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Abstract

The aim of this paper is twofold: (i) to define appropriate metrics which measure the effects of input sensor noise on the per-
formance of signal-level image fusion systems and (ii) to employ these metrics in a comparative study of the robustness of typical
image fusion schemes whose inputs are corrupted with noise. Thus system performance metrics for measuring both absolute and
relative degradation in fused image quality are proposed when fusing noisy input modalities. A third metric, which considers fusion
of noise patterns, is also developed and used to evaluate the perceptual effect of noise corrupting homogenous image regions (i.e.
areas with no salient features). These metrics are employed to compare the performance of different image fusion methodologies and
feature selection/information fusion strategies operating under noisy input conditions. Altogether, the performance of seventeen
fusion schemes is examined and their robustness to noise considered at various input signal-to-noise ratio values for three types of

sensor noise characteristics.
© 2003 Elsevier B.V. All rights reserved.
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1. Introduction

Significant research effort has been directed in recent
years into the development of multisensor signal-level
image fusion (MSL-IF) schemes. This is due to the key
role MSL-IF plays in determining the performance of
advanced multisensor imaging display/visual informa-
tion processing systems, in applications such as avionics,
medical imaging, earth observation and security/sur-
veillance. Within these application areas, where there is
a tendency to employ several sensing modalities under a
wide range of operating conditions, the prospect arises
of fusing input images of low visual quality. As a result,
“noisy” input information associated with individual
sensors may affect significantly fusion system perfor-
mance. This is because input “‘noise’” may be treated by
the fusion system as valid information and transferred to
the fused output image. Furthermore input image noise
may affect the selection/fusion process of the MSL-IF
system in a way that introduces additional unwanted
artefacts and distortion into the fused image [1-6].

* Corresponding author.
E-mail addresses: pera@absolutok.net (V.S. Petrovi¢), c.xydeas@
lancaster.ac.uk (C.S. Xydeas).

1566-2535/$ - see front matter © 2003 Elsevier B.V. All rights reserved.

doi:10.1016/S1566-2535(03)00035-6

The performance characteristics of image fusion al-
gorithms, operating in noise free conditions, are con-
sidered in a number of papers. Zhang and Blum [6]
present a thorough investigation into several multires-
olution fusion methodologies for a digital camera ap-
plication. Fusion schemes are categorised according to
their basic multiresolution/pyramid image representa-
tion approach and mechanisms for pyramid coefficient
fusion. Pohl and van Genderen [27] provide a compre-
hensive review of fusion techniques as applied to the
field of remote sensing. However, despite the unques-
tionable usefulness of such contributions almost no ef-
fort has been allocated in measuring and comparing the
effects of input noise on the performance of image fusion
systems. Furthermore, no independent assessment is
available of image fusion algorithms specifically de-
signed to operate robustly under noisy input conditions
[3,5].

This paper presents an investigation into the effects of
sensor noise on the performance of signal-level image
fusion systems. Its aim is twofold:

(i) to develop appropriate metrics which measure the
detrimental effect of input sensor noise on the fusion
performance of MSL-IF schemes and
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(ii) to employ these metrics in a comparative study of
the robustness of several published image fusion
schemes operating under noisy input conditions.

Three different experimental scenarios for fusing im-
ages are considered, using a two-sensors suite that is
formed from visible light, infrared or image enhanced
(low light) cameras. In the first scenario, only one input
image suffers from sensor noise. This is analogous to the
practical situation when ‘““low contrast” conditions exist
for one of the sensors, e.g. a visible light sensor oper-
ating in foggy conditions with contrast boosting applied
which in turn amplifies sensor noise. Here uncorrupted,
“true’ scene, information is still available from the noise
free output of the second sensor. In the second scenario,
both sensors suffer from noticeable levels of sensor noise
and the expected degradation in the quality of the fused
image is greater. In the third noisy fusion scenario there
is no ‘“true” scene information. Instead, the fusion of
noise patterns is examined in order to investigate the
behaviour and performance of MSL-IF algorithms op-
erating on homogenous image regions that are cor-
rupted by sensor noise.

Thus novel “noisy fusion” metrics are developed and
used, in the first two scenarios, to measure the effects of
additive sensor noise on the performance of several
signal-level image fusion algorithms operating across a
range of input signal-to-noise ratio (SNR) values. These
metrics evaluate: (i) the absolute degradation of infor-
mation in the output fused image, with respect to true
scene information and (ii) the relative degradation of
information in the fused image, with respect to the noisy
input image(s). The third scenario considers the effect
different fusion methods have on the characteristics of
fused image noise. Overall, the performance of seven-
teen different fusion schemes, operating under varying
noisy input conditions, is examined. These schemes were
specifically chosen to cover a broad range of image fu-
sion methodologies and feature fusion (information fu-
sion) techniques. Furthermore, two MSL-IF schemes
with built-in noise suppression procedures are also in-
vestigated.

The next section refers briefly to sensor noise models
and the generation of noisy input image data. In Section
3, several novel noisy fusion performance metrics are
derived using the objective image fusion performance
evaluation framework of Xydeas and Petrovi¢ [13,14].
Noisy fusion performance results are presented, com-
pared and discussed in Section 4. Finally, concluding
remarks are offered in Section 5.

