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Figure 6: Definition of the mass functions.

where σ̂B stands for the background standard deviation
estimated, using the Weibull model previously computed, on
a region of the image without any echo. σs is the threshold
in standard deviation fixed by the algorithm described in
Section 2.2. MW and VW are the mean and variance of the
standard estimators [25] applied on σs considering the size of
the computation window used for mean standard deviation
building. This allows to take into account the uncertainty in
the statistical parameters estimation by the fuzziness of the
mass distributions.

The two other mass functions concern the HOSs:
the skewness and the kurtosis, respectively. As mentioned
in Section 2.3, the corresponding detector provides less
accurate results, which prevent a precise definition of the
areas of interest. Furthermore, some artifacts generate false
alarms. As a consequence, the information provided by
these parameters will only be considered to assess the
certainty of belonging to the background. A null mass is thus
systematically assigned to the proposition “object,” whatever
are the values of the HOS. The mass is distributed over the
two remaining propositions: “nonobject” and “doubt.” This
is illustrated on Figure 8: only two parameters remain, t12 and
t22.

Parameters t12 and t22 (skewness) are set by considering
the normalized cumulative histogram, noted H(t), of the
HOS values over the whole SAS image. This is illustrated
in Figure 9. Considering that pixels with low HOS values
necessarily belong to the noisy background and that pixels
with high values (that might belong to an echoe of interest)
are extremely rare, the following expressions are used:

t12 = H−1(0.75),

t22 = H−1(0.90).
(5)

These equations are valid for t13 and t23 (kurtosis). This
assumes that at least 75% of the image belong to the
background, which is easily fulfilled. Similarly, the 10% pixels
with the highest HOS values are considered as potential
objects (doubt has a mass equal to one).

3.3. Combination of the mass functions

Based on the local statistical moments of the data, three
mass functions have been defined. The data fusion aims at
improving the detection performances and ease the final
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decision by the expert. It is performed using the following
conjunctive rule:

m1,2,3 = m1 ⊕m2 ⊕m3, (6)

where ⊕ is the conjunctive sum: (m1 ⊕m2)(A) = ∑B∩C=A ×
m1(B) ·m2(C) with A a proposition.

Note that, for the sake of simplicity, the superscript t
of the mass mt

i , corresponding to the parameter value, is
removed from the notations.

A conflict between the different sources can appear dur-
ing this combination phase. This information is preserved as
it is valuable to assess the adequacy of the fused parameters. If
one of the fused parameters provides irrelevant information,
the conflict is high. Further investigations are then required
to determine the cause of this situation (bad estimation of
the parameter, limits of the data, etc.).
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Figure 9: Example of histogram and cumulative histogram of a kurtosis image (after focusing and rebuilding, as presented on Figure 4(c)).

3.4. Decision

The results of the fusion step can be used in different ways,
producing different end user products:

(i) “binary” representations can be generated, providing
segmented images and giving a clear division of the
image into regions likely to contain objects or not;

(ii) “enhanced” representations of the original SAS image
can also be constructed from the results of the fusion.
These representations should somehow underline the
regions of interest while smoothing the noise, but leave
the decision to the human expert.

The “binary” representations only use the results of the
fusion process in order to classify each pixel according to
the belief, the plausibility, or the pignistic value. A simple
solution consists in thresholding the belief or plausibility
for the proposition “object,” for instance, all the pixels
with a belief above 0.5 are assigned to the class “echo.” A
binary image is obtained, separating the echoes from the
background. However, this method requires the setting of the
threshold by the user. In order to overcome this shortcoming,
another strategy consists in associating each pixel to the
hypothesis (“object” or “nonobject,” resp.) with the highest
belief. This unsupervised method also provides a binary
image. The same methods can be used with the plausibility.
However, since the space of discernment only contains two
elements, plausibility and belief actually provide the same
results. The corresponding results are presented on different
datasets on Figures 10(d) and 11(d).

Beyond the binary result, a more precise classification
can be constructed by assigning every pixel to the class
with the highest mass of evidence (including the conflict).
The resulting image is divided into four classes: “object,”
“nonobject,” “doubt,” and “conflict.” Corresponding results
are presented on Figures 10(c) and 11(c). This nonbinary

representation leaves more flexibility to the expert for the
final interpretation. A similar strategy has been used in the
frame of medical imaging in [21].

