The Cramer-Rao Bound Applied to Image
Fusion®

Rick S. Blum
ECE Department, Lehigh University
Bethlehem, PA 18015-3084
e-mail: rblum@eecs.lehigh.edu

Abstract — Image fusion algorithms attempt to pro-
duce a single fused image that is more informative then
any of the multiple source images used to produce the
fused image. Analytical studies of image fusion per-
formance have been lacking. Such studies can aug-
ment existing experimental studies by addressing some
aspects that are difficult to study using experimental
methods. Here, an estimation theory approach is em-
ployed using o mathematical model based on the ob-
servation that the each different sensor can provide
a different quality when viewing a given object in the
scene. One sensor may be better for viewing one ob-
ject and a different sensor may be better for viewing
a different object. The model also acknowledges that
distortion and noise will enter into the sensor obser-
vations. This model allows us to employ known esti-
mation theory techniques to find the best possible fusion
performance, measured in terms the standard estima-
tion theory measure of performance. This performance
measure has not yet received attention in the image fu-
sion community. Some interesting results include the
demonstration that a particular weighted averaging ap-
proach is shown to yield optimum estimation perfor-
mance for the model we focus on. It is also shown that
it is important to employ a priori information that de-
scribes which sensor is able to provide a good view of
the important objects in the scene. The essential as-
pects of some frequently employed fusion approaches
are studied and the capabilities of these approaches are
analyzed and compared to the best fusion algorithms.
We hope this study will encourage further analytical
studies of image fusion.

*This material is based on work supported by the U. S. Army
Research Office under grant number DAAD19-00-1-0431. The
content of the information does not necessarily reflect the po-
sition or the policy of the federal government, and no official
endorsement should be inferred.

1 Introduction

Multisensor data fusion is an area of great interest in
the research community. Our focus here is on image-
level fusion [1] (called image fusion here), which gen-
erates a fused image in which each pixel is determined
from a set of pixels in each source image. The fused
image should contain a better view of the scene than
do any of the source images, thus improving computer
or human interpretation. For a survey of the recent lit-
erature on image fusion we refer the interested reader
to [2]. For the reader unfamiliar with image fusion,
we give one example of using image fusion in the con-
cealed weapon detection application discussed in [3, 4]
and [5]. Figure 1 shows a pair of visual and 94 GHz
millimeter-wave (MMW) images'. The visual image
provides the outline and the appearance of the people
while the MMW image shows the existence of a gun.
For a law enforcement application (see [1]) one would
like to produce a single image which would provide a
good method for judging that there is considerable ev-
idence to suspect that the person on the right has a
concealed gun beneath his clothes. This fused image
may be very helpful to a police officer, for example, who
must respond promptly. Concealed weapon detection
is an increasingly important topic in the general area of
law enforcement and image fusion has been identified
as a key technology to enable progress on this topic.

Measuring the performance of image fusion algo-
rithms is an extremely important task which has re-
ceived past study. The vast majority of investigations
have been focused on developing approaches suitable
for experimental evaluation of fused images. Thus,
given a set of source images and a few fusion algo-
rithms, the goal is to determine which fusion algorithm
is more suitable for a given application. Such experi-
mental procedures can be very useful. However, there

IThe source images were obtained from Thermotex Corpora-
tion.



Figure 1: (a).

Visual Image (b). Milimeter-wave
Image )

(c). Fused Image (see [1]

are some inherent limitations to experimental tests.
For example, experimental tests are only valid for the
particular set of source images considered. Trying to
argue that these results apply for a larger set of cases
than the exact set considered (with the exact source
images and any imperfections in them) is not possible
in a rigorous way. Experimental studies can be con-
sidered only for a finite number of specific cases with a
very specific set of conditions in each case. Thus trying
to prove that a fusion approach is generally good is not
possible using experimental tests. Further, whenever
real data is taken there are always some unknown im-
perfections that enter into this data and these imper-
fections can influence the results. Of course one tries
to minimize these imperfections, but typically they can
not be completely eliminated. It is very easy to study
a whole set of cases all at once using analysis and to
vary any or all parameters in any way desired. Using
mathematical analysis, one can even study the perfor-
mance of the theoretically best fusion approach as we
do in this paper. This can not be accomplished us-
ing the existing experimental approaches. Thus while
experimental investigations can be useful, analytical
investigations can be very helpful in filling in the gaps
that such studies can never address. Thus, we want
to urge the image fusion research community to begin
employing analytical analysis in their research to aug-
ment experimental studies. Analytical investigations
of image fusion have not received much attention to
date. This appears to be one of the first attempts. We
are hoping this paper will encourage further analytical
image fusion research. It should be emphasized that
we just take a first step in this paper with the goal of
showing there is some value in analytical image fusion
studies. Much work remains to be done on analysis
with more comprehensive models.

