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ABSTRACT
We present an approach for fusion of video streams produced by multiple imaging sensors such as visible-band and
infrared sensors. Our approach is based on a model in which the the sensor images are noisy, locally affine functions
of the true scene . This model explicitly incorporates reversals in local contrast , sensor-specific features and noise in
the sensing process.
Given the parameters of the local affine transformations and the sensor images, a Bayesian framework provides
a maximum a posteriori estimate of the true scene. This estimate constitutes the rule for fusing the sensor images.

We also give a maximum likelihood estimate for the parameters of the local affine transformations. Under
Gaussian assumptions on the underlying distributions, estimation of the affine parameters is achieved by local
principal component analysis. The sensor noise is estimated by analyzing the sequence of images in each video
stream. The analysis of the video streams and the synthesis of the fused stream is performed in a multiresolution
pyramid domain.

1. INTRODUCTION
Computational vision systems that provide visual guidance or are used in tasks such as detection and recognition
need to be robust with respect to unpredictable environmental conditions. One way to approach this problem is
to deploy multiple sensors, each specialized for a different environmental condition.13 This approach is becoming
increasingly popular due to the advances in sensing devices as well as the increase in available computing power. In
addition, using multiple sensors can increase reliability with respect to single sensor systems.4"
The application that we consider is the Autonomous Landing Guidance (ALG) system5'6 in aviation. The
term autonomous landing guidance refers to the use of synthetic or enhanced vision systems for landing aircraft
autonomously in inclement weather, Another system that is used for autonomous landing of aircraft in bad weather
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is the Instrument Landing System (ILS) . The ILS is expensive to install as well as maintain, and is available at
only a few big airports. Even with precision ILS, the pilot has no direct information about the positions of other
aircraft or objects. Air traffic experiences delays because the air traffic control enforces greater separation between
aircraft under such situations. At airports which do not possess ILS, operations cease completely when the visibility
conditions drop below a specified minimum. The goal of ALG is to use multiple imaging sensors to provide visual
guidance to pilots for landing the aircraft in low visibility conditions, The aim is to show the landing scene to the
pilot on a suitable display in the cockpit. Such a system would support operation until visibility conditions drop
below a much lower minimum, resulting in significant benefits to airlines and passengers. Since the equipment for
ALG (sensors, processing modules) would be on the aircraft, it would increase the safety of operation at smaller
airports. In addition, the ALG system would permit shorter separation between aircraft and at the same time enable
the pilot to verify clear runway conditions.
Although, several different sensors have been studied for use in ALG, visible-band, infrared (IR) and millimeter
wave (MMW) radar based imaging sensors are the most common. JR sensors can produce relatively high resolution
images when imaging at night as well as through haze and some types of fog. MMW radar based imaging sensors
can penetrate fog and have the least attenuation in rain. In the ALG application one needs to combine or fuse the
sequences of video frames from the different sensors to generate one composite video stream. The fused video stream
can then be displayed to the pilot, and would ideally provide all the necessary visual information for landing the
aircraft safely.
If imagery from multiple sensors is similar then the most effective approach to fuse the images would be to
employ some type of averaging. However, images from different sensors have different characteristics based on
the underlying physical phenomena. The polarity of local contrast is often reversed between visible-band and JR
images.79 Infrared images may contain significant features that are different from visible-band images, say due to
thermal differences caused by shadows, We call such sensor-specific features complementary features.7 The noise
characteristics of the sensors are also different . Fig. 1 (a) and 1(b) are visual-band and JR images respectively, of a
runway scene. Examples of local polarity reversal (marked rectangle) and complementary features (marked circle)
are shown, These effects pose difficulties for fusion. Jn addition to these problems, image data from different sensors
may have different geometric representations and may be mis-registered. In this paper we assume that images from
the video sequences have been appropriately pre-processed such that they are in the projective representation'° and
are perfectly registered .