These representations are well suited for a “robotics-
oriented” detection: regions of interest are defined, and an
automatic system, such as an autonomous underwater vehi-
cle (AUV), can be sent to identify the objects. However, such
representations lose a lot of potentially valuable information
(environment, relief, intensity, etc.). Such information may
be useful for a human expert to actually identify the objects
and solve some ambiguities. Therefore, other representations
can be considered. For instance, we propose to combine the
results of the fusion with the original image in order to
enhance information. This is achieved by weighting the pixels
of the original image by a factor linearly derived from the
belief (or the plausibility) of the class “object.” The intensity
of pixels likely NOT being echoes is decreased (low belief),
thus enhancing the contrast with the pixels most likely being
echoes. For instance, Figures 10(b) and 11(b) feature the
resulting images with the weighting factor linearly ranging
from 0.3 for a null plausibility to 1 for a plausibility of 1.
On these images, the background tends to disappear, but all
potential objects of interest are preserved. Finally, another
solution consists in performing an adaptive filtering of the
sonar image in function of the belief. This is described in
[26].

4. TOOLS FOR EVALUATION OF THE PERFORMANCES

The decision coming from the results of the fusion process
is valid only if the algorithm generating these results is
sufficiently efficient. That is why, assessing the performances
of the proposed algorithm is a crucial problem. In this
section, we propose and discuss different approaches. A
manually labeled ground truth can be taken into account or
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Figure 10: Presentation of the fusion results—image 1.

not, the evaluation can work on a direct analysis of the mass
functions or on the classification results.

Note that in this section mi(A) denotes the mass value
associated to the proposition A for the pixel i after fusion.

4.1. Intrinsic qualities of the mass functions

The evaluation of the detection performances can first be
addressed by directly considering the quality of the resulting
mass distribution. The first criterion is the nonspecificity
[27]. This value estimates the ambiguity remaining in the
mass distribution: it is low if the largest part of the mass
of evidence is on a singleton or a single hypothesis (certain
response); it is high if the mass is on a proposition of higher
cardinal (doubt on several hypotheses). The nonspecificity is
defined on a mass m by the following expression:

N(m) =
∑
A∈2Ω

m(A) · log2|A|, (7)

where |A| is the cardinal of the subset A.

The nonspecificity can take values in the following
interval:

0 ≤ N(m) ≤ log2|Ω|. (8)

The bottom limit (zero) is reached in the case of ai ∈ Ω with
m({ai}) = 1 (total certainty). It reaches the upper limit with
m(Ω) = 1 (total ignorance). The lower the is nonspecificity,
the better and more accurate is the detection. A nonspecific
mass function gives few false responses (limited risk), but
brings limited information (all the hypotheses can be true).
On the contrary, a specific response is accurate, but has a
higher risk of error.

For the addressed application, the space of discernment
is composed of two hypotheses. The nonspecificity is only
computed for the mass associated with the proposition
“doubt.” Moreover, this value is bound with each pixel of an
image. We choose then to define the density of nonspecificity
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Figure 11: Presentation of the fusion results—image 2.

estimating the quality of the fusion result on the whole
image. It is defined by the following expression:

dN(m) = 1
n

n∑
i=1

mi(O∪NO) (9)

with n the size of the image (in pixels) and mi(O ∪NO) the
mass of “doubt” for the pixel i after the fusion. The values of

this density are between 0 and 1. The lower is this density, the
more certain is the response of the fusion.

On the other hand, the higher is the specificity, the higher
is the risk of conflict. Consequently, the conflict between
sources must be analyzed. As previously, we define a density
of conflict with the following expression:

dC(m) = 1
n

n∑
i=1

mi(∅). (10)
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Figure 12: Example of image used for the environment truth.

This density is between 0 and 1. Obviously, the lower is this
density, the more coherent are the sources of information
and the more reliable is the result.

4.2. Assessing the quality of the mass functions when
a ground truth is available

In order to validate the results of the fusion process, addi-
tional information can be used. For instance a ground truth
can be designed by the expert. Figure 12(b) features such a
segmented image where the expert roughly isolated the pixels
likely to correspond to actual echoes (class “objects” (O),
in black) from the background (class “nonobjects” (NO), in
white).

If B denotes the environment truth (B ∈ Ω, e.g., see
Figure 12: B = O if the pixel is in black, B = NO if the pixel
is in white), we define the rate of nonspecificity knowing the
environment truth B:

N
(
m

B

)
=

∑
A/B⊂A

m(A) · log2|A|, (11)

N(m/B) corresponds to the sum of the elements including B,
weighted by their cardinal. For instance, for one given pixel,
if B = O, the rate of nonspecificity is estimated using the
masses of A = O and A = O∪NO, respectively.