To perform analytical studies, it is typically neces-

sary to develop a model for the process under con-
sideration. Here we propose a very simple model to
show the utility of such studies. We hope that other
researchers will build on our ideas and propose more
comprehensive models and perform more comprehen-
sive studies based on these models. The model, de-
scribed in Section 2, relates the sensed images to the
underling scene we wish to image. The model is simply
a mathematical statement of two simple ideas which
are true for the image fusion problem. Thus, analysis
using this model should provide useful results. First,
the model acknowledges that the different sensors have
different capabilities to provide good views of different
objects. Second, distortion and noise enter into the
sensor images. We can explain the first idea using the
example shown in Figure 1 where the underling scene
includes the people and the gun. Here, only one sensor
can “see” the gun while only the other sensor can “see”
the people well.

It is also necessary to focus ones study on a par-
ticular aspect of performance. Here we focus on the
estimation performance of the best possible image fu-
sion schemes which we call the fundamental limits of
image fusion algorithms. For the model we propose,
these limits have not been studied. To study the fun-
damental limits on estimation performance of image
fusion schemes, we find the smallest possible mean-
squared error between the fused image and the under-
ling scene, which we will compute using the Cramer-
Rao [6] bound. The Cramer-Rao bound is well estab-
lished in estimation theory but it has not yet been em-
ployed in the image fusion research community. Fur-
ther we have not seen studies which calculate the
Cramer-Rao bound for our model. We note that we
have recently seen some work considering the Cramer-
Rao bound for image registration, but image fusion
is not discussed in this paper [7]. The Cramer-Rao
bound tells us immediately the best achievable estima-
tion performance. Any image fusion approach which
achieves this performance is optimum in this regard.
Further if simple approaches get us sufficiently close,
these simple approaches can be justified.

2 Assumed Statistical Model

In multisensor image fusion it is true that each sen-
sor can generally provide a good view of only a part
of the scene in which we are interested, which we call
the underling scene. In the example shown in Figure 1,
the underlying scene would include the gun, the peo-
ple and the other important objects. The visual sensor
can provide a good view of the people, but not of the
gun. The MMW sensor can provide a good view of
the gun, but not of the people. We observe the same
phenomenon in other multisensor image fusion appli-



cations (fusion of IR and low light visual images for
night vision is one such application) and we feel this is
an important aspect of the problem that we attempt
to capture in our model. Of course, being a model, it
is an abstraction of the physical world which captures
some important aspects of the problem, but which ig-
nores others for simplicity. Assume that we observe
q registered sensor images. If an MSD method is to
be employed, we assume the required transform has
already been applied to these images?. We associate
the corresponding coefficients in each of these ¢ reg-
istered sensor images and then collect each set of ¢
corresponding coefficients into a vector. Now consider
one of these vectors. We can model this vector as (see

[51)
z=p0s+e (1)

where s (a scalar) is the value of the coefficient for
the underling scene, € (a length ¢ vector) represents
all unwanted degradation which includes distortion
and noise (we often call e noise for brevity), and
B=(Bi,---,B4)7 is the length ¢ sensor selectivity vec-
tor which determines if the underling scene contributes
to each component of z. In the general case, we can
let each component of 3 be a real valued quantity. For
simplicity we will sometimes let each component of the
vector 3 take on the values —1,0, +1 to model polarity
flips and that a given part of the scene is not repre-
sented in a given sensor image. The example given in
Figure 1 would clearly motivate the choice of 3 taking
on the values 0,+1 with proper scaling (for example
the gun is only visible in one of the two sensor im-
ages). When, for example, IR images are employed
(see [5] for more details) the choice of —1 also becomes
reasonable. In the model given in (1), s is the quantity
we want to estimate using the image fusion approach.

Let us initially assume that € is Gaussian with zero
mean vector and covariance matrix diag(ot,...,07).
Initially assume s is an unknown deterministic scalar.
Also assume 3 is deterministic. In the sequel we focus
on the mean-squared error of these parameters when
they are estimated from distorted and noisy observa-
tions as in (1). For example, the mean-squared error
associated with the estimate 5 of the underling scene is
E{(s—3)?}. We will consider cases with Non-Gaussian
€ and more complicated models later.