2. Sensor noise modelling and noisy image data

Passive multisensor imaging arrays often include (i)
visible light sensors that measure scene illumination in

the visible spectrum (0.45-0.7 pm) (ii) infrared sensors
that measure the thermal radiance of scene objects in the
infrared part of the spectrum (1.5-15 um) and (iii) low
light or image enhanced cameras [25]. In general, sensor
noise is the result of several processes associated with the
underlying physics of recording an observation [8-12].
Typically however, additive noise is the predominant
component of noise encountered in such devices. Addi-
tive noise is modelled as a random signal that is simply
added to the original signal. In the practical model used
in this investigation, an input image 4 is corrupted to
yield image 4, by (i) generating a noise-seed signal N
according to particular sensor noise characteristics, (ii)
scaling N by an appropriate factor k, to produce a de-
sired signal-to-noise ratio “n” and (iii) adding the scaled
noise signal to 4 to yield 4, = 4 + k,N. When several,
say M, input images are to be corrupted, M different N,
to N, seeds are generated. The process of generating
noisy images is also illustrated graphically in the lower
part of Fig. 3 at the end of this section.

Sensor noise models that were used to create noise
seed signals, relate to widely used charge coupled device
(CCD) cameras [7,15]. These sensors measure the charge
induced by incident photons on a mesh of electro-optical
elements. The more photons hit a particular element, the
larger the amount of charge stored, and the lighter the
pixel (sensed by that element). Stored charges are read
out electronically from the electro-optic array in a pre-
defined pattern. Within this CCD sensing framework
there are two significant sources of noise: (i) the dark
(leakage) current noise which is sensitive to temperature
and (ii)) photon generated sampling noise which is de-
pendant on the number of electrons (incident photons)
and is relatively insensitive to temperature [12]. In visible
and infrared CCD sensors both the dark current and
photon noise components are present under normal
operating conditions. In low to medium cost sensors,
which form the majority of sensors employed in prac-
tice, the two components combine and at room tem-
peratures the noise can be modelled as Gaussian [11,16].
Low-light (LL) or image intensified devices operate in a
slightly different manner to ordinary visual and infrared
sensors. They are required to boost the range of the
input signal, which also affects photon/shot noise con-
tained in the signal and this type of noise becomes
dominant. Photon noise arises due to the effect that not
all of the incident photons free an electron. As the
probability of a photon generating an electron—hole pair
in the photoelectric layer remains constant, the ampli-
tude of noise generated in an array element (pixel) de-
pends on the number of incident photons (illumination).
In this case, noise variance is directly proportional to
illumination (pixel value) and photon noise is modelled
by a Poisson distribution [8,11].

These two models were used to generate the noise
seed signals N. For visible and infrared range imagery,
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N is obtained using a zero mean, unit variance, Gauss-
ian random number generator [9,11,16]. For LL imag-
ery, noise seeds are zero mean, Poisson distributed
random variables, see Eq. (1) where U; is a uniformly
distributed random variable and 4 is signal dependent
and given by Eq. (2) [17]. The scale factor s determines
the level of dependence of the noise variance (power) on
the signal value A(n,m). In our experiments s = 18.

N:min{n: nU,-<e‘2}—/1 (1)
Ak, z)zA(’;’ J (2)

2.1. Input data

Input image data is divided into three sets (I, II and
II1) each consisting of 10 pairs of multispectral images.
In each set, one image in each pair belongs to a specific
sensor modality, which is “visual” for set I and “infra-
red” and “low-light” for sets II and III, respectively.
The second image in each input pair corresponds to one
of the other two modalities. Table 1 gives the modality
composition for the three input sets. Note that image
content varied considerably including outdoor, indus-
trial and urban area scenes.

Input images were corrupted at six different SNR
levels: oo (noise-free), 30, 20, 10, 3 and 1 dB. Fig. 1
shows an example of a visual range image (set I) cor-
rupted by a single Gaussian noise seed scaled to obtain
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Table 1
Sensor modality composition of input data sets

Input pair composition

Visual Infrared Low-light
sensor sensor visual/IR
sensor
Input
Set I 10 10 0
Set II 7 10 3
Set III 2 8 10

the desired SNR. The noise-free image is shown in Fig.
la, whereas images shown in Fig. 1b,c,d,e and f corre-
spond to SNR values of 30, 20, 10, 3 and 1 dB respec-
tively. Notice that initially two different noisy fusion
experimental scenarios were considered. In the first, only
the first image (same modality) is corrupted in each
input pair. Also, the first two image sets are corrupted
with Gaussian and the third with Poisson distributed
noise. In the second scenario however, both input im-
ages are corrupted, with a matching SNR using the
appropriate noise model and all input image pairs are
used as a single input set. Overall, for every fusion
method examined, 180 input image pairs (30 noise-free
pairs x 6 SNR values) were employed.

In addition, a third noisy fusion scenario was also
considered that examines the fusion of noise signals in
homogenous image regions and uses, as input images,
noise “patterns”. Twenty pairs of such random noise
patterns were created and arranged in two sets. In the
first set, 40 different random Gaussian distributed

(d)
Fig. 1. Input images: (a) noise-free and (b), (c), (d), (¢) and (f) with SNR values of 30, 20, 10, 3 and 1 dB, respectively.

(e)

®
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Fig. 2. Noise pattern inputs: (a) Gaussian, (b) Poisson and (c) reference input image used to produce image (b).

Fusion

Yy

Input Image B

. ~ &
Input Image A

Scaled Noise Signal

Noise Seed

8- i %
Noisy Input Image A,

Fused Reference F

| .
' Fusion
I

Noisy Fused Image Fp,

Fig. 3. Single noisy input fusion and corresponding noise-free fusion processes.

patterns, of size 512 x 512 pixels, produced twenty input
pairs (visual-infrared sensor array images). In the second
set, 20 Poisson and 20 Gaussian distributed patterns
formed the input data (for the visual/infrared—Ilow-light
sensor case). In the generation of Poisson noise data, the
input images from the low-light input set I1I were used to
provide the value of Z (see Egs. (1) and (2)). Furthermore,
all input noise patterns are translated to the middle of the
grey level range (128) and scaled to have a standard de-
viation of 20. An example of an input pair of noise pat-
terns is shown in Fig. 2. The signal in Fig. 2b (middle)
represents a Poisson distributed noise signal produced
using the reference image of Fig. 2c (right). Signal de-
pendence is noticeable in the large-scale structure of the
noise signal power, which is low where the original image
is dark. In contrast, Gaussian distributed noise in Fig. 2a
is of “similar” power everywhere in the signal.