This expression is applied to SAS images and a rate of
nonspecificity density associated with the hypothesis B can
be defined by

dN(m/B) = 1
n

n∑
i=1

mi(O∪NO) · δi(B) (12)

with δi(B) = 1 if the pixel i has label B (“object” or
“nonobject”) in the environment truth, δi(B) = 0, otherwise.
In this way, only the pixels with the correct assignment B are
taken into account in the density estimation. This density
consequently allows to characterize the nonspecificity pre-
viously estimated (see (9)): it can either come from doubt

on object detection (the most dangerous situation) or on the
background.

It is obvious that addition of the density B = O and the
density B = NO is equal to the density of nonspecificity of
(9):

dN(m) = dN(m/O) + dN(m/NO). (13)

In a similar way, we define a rate of error knowing the
environment truth by the following expression:

Er
(
m

B

)
=

∑
A∩B=∅

m(A)log2

(|A| + 1
)
. (14)

Considering our application, the rate of density of error,
associated with B, is defined by

dEr(m/B) = 1
n

n∑
i=1

mi
(
B
) · δi(B) (15)

with B ∈ {O, NO} and B the complementary set of B. As a
matter of fact, for a given B, only the mass associated to B is
taken into account: B and O∪NO have at least one common
element with B. The total error density can also be calculated
by adding the two errors corresponding to B = O and B =
NO:

dEr(m) = dEr(m/O) + dEr(m/NO), (16)

where dEr(m) is an estimation of the detection quality,
considering potential mistakes on the pixel nature (“object”
or “nonobject”). It should be as low as possible.

In this part, it is assumed that the designed ground truth
actually corresponds to the truth. However, in real cases, this
might be different as the expert might hesitate on the actual
nature of some pixels (fuzzy boundaries of the objects of
interest, false alarms, etc.). This results in errors that appear
in the error parameters.
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(c) “nonobject”

Figure 13: Mass images obtained for each proposition after the fusion of the mean standard deviation parameter (segmentation) in image 1.

A last criterion measuring the performance comes from
the assumption that a decision is taken for each pixel,
considering the corresponding mass functions. The images
of belief and plausibility associated with the hypothesis
“object” are segmented by applying a threshold. 50 different
threshold values, between 0 and 1, are applied. For each
threshold, the detection and false-alarm probabilities are
computed on the resulting binary image. This is achieved
by comparing the segmentation with the environment truth.
The plot of these 50 points in the false-alarm rate versus
detection probability plane features the ROC curve that
is classically used to assess the performances of detection
systems in sonar imagery.

5. RESULTS ON SONAR IMAGES

The fusion process presented in this paper is applied on
various sonar images provided by the Délégation Générale
pour l’Armement (DGA, France). These images are formed
by an SAS system [13].

The first image (image 1, Figure 3(a)) features several
buried or partially buried objects. This image represents a
seabed region of about 10 m × 10 m, with a resolution of
about 6 cm in both dimensions. In this image, the echoes
are hardly visible apart from a partially buried cylindrical
mine on the left (at 16 m in sight). For each pixel and for
each parameter, we firstly estimate the mass associated to
each proposition (“object,” “doubt,” and “nonobject,” resp.)
by using the mass functions previously defined (Figures 13,
14, and 15, resp.). These images are combined using the
orthogonal rule in order to obtain the mass images associated
to each proposition (Figure 16). This results in an image of
belief (corresponding to the mass of the class “object”) and
an image of plausibility (corresponding to the sum of the
masses of the classes “object” and “doubt”) associated to the
proposition “object” (Figure 17).

One should underline that all the objects in the image are
efficiently detected: belief and plausibility are close to 1 in the
regions likely to contain echoes. The plausibility highlights
some spurious regions at the bottom of the image. These
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Figure 14: Mass images obtained for each proposition with the skewness parameter in image 1.
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Figure 15: Mass images obtained for each proposition with the kurtosis parameter in image 1.

regions have a small area and could be easily removed, for
instance, by a morphological filter.

The first- and second-order parameters are comple-
mentary to the third- and fourth-order ones. Actually, the
doubt on Figure 13 (1st and 2nd order) is decreased by
the mass “nonobject” brought by the higher-order statistical
parameters (Figures 14 and 15). On the other hand, the
doubt coming from HOS is limited by the mass “object”
and “nonobject” provided by the first orders. The first-order
parameters provide precise information, but with some false
alarms (Figure 13), whereas higher orders provide a few
false alarms (consider the “doubt” image), but imprecise
information (Figures 14 and 15). It illustrates the usual
duality between certainty and accuracy, and how a fusion
process can take advantage of multiple complementarity
sources.