Let f,(z) denote the probability density function
(pdf) of the observations from (1). Collect the un-
known (assumed deterministic) parameters into the
vector £ = (B1,...,0¢,0%,...,02,5)T and denote the

estimated vector as é If we view the image fusion

2 Any multiscale transform or other linear preprocessing will
be valid for our analysis, as would no preprocessing, in which
case the coefficients are the original pixels.

problem as an estimation problem then the Cramer-
Rao bound [6] becomes applicable. In particular, the
error correlation matrix satisfies

MSE(¢,§) = B{(§ - (- 9"}
S OE{&} 1 OF{} ¢ : ST
> 5 Y gc ) HEG-OEEG -9 @

where the elements of the Fisher information matrix
(FIM) J = —E{Jg} are

62

i = ~Elgeag,

—E{5 - Infa(2)}. 3)

The inequality A > B between matrices in (2) is in-
terpreted as implying that the matrix A — B is posi-
tive semi-definite. Note that the diagonal elements of
MSE(, €) represent the mean-squared error in esti-
mating each component of { by using é For an unbi-
ased estimator, E{{} = &, (2) becomes

MSE(, §) > J ! (4)

while the second term in (2), sometimes called the bias
function, gives a partial measure of the impact of bias
on the the estimation accuracy. It should be noted
that the second term in (2) is a positive semi-definite
matrix so it can only increase or maintain the mean-
square errors, the diagonal elements of MSE(E, £).

For the zero-mean Gaussian noise model assumed,
& has the pdf —2— exp (— (&i=Bis)” ﬁ’s) ). Since the dis-

tortion /noise samples at dlfferent sensors are assumed
uncorrelated, we find

In f,(z)

1 (] e exp [ F B8y,

=1 27T01

—Zln

\/ 27m P [_ i

Performing the calculations indicated in (3) and re-
calling J = —E{Jg} yields (6) (on top of next page)

—(zi—PBis)> /o7 +1/2 —Bi i — i
Bl foT1U2 g g, = ietltio

where ¢; = 2
fori=1,...,q. '

Using €; = z; — ;s and recalling that we assume zero
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3 Bounds on Unbiased Fusion
Performance

We now compute the Cramer-Rao bound for the
model introduced in the previous section while vary-
ing our assumptions to accommodate a few cases of
practical interest.

3.1 Bi,...

First we investigate the impact of knowing 1, ..., G,
on the image fusion. We note from the example shown
in Figure 1 that the images, the scene, and our in-
terpretation of it give some information on which sen-
sor images will provide useful information in certain
pixel locations. This is essentially equivalent to know-
ing something about Bi,...,08,. Thus it is reasonable
we can know something about fi,...,083, and clearly
in the best case we know their values exactly. What
does this imply for the image fusion result? This is
addressed in the following Theorem.

, 3, Known

Theorem 1: Assume an unbiased estimator and
the model in (1) for the case when f1,..., 5, are
known. A bound on the smallest variance of an
estimation of s is

1

&g = E{(s _5)2} > W-

(8)

Outline of the proof:
If B1,..., 03, are known then we can take them out®

- of the vector £. Thus we should remove the corre-

sponding columns and rows from J. In this case we
remove the first ¢ rows and columns which results in J
becoming

Tol%? 0 ... 0 0
0 ﬁ 0 ... 0
J= : =73
0 0 ﬁ 0
0 0 0 L5

(9)
This gives J~ = diag[2(0})?,2(03)?,2(07)?,1/(8} /o3 +
-+ 4+ fB2/02)].  Thus for an unbiased estimator

(E{é} = £) (4) is valid so that we find
1
62 = E{(s — 3%} > CRB, = ST 707 (10)
O

We can gain further insight into CRB;s by under-
standing how each sensor affects it. Note that the
bound in (8) can be computed by calculating the ef-

fective variance of each sensor as 67 = 07 /3? and then

combining them as one would combine resistors in par-

allel as in .
CRB, = - (11)
i=1 57

3This can also be handed using the constrained Cramer-Rao
bound, see [8].




In fact, just as for resistors in parallel, any sensor im-
ages with variances that are much larger than the oth-
ers will have very limited impact on the bound in (8).
This is summarized by the following Lemma.

