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Abstract This paper describes a new methodol-

ogy for information integration based on the Fisher

criterion. A system that uses information from

multiple features or sensors can employ redun-

dancy, diversity and complementarity to overcome

the shortcomings of single-sensor systems and im-

prove performance. In this paper, a general mul-

tifeature/multisensor framework is proposed which

does not simply expand the dimensionality of the

feature space, but which can discern new features to

provide greater discrimination. Using this frame-

work, a more focused methodology is described for

localization of objects in complex scenes by learning

multiple feature models in images. The methodology

is based on a modular structure consisting of mul-

tiple classi�ers, each of which solves the problem

independently based on its input observations. A

higher level decision integration is obtained through

a supra-Bayesian scheme. Results of the proposed

integration scheme are compared to existing com-

bining techniques.

Keywords: multisensor fusion, object detection,

pattern analysis

1 Introduction

The automated interpretation of images to detect
and localize objects is a key component of au-
tonomous vision systems. Due to the large amount
of data to be processed, the presence of noise in the
imagery, the absence of complete information, the
ill-posed nature of the problems, and inadequate
modeling of the scene and the sensors, such extrac-
tion of information is a very complex task. Hu-
mans are able to detect and recognize as many as
10,000 distinct objects [2] under varying viewing

conditions, while a state-of-the-art object recogni-
tion system can recognize relatively few objects.
We know very little about the physiological mech-
anisms with which the human visual system solves
and uses solutions to lower-level processes such as
depth and shape in the task of object detection and
recognition [5].

The process of object localization and recogni-
tion involves processing at all levels of machine vi-
sion: lower-level vision, as with edge detection and
image segmentation; mid-level vision, as with rep-
resentation and description of pattern shape, and
feature extraction; and higher-level vision, as with
classi�cation. Since objects are usually character-
ized by their shape and by the gray-scale repre-
sentation of the segmented region, detection re-
sults directly a�ect the performance of the sys-
tem. Past research in machine perception has fo-
cused mainly on the use of a single sensing modal-
ity, such as a video camera or an infrared camera.
A great deal of e�ort has been devoted to inter-
preting imagery sensed by each (single) modality
separately. However, techniques which use a sin-
gle modality work only in highly constrained envi-
ronments and require enormous amounts of com-
putational resources. The use of multiple sensing
modalities and the development of \intelligent" al-
gorithms to e�ectively combine these sensors can
overcome the limitations of current approaches to
machine vision. In this paper we explore the object
detection and localization problem through images
obtained from visual and infrared sensors.

This paper presents a framework for sensor fu-
sion along with robust algorithms for the detection
process. The framework follows the bottom-up ap-
proach and uses Bayesian statistics to account for
uncertainties in the process. Multiple features, ex-
tracted either from single or multiple sensor images
are used to model the object signature. Information
from each feature is integrated for focused object



analysis.
The rest of this paper is organized as follows. In

section 2, the need for sensor fusion and a mod-
ular framework are discussed, providing the basis
for the development of the integration framework
presented in the following section. In section 3,
a Bayesian approach is presented where the prob-
lem is formulated as a two-class discrimination case.
The theoretical foundations for decision fusion are
discussed and the Fisher criterion is considered for
determination of the optimal reliability factors. Ex-
perimental results obtained from both the visual
imagery database and the FLIR imagery database
are presented and analyzed in section 4. An ex-
ample is also presented for detection in registered
multisensor data. Finally, section 5 presents the
conclusions of this paper.

2 Multisensor Fusion

Multisensor fusion is now widely accepted as be-
ing indispensable in vision applications, particu-
larly when any one speci�c sensor is not guaranteed
to provide complete discriminatory information be-
cause of the complexity of the scene, poor imag-
ing conditions, or the e�ect of counter-measures or
noise [6]. Multiple sensing modalities are used with
great e�cacy by several biological perceptual sys-
tems. The sensing modalities, as well as the manner
in which the sensed signals are fused, are decided by
the domain in which the systems function as well
as by the application. Fusion of multiple sensor
information for reliable analysis is a problem that
has been studied in various areas over the years. In
certain vision system problems, a complete analy-
sis of a scene is not possible without information
from multiple sensors. In such cases, the problem
of multisensor fusion is de�ned as the integration of
numerical and spatial sensory data to achieve use-
ful information about an object or a scene that can-
not be obtained from single sensor information [13].
This realization of the fundamental limitation of
single sensor information has lead to an increasing
interest in multisensor systems. Multiple sensor in-
tegration techniques studied so far can be broadly
categorized in two classes.