2

BACKGROUND

Jn recent years, several image fusion techniques have been proposed. Direct methods such as pixel-wise averaging

operate on pixels of sensor images to obtain the fused image. Averaging is optimal when images are noisy,'2
but causes cancellation of features when there are local polarity reversals, and reduced contrast when there are
complementary features. Averaging is shown in Fig. 1 (c).
Feature-based methods13'8,'4 use selection as the criterion for fusion and consist of three steps:

1. each sensor image is decomposed into features, such as a multiresolution pyramid (e.g. contrast pyramids,
Laplacian pyramids, gradient pyramids),
2. a fused pyramid is constructed by selecting the most salient pyramid coefficient (based on, for example, maximum magnitude, local energy) at each pyramid location, and

3, the inverse pyramid transform is applied to synthesize the fused image.
Since features are selected rather than averaged, they are rendered at full contrast as shown in Fig. 1 (d) .However,
techniques that are based on selection also have drawbacks. They do not explicitly model the sensor noise, and may

thus heavily weight large noise spikes in the fused image. Jn addition, these techniques do not have the ability
to adapt to changing sensor characteristics or environmental conditions. Finally, these techniques lack a formal
mathematical basis for performing fusion.
More recently, a model-based approach'5 to fusion was proposed to overcome some of the drawbacks of the
conventional fusion techniques that employ averaging and selection. This approach consisted of a framework that
explicitly modeled the formation of the sequence of sensor images from the true scene, including the effects of sensor
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noise. This image formation model being probabilistic, could be inverted via Bayes' rule to arrive at the maximum
a posteriori estimate of the true scene given the sensor images. This estimate of the true scene provided the rule for
fusing the sensor images.
One limitation of this approach is that it requires a reference image for estimating the model parameters. In the
absence of an actual reference (such as a rendered image from a terrain database) , one of the sensors (e.g. visible-band
sensor) was considered to be the primary sensor and used as a reference for computing the model parameters.
In this paper we present an extension to the probabilistic model-based approach. We review the image formation
model and the Bayesian fusion in Section 3. In Section 4, we describe a method to estimate the model parameters
using the sensor images. This method is based on local principal component analysis (PCA) of the sensor image
data. We show that under some simplifying assumptions the fusion rule is closely related to local PCA of the sensor
images. Our technique uses the Laplacian pyramid representation,'6 with step (2) described above replaced by our
probabilistic fusion. Examples of fusion using this method are shown in Section 5.

3. PROBABILISTIC MODEL-BASED FUSION
Analysis of images of the same scene obtained from multiple sensors shows that the relationships between image
features (caused by objects or patterns in the images) can be categorized into four main components7 —common
features (including polarity reversed features) , complementary features, irrelevant features and noise. To maximize
the benefits obtained from using multiple sensors, a fusion algorithm should enhance and display the common features,
highlight the complementary features and suppress or eliminate noise and irrelevant features.
The image formation model provides a framework to incorporate knowledge about the formation of the sensor
images and the relationships between the features.

3.1. The image formation model
The true scene, denoted s, gives rise to a sensor image through a non-linear and non-invertible mapping. For ALG, s
would be an image of the landing scene under conditions of uniform lighting and unlimited visibility. We approximate
the mapping between the true scene and the sensors by a local affine transformation defined at every hyperpixel of
the Laplacian pyramid*.

a(i,t) = fi(it)s(it) + a(i,t) + E(l,t)

(1)

where,

= 1, . . . , q indexes the sensors,

1 E (x, y, k) is the hyperpixel location, with x, y the pixel coordinates and k the level of the pyramid,

t is the time,
a is the sensor image,
S 15 the true scene,

a is the non-random component (bias) that includes complementary features,
i is the sensor gain (which includes the effects of local polarity reversals) , and
E is the (zero-mean) sensor noise with diagonal covariance E.