Lemma 1: Assuming 67 >> 63,...,67_4,
1 1
CRBs = <71 ® =713 (12)
i=1 62 Ei:]_ B
Outline of the proof:
It is easy to see that 67 >> 47,...6,_, implies

1/62 << 1/6%,...1/67_; so ignoring the last term in
the denominator of (8) is justified.

O

These same basic ideas lead to bounds based on each
individual sensor image. In particular, we have the
following Lemma.

Lemma 2: Assume that for all values of i we have

67 > 0. Further define 62;,, = min[63,...,63]. For
any i we have
L 52 52
CRB; = —; < Opin < 07 (13)

1
i=1 32

The Lemma follows easily from using the fact that
each term in the denominator of (8) is positive. The
asymptotic behavior of the bound in (13) is also of
interest and this is addressed in the next Lemma.

Lemma 3: Assume an infinite number of sensors,
all with the same noise variance o2 = o2. Further
assume that 32 = 1 for a percentage P(V') (8; = 0 for
the others) of all t =1,...,q as ¢ =& c0. Then

. 1
qlggo CRB; = qlggo Eq 62/0 qll,‘{.lo PEr‘;)q =0

(14)

The proof is summarized in (14). Lemma 3 im-
plies that perfect performance is apparently possible
with enough sensors. A comment on P(V) is in or-
der. Roughly speaking, with the proper ergodicity as-
sumptions, P(V') plays a role similar to the probability
that a particular object is visible to a given sensor. Of
course the result in Lemma 3 can be generalized for
some cases with sensors with nonidentical sensor noise
statistics as illustrated by the following Lemma,

Lemma 4: Assume that 32 = 1 for a percentage
P(V)ofalli=1,...,q as ¢ = co. Also assume that
at least a certain percentage* P(S) of the sensors

4P(S) is related to the probability of small variance in a sim-
ilar manner as discussed for P(V).

have variance smaller than o and assume these
sensors are distributed in a manner unrelated to those
for which 87 = 1. Then we can bound the impact of
neglecting the positive terms in the denominator of
(8) (similar as argued to obtain (13)) so that

B R, = iy

< Jim, T

(15)

Lemma 4 (and similar constructions) indicate that
in a very general sense, increasing the number of sen-
sors to a sufficiently large number will drive the perfor-
mance bound towards allowing perfect estimates. Fur-
ther, due to the monotone decreasing nature of (15),
we can choose the number of sensors to make perfor-
mance as close to perfect as we desire. We note that it
is possible to generalize these results for cases where 32
can take values other than 0 or 1 and that this follows
closely from the results given, but we do not discuss
this further.

3.2 4,...

The following Theorem considers the case where we
have no knowledge about 3, ..., 8.

Theorem 2: Assume an unbiased estimator and
the model in (1) for the case when f4,..., 5, are
completely unknown (we have no knowledge about
B1,...,08,). In this case it is not possible to obtain an
accurate estimate of the underling scene.

, B4 Unknown

Outline of the proof:

For convenience, we break £ =
(Brs---Bg,01, .00, = (a¥,s)T into two
parts. Now using these two parts, we let J be

partitioned as (Jus = —E{%% In f,(z)})

J
J= > ).
(5 3)
Assuming an unbiased estimate and using standard re-

sults on the inverse of a partitioned matrix on (7) we
have

Jaa

.. (16)

2 =F{(s—58)°} > T = (Jps = Joad3l0s) ' =

(S2-5%1%) -0

which implies that, given our model, we can’t accuracy
estimate the underling scene when we have no knowl-
edge about the sensor selectivity factors.

= o00. (17)

O



The conclusion of Theorem 2 is in stark contrast to
the case where we know the sensor selectivity factors.
In truth, the situation is between these two extremes.
However, this result clearly emphasizes the difficult na-
ture of the image fusion problem. It tells us that the
image fusion problem can be very difficult if we do
not have some a priori knowledge about the observed
scene or if we are unable to extract information by in-
terpreting the scene. This is not unreasonable since we
recognize that humans tend to extract significant in-
formation by interpreting a scene, often without being
completely aware that this scene interpretation process
has taken place. The result in (16) seems to indicate
that it is very important to try to extract such infor-
mation.