Notice that during experimentation in the first two
scenarios, a true, “noise-less” fused reference image
F = @,(4,B) is also produced for each input pair, where
®,(4, B) represents fusion of images 4 and B using fu-
sion method p. Thus in the single noisy input scenario,

fusion is performed using corrupted versions of the
input image 4, at five SNR levels i.e. n = 30, 20, 10, 3,
and 1dB. This produces five noisy fused images
F, = @,(4,,B). Fig. 3 shows diagrammatically these two
fusion processes. The same approach is taken when both
input images are corrupted. This time however, noisy
fused output images are produced while fusing cor-
rupted inputs at matching SNR levels ie. F, =
®,(4,,B,). Finally, in the last scenario, random noise
patterns N, and N, are fused to produce a fused noise
pattern Ny = @,(Ny, N2).

3. Noisy image fusion performance evaluation

Signal-level image fusion performance evaluation has
only recently received attention from the research
community and certain MSL-IF evaluation methods
have been proposed. Noise-free fusion system perfor-
mance metrics such as the root mean square error
(RMSE), mutual information and the percentage of
correct decisions of Zhang and Blum [6], the standard
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(a) )

Fig. 4. Multisensor input images (a) and (b) and two fused images (c) with 0*#/% = 0.5699 and (d) with Q*8/% = 0.6277.

deviation of Li et al. [2] and various similar schemes
outlined in Pohl and van Genderen [27], compare the
output fused image with a reference image and form a
distance between the two, e.g. square of the difference in
the RMSE metric of Zhang and Blum [6]. These metrics,
which potentially are also applicable to the case of noisy
fusion, measure “relative” fusion performance (with
respect to a noise free fused reference).

Both the ‘‘relative” and “absolute” image fusion
performance of MSL-IF systems operating under noisy
input conditions can be objectively measured using the
subjectively meaningful fusion performance evaluation
framework of Xydeas and Petrovi¢ [13,14] (see Appen-
dix A). In this approach, visual information is associ-
ated with “edge” related information that is measured at
each image pixel. An image fusion process that succeeds
in transferring all of the visual information from any
number of inputs into the fused image is said to have
achieved ideal fusion. Thus, by evaluating the relative
amount of “edge” information that is transferred from
the inputs into the output fused image, a Q*5/"» measure
of fusion performance is obtained.

An application example of the Q*#/%» fusion perfor-
mance metric is given in Fig. 4 where the two multis-
ensor input images, shown in Fig. 4a and b, are fused
using the RoLP and DWT methods (see Section 4.1) to
yield images 4c and 4d, respectively. Fused image 4d is a
good representation of the scene with all the important
features easily visible and recognisable. However, the
fused image shown in Fig. 4c exhibits a general loss of
contrast and also smearing of the boundaries of impor-
tant objects. These image quality observations are re-
flected in the corresponding O*#/%» performance scores.

Furthermore, statistical methods for evaluating fu-
sion performance in the case when “homogenous’ input
test images are corrupted by noise are also proposed in
this section.

3.1. Overall degradation of performance in noisy fusion

Evaluating absolute fusion performance requires the
understanding of what constitutes ideal fusion. Recall

that the main objective of a signal-level image fusion
system is to transfer, the content of input images into a
fused output image as faithfully as possible. This implies
a possible “loss” of information as well as the intro-
duction of “artefacts” in the fused image. With this in
mind, the 0/%/ measure [13,14], see Eq. (A.6) in Ap-
pendix A, is a fusion performance metric whose value
increases toward unity as the amount of information
loss and artefacts in F decreases. However, when input
images are corrupted by noise, loss of input “noise in-
formation” in the output image is an advantageous
characteristic of the underlying fusion process. This
means that Q;‘"B"/F" (estimated for a fusion system p
operating on noisy input images, 4, and B, to produce
an output image F,) is not subjectively meaningful since
loss of “noise information” in F, will yield a reduction in
OnBilFa

pMeasuring only the representation of “true” scene
information in the fused image solves the problem of
taking into account correctly the loss of noise informa-
tion. This true information is contained in the noise free
input images, 4 and B, and meaningful performance
assessment is achieved using the Q1%/% metric. The value
of QﬁB/F" increases when the fused output image is a
more accurate representation of the noise free 4 and B
images, i.e. when there is a reduction of noise in F,.
QﬁB/ 1 measures the overall success, of the fusion scheme
p, in representing true scene information in the noisy
fused image F,, and can be used to determine fusion
performance under noisy input conditions. Thus for
decreasing SNR values “n”, 03/ describes the abso-
lute degradation of fusion performance with increasing
noise. Notice that QgB/ i takes into account the effects of
artefacts and distortions introduced by the fusion pro-
cess itself.

3.2. Relative noisy fusion performance

An interesting aspect of system performance is the
“relative” degradation of information in fused images
with increasing input image noise. This represents
the “robustness” of the system to input noise and is
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measured by evaluating the degradation in F, with re-
spect to F (clean fused image). Thus, O/, formed as
in Appendix A, measures the degradation in the fused
image F, obtained when the input(s) images have an
SNR of n dB, as compared to the noise free fused
output F. This time however, any distortions intro-
duced by the fusion algorithm are not taken into con-
sideration since they appear in both F and F,. Robust
fusion methods are undisturbed by noise, and infor-
mation in F, closely resembles that in F. Q%F/% for such
systems remains relatively high, whereas for noise sen-
sitive methods O/ decreases rapidly with decreasing
SNR values.

