of view using both the segmentation accuracy
(SA) and the aggregated uncertainty measures proposed by
Al-Taie et al. [ATHL14].

Figure 2 shows an example of the uncertainty estimated
using the proposed methods for the existing combining rules
when applied on the synthetic image with mixed noise
shown in Figure 1(b). The ensemble used here is of size 4
with mFCM, FGFCM, KFCM, and FCMs1 algorithms as
the individual classifiers. The visualization color-codes un-
certainty levels (also for certain pixels). As the results show
that the majority voting rule outperforms the weighted ma-
jority voting rule in all examples, we omit the results of the
weighted majority in our experimental results.

Figure 3 shows four examples of segmentation accuracy
comparison for ensembles of size four using the existing
combining rules (note that the bars range over the interval
[0.78,1] to better show the differences). In addition to the
individual classifiers accuracies (SA of IC), each example
includes comparisons of the segmentation accuracies for all
rules (1) without applying the post-segmentation correction
step (SA) and (2) after applying the post-segmentation cor-
rection step (SA with PSCS). While the example in Fig-
ure 3(a) uses a combination of classifiers with low accura-
cies, the examples in Figures 3(b), and 3(c) use classifiers

with mixed levels of accuracies (low and high) and (mid-
dle and high), respectively. The last example in Figures 4(d)
use classifiers with high accuracies only. Several conclusions
can be drawn from this experimental results. (1) We can ob-
serve from the direct implementation of rules (i.e., first com-
parison) that not all combining rules outperform the indi-
vidual segmentation results, but three rules most of the time
are the best among all. Those three rules produce compara-
ble results with a preference for the majority voting rule (the
subsequent experiment will confirm this result). Hence, the
winners are the majority voting rule (MajR- the best most
of the time), the Median Rule (MedR), and the Sum Rule
(SumR). If no improvement occurred (most likely because
of a too low ensemble diversity) for some of three rules, then
the accuracy is, at least, equal to the best individual classi-
fier accuracy or very close to it. Figure 3(d) shows such an
example where the best individual classifier has very high
accuracy [99.3%], such that further improvement is difficult
to achieve. (2) For the SA without vs. with correction step
comparison, it can be observed that the correction step im-
proves the performance of all the combination rules when
compared to the first comparison results.

For further investigate the significance analysis of the
correction step(PSCS) improvement, we implement the
T-Test analysis on the set of the pixels that are distinguished
as suspicious pixels and selected to apply PSCS on them.
The goal was to test how significant the difference to-
ward classification improvement for these group of pixels
before and after applying the PSCS (i.e., to test whether
the same group has different mean (average) scores on
different -before and after- binary variables - correct/false
decision-). The test is applied for all the experiments in
Figure 3 using all the combining rules. As we got sim-
ilar result for all experiments, we report here the result
for the experiment in Figure 3(b). For large degrees of
freedom (df>1000) as in our examples, with p=0.00001
on one-tailed T-Test, the calculated t-score must equal or
exceed 4.271 to indicate statistical significance. The results
we get from this experiment for all the combining rules
is as follows: SumR(t=9.9005; df=61964; p=0.00001),
MajR(t=4.51; df=23350; p=0.00001), MaxR(t=75.26;
df=94300; p=0.00001), MinR(t=104.24; df=14070;
p=0.00001), and MedR(t=4.38; df=39346; p=0.00001).
We can observe that all results indicate the statistical
significance of applying the correction step (PSCS) for
improvement with the given p-value(we have only one
exception from the four experiments with p=0.0015 in
MajR(t=2.99; df=36028; p=0.0015)).

In the next experiment, we calculate the mean and the
standard deviation of the segmentation accuracies that re-
sulted from applying all the five combining rules for all en-
sembles with sizes (3, 4, and 6). The goal was to compare
the performance of all rules according to their accuracies,
which is similar to the first experiment but based on more
comprehensive view. Figure 4 shows the comparison result
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(a) Sum Rule (b) Maj. Rule

(c) Max Rule (d) Min Rule (e) Med Rule

Figure 2: Uncertainty visualization of an ensemble segmen-
tation result of the synthetic image in Figure 1(b) using the
proposed uncertainty methods for each combining rule.

for the five combining rules. The result of the comparison
confirms the conclusions drawn from the first experiment
above. Again, the the majority rule MajR performed best,
but the Median Rule MedR, and the Sum Rule SumR pro-
duced comparable results. Now, we compare the behaviors
of these rules from an uncertainty point of view in sense that
the winner is the rule, which best models the uncertainty.
Hence, the winner shall have the smallest uncertainty ratio,
shall recognize the misclassified area as uncertain and the
correctly classified area as certain, and shall concentrate the
high uncertainty density inside the misclassified area while
keeping it low outside. Figure 5(a) shows that most rules
concentrate the high uncertainty density inside the misclas-
sified area (M_Area), while Figures 5(b) shows that the ma-
jority voting rule (MajR) is the best among the competing
rules in modelling the misclassified area as uncertain while
modeling the correctly classified area as certain (with low
uncertainty density, as well).