1. Model-based approaches

2. Statistical approaches

Model-based techniques try to model the environ-
ment in which the system operates and are depen-
dent on the physics of interactions within the scene
and the sensor. Similar to physics-based analysis,

the heat transfer within the environment is modeled
and the radiation received at the thermal sensor is
approximated. Similarly, the objects' reectivity
is determined by modeling the light source for vi-
sual sensor information. The information can once
again be optimally fused. Statistical techniques,
on the other hand, can be used to model the un-
certainty of the sensor. This information, in turn,
provides con�dence of information. Bayes' decision
criteria can be used to optimally combine informa-
tion in such a case.

The motivation behind the design of a multi-
sensor system stems from the realization that sen-
sor measurements inherently incorporate varying
degrees of uncertainty and are occasionally spuri-
ous and incorrect. Further, the spatial and phys-
ical limitations of sensor devices often mean that
only partial information can be provided by a sin-
gle sensor. Inspired by biological organisms, which
are essentially multisensor perception systems, the
development of intelligent systems that use mul-
tiple sources of information to extract knowledge
about the sensed environment seems a natural step
forward. The shortcomings of single sensors can
be overcome by employing redundancy and diver-
sity [9]. A multisensor fusion framework that in-
tegrates information at all processing levels would
bene�t from the principles of redundancy and diver-
sity while managing the computational complexity.
Such a modular framework, which uses Bayesian
formulations to detect probable objects and present
a coherent system with an associated con�dence
and error estimate at each level of the system, is
proposed in �gure 1. The lowest level of the system
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Figure 1: System module overview for in-
formation integration to achieve better detec-
tion/segmentation.



performs multiple feature extraction from images of
each sensing modality. Multiple features or multi-
ple sensors are treated the same in this framework.
Several expert modules are used to characterize the
distribution of these features, which aid in discrim-
inating probable objects from the background. De-
tecting objects in both infrared and visual images
poses a challenging problem due to enhanced clut-
ter, the high degree of variations observed in natu-
ral environments, and faint object signatures. Indi-
vidual modules are trained to identify varying ob-
ject signatures. By incorporating di�erent features,
an object signature can be successfully identi�ed to
get an initial estimate of probable regions. A prob-
abilistic combining stage ensures the fusion of mul-
tiple classi�er outputs to maximize the object sig-
nature. In the event of registered multisensor data,
the sensor fusion module incorporates a region re-
�nement to obtain the �nal object segmentation by
integrating object signature detected by individual
sensor modules. In the absence of registered data, a
region re�nement stage can be implemented which
analyses the detected region independent of infor-
mation from other possible sources. To show the
e�cacy of the proposed framework, examples are
provided for multisensor integration using range in-
tensity and infrared images for the problem of ob-
ject detection.

3 Information Integration

As improvements in sensors have been realized
through the development of imaging technologies,
the optical limits of sensor resolution have been
reached. The second generation FLIR is a prime
example of this. More advanced sensors will pro-
vide only small improvements over present capa-
bilities [10]. In order to improve performance, we
must exploit the use of available multiple sensors,
as well as integration of spatial and temporal in-
formation. Data from more than one sensor can
be fused by several techniques: information/data,
pixel, feature, and decision-level fusion. Data fu-
sion refers to the incorporation of object data from
several sources, e.g., imaging sensor, object infor-
mation, GPS, digital maps, etc. Pixel fusion in-
volves the overlay of pixels from disparate sources
to form an image. Feature fusion correlates infor-
mation from two or more sources prior to making
a decision. Decision fusion is a voting scheme in
which each information source is polled as to the
presence of objects.

