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Advantages of multi-sensor systems

Higher signal-to-noise ratio.

Increased reliability in the case of sensor failure.

Reduced uncertainty and increased confidence.

Increased discrimination power due to more comprehensive
information arriving from multiple sensors.

Improved resolution due to multiple sensors.
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Difficulties

Data in diverse formats, noisy and ambiguous

analogue, digital, discrete, textual, imagery

Data dimensionality and alignment

Different coordinate systems, units, frequency, amplitude,
timing

Temporal alignment

Synchronisation of data
Spatial distribution of sensors demands precise time
measurements
Data arrival at fusion node may not coincide due to variable
propagation delays
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Perspectives

Sensor fusion concepts can be characterized from several
perspectives:

Application domain

Fusion objective

Sensor type

Sensor suite configuration

Fusion level
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Application domain

Defense

Robotics

Medical

Space

Entertainment
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Fusion objective

Tracking of an object

Detecting the presence of an object

Assessing environmental conditions

Recognizing an object

Antanas Verikas Sensor fusion



Introduction
Concepts, techniques

Examples

Concepts
Techniques

Sensor type

The major factors dictating the selection of sensors for fusion are:

the compatibility of the sensors for deployment within the
same environment

the complementary nature of the information derived from the
sensors
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Sensor suite configuration

The following configurations are by far the most common:

Parallel Configurations

Serial Configurations

Varied combinations of the parallel and serial configurations

The parallel configuration has been the most studied wherein the
sensors are making observations concurrently.
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Fusion level

Data fusion

Feature fusion

decision fusion

Table: Sensor fusion in terms of input/output provided.

Mode Example

Data in → data out Fusion of multi-spectral data.
Feature in → feature out Fusion of image and non-image data.
Decision in → decision out Case of non compatible sensors.
Data in → feature out Shape extraction.
Feature in → decision out Object recognition.
Data in → decision out Pattern recognition.
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Techniques

Artificial neural networks

Fuzzy set theory

Neuro-fuzzy systems

Kernel methods (support vector machines)

Probabilistic methods

Bayesian inference
Dempster-Shafer theory
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Bayesian inference (1)

Suppose H1,H2, ...,HM are mutually exclusive and exhaustive
hypothesis that explain the observed data S . Then

p(Hj |S) =
p(S |Hj)p(Hj)∑
i p(S |Hi )p(Hi )

(1)∑
i

p(Hi ) = 1 (2)

where p(Hi ) is the a priori probability of the hypothesis being true,
p(S |Hi ) is the probability of getting the data S , given the Hi is
true, and p(Hj |S) is the a posteriori Hj probability given the data
S .
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Bayesian inference (2)

For data generated by multiple sensors S1, ...,Sn

p(Hj |S1 ∩ ... ∩ Sn) =
p(Hj)[p(S1|Hj)p(S2|Hj)...p(Sn|Hj)]∑
i p(Hi )[p(S1|Hi )p(S2|Hi )...p(Sn|Hi )]

(3)

The conditional probability p(Si |Hj), the probability of observing
the signal Si , given that Hj is true, are usually determined based
on experimental results.
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Bayesian inference (3)

Provides the probability of a hypothesis being true, given the
evidence.

Allows incorporating a priory knowledge of the likelihood of a
hypothesis being true at all.

The decision is usually based on the maximum a posteriori
principle.
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Dempster-Shafer theory (1)

Let Θ = {θ1, θ2, ..., θM} be a finite set of mutually exclusive and
exhaustive atomic hypotheses about some problem domain.

The probability theory assigns probabilities to atomic
hypotheses θi , while in DS theory, a basic probability number
m(A) represents one’s belief in a not necessarily atomic
hypothesis A.

For a compound hypothesis A 6= θi , m(A) measures our belief
that we are willing to commit to A. The belief cannot be
subdivided amongst the subsets of A and is assigned to A at
the expense of support m(θi ).

The belief in A and the belief in its negation A do not
necessarily sum to 1.
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Dempster-Shafer theory (2)

To obtain the total belief in A, (Bel(A), where Bel : 2Θ → [0, 1]),
we must add the basic probability numbers m(B) for all subsets B
of A.

Bel(A) =
∑
B⊆A

m(B) (4)

The subsets B of Θ for which m(B) > 0 are called the focal
elements of the belief function.