Another metric of “relative” noisy fusion perfor-
mance is the change in degradation found in the fused
image with respect to that of input images. This metric
considers the fact that robust fusion algorithms may
suppress noise effects and, as a result, fused images may
degrade less than input images for corresponding levels
of noise. Conversely, fused images obtained via noise
sensitive algorithms either degrade in the same manner
as input images or contain amplified noise. By com-
paring the degradation of information in input images
corrupted by noise, with that of fused images, a relative
performance (information) gain achieved by the fusion
process can be measured. Again, using the objective
measure framework of Appendix A, a measure of rel-
ative fusion “gain” can be defined when one or two
inputs are corrupted by noise. In particular, in the
single noisy input case, QA[;A/A” measures the loss of vi-
sual information as a result of corrupting the noise-free
image 4 with n dB noise to obtain 4,. Also, Q;T/F"
measures the loss of information at the output of the
fusion system, due to the input being corrupted by
noise. The relative effect of noise on the visual infor-
mation observed in the input and output fused images
can then be defined as the relative difference between
the degradation of the fused image O/ and the de-
gradation of the input image Q*/*". For the single noisy
input case then, the relative noisy fusion gain D?, is
defined as:

OFF /B — A/
D) == 3)
QA4/ 4

Note that most fusion methods treat input noise pat-
terns as valid information and fuse them directly into
F,. This transfer of noise information is not desirable
and for a decreasing SNR, a robust fusion method
preserves the true information in the fused image and
the rate of decrease of QO /Fr is slower than that of
QﬁA/A" resulting in a positive value of D?. In general, D?
is negative when input noise is “amplified” by the
fusion process, i.e. further loss of information in F,
is caused by the fusion process. Conversely, a posi-
tive value indicates that the fusion system p possesses
noise suppression characteristics. Note also that when

SNR =00 dB, 4, =4, F, =F, i.e. there is no degra-
dation in the input(s) or fused images, Qi*/* and
Q5 are unity, and D% = 0.

When both input images suffer from sensor noise,
degradation in the second input image, measured
through Q%%/%, is also taken into account. The relative
performance gain of the fused image is evaluated as the
“cumulative” gain of Q/* over the degradation of the
two inputs, i.e.:

D 2QSF/Fn _ QAA/A,, _ QBB/Bn
n QAA/A,, 4 QBB/Bn

)

DP values have the same meaning as in the previous
case, and high values are desirable. In general, when
compared to the single noisy input case (Eq. (3)),
lower D? values are expected. Furthermore, high D?
values in this case also identify fusion algorithms with
improved information selection/fusion and verification
properties.

3.3. Noise pattern fusion performance measures

The QﬁB/F ", OF /i and DP metrics described above,
concentrate on measuring the “preservation” of sig-
nificant (edge) information from the uncorrupted input
images into the fused image. Under noisy input con-
ditions however, homogenous regions with no salient
features become important since distracting noise pat-
terns are easily perceived in them due to the lack of
visual masking effects. Noise in these areas, which may
cover a large part of the fused image, has a distracting
effect on the observer and reduces perceived fused
image quality. When both input images are corrupted
by noise, the properties of the noise patterns in the
fused image depend on the fusion algorithm. Ideally,
robust image fusion algorithms should discern between
real scene information and noise, and suppress the
latter. In reality, most fusion algorithms treat noise as
valid scene information and transfer it into the fused
output image.

The effect of different fusion approaches on output
noise introduced in homogenous regions is evaluated
here while fusing signals containing only random noise
patterns and examining the statistics of the resulting
fused signal. Relevant statistics in this case, are the
variance, the mean value and the probability density
function (PDF) of the fused output noise signal. Fused
noise power, represented by the variance, relates di-
rectly to the “detectability” of the noise pattern in the
fused image. Relative change in the noise power, pro-
duced by a fusion scheme p is measured as the noise
power gain S, defined in Eq. (5), where oj, and o,
are the fused and input noise variances respectively.
Fusion algorithms, which amplify input noise, have
S, > 1, while noise suppression in fused image pro-
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duces S, < 1. In our experiments, input noise power
was set to 400 (ao; of 20) for both inputs and only aﬁp
required measurement.

S, = a(z)p

2.
oyl

(5)
Another parameter that characterises a homogenous
region in an image is the local mean p. When both input
images have the same mean, (for example, y; = pu, = 128
is used in our experiments) the fused signal should ex-
hibit the same value for u,. Any deviation from this
value indicates a failure by the fusion algorithm. Finally,
the third indicator of the effect fusion algorithms have
on output noise is the PDF of the fused noise signal.
Input noise signals exhibit either Gaussian or Poisson
distributions and any change in the shape of the output
PDF indicates a change in the appearance of the noise
signal. PDF shapes closely concentrated around zero
amplitude indicate better noisy fusion performance since
such noise is harder to detect and has less effect on true
information. Conversely, more noise pixels of larger
amplitudes indicate annoying speckle noise in the fused
signal.

4. MSL-IF system performance results

The noisy fusion performance metrics defined in the
previous section were employed in a comparative study
of seventeen different fusion schemes operating on the
noisy input image sets described in Section 2. The
overall O78/f, OfF/Fr and D scores for each input set
were obtained as average values calculated over all input
image pairs in that set. Thus for example, 075/ is es-
timated as

M

1 IR
QﬁB/F“ =27 Z Q;L&/m (6)

i=1

where i indicates the ith input image pair and M is the
total number of pairs in an input set.