In most data fusion systems, the information ex-

tracted from images or sensors is represented as
measures of belief in an event. The information
can be either numerical or symbolic. Its represen-
tation as numerical values leads to a quanti�cation
of the characteristics that have to be taken into ac-
count in a fusion process. Indeed, one of the main
tasks of data fusion is to combine information is-
sues from several sources to obtain a better deci-
sion than can be had from one source only, by re-
ducing imprecision and uncertainty and increasing
completeness [3]. In any object detection system,
the events to which degrees of beliefs are assigned
are related to the absence or presence of objects of
interest. The degrees of beliefs are modeled in dif-
ferent ways, depending on the chosen mathematical
framework, e.g., membership degrees to a fuzzy set
in fuzzy set theory, necessity functions in possibil-
ity theory, mass, belief, or plausibility functions in
Dempster-Shafer evidence theory, or probabilities
in data fusion methods based on probability and
Bayesian theory. When several pieces of informa-
tion have to be combined, these degrees are com-
bined in the form F (x1; x2; : : : ; xn), where xi de-
notes the representation of information issues from
source i. The question is: what information combi-
nation operator F should be chosen? It should be
emphasized that the problem of data integration is
very complex and that there are many issues beg-
ging explanation. These include the e�ect of indi-
vidual expert error distributions on the choice of
fusion strategy, explicit di�erentiation between de-
cision ambiguity, competence and con�dence, and
the relationship between dimensionality reduction
and multiple expert fusion, with its implicit dimen-
sionality expansion.

3.1 Theoretical Framework for Fu-

sion

The following discussion concentrates on the prob-
lem of statistical data integration, where a decision
is to be made based on a group of experts. In the
general m-class case, we consider that we have n
experts each representing the given input/source,
Z, by a distinct vector. Let xi be the measurement
vector, such as a feature extracted from the image,
used by the ith classi�er. Each class !k is modeled
by the probability density function p(xij!k) and its
prior probability is denoted by P (!k). The mod-
els are assumed to be mutually exclusive as each
model is associated with distinct measurement fea-
tures/source. According to Bayesian theory, the in-
put Z should be assigned to class !j provided the
posterior probability of the interpretation is maxi-



mum, i.e.

assign Z ! !j if (1)

P (!j jx1; : : : ; xn) = max
k

P (!kjx1; : : : ; xn)

Rewriting the posterior probability
P (!kjx1; : : : ; xn) using Bayes' theorem, we have

P (!kjx1; : : : ; xn) =
p(x1; : : : ; xnj!k)P (!k)

p(x1; : : : ; xn)
(2)

where p(x1; : : : ; xn) is the unconditional joint prob-
ability density function. This can be expressed in
terms of the conditional distribution as

p(x1; : : : ; xn) =

mX

j=1

p(x1; : : : ; xnj!j)P (!j): (3)

Assuming that the features/sources used by the
classi�ers are conditionally statistically indepen-
dent, we can write the joint distribution as

p(x1; : : : ; xnj!k) =

nY

i=1

p(xij!k): (4)

Substituting from 4 and 3 into 2, we get

P (!kjx1; : : : ; xn) =
P (!k)

Qn
i=1 p(xij!k)Pn

j=1 P (!j)
Qn

i=1 p(xij!j)

(5)
Thus the decision rule can be given as:

assign Z ! !j if (6)

P (!j)

nY

i=1

p(xij!j) =
m

max
k=1

P (!k)

nY

i=1

p(xij!k)

Under the assumption that the posterior probabil-
ities computed by the respective classi�ers will not
deviate dramatically from the prior probabilities,
the more commonly used sum rule is derived in [8].
Some of the other decision rules used are also dis-
cussed. They include the max rule, min rule,
median rule, and the majority vote rule.

In deriving the decision rule above, it is conceded
that the conditional independence assumption may
be deemed unrealistic in many situations. How-
ever, for applications where the feature extractors
are distinct, this assumption will hold. Further,
this assumption will provide an adequate and work-
able approximation of reality, which may be more
complex. Finally, most routinely used combining
schemes are based on this assumption. For the sum
rule, the assumption that the posterior class proba-
bilities do not deviate greatly from the priors is un-
realistic in most applications, and would introduce

gross approximation errors. On the other hand, the
product formulation has the drawback that a single
recognition engine can inhibit the overall fusion by
outputting a close to zero probability. For the spe-
cial case of normally distributed assessments of the
individual classi�er outputs about the true class,
the product formulation provides the �nal estimate
by minimizing the variance over all inputs.