The union of the focal elements is called the core of the belief
function.

The belief functions having only one focal element in addition
to Θ are called simple support functions.
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Dempster-Shafer theory (3)

Given two basic probability assignments m1 and m2 associated
with Bel1 and Bel2 induced by two different sources of information
over the same Θ can be combined if their cores are not disjoint.
The orthogonal sum (m = m1

⊕
m2, m : 2Θ → [0, 1]) is a

convenient way to perform such a combination:

m(∅) = 0 (5)

m(A) = K−1
∑

B∩D=A

m1(B)m2(D), A 6= ∅ (6)

K =
∑

B∩D 6=∅

m1(B)m2(D) (7)
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Dempster-Shafer theory (4)

The function m is a basic probability assignment.

The core of Bel given by m equals the intersection of the
cores of Bel1 and Bel2.

The combination rule is commutative and associative, and it
may be generalized to combine multiple evidences.

Maximum belief over the atomic hypothesis is the most
commonly used approach to make decisions based on the DS
fusion result.
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Fuzzy set theory (1)

The advantages of the fuzzy set theory lie in the variety of
combination operators.

Fusion by IF-THEN rules, for example

IF x1 is A1 AND ... AND xn is An THEN class Cq with zq (8)

where Ai (i = 1, ..., n) are fuzzy sets defined over the input
variables xi , Cq is a class label and zq is a rule weight. Each
fuzzy set is represented by a membership function, for
example Gaussian:

µi = exp

(
− (xi − ci )

2

σ2
i

)
(9)

where ci and σi are the center and the width of the Gaussian
function, respectively.
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Fuzzy set theory (2)

Fuzzy integration is an example of a successful combination
operator.

The fuzzy integral is interpreted as searching for the maximal
grade of agreement between the objective evidence and the
expectation.

A non additive fuzzy measure (FM) is used in the fuzzy, for
example Choquet, integral.
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Fuzzy set theory (3)

If we assume that Z = {z1, z2, . . . , zL} is a non-empty finite set of
data from L sources/sensors and g is an FM on Z , the discrete
Choquet integral of a function h : Z → R+ with respect to g is
defined as

Cg (h(z1), . . . , h(zL)) =
L∑

i=1

[h(zi )− h(zi−1)]g(Ai ) (10)

where indices i have been permuted so that
0 ≤ h(z1) ≤ ... ≤ h(zL) ≤ 1; Ai = {zi , ..., zL}; h(z0) = 0.

If decision fusion is considered, h(zi ) stands for the
classification result of the ith classifier.
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Fuzzy set theory (4)

A set function g : 2Z → [0, 1] is a fuzzy measure if

1) g(∅) = 0; g(Z ) = 1;

2) if A,B ⊂ 2Z and A ⊂ B then g(A) ≤ g(B);

3) if An ⊂ 2Z for 1 ≤ n < ∞ and {An} is monotonic in the
sense of inclusion, then limn→∞ g(An) = g(limn→∞ An).
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Fuzzy set theory (5)

An ordinary FM of a union of two disjoint subsets cannot be
directly computed from the FMs of the subsets. The so called
λ-FM allows such computation:

g(A ∪ B) = g(A) + g(B) + λg(A)g(B) (11)

When g is the λ-FM, the values of g(Ai ) can be computed
recursively. If g i = g({zi}), then

g(A1) = g({z1}) = g1

g(Ai ) = g i + g(Ai−1) + λg ig(Ai−1), for 1 < i ≤ L.
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A waterfall fusion model

ment. To achieve this task, models of the sensors and,
whenever possible, of the measured phenomena are
necessary. These models could be based on experi-
mental analysis or on physical laws;

– Level 2 is composed of feature extraction and fusion
of these features. These processes are done to obtain a

symbolic level of inference about the data. Their aim
is to minimise the data content whilst maximising
information delivered. The output of this level is a list
of estimates with probabilities (and beliefs) associated
with them;

– Level 3 relates objects to events. Possible routes of
action are assembled according to the information
that has been gathered, the libraries and databases
available, and the human interaction.