Section 4.1, examines the noisy fusion performance
of seven basic fusion methodologies. The effect which
different feature selection/information fusion strategies
have on noisy fusion performance is considered in
Section 4.2. Finally, the performance of two “robust”
fusion systems with built-in noise suppression char-
acteristics is discussed in Section 4.3. Results are
given for the three previously mentioned fusion sce-
narios, i.e. single noisy input, both noisy inputs and
noisy pattern fusion. Notice however that presenting
the complete set of simulation results is unrealistic,
due to paper size restrictions, and only the most im-
portant and representative results are shown and
discussed.

4.1. Fusion system performance in the presence of input
noise

Initially, seven MSL-IF methodologies were exam-
ined in the context of noisy input conditions. These
broadly represent the spectrum of image fusion ap-
proaches available today. The simplest of these tech-
niques is arithmetic fusion, where each pixel in the fused
image is obtained as an arithmetic combination of
corresponding input pixels. Although computationally
efficient, this approach generally achieves modest per-
formance. Arithmetic fusion is described by

F(n,m) = k4A(n,m) + kgB(n,m) + C (7)

and in this study image averaging Scheme 1 uses
[k4, kg, C] = [1/2,1/2,0]. Arithmetic fusion is also the
basis of Scheme 2. However this time principal compo-
nent analysis (PCA) is used to determine the optimal
weighting coefficients (k, and kz) according to the ei-
genvalues and eigenvectors of the covariance matrix
formed between the two input images [25].

The simple bi-scale fusion method of Scheme 3 [18]
decomposes input images into two levels of scale using
adaptive averaging templates. Small-scale details are
fused using the pixel-based “‘select max” approach of
Eq. (8) where D4, Dy and Dr represent the two inputs
and the fused small-scale signals, respectively and large-
scale information is fused using arithmetic fusion.

Dy(n,m), if |Dy(n,m)| = |Dg(n,m

Drirm) = phr ) e

(8)
The “select max” coefficient approach is also used as the
feature selection/pyramid fusion (FS/PF) mechanism in
the next four schemes which employ different multires-
olution image representations. In these representations,
also known as image pyramids, image signals are de-
composed into several lower resolution sub-bands that
contain varying size information at different resolutions.
This enables the fusion process to operate effectively at
different scale ranges [1-6,19-22]. The selection process
of Eq. (8), with “D” now representing the values of the
input and fused pyramid coefficients, compares the ab-
solute value of corresponding input coefficients and
transfers the most significant input coefficients into the
fused pyramid.

Schemes 46 are based on derivatives of the Gaussian
low-pass pyramid [1,19,20]. The ratio of low pass
(RoLP) pyramid [19] in Scheme 4, is formed by evalu-
ating the ratio between each Gaussian pyramid level and
an expanded (interpolated) version of the next, coarser
level. Values in the RoLP pyramid directly represent
local luminance contrast. The alternative, Laplacian
pyramid representation, used in Scheme 5 is formed by
subtracting from each Gaussian pyramid level the ex-
panded version of the next level [20]. In Scheme 6 a
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Gradient pyramid representation is used, which is ob-
tained by filtering each level of the Laplacian pyramid
with four gradient filters (horizontal, vertical and two
diagonals). This process generates for each input image
four pyramids according to orientation [1]. This intro-
duces orientation sensitivity to the fusion process
whereby information of different orientations is fused
independently.

The final multiresolution fusion Scheme 7 uses the
wavelet (DWT) pyramid representation [21]. This ap-
proach decomposes an input image, using a series of 1D
filter banks, into a composite pyramid having three sub-
bands images of different orientation at each resolution
level. The absolute values of the DWT pyramid coeffi-
cients reflect local area (rather than direct pixel-level)
image saliency at corresponding scales. As with all other
multiresolution methodologies, the fused output image
is obtained from the fused pyramid by applying the
appropriate multiresolution reconstruction process
[1,19-21].

Fusion performance results are shown in Fig. 5 when
the above schemes operate with only one noisy input
image. Fig. 5a displays absolute performance Q4%
values for the corrupted visible light input data Set 1
(results obtained using the other two sets of input im-
ages are very similar). All schemes exhibit decreasing

absolute performance with decreasing SNR values, a
behaviour that levels off below 5 dB. Notice that image
averaging, (Scheme 1 %), performs poorly at high SNR
values, but outperforms the other schemes for
SNR < 20 dB. This is due to destructive superposition,
which reduces true scene contrast at high SNR but also
reduces noise power at low SNR where true scene in-
formation is already severely corrupted. Above 10 dB,
the Laplacian pyramid fusion (Scheme 5 V), performs
slightly better than the other pyramid schemes indicat-
ing relative insensitivity to small, random changes in the
input signal. PCA fusion (Scheme 2 +) performs worst.

Relative fusion performance degradation QFF/* re-
sults are shown (for set I) in Fig. 5b. Image averaging
(Scheme 1 =*) is least affected by the increase in input
noise, while PCA (2 +) fusion is the most sensitive.
Below 10 dB, the O /B values of the other schemes are
similar.