Some conflict appears in the result of the fusion
(Figure 16(d)). However, it remains low (the sum of the

masses of the focal elements is strictly inferior but close to
1), and isolated. This result shows the good concordance of
the parameters.

5.1. Evaluation of the performances on
the sonar image

A first evaluation of the fusion process consists in analyzing
the contribution of each parameter to the final result. This is
achieved by combining the parameters two by two. As previ-
ously observed, the addition of one HOS parameter decreases
the mass “doubt” (compare Figure 18(b) with Figure 13(b)).
The fusion of three parameters further decreases this mass
(Figure 16(b)). The more parameters are added to the fusion
process, the more accurate is the response. Note that the
addition of one parameter to the fusion process “selects”
more accurately the masses: the “object” mass that differs
from the values 0 or 1 are fewer.
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Figure 16: Mass images obtained after fusion of the three parameters in image 1.
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Figure 17: Belief and plausibility object images obtained after fusion of the three parameters in image 1.
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Figure 18: Mass images obtained for each proposition after the fusion of the mean standard deviation (segmentation) and kurtosis
parameters in image 1.

Table 1: Performances of the fusion in image 2, (1-2: mean standard deviation (segmentation), 3: skewness, 4: kurtosis).

densities (×10−3) 1-2 3 4 1-2 + 3 1-2 + 4 3 + 4 1-2 + 3 + 4

conflict 0 0 0 0.406 0.527 0 0.528

nonspecificity 8.1 159.0 162.8 3.9 3.5 122.0 3.4

/O 1.8 13.5 12.0 1.8 1.5 12.0 1.5

/NO 6.3 145.4 150.8 2.2 1.9 110.0 1.9

error 6.5 0.0446 1.6 6.0 6.2 1.6 6.2

/O 4.4 0.0446 1.6 4.4 4.6 1.6 4.6

/NO 2.0 0 0 1.6 1.6 0 1.6

A quantitative evaluation can also be completed by esti-
mating conflict and nonspecificity densities, independently
from the environment truth, or a combination of these values
(rate of density of nonspecificities and error). The results are
listed in Table 2.

The results confirm the previous qualitative remarks as
follows:

(i) nonspecificity decreases when new parameters are
added. Note that this density is high for the two HOS
parameters and their fusion;

(ii) conflict can increase with the addition of one
parameter, but this is not obvious in this applica-
tion. That proves the good reliability of the chosen
parameters.
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Figure 19: ROC curves of each of the three parameters compared with the results of the fusion process (belief and plausibility) in image 1.

Table 2: Performances of the fusion in image 1, (1-2: mean standard deviation (segmentation), 3: skewness, 4: kurtosis).

densities (×10−3) 1-2 3 4 1-2 + 3 1-2 + 4 3 + 4 1-2 + 3 + 4

conflict 0 0 0 0.0299 0.0885 0 0.105

nonspecificity 51.0 166.1 166.1 23.8 20.9 121.3 19.0

/O 7.9 18.8 17.5 6.7 6.1 17.4 6.1

/NO 43.0 147.3 148.6 17.1 14.8 103.9 12.9

error 5.0 2.2 3.5 6.2 6.8 3.5 6.8

/O 4.5 2.2 3.5 5.7 6.3 3.5 6.3

/NO 0.557 0 0 0.520 0.535 0 0.518

These values also estimate the amount of information
brought by each parameter: if adding one parameter does
not significantly decrease the density of nonspecificity, the
corresponding parameter can be considered as bringing
very little information. Moreover, if the density of conflict
increases, this parameter is contradictory with the others and
the reliability of this parameter (or one of the other) should
be questioned.

The environment truth is a source of information that
can be used to assess the performances of the system.
The addition of one HOS parameter slightly decreases
the error, which remains low for the HOS. As a matter
of fact, the fuzzy definition of the mass functions keeps
the error bounded (if the mass “doubt” is 1, the error
is null). On the contrary, the relatively high value of
error on the areas selected as “object” can be explained
by the large size of the regions selected by the expert.
This rough selection actually includes a part of the region
selected as “background” by the fusion process; but this
should not be considered as a bad detection: the echoes are

well detected, but are only smaller than the masks of the
original reference image. This will be confirmed by the ROC
curves (the maximum detection probability is smaller than
one).