To avoid the zero probability problem, a measure
of reliability for individual experts/classi�ers can
be considered in which the corresponding classi�er
contributes minimally to the �nal decision. In such
a case, the modi�ed product formulation is given
by

p(x1; : : : ; xnj!k) =

nY

i=1

p(xij!k)
wi : (7)

The introduction of weight factors, wi, clearly re-
ects the expertise of individual classi�ers, but it is
not clear as to how they should be chosen. Rewrit-
ing equation 5, we have

P (!kjx1; : : : ; xn) =
P (!k)

Qn

i=1 p(xij!k)
wi

Pn

j=1 P (!j)
Qn

i=1 p(xij!j)
wi

(8)
For a two-class discrimination, we can write the
combined probability as

P (!kjx1; : : : ; xn) =
P (!k)[

Qn

i=1f
p(!kjxi)
P (!k)

gwi ]

A+B

A = P (!j)[
nY

i=1

f
p(!kjxi)

P (!k)
gwi ]

B = P (!cj )[

nY

i=1

f
p(!ckjxi)

P (!ck)
gw

c

i ](9)

A similar formulation has been shown in [1, 4] and
is termed the logarithm opinion pool. The inter-
pretation of this combined estimate is known to be
unimodal and less dispersed than the linear combi-
nation of individual assessments. As pw is a mono-
tonic function of p, we can simplify equation 9 to
the logarithmic form as (ignoring the normalizing
denominator)

logP (!kjx1; : : : ; xn) = (10)

logP (!k) +
nX

i=1

wi logf
p(!kjxi)

P (!k)
g

Considering the odds formulation where OG =
P (!kjx1;:::;xn)

1�P (!kjx1;:::;xn)
, Oi = p(!kjxi)

1�p(!kjxi)
and O!k =

P (!k)
1�P (!k)

, we can rewrite the group estimate as

log(
OG(!k)

O!k

) =

nX

i=1

wi log(
Oi

O!k

) (11)



3.2 Reliability Factors

To determine the weight factors for optimal dis-
crimination, we consider the Fisher criterion. The
reliability factors are computed based on the mea-
sure of within-class and between-class information,
as introduced by Fisher [7]. The classi�er outputs
for a given class should be chosen such that they
are clustered closely as compared to the outputs
given for any other class. Once again, considering
equation 11 or 11, let

�i = logf
p(!kjxi)

P (!k)
g: (12)

The group estimate can then be written as

y =

nX

i=1

wi�i (13)

where the decision is based on the maximum yi for
all classes. In the general case, let 
 = f!1; : : : ; !kg
be the k classes into which the input Z is to be
classi�ed. Given the training patterns and the cor-
responding outputs, let X! be the set of input be-
longing to class ! and let N! be the number of
patterns. The mean of class ! can then be de�ned
as

�! =
1

N!

X

x2X!

y =
1

N!

X

x2X!

W T�

= W T (
1

N!

X

x2X!

�) =W T �̂! (14)

where �̂! is a n� 1 column vector given by:

�̂! =
1

N!

X

x2X!

�: (15)

Similarly, the mean over all classes can be de�ned
by

� =
1

N

X

x2X

y =
1

N

X

x2X

W T�

=W T (
1

N

X

x2X

�) =W T �̂ (16)

where �̂ is again the n� 1 column vector given by

�̂ =
1

N

X

x2X

� =
1

N

X

!2


N!�̂! : (17)

The between-class variance is then de�ned as

SB(W ) =
X

!2


N!(�� �!)
2 (18)

Using equation 17,

X

!2


N!(W
T �̂!) = N(W T �̂) (19)

the between-class variance can be simpli�ed as

SB(W ) =
X

!2


N!(W
T �̂!)

2

� N(W T �̂)2 (20)

The within-class variance is given as

SW (W ) =
X

!2


X

x2X!