Noisy fusion gain D? results are shown (for input sets
I and II) in Fig. 5c and d. Positive values indicate a
tendency of the fusion process to minimise the noise
corruption effect which input noise can have on the
output fused image. Only PCA fusion (Scheme 2 +)
exhibits D? < 0 values which indicate noise amplifica-
tion. This is due to the assignment of “unbounded”
weighting factors (>1) in the arithmetic fusion equation

=] 30 20
(©

10 sNRdaB 0

e} 30 20 10 SNRdB O

(d)

Fig. 5. Noisy fusion performance against input SNR: (a) Q;“’/ fr and (b) OF /f for set 1, (c) and (d) D? for sets I and II; () image averaging Scheme 1,
(+) PCA Scheme 2, (O) bi-level Scheme 3, (J) RoLP Scheme 4, (V) Laplacian Scheme 5, (%) gradient Scheme 6 and ({>) Scheme DWT 7.
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Fig. 6. Fusion of two noisy inputs (a) 07%" and (b) D%; line markings are the same as in Fig. 5.

(3) to the modality with the greater local variance (e.g.
the noisy input in this case). Such factors effectively
produce an amplified noise signal in the fused image. In
general, D? scores for all schemes are close to zero at
high SNR (=30 dB) values and increase as SNR de-
creases. At SNR <20 dB, Q;F/F" and Q;‘A/A" values de-
crease and, for a given difference between these two
quantities, the lower O3/ is, the larger the D7 ratio
becomes. The relative difference between D? scores
obtained from sets I and II (see Fig. 5¢c and d) can be
attributed to the fusion process selecting more infor-
mation from the visible light sensor input images of Set
I. At high noise levels, much of small-scale detail in-
formation in the visible light range sensor images is lost,
and D? values are relatively low.

In addition to the measurements illustrated in Fig. 5,
the same image data was subjected to informal subjec-
tive evaluation. Subjects were able to identify correctly
the performance differences indicated by the QﬁB/F"
scores (see Fig. 5a) of the Averaging (Scheme 1 *) and
PCA (Scheme 2 +) systems. Furthermore, the small
spread of Q4%/ values obtained from the remaining
systems Schemes 3-7) was also reflected by the inability
of subjects to firmly discriminate between the perfor-
mances of these systems.

Performance results obtained when both input im-
ages were noisy are shown in Fig. 6 (all input sets
combined) with Q##/% scores in Fig. 6a and D? values in
Fig. 6b. The trend of decreasing 0%/ with increasing
noise power, which levels off below 5 dB, is very similar
to that obtained previously in the case of a single noisy
input image. This indicates that the Q3% performance
of all schemes is affected in the same manner when
sensor noise is present in one or both inputs. The effect
of the second noise signal is evident in the reduced scale
of DP—compare Figs. 5d and 6b. Notice that fusion
schemes, which rely on feature selection mechanisms for
fusion, i.e. Schemes 3-7, have low D? scores for high
SNR. The reason is confusion in the selection process
caused by input noise, which appears as significant

information and influences selection decisions. Also at low
SNR values, the better spectral decomposition proper-
ties of the DWT analysis process confines noise more
effectively within frequency sub-bands, as compared to
the other schemes, and thus the DWT-based fusion
system (Scheme 7 <{») performs best. In terms of D~
performance and at high SNR values (>20 dB), image
averaging, (Scheme 1 *) outperforms all other schemes.

An interesting result shown in Fig. 6b is the sensitivity
to noise of the gradient pyramid fusion (Scheme 6 %).
The rather relaxed, orientation sensitive, spectral image
decomposition used in this scheme, coupled with a direct
representation in the pyramid coefficients of “local” pixel
image contrast [1], means that input noise patterns pro-
duce in all orientation pyramids significant values which
in turn upset the operation of the FS/PF mechanism.
Although orientation sensitivity is also a feature of the
DWT-based fusion system (Scheme 7 ), DWT pyramid
coefficient values represent “local area” pixel image
contrast, which effectively limits the influence of input
noise on pyramid values. This provides an improved D?
performance at low SNR values (see Fig. 6b).

A graphic example of image fusion with two noise-
corrupted inputs is shown in Fig. 7. Input 4 corrupted at
the SNR values of 30 and 1 dB is given in Fig. 1b and f
(see page 8) respectively, while input image B is shown in
Fig. 7a and d at corresponding SNR values. Fused
output images obtained using image averaging (Scheme
1) are shown in Fig. 7b and e, while fused images pro-
duced by the RoLP-based approach (Scheme 4) are
shown in Fig. 7c and f, respectively. At 30 dB, the effect
of noise on the input and fused images is hardly no-
ticeable and RoLP fusion (Scheme 4 Fig. 7¢) performs
better (QfB/F“’ = 0.636, QfB/F“‘ = 0.628). However, at the
extreme case of 1 dB SNR, the definition of the main
objects in the scene is better in the fused image produced
by averaging. Again this is consistent with the perfor-
mance scores in Fig. 6a (0/*" = 0.105, QfB/F‘ = 0.151).

The performance of these seven schemes operating
on random noise patterns was also evaluated using



176 V.S. Petrovi¢, C.S. Xydeas | Information Fusion 4 (2003) 167-183

(d)

®

Fig. 7. Noisy image fusion: input image B at (a) 30 dB and (d) 1 dB SNR. Fused images, averaging (Scheme 1) (b) and (¢) and RoLP (Scheme 4 ¢) and

(f) for corresponding SNR values.

the S, noise power gain metric. S, is calculated as an
average over 20 pairs of input noise signals and re-
sults are given in Table 2 for both Gaussian—Gaussian
(G-G) and Poisson—Gaussian (P-G) inputs. Image
averaging (Scheme 1) is the only approach that
achieves noise power reduction with S; = 0.5, all other
schemes increase noise power. As expected from
previous performance results, the PCA-based fusion
system yields the largest noise amplification with S, =
2.85 and 4.45 for G-G and P-G inputs, respectively.
The difference in the two scores is due to the structure
of the Poisson noise which leads into very large
weighting coefficients in the arithmetic fusion process.
The noise power gain of other methods is similar,
S, ~ 1.64, with the exception of gradient pyramid fu-
sion (Scheme 6) which performs better, with S; = 1.35
and 1.38. The increase in output noise power for these
schemes can be attributed to the feature selection
process, which chooses and transfers into the fused

Table 2
Noise power gain results

image the most salient input noise. In contrast, the
averaging of two zero mean noise signals used in
Scheme 1 reduces output power through destructive
superposition. These differences in the power of fused
noise can be seen in the appearance of fused output
noise signals in images (e) and (f) of Fig. 7, obtained
from the Averaging and RoLP-based fusion schemes,
respectively.