In matrix form,

a=/Is+a+e

(2)

[i

a scalar and e = [e1 , e2, ..., fqJT , The
where a = [al , a2, . . . , aq]T
, a2, . . , aq]T ,
{th , fl2, . . . , I
reference to location and time has been dropped for simplicity and will not be made explicit henceforth unless
necessary.
Although this image formation model is only an approximation, it incorporates most of the components mentioned

above. Since the image formation parameters /3, a, and the sensor noise covariance E can vary from hyperpixel to
*The Laplacian pyramid transform decomposes an image into multiple levels such that each successive level is a band-passed subsampled
and scaled version of the original image. The term hyperpixel refers to the value of the transform coefficient at a particular pixel of a
particular level of the pyramid
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hyperpixel, the model can express local polarity reversals, complementary features and spatial variation of sensor
gain. In addition, the model explicitly considers the noise characteristics of each sensor over time.
The model is defined for each hyperpixel of every video frame. We do assume, however, that the image formation
parameters and sensor noise distribution vary slowly with location. Specifically, the parameters vary slowly on the
spatio-temporal scales over which the true scene s may exhibit large variations. Hence, a particular set of parameters
is considered to hold true over a spatial region of several square hyperpixels. We use this assumption implicitly when
we estimate these parameters from data.
The model (2) fits the framework of the factor analysis model in statistics.17'18 Here the hyperpixel values of
the true scene s are the latent variables or common factors, /3 contains the factor loadings, and the sensor noise e
values are the independent factors, Estimation of the true scene is equivalent to estimating the factors from the
observations a.

3,2. Bayesian estimation of true scene
Given the sensor intensities a, we estimate the true scene s by appeal to a Bayesian framework. We assume that
the probability density function of the latent variables s is a Gaussian with (locally varying) mean s0 and (locally
varying) variance o . The noise density is also assumed to be Gaussian with zero mean and a (locally varying)
diagonal covariance E, = diag[u1 , , . . . , oJ . The density on the sensor images, conditioned on the true scene is,

o

(ajs) =

1 exp

(2ir)2

[_(a_fls _)TE'(a _fls_)]

1E612

(3)

The marginal density on a is

P(a) =

JP(als)P(s)ds

=

I exp [_(a — flso )TC' (a — flSO )]
—

—

(2rr)2

(4)

1C12

where C is the model covariance given by

C=E+oflh3T

(5)

Finally, the posterior density on s, given the sensor data a, is obtained by Bayes' rule:

P(sla) =
=

P(als)7'(s)
2(a)

(2M') exp [-

( - M' {flTE1(a a) + })

M (s _ M'

{flT1(a ) + })] (6)

where the posterior covariance is,

M' =

[flTEi

]

(7)

The maximum a posteriori (MAP) estimate, ., of the true scene is obtained by maximizing the posteriori density
with respect to s, which for our Gaussian distributions is simply the posterior mean.

=

IT_i/+

1

—

IT—i
<I9

E (a — a) + —

(8)

This is our rule for fusion. For two sensors, it reads

S=

i31(ai—ai)
+ /92(a2—a2)
2
2
°Ei

-'

+2

2

=
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(9)

The fused image is a weighted linear combination of the sensor images. The weights w change from hyperpixel to
hyperpixel and through time as a result of the spatio-temporal variations in /3, E and o.
As an example, in the case where the second sensor has a polarity reversal, /2 is negative and the two sensor
contributions are properly subtracted. On the other hand if the polarity is the same, then the two sensor contributions
are added. Thus, in either case, averaging is performed using the correct polarity to add or subtract the sensor
contributions, Now consider a case where a feature is missing from sensor 1. This corresponds to flu = 0. The
model compensates by accentuating the contribution from sensor 2 . In this case the result is same as selection of
that sensor which contains the feature. Finally, consider the case where the sensors are noisy. If the first sensor has
high noise (large o1), its contribution to the fused image is attenuated. At the same time, the contribution of the
second sensor is increased.
The probabilistic framework provides an opportunity to use a terrain database to specify priors on the local
distribution of s. This prior information can then be included in the MAP estimate .through the parameters s0 and
o. . In related work we demonstrated the use of such a terrain database to provide a reference image for estimating
the parameters /9 and ,15