In summary, the majority voting is the best in achieving
the high segmentation accuracies and the minimum false
positive and minimum false negative ratios in modeling the
uncertainties. It is clear that better uncertainty modeling is
important for post segmentation analysis, as it helps the user
to focus on more accurate uncertain areas or on correcting
fewer problematic pixels.

In addition to the synthetic image, we conduct similar ex-
periments on the simulated T2- and PD-weighted MR brain
images corrupted with 5% Gaussian noise and 20% inten-
sity inhomogeneity shown in Figures 1(c) and (d), respec-
tively. Figure 6 shows the visualization of ensemble seg-
mentation uncertainty estimated for all rules on the T2-
weighted image using the proposed uncertainty estimation
methods. The ensemble consists of four members (CLIC,
BCFCM_WA, FCMs2, and EnFCM) as individual classi-
fiers. Again, we can observe that the majority voting has the
smallest uncertainty area and the lowest uncertainty density

(a)

(b)

(c)

(d)
Figure 3: Segmentation accuracy comparison using individ-
ual classifiers (blue) and ensembles with the different com-
bining rules without (red) and with post-segmentation cor-
rection step (green) on the synthetic image in Figure 1(b).

among the best 3 rules in terms of segmentation accuracy,
see Figure 7(a). Figure 7(a) for the T2-weighted and 7(b)
for the PD-weighted image shows the segmentation accu-
racy comparison for all rules before and after applying the
post-segmentation correction step (PSCS). In Figure 7, we
can observe that the PSCS improves the results in general.

9. Conclusions

In recent years, the concept of combining several classifiers
to produce classification accuracy that outperforms the ac-
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Figure 4: Mean and standard deviation of the segmentation
accuracy comparison for the different combining rules on the
synthetic image with mixed noise (Figure 1(b)).

(a) Uncertainty Density Comparison

(b) Uncertainty Area Comparison
Figure 5: Uncertainty density (U_Density) and uncertainty
area (U_Area) comparison using the different combining
rules on the synthetic image with mixed noise in Figure 1(b).

curacy of individual classifiers attracted the attention of re-
searchers in the biomedical field to improve the segmenta-
tion accuracy or to evaluate the performance level of the in-
dividual segmentations. Most of these attempts are based on
combining several atlas-based segmentations. On the other
hand, several approaches have been developed to estimate
the uncertainty associated with individual probabilistic seg-
mentation results. We presented the first approach that is able
to estimate and visualize the uncertainty associated with en-
semble of classifiers segmentation. In this paper, first, we
replaced atlas-based segmentations by unsupervised auto-
mated segmentations in the ensemble design to avoid the
drawbacks associated with atlas generation and the required
registration process. Second, we developed ways to esti-
mate the uncertainties associated with ensemble segmen-
tations for each of the existing combining rules. The esti-
mated uncertainty is suitable to be visualized or to be used
as a basis for the aggregated uncertainty measures using the

(a) Sum Rule (b) Maj. Rule

(c) Max Rule (d) Min Rule (e) Med Rule

Figure 6: Uncertainty visualization of an ensemble segmen-
tation result of the simulated T2-weighted MR image in Fig-
ure 1(c) using the proposed uncertainty methods for each of
the combining rules.

(a)

(b)
Figure 7: Segmentation accuracy comparison using the dif-
ferent combining rules on the simulated MR images in Fig-
ure 1; (a) for T2-weighted and (b) for PD-weighted.

recently proposed uncertainty visualization and aggregated
uncertainty methods for single segmentation. These meth-
ods have been proven to be useful for further numerical and
visual analysis [SMH10, ATHL14]. In addition, we show in
this paper that the uncertainty information is not only impor-
tant for segmentations performance comparison and post-
segmentation analysis but can also be helpful for automatic
segmentation correction within the ensemble segmentation
environment. This is achieved by the post-segmentation cor-
rection step which is an uncertainty- and statistics-based step
for an automatic correction of pixels that have been identi-
fied as suspicious. Finally, we compared the existing ensem-
ble combiner using both the segmentation accuracy and the
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aggregated uncertainty measure. In this sense, we show that
the majority voting is the best combining rule, as it achieved
high segmentation accuracies and minimum false positive
and false negative ratios in modeling the uncertainties.
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