In terms of the “mean” performance indicator (see
Section 3.3) and with both input noise signals having the
same mean value, the mean p, of all the fused output
noise patterns is within 0.5%, of the input mean values
(1, = w, = 128). However when y, and p, assume dif-
ferent values, the overall mean of the fused output noise
signal is close to the arithmetic mean of u, and y, for all
systems except PCA (Scheme 2) and RoLP (Scheme 4).
The mean p of PCA fused noise signals varies consid-
erably from input pair to input pair (o9 > 40,
Epe] = (1 + 1)) whereas RoLP-based fusion produces

Noise type Fusion method
Input, o3, Scheme Scheme Scheme Scheme Scheme Scheme Scheme
1, aver- 2, PCA 3, multi- 4, RoLP 5, Lapla- 6, Gradi- 7, Wave-
aging scale cian ent let
G-G a(z)p 400 200 1141 664 649 648 540 655
S, - 0.50 2.85 1.66 1.62 1.62 1.35 1.64
P-G a(z)p 400 200 1781 671 654 654 553 660
S, - 0.50 4.45 1.68 1.64 1.63 1.38 1.65
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Fig. 8. PDFs for (a) Gaussian—Gaussian, and (b) Poisson—Gaussian inputs.

mean values that are closer to the larger of the two input
means i.e. Hr = Hmaxs> Hmax = maX(uA, :uB)

Output fused noise is characterised by its PDF. Fig.
8a and b shows the PDFs, p,(N;) of the fused noise
signals produced by Schemes 1-7, using Gaussian—
Gaussian and Poisson—Gaussian inputs respectively.
From these plots it is evident that no two schemes have
the same effect on the nature of the noise signal (the
reference input PDF is the middle solid Gaussian line).
Noise fused by image averaging, PCA and DWT
(Scheme 1, 2 and 7) maintain the Gaussian shape, but
with different variances. The PDF of Scheme 1 is narrow
and tall (dashed line) which indicates low intensity, less
noticeable noise. The PDF of PCA Scheme 2 (dot-
dashed Gaussian) remains considerably high even at the
extremes of the range shown in Fig. 8, which indicates
the presence of many high amplitude noise pixels. The
maximisation of local area contrast observed in DWT
fusion (Scheme 7, bottom dot-dashed Gaussian) dilutes
noise hot-spots and the result is a less speckly (less no-
ticeable) noise signal. Bi-level fusion, RoLP and La-
placian pyramid fusion (3,4 and 5) exhibit interesting
“two-hump” distributions that suggest a speckled ap-
pearance for the output fused noise (dotted line Scheme
3, solid line Schemes 4 and 5); compare Fig. 7f (RoLP)
and e (averaging). This is due to pixel contrast maxi-
misation tendency, which underlines these pyramid
fusion methodologies. Finally, the dotted flattop single-
hump shape belongs to Gradient pyramid fusion
(Scheme 6) and suggests an evenly distributed noise
signal.

4.2. FSIPF strategy and noisy fusion performance

The effect that different feature selection/pyramid
fusion strategies have on noisy-input fusion perfor-
mance was examined experimentally, using systems
which are based on the DWT and Laplacian pyramid
image representations. Thus six further fusion schemes
were examined, which employ the DWT representation

and differ in their basic selection/fusion approach (i.e.
coeflicient selection or arithmetic combination) as well
as in the size of the selection template and in the selec-
tion criterion. Pixel-based ‘‘select-max” (see Eq. (8))
DWT-based Scheme 7 was used as a selection type fu-
sion reference system, having an effective template
(window) size of 1 x 1. Scheme 8 employs the same
“select-max” coefficient selection, using however a 3 x 3
size template on the coefficients of the input pyramids.
An even larger 5 x 5 template is used in the same man-
ner in Scheme 9. Here however the above basic coeffi-
cient selection is also followed by a consistency
verification process that takes the form of “majority
filtering” of the selection map. This additional step is
aimed at reducing the undesirable effects on the selection
process of input noise “hot-spots” [2]. The area-based
fusion mechanism proposed in Ref. [1] is used in Scheme
10 where a measure of local saliency and a measure of
similarity is calculated between the inputs at every pyr-
amid pixel, using a 3 x 3 window. When low similarity
is observed between corresponding windows in the input
pyramids, the pixel with the larger saliency found within
the windows is copied into the fused pyramid. Other-
wise, the fused value is produced as the weighted sum of
inputs with the weights evaluated from the saliency and
match measures [1]. The hybrid arithmetic/selective fu-
sion process used in the cross-band algorithm of Ref.
[22], is employed in Scheme 11. This method integrates
information from several pyramid levels and sub-bands,
in a process also known as single- and multi-scale
grouping [6], in order to select/fuse input pyramid values
using averaging, addition or direct coefficient selection
[22].