ESTIMATION OF MODEL PARAMETERS
4.1. Adaptive estimation of noise
4.

from successive video frames from each sensor, assumed to have
We adaptively estimate the noise covariance
been motion compensated. First the average value at eachhyperpixel ((t)) is estimated by an exponential moving
average of the hyperpixel intensity. The average square (a (t))is also estimated by an exponential moving average.
The noise variance is then estimated by the difference (of. (t) = a?(t) —2(t)) . The details of this adaptive estimation
of nosie variance have been described in our earlier work,15

4.2. Maximum likelihood parameter estimation using local principal component analysis
To estimate /9 and a, we assume that these are nearly constant over small spatial regions (5 x 5 hyperpixels)
surrounding the hyperpixel for which the parameters are to be estimatedt . Second order statistics on the sensor data
in these small regions provide estimates of our parameters.
To form a maximum likelihood estimate of /9, we write the log-likelihood of observing the data given the model,
set its derivative with respect to /3 equal to zero, and recover

(CEa)C''flO

(10)

where,

Ea E

Pa)(an Pa)T

(11)

is the data covariance matrix, computed spatially over a (5 x 5 hyperpixel) local region with N = 25 points, and
(12)

is the data mean matrix computed over the same spatial region. The only non-trivial solution is
flML

(13)

tEssentially we are invoking a spatial analog of ergodicity, where ensemble averages are replaced by spatial averages, carried out locally
over regions in which the statistics are approximately constant,
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,

where U an eigenvector and A the corresponding eigenvalue, of the weighted data covariance matrix, Ea E E EaE
The maximum likelihood occurs when U is the principal eigenvector of Ea . The maximum likelihood
and r =

estimate of the bias a is,
—SO)

aML

= Pa1O •

(14)

An alternative to maximum likelihood estimation is the least squares approach.'7 Here the factor loadings /3 are
obtained by minimizing

E = tr(Ea _ C)2

(15)

Differentiating E with respect to /1 and equating to zero yields,

(Ea _ Ee)/3 =

2T

(16)

The solution to (16) is,

flLS Ur

(17)

where U is the principal eigenvector, and A is the principal eigenvalue of the noise-corrected covariance matrix
(Ea _ Ed), and r =
The least squares solution is the same as the maximum likelihood solution when the model is exact (Ea C)t.
Under this condition,

U = (UTElU)E€2U
— 1)

= A(UTEE'U)

(18)

The sign of r is not specified. In a global model this poses no problem. However to properly piece together our
local models we cannot allow arbitrary sign reversals between local regions. We therefore fix a convenient reference
direction and choose the sign of r such that /3 lies on the same side of this reference for all the local regions. This
ensures that the signs of /3 do not change in neighboring regions unless the underlying relationship between sensor
images has changed. The choice of the reference direction also provides a way to constrain the polarity reversed
features so that they appear in the polarity of a particular sensor. For example, the reference direction can be chosen

such that in the fused image runway-markings appear white on a black runway as in a visible-band image of an
asphalt runway.
Neither the maximum likelihood, nor the least squares approach provides an estimate of either o or s0. As
with the sign of r, this poses no problem for a global model, but we must impose a constraint in order to smoothly
piece together our local models. We take o = A. To see that this is reasoned, consider a small patch over which
both
and the image formation parameters (/3, a, E) are constant. Any variation in sensor pixel intensities in this
region must arise from variations in the true scene s, and the noise. The leading eigenvalue A of the noise-corrected
covariance matrix a
gives the scale of variations in a arising from variations in s, Thus, we should have A oc o.
To insure consistency, the proportionality constant should be the same in all local regions. From the least squares
= A. The
1 everywhere, or
solution (17), this proportionality constant is just fi 112. Hence we take II /3
parameter SO causes a shift in a. In the absence of any prior information we take = 0.
The weighted data covariance matrix can be expessed as,
N