(�! � y)2 (21)

=
X

!2


X

x2X!

(W T �̂! �W T�)2

(22)

Simplifying, we get

SW (W ) =
X

x2X

(W T�)2

�
X

!2


N!(W
T �̂!)

2 (23)

In trying to minimize the within-class variance
and maximize the between-class variance, the se-
lection criterion can be given as

J(W ) = SB(W )� �[SW (W )� 2W T I ] (24)

where I is an n � 1 column vector of ones. �

weights the within-class variance with respect to
the between-class variance and acts as the regular-
ization parameter. Di�erentiation with respect to
the weight factors and setting the derivative to zero,
we get

@J

@W
=

@SB(W )

@W
� �

@SW (W )

@W
� 2�I (25)

Using the identity @(WT I)
@W

= I , we have

@SB(W )

@W
= 2
X

!2


N!(W
T �̂!)�̂! � 2N(W T �̂)�̂

(26)
and

@SW (W )

@W
= 2
X

x2X

(W T�)�� 2
X

!2


N!(W
T �̂!)�̂!

(27)
Simplifying equation 25

1

2

@J

@W
= �I (28)



Thus the optimal solution for the reliability factors
W is given by

W = �((1 + �)
X

!2


N!(�̂!
T
�̂!)

� N(�̂T �̂)� �
X

x2X

(�T�))�1I (29)

4 Experimental Results

The features used for robust detection of objects in
complex scenes included color, regularity, local de-
viation, and homogeneity in images [12]. The data
was divided into two distinct sets, one for validat-
ing the system and the other for testing the system.
The validation set for both the Colorado(visual)
and Comanche(FLIR) data consisted of 40 images
under varying background conditions. Some of the
images had high clutter and very small objects. A
separate set of 5 images was used to compute the
image statistics and estimate the object signature
distribution parameters using the modi�ed EM al-
gorithm [11]. The testing set for the Colorado
data consisted of 65 images of similar objects, once
again in varying environmental settings and ambi-
ent conditions. For the Comanche data, a set of 144
images were used from three distinct sites in vary-
ing environmental conditions. The validation set

was used to validate the classi�er design and deter-
mine the con�dence/reliability of individual classi-
�ers.

The detected regions were individually analyzed
by performing a connected component analysis on
the output of pixel classi�cation and regions con-
sisting of less than 100 pixels were removed. A re-
gion growing procedure with compactness and edge
linearity constraints [11] was used to isolate �nal re-
gions. An example of a typical visual image and the
detected object is shown in �gure 2. Figure 3 shows

Figure 2: Typical visual input and detected
object.

an example of a typical FLIR input image and the
result of detection and segmentation.

Based on the computed reliability factors, the
classi�cation rate of 96:59% and a false alarm of

(a) (b)

(c)

Figure 3: Preprocessing steps applied to typi-
cal FLIR image (a), the results obtained after
initial detection (b), and the result of �nal seg-
mentation (c).

4:3% was obtained with a threshold of 0:7 in the vi-
sual dataset. For images from the Comanche FLIR
dataset, the best results were obtained with a total
of 143 regions detected, an object classi�cation rate
of 99:3% and a false alarm of 1:9%.

In another experiment, the lower level of individ-
ual classi�ers was merged into one classi�er and the
decision integration module was removed. Thus,
the features were concatenated to give just a single
feature vector. The same experiments were then
repeated. This was done to verify the advantage of
the proposed methodology. The overall detection
rate in this case dropped to 81.5% for the visual
data and 83.2% for the FLIR data with a threshold
of 0:7.