The nonspecificity is greater for the “nonobject” pixels
on the reference image than for the “object” pixels. This is
a promising conclusion for the fusion process: the result is
more accurate if a potentially dangerous object is present.

Finally, ROC curves of the fusion results are built and
compared with the curves obtained with each parameter
alone (segmentation with the 1st and 2nd order, the
skewness, or the kurtosis). They are also compared with the
ROC curves obtained with the standard detector consisting
in directly thresholding the original data.

The first comment on the results presented in Figure 19
concerns the lack of points between low values of false
alarms (until 0.03) and the point of probability equal to 1.
This is a consequence of the pixels declared as “echo” by
the expert, but classified as “nonobject” by the system. In
order to include these pixels as “object” by the system, all
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Figure 20: Belief and plausibility images obtained after fusion of the three parameters in image 2.

the pixels of the image must be selected (this is, achieved
with a threshold of zero). These pixels are not significant
at all and come only from the rough design of the regions
containing echoes. This results in the maximum false-alarm
and detection probabilities being far from the point (1, 1)
(see the arrow on Figure 19(b)). In the same way, minimum
detection and false-alarm probabilities exist for belief and
plausibility obtained with a threshold of 1.

The second comment is that the false-alarm rates and
detection probabilities are lower for belief than plausibility.
This is linked to the certainty/accuracy duality previously
mentioned. Moreover, note that the plausibility and the
belief curves are both above all the other curves: this assesses

the improvement of the detection performances obtained
thanks to the fusion process.

5.2. Results on other data

In this section, the proposed fusion process is tested on two
more SAS images. Image 2 (Figure 20) represents a region of
40 m × 20 m of the seabed with a pixel size of about 4 cm in
both directions [28, 29]. It contains three cylindrical mines:
one mine is lying on the sea floor (top of image), another
one is partially buried (approximately in the middle of the
image), and the last one is completely buried under the sea
floor (lower part of image).
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Figure 21: ROC curves of each of the three parameters compared with the results of the fusion process (belief and plausibility) in image 2.

Figure 20 represents the belief and plausibility after
fusion, and Figure 21 presents the corresponding ROC
curves. Moreover, quantitative criteria estimated for image 2
are presented in Table 1 and can be compared with the results
of the first image. The fusion process have been performed
with mass functions defined previously, in function of the
corresponding standard deviation thresholds and higher-
order statistics histogram.

The same comments and conclusions hold for this
new image. The detection performances are improved (in
particular, see the belief image). However, the fusion with the
skewness parameter does not significantly affect the result in
image 2: the nonspecificity, error, and conflict densities are
similar whether two or three parameters are aggregated.

6. CONCLUSION AND PERSPECTIVES

The proposed fusion architecture aims at taking advantage of
the complementary properties of sources, based on statistical
properties, in order to improve the detection performances.
Being able to handle conflicts between sources and doubt
between different hypotheses, the belief theory is well suited
to represent and characterize the information provided by
the different sources. It also provides a fusion rule. The fused
data can be used either to take a decision or to enhance the
data adaptively, leaving the final decision to an expert.

The design of the mass functions is fairly simple and
flexible. A general knowledge about the acquisition system
and the induced statistical properties on the SAS image
enables the setting of the few parameters (trapeze-shaped
functions). Confronted to different datasets, these settings
were not modified, thus assessing the robustness of the whole
procedure.

The evaluation of the proposed architecture is based
on new parameters, some of them classically taking a
manually labeled ground truth into account, some others
being independent from this ground truth and aiming at
directly assessing the quality of the available information.
These last criteria determine intrinsic properties of the mass
functions, such as nonspecificity and conflicts densities. The
first set of criteria concerns the properties conditioned by
the ground truth: rates of nonspecificity and error densities,
probabilities of detection and false alarm.

The fusion architecture has been tested on two real SAS
images and convincing results have been obtained: the fusion
actually improves the detection performances of the different
sources taken separately.

The proposed process may be improved by incorpo-
rating new parameters (statistical, morphological, criteria
characterizing the spatial distribution of the features, etc.)
coming either from a deeper knowledge of the data or from
new sonar images (multiple acquisitions). The interest of
such a fusion structure lies in its flexibility: the addition
of new parameters is easy to work out and does not need
any change of structure or parameterization. Moreover, it
is possible to estimate the quantity of information brought
by each of the new parameter. This allows to reach the
next levels in the detection and classification process, as
described in the introduction, by deciding if the regions
previously segmented actually contain a sought object and
by identifying this object (mine, kind of mine, etc.).
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