The true situation is somewhere between the case
of known fi, ..., 8, and unknown f,..., 8,. Further,
it is probably worth stating that one should be care-
ful about overstating the implications of the result in
(17). In particular, if we change the assumptions used
to obtain (17) very slightly, we can change the con-
clusion that accurate estimation is not possible. As
an example, consider the the problem formulation in
[5] where the (1, ..., 3, take on constrained values. In
this particular case each 3; can only take on the values
—1,0,+1. Now suppose that we can accurately deter-
mine which §; are zero. This case is addressed in the
following Lemma.

Lemma 5: Assume an unbiased estimator and the
model in (1) for the case where f1,..., 5, take on
only the values —1,0,+1. Assume we can accurately
determine which g; are zero. Then the constrained
Cramer-Rao bound reduces to that in (8) which is for
the case of known g, ..., 8.

Outline of the proof:

If we can accurately determine which (3; are zero, we
remove them from consideration as per (9) and defi-
nite a new matrix J with the rows and columns cor-
responding to these variables removed. The remaining
Bi satisfy the constraint that 37 = 1. The constrained
Cramer-Rao bound [8, 9] is computed by first collect-
ing these scalar constraint equations into a vector and
next computing the gradient matrix with respect to
the parameter vector £. Define an orthogonal matrix
U whose columns span the null space of the gradient
matrix. Then the constrained Cramer-Rao bound [8, 9]
is MSE(¢, ) =
E{-9(¢-9"}>U(UTIU) Ut =3t =3t

(18)
with J5 from (9). Thus (18) once again leads to the
result in (8).

O

3.3 [i,...
Data

A wuseful generalization of the observation model
in (1) jointly considers a set of coefficients which we
henceforth call a window. In the general case we can
index each coefficient in the window with the index
w € W. If we assume that 3 and s (same definition
as in (1)) are constant over the whole window W then
(1) becomes

, B4 Known with a Window of

zw:(zlw,...,zqw)T:ﬁs+ew YweW  (19)

where €, = (€1w,---,€4u)" is a length g vector of in-
dependent Gaussian random variables, each with zero
mean and variance o2,. We note that the log-likelihood
function in (5) now becomes

. A.e)2
(zzw202ﬂzs) ])
— Z iln( 1 exp [_ (ziw _/Bis)2

\/27”71'211; 202

weW i=1

In f,(z) =In( H H \/erTexp[_

weW i=1

1)- (20)

iw

For the case of f,..., 8, unknown, the Cramer-Rao
bound blows up for the same reasons as in (17). On
the other hand if 1, ..., 8, are known, then using cal-
culations similar to (7) we obtain
1

ZwEW Z?:l ﬂf/o.?w ‘

(21)
It is immediately evident that the role of the window
index w is similar to the role of the sensor index i. In
particular, it is clear that we can drive the Cramer-
Rao bound in (21) to zero if we can form a window
of infinite size. Let Ly, be the size of window, thus
Lyy is the number of elements in the set W. Let P(V)
and P(S) be defined similarly as in (15) where each
now gives a percentage of all terms in the sequence
o2 ,i=1,...,q,w € W. Then from (21) we get

w)

62 = E{(s — §)?} > CRB, =

. M 1
B ORB = I~ ST o,
1 o’
< lim im S any — 0 (22

= Lyworoo POOPEIw — Lyiyeo P(V)P(S)gLw

o

3.4 Non-Gaussian ¢

Consider the model in (1) where € is a random vector
whose components are independently and identically
distributed, each with the common univariate pdf f.
Assume 3 known. For the case where f is a zero mean
Gaussian pdf with variance o2, the result in (10) im-
plies that the Cramer-Rao bound is

52 = B{(s - )’} > CRBg = (23)

1
i=1 87 /0%



Using the chain rule [10, 11] and (4) one can show
that the Cramer-Rao bound for the non-Gaussian f
case, call it CRyg, can be related to the Cramer-Rao
bound in (23) as

UchBG

CRBng = 7

(24)

where (&; is the ith component of £ and f'(&) =
a6 1(&))

_ f’(&))z _ /°° (f’(w)>2

=~ { (Fe } o Ufw) ) T 29)
We note that the value of I. in (24) depends on the
shape of f chosen. If f is a zero mean Gaussian pdf
with variance o? then f'(z) = —% f(z) and I, = 5.
See [10, 11] for a discussion of computing I, for the
Gaussian mixture model considered in [5], which is a
fairly general nonGaussian model. We note [10, 11]
that I.. in (25) is invariant to a scaling of the argument
of f which can result in a change in variance.