N

EaE€2(an_pa)(an_pa)TEE2
Note that for the case of two sensors, the model is necessarily exact
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(19)

(a) Visible-band image

(b) JR image

(e) MAP

(d) Selection

(c) Averaging

Figure 1. Fusion of visible-band and JR images. The rectangle highlights a region containing local polarity reversal.
A region with complementary features is marked by the circle (Original data from SVTD'9).

where = E a is the weighted data and

E

Ia S the weighted bias.
Substituting the ML estimates of/3 and a from (13) and (14) in (8) and simplifying,

=

(20)

Thus, the MAP estimate of the true scene is a scaled principal component projection of the weighted data. When
the noise variance is equal for all sensors (E€ = oI) , then (20) simplifies to a scaled principal component projection

ofthe data.

=

2AAUT(a1ta)+so

,

(21)

the computation of is carried out separately for each hyperpixel using a local region around the hyperpixel,
the solution for fusion is closely related local PCA.
Since

& EXAMPLES OF FUSION
We applied our fusion techniques to video streams from visible-band and JR sensors. The video frames from each of
the sensors are decomposed into levels of a Laplacian pyramid. At each hyperpixel location, the hyperpixel of the
fused pyramid is synthesized using (8) and the estimates of the parameters. The fused image is obtained by applying
the inverse pyramid transform to the fused pyramid.
Figure 1 shows the fused image synthesized by our MAP technique using (21) with o —÷ 0 and s0 = 0. Jn this
case fusion is obtained by local PCA. The results of applying averaging and selection techniques are also shown for
comparison. Averaging was performed directly on the pixels of the original images. Selection was performed using
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(a) Visible-band image

(c) Averaging

(b) JR image

(d) Selection

(e) MAP

Figure 2. Fusion of visible-band and JR images with additive Gaussian noise (Original data from SVTD'9).
the Laplacian pyramid. An area based salience measure (sum of squares of hyperpixels in a 5 x 5 area) was used to
choose the sensor hyperpixel to be selected to form the fused pyramid. Comparing the results of MAP fusion with
selection, it can be observed that the MAP-fused image is similar to the selection-fused image.
Figure 2 demonstrates our fusion technique in the presence of additive Gaussian noise. The noise in the visibleband sensor is considerably higher than in JR. The result of selection is noisy (Fig. 2(d)). The MAP-fused image is
obtained by using (8). The noise is estimated as described in Section 4. 1 . The parameters /3 and a are estimated
using (17) and (14) respectively. The result of MAP fusion is shown in Figure 2(e). The MAP-fused image does better
than averaging and selection in the regions containing polarity reversals and complementary features. For example,
the markings on the runway and the horizontal lines in the lower portion of the JR image, are better visible in the
MAP-fused image. Although some artifacts can be observed in this image, it is less noisy compared to Figure 2(c)
and 2(d).

6. DISCUSSION
We have presented a model-based probabilistic framework for fusion of video sequences from multiple sensors and
applied the approach on visual-band and JR imaging sensors. The model is based on analysis of the relationships
between image features in the video frames. The Bayesian solution for fusion, using maximum likelihood parameter

estimation, is closely related to local PCA. The probabilistic framework provides the flexibiity to use a terrain
database to specify priors on the local distribution for s. The benefits obtained by fusion can be further increased
by using color mapping techniques that identify the different sensor contributions in the fused video stream.7
Jn the present model, the division into local regions is arbitrary, and better results might be obtained by segmenting the image according to its local covariance statistics. A soft-segmentation could be provided by a mixture
model.2° We are currently investigating the use of multiple video frames for the MAP estimation as well as for
estimating the model parameters, to alleviate estimation difficulties caused by noise.
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