4.6 Distributed blackboard data fusion architecture

Schoess and Castore [9] describe an example of a dis-
tributed blackboard data fusion model. This model is
shown in Fig. 6 where two sensors (s1 and s2) are con-
nected to a number of transducers (T). These sensors
also have a supervisor, which controls how conflicting
sensor measurements are handled. This is often based
upon confidence levels assigned to each sensor. The set
of transducers are used to acquire as much information
as possible from the physical system under analysis
(temperature, pressure, etc.). The fusion algorithm pro-
duces a value, F, which is dependent upon the data
available to the two sensors. Confidence in the mea-
surements is assigned to each of the sensor readings by
the supervisors. This method could be defined as a
database that contains sensory information and operates
the communication channels available among the
knowledge sources.

Table 2 Characteristics of data fusion levels

Characteristics Signal
level

Pixel
level

Feature
level

Symbol
level

Representation level
of information

Low Low Medium High

Type of sensory
information

Multi-dimensional
signal

Multiple images Features extracted
from signals/images

Decision logic from
signals/image

Model of sensory
information

Random variable
with noise

Random process
across the pixel

Non-invariant form
of features

Symbol with degree
of uncertainty

Fig. 4 Pau’s sensor data fusion process

Fig. 5 Waterfall model Fig. 6 Distributed blackboard data fusion
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Antanas Verikas Sensor fusion



Introduction
Concepts, techniques

Examples
Examples

Diagnostic-prognostic monitoring

2448 IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT, VOL. 56, NO. 6, DECEMBER 2007

Fig. 11. Implementation of NDE data fusion.

Fig. 12. Conceptual implementation of a DPHM system.

IV. DISCUSSION

A. Role of NDE Data Fusion: Second Look

The DPHM system is not constrained to the detection of a
past event. It is required that a DPHM system has the capability
to predict the future conditions. The traditional NDE tech-
niques will be integrated into engineering design, maintenance,
and operational considerations [96]. The prediction of future
conditions is based on the knowledge of current conditions
and the awareness of past events. The prognostic capabilities
will turn the scheduled maintenance into a condition-based or
prediction-based maintenance.

The prediction of a future condition is based on the knowl-
edge of the past and current performances of the structure
and the awareness of the physical mechanisms of a process.
Fig. 12 demonstrates the implementation of a typical DPHM
system. The perception and assessment of current conditions
depends on the capability and efficiency of the applied NDE

techniques and sensors. The requirements of a specific ap-
plication determine what information is needed and decide
which sensing technology should be applied and implemented.
The development of physics-based models cannot be isolated
from sensing and measuring physical parameters. Such models
should be adapted to the changes of physical mechanisms. Nei-
ther physics-based model nor empirical model can individually
work for a DPHM system. Therefore, a data fusion module
should be able to integrate the structural feature information
to minimize the diagnostic error and facilitate the prognostic
process. Herein, the data fusion techniques work not only for
the NDE data acquired at the perception stage, i.e., signal
enhancement, feature extraction, and flaw identification, but
also for the information coming from empirical and physics-
based models [50].

Data fusion techniques can fit into a DPHM system at
different levels. At the signal level, the fusion of redundant
information will enhance the reliability and robustness of the
sensing system. At a higher level, the fusion of physical and
numerical models provides an input to the diagnostic and
prognostic reasoners.

B. Toward In Situ Monitoring

This paper focuses on the data fusion techniques that are
applied to the traditional NDE techniques. However, the evo-
lution of advanced sensor technologies raises the requirements
to process and fuse a lot of sensor data for in situ monitoring
of structures and materials in real time, e.g., the engine diag-
nostics and health management system [44]. This basic routine
also follows the processing stages that are shown in Fig. 11.
The data fusion techniques may be involved in the stages of
data processing, predictive diagnosis, prognosis, and decision
making, when multisource information needs to be handled.

Authorized licensed use limited to: Halmstad Hogskola. Downloaded on June 16, 2009 at 11:36 from IEEE Xplore.  Restrictions apply.

The prediction of
future is based on the
knowledge of current
conditions, the physical
model of a process,
and past events.
(NDE=nondestructive
evaluation).

At the signal level, the fusion of redundant information
enhances the reliability of the system.

At a higher level, the fusion of physical and numerical models
provides an input to the diagnostic and prognostic reasoners.
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Fig. 6. Least minimum mean square error algorithm (cf. [1]).