Now we give the key result of this section. Using
the Cauchy Schwartz inequality (under the assumption
that Limg— oo f(x) is finite and f symmetric) we can

find [10]
o) (FE)Y 2
e ‘E{( &) }E{E"}

> B { f’(&)gi} 2

f(&)
_| ) . .
- ‘/m 7&) 7 ©%
= |Limg; —o0o&i f (&) — Limg, & f (&)

_ [ FE)dE =1,

<

2

(26)

where integration by parts is used in the last step.
The result in (26) can be interpreted as implying that
I. > % which is the value of I, for f Gaussian. Thus
for any well behaved f with fixed variance o2, the
Gaussian case gives the largest Cramer-Rao bound.
For this reason, and the fact that the non-Gaussian
results can be obtained by a multiplicative factor as
shown in (24), we focus on the Gaussian case in the

rest of this paper.

4 Performance of Some Fusion
Algorithms

In the previous section we consider bounds on the
performance of unbiased fusion algorithms. Here we
consider some actual algorithms and the actual per-
formance they obtain. Due to space limitations, we

only give some of our investigations. A more complete
presentation will be given in [12].

4.1

First we consider an algorithm which achieves the
optimum performance using the measures we have em-
ployed. Thus we consider an algorithm that is unbiased
and achieves the Cramer-Rao bound. We consider the
case where f31,..., 3, are known to avoid unbounded
variance. Further we consider the case where a win-
dow is employed to be general (see (19)). Thus using
Equation (3.7) of Theorem 3.1 of [6] we can assert that
the optimum estimator is

Optimum Estimator

Bi
-

q
a Tiw
=2 > | o
i Ei:l ZwEW o2
which is unbiased and achieves the Cramer-Rao lower
bound. It is interesting that (27) uses a weighted av-

erage, which is a linear function of the observed data.
The calculation in (27) weights each observation by its

(27)

Ziw

i

o2
reliability ﬁ which intuitively should be

i=1 wEeEW ;?1;
proportional to the selectivity and inversely propor-
tional to the noise power in the observation as (27) as-
serts. Since the observation z;, is 3;s plus zero-mean
noise, the normalization in the denominator of (27)
selects the proper contribution for each observation to
give an unbiased estimator E{5} = s. In case the noise
averaging operations in (27) are not clear, we can con-
sider the case where 02, = 02Vi for which (27) reduces

to
I % 1
i=1 i=1 ;:I weW

In this case the reliabilities are constant across w. In-
tuitively (28) attempts to use all the observations to
first average the affects of the noise by calculating
ﬁ wew Ziw Which results in noise with a lower vari-
ance. Then the noise reduced observations from each
sensor are weighted by their reliabilities. The case with
no window Lyy = 1 (we observe z1,...,2,) follows di-
rectly from (28) as

2; (29)

4.2 General Weighted Average

Consider a weighted average approach, with the
weights gy, =1,...,q,w € W, so that

(30)



The bias when using such an estimator is

E{5—s}= <Z > giwbi— 1) 5. (31)

i=1 wew

Thus, in general, unless > 7, > wew JiwBi = 1, which
is true for the weights in (27), then the estimator is
biased. Thus, while the optimum estimator uses a
particular weighted average, not all weighted averag-
ing estimators are optimum. The variance Var(s) =
E{(3 — E{8})?} of a general weighted averaging esti-
mator is

Var(8) =

{O° Y giwlziw — B{ziw})’}

i=1 wew

Z Z gsz{ Riw — E{ZWJ} }_ Z Z gzw zw 32
=1 wew

i=1 weW

where the independence of €;,, and €, (if either ¢ # j
or w # w') was employed. From (32) it is clear that
even if an estimator is unbiased (3°7_; >,y GiwBi =
1), the variance may still not be optimum. However,
inserting the weights from (27) gives a variance equal
to the Cramer-Rao bound as suggested previously. If
suboptimum weights are chosen, it is known [13] that
the resulting performance can be quite bad in some
cases.

5 Conclusions

We have described a simple but reasonable model
for the image fusion problem and we have used this
model to compute the Cramer-Rao bound and to find
optimum fusion algorithms for this performance mea-
sure. We have given results for both Gaussian and
non-Gaussian distortion-plus-noise and for some more
complicated models. We also evaluate the estimation
capabilities of the key parts of some common fusion ap-
proaches so we can compare these capabilities to the
fundamental limits.
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