To further evaluate the developed methodology,
we compare the results with those obtained by us-
ing some of the existing classi�cation and com-
bining schemes. As variants for the integration
scheme, we consider the Sum Rule [8] which gives

P (!kjX) =

nX

i

Pi(!kjxi) (30)

A modi�cation of that is the weighted sum rule,
which is simply

P (!kjX) =
nX

i

wiPi(!kjxi) (31)



The weights in these experiments were determined
by cross validation on the validation set for each
classi�er. The third variant would be just to con-
sider a majority vote, which is

P (!kjX) =
n

max
i

Pi(!kjxi) (32)

Standard classi�cation algorithms were also consid-
ered. A Nearest Neighbor(NN) algorithm (1-NN
and 3-NN) was used to estimate the �nal binary
decision. The NN classi�er assigns a test pattern x
to the same class !i as the training pattern x

p
i 2 �i

nearest to x in the feature space. �i is the set of all
training patterns belonging to the class !i. Given
in the discriminant function form, the classi�cation
can be given as:

�NN(x) = �i 3 gi(x) � gj(x) 8j 6= i (33)

where �i is the assigned label and gi(x) is the dis-
tance measure and can be written as

gi(x) = �kx� x
p
i k (34)

and

kx� x
p
i k � kx� x

p
jk 8x

p
i 2 �i; i 6= j (35)

The decision tree (C4.5) and one level rule induc-
tion (1-R) algorithms were also used. In all of these
algorithms, the training patterns were the posterior
estimates obtained from individual classi�ers. Ta-
bles 1 and 2 present the average results over 20 runs
for the same visual and FLIR images respectively,
as used in earlier experiments.

Algorithm 3000 Data Pts.
Our Algorithm 96.59%

Sum Rule 83.6%
Wtd. Sum Rule 91.5%

Maj. Vote 76.8%
1-NN 88.2%
3-NN 89.2%
C4.5 85.1%
1-R 75.9%

Table 1: Comparison of combining schemes for
visual data.

In addition, to demonstrate the generalizability
of the developed fusion framework, an example of
multisensor detection is considered. The images
used in these examples were obtained by a FLIR

Algorithm 3000 Data Pts.
Our Algorithm 99.3%

Sum Rule 87.5%
Wtd. Sum Rule 93.0%

Maj. Vote 77.7%
1-NN 90.9%
3-NN 92.3%
C4.5 84.0%
1-R 84.7%

Table 2: Comparison of combining schemes for
FLIR data.

and range sensor. Three of the features introduced
earlier, excluding color, were used on the FLIR and
range intensity images to model the objects of inter-
est and the background. A validation set consist-
ing of non-registered images was used to determine
the weight factor for the integration of features for
each sensor. The �nal sensor integration was per-
formed by considering equal weight contributions.
In the presense of registered dataset, the weight
factor contributions for sensor integration can eas-
ily be computed as discussed in section 3.1. For
the two examples shown here, the registration was
performed manually to maximize pixel overlap be-
tween the two sensor images. Figure 4(a) and (b)
show the input images, (c) and (d) show the detec-
tion after multifeature integration, and (e) shows
the result after sensor integration.

5 Summary

In this paper, we have presented a methodology for
object region localization/detection. Multiple im-
age statistics are independently computed based on
generic measures in visual computation. We intro-
duce a modular computational structure consisting
of multiple classi�ers, each of which attempts to
solve the global problem based on its input obser-
vations. A higher level decision integrator oversees
and collects evidence from each of the individual
modules and combines it to provide a �nal deci-
sion while considering the redundancy and diversity
of individual classi�ers. A Bayesian realization of
the methodology is presented. Each classi�er mod-
ule models the object signature probability density
function based on the computed image statistics
and the �nal integration is achieved in a supra-
Bayesian scheme. How the object models bene�t
the object detection process is demonstrated by the



(a) (b)

(c) (d)

(e)

Figure 4: Registered multisensor (a) FLIR and
(b) Range intensity images, (c) and (d) de-
tected object after feature integration, and (e)
�nal detection after sensor integration.

e�ectiveness of the computed image features and
the better understanding of each feature's validity
with respect to contextual parameters that the use
of object models provides. The results presented
here were obtained on images from the Fort Carson
Colorado dataset and the Comanche FLIR dataset.
The results are compared to results obtained by us-
ing some of the existing pattern recognition tech-
niques. It is seen that considerable improvement is
obtained through the use of the methodology pre-
sented in this chapter. This methodology can be
extended to multiple sensors if the input data is
registered. An example of multisensor detection
is presented which shows the e�cacy of the pro-
posed framework. The framework allows for the
use of maximal information, thus the performance
would improve as more discriminatory information
is added through extra classi�ers.
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