Fig. 7. Procedure for multiresolution image fusion.

subsampling operations. The image is finally represented by
a sum of shifted, scaled, and dilated versions of the kernel
function. That is, image I(x, y) can be represented as a sum
over a collection of functions gi(x, y), which are from the
kernel function [51]

I(x, y) =
∑

i

yi(x, y)gi(x, y) (3)

where yi(x, y) are the transform coefficients. These coefficients
can be computed by projecting the image onto a set of projec-
tion functions hi(x, y), i.e.,

yi(x, y) =
∑
x,y

hi(x, y)I(x, y). (4)

The projection functions hi(x, y) are the translated and di-
lated copies of one another. The subsampling factor is increased
by a factor of 2, namely the image at a lower level are downsam-
pled to one fourth the size of the adjacent high-level subimage.

The multiresolution image fusion approaches and the strate-
gies to fuse coefficients yi(x, y) in the transform domain can be
found in Table III. The problems are how these multiresolution
decomposition schemes extract image features and how these
features are detected and combined by the fusion rules. The
most popular rule is the maximum absolute value selection,
which compares the absolute values of the coefficients. The
larger value is retained in the new coefficient set because the
larger one corresponds to the image feature such as lines,

edges, and boundaries. As shown in (5), Il(x, y) is the fused
coefficient set at pixel (x, y) of level i. Ia

i (x, y) and Ib
i (x, y)

are the coefficients from source/sensor a and b, respectively.
F (x, y) is the feature assessment metric. It can be the absolute
value of the coefficient, the contrast value, the activity measure,
or the local oriented energy at a certain pixel. The selection
procedure is guided by comparison results based on this metric.
Another popular rule is weighted average, and this usually
applies to low-pass or approximation subimage component.
The weighting parameters are computed from a salient and a
match measure [52]. Through the simulation with a standard
image, these algorithms can be compared or evaluated by using
criteria such as root-mean-square error, cross correlation, pulse
SNR, or more sophisticated techniques [62], [63]. Thus

Il(x, y) =
{
Ia
l (x, y), F a

l (x, y) > F b
l (x, y)

Ib
l (x, y), others.

(5)

More sophisticated implementations of multiresolution fu-
sions are presented in Table III. Although the applications are
not confined to NDE, this table presents the most important
MRA algorithms and fusion rules, which fit (4) and (5), re-
spectively. This type of fusion belongs to the feature integration
category and implements the pixel-level fusion. One application
is the enhancement of MF-ET C-scan images presented in [19],
where different multiresolution approaches were employed to
process MF-ET images. The SNR was improved through the
proposed fusion operations. Matuszewski et al. used the aver-
aging, local-energy comparison, and region-based methods to
fuse ultrasonic, radiographic, and shearographic images [7]. It
was argued that the fusion process would facilitate the further
interpretation and classification procedure. Therefore, the effi-
ciencies can be verified at the postprocessing stage.
3) Heuristic Methods: One of the heuristic methods is NN.

Studies of NDE data fusion with NN were carried out at
the Material Assessment Research Group, Iowa State Univer-
sity (now the Nondestructive Evaluation Laboratory, Michigan
State University). When NNs are involved, the NN architecture
design and the training emerge to be a problem. There is no
uniform architecture for all applications, and the architecture
design procedure is quite empirical [64]. If the training data
are from a defect region and defect-free regions, the output
should be a value that indicates the probability that a pixel is
a defect. The NN actually does a mapping work: classification

Authorized licensed use limited to: Halmstad Hogskola. Downloaded on June 16, 2009 at 11:36 from IEEE Xplore.  Restrictions apply.

Two aspects of the fusion
scheme:

Multiresolution algorithms
for image decomposition
and reconstruction.

The combination rule for
the coefficient sets in the
transform domain.
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Multiresolution image fusion (2)

The input image is decomposed into a set of spatial frequency
bandpass sub-images.
An image I (x , y) can be represented as a sum over a
collection of basic functions gi (x , y)

I (x , y) =
∑

i

yi (x , y)gi (x , y) (12)

where i is the resolution level and yi (x , y) are the transform
coefficients.
The coefficients can be computed by projecting the image
onto a set of projection functions hi (x , y):

yi (x , y) =
∑
x ,y

hi (x , y)I (x , y) (13)

The functions hi (x , y) are the translated and dilated copies of
one another.
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