Arithmetic pyramid fusion (see Eq. (7)) is employed
in Schemes 12 and 13. In Scheme 12, the fused pyra-
mid is the direct sum of the two input pyramids
[k4, kg, C] = [1,1,0]. Scheme 13 uses a weighted sum (see
Eq. (9)) which assigns proportionally larger weights to
more salient features that produce larger pyramid values.
A review and methodical evaluation of the performance
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Fig. 9. FS/PF performance with a single noisy input: (a) 03%/ for input set I, and (b) D% for input data set ITI; Schemes: 7 (x), 8 (0), 9 (V), 11 ($),
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of a number of feature selection/pyramid fusion strate-
gies, when operating under noise free input conditions,
can be found in [6].

_ |Di(n,m)|Dj (n,m) + |Df (n, m)| D} (n, m)

Di (n,m) D7 (r.m) + D7 ) ©)

Furthermore, in order to examine the relative impor-
tance of FS/PF mechanisms, when used in association
with other pyramidal image representations, two further
Laplacian pyramid fusion-based Schemes 14 and 15
were implemented and tested. These systems use the
3 x 3 window, area-based selection/fusion method of
Scheme 8, and the Burt and Kolczynski [1] combined
selection/arithmetic fusion of Scheme 10, respectively.

Q;‘B/F » and D? results obtained from the DWT pyra-
mid-based systems operating in a single noisy-input
scenario are shown in Fig. 9. The true scene information
preservation Q:B/F » values, shown for these systems in
Fig. 9a, differ little at high SNR values and even less at
lower SNRs. However, D? results exhibit more variation
(see Fig. 9b) where direct sum arithmetic fusion (Scheme
12 O) consistently performs best and the weighted sum
(Scheme 13 ) performance is the worst. This is espe-
cially so for low input SNR values where more weight is
assigned to noise than true scene information. Amongst
the selection fusion methods, pixel-based (Scheme 7 *)
performs the best and the 5 x 5 area selection (Scheme 9
V) produces the worst results. D? values obtained from
the 33 area selection-based Schemes 8§ O and 10 (not
shown), are in-between those of Schemes 7 and 9. Re-
sults obtained from the B&K [1] 3 x 3 area-based system
(Scheme 10) are not shown as they are almost identical
to those of Scheme 8 which employs a simple 3 x 3 area
selection process.

Fig. 9 suggests that when noise power in one input
image increases, the relative performance of multireso-
lution pyramid fusion schemes is less affected as the size
of the selection template is reduced. This behaviour can
be attributed to an increased number of erroneous co-

efficient selections in favour of noise “hot-spots’, when
larger selection templates are used.

As an illustration of the relevance of the D? results
shown in Fig. 9, examples of fused images obtained
using the pixel-based “‘select-max” (Schemes 7 *) and
the 5 x 5 area selection (Scheme 9 V) are shown in Fig.
10. When the input images are noise free, the image on
the left, 10a (Schemes 7), is only slightly better than
image 10b (Schemes 9) which has less pronounced
contrast. However, when a significant amount of noise is
added to one of the inputs (SNR =10 dB), the output
fused images are of noticeably different quality. The
pixel-based “select max’ fused image of Scheme 7,
(shown in Fig. 10c) although corrupted, still contains all
significant features in an easily detectable form. The
5x 5 area selection-based Scheme 9 output image

() . e o

Fig. 10. Pixel-based select-max fusion (Scheme 7) at co dB (a) and
10 dB (c); 5x 5 area selection fusion (Scheme 9) at co dB (b) and
10 dB (d).
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Fig. 11. System performance when both inputs are noisy: (a) Qﬁg/”’ and (b) D? using input data set I, marking is the same as in Fig. 9.

however, shown in Fig. 10d, exhibits serious degrada-
tions in object boundaries and a significant loss of small-
scale details. The corresponding D? scores of D], 45 =
0.209 and DY, 45 = 0.113 reflect correctly this subjective
difference in image fusion quality.

Similar system fusion performance results are ob-
tained when both inputs are corrupted (see Fig. 11). In
terms of absolute fusion performance Q4% Scheme 13
(%) has a more noticeable advantage over the other
schemes. Also, in terms of D? (Fig. 11b), Scheme 12 ()
still performs better than the other systems, albeit with a
smaller advantage.

A final comparison between these systems, in terms of
noise pattern fusion performance, is given in Table 3.
Arithmetic fusion methods perform as their arithmetic
fusion coefficients [k, kp, C] would suggest, that is the
direct sum doubles output noise power (S;, = 2), and the
weighted sum preserves the input power level (S;; = 1).
For selective fusion methods, a strong correlation exists
between the size of the selection template and the power
of the fused noise signal. The larger the selection win-
dow is, the smaller is the output noise power. Thus, the
5 x 5 area selection (Scheme 9) shows a small increase in
noise power with S;; = 1.11 and 1.18. In contrast, pixel-
based (1 x 1) “select max” (Scheme 7) exhibits a con-
siderably higher noise power gain with S; = 1.64 and
1.65. These results appear to be in contradiction with the
noisy fusion system performance conclusions derived
from Figs. 9 and 11, with respect to selection template

Table 3

i i
20 10 SNR dB 0

(®)

sizes. However, as stated earlier, the Q;‘B/F ", O /B and
D? metrics capture the subjective effect of noise on
“coherent” edge related true scene visual information.
S,, on the other hand, is only associated with noise
power values (in ““‘uniform” image regions) which are
subjectively less meaningful since the human visual
system filters out much of the noise [23] (people see
through noise), particularly in homogeneous image re-
gions. The overall message is therefore that, in the
presence of input noise, smaller selection template sizes
preserve better “true” scene information.

The above fusion system performance findings were
also observed using the Laplacian pyramid fusion rep-
resentation and FS/PF schemes. Thus fusion perfor-
mance results obtained from Schemes 5, 14 and 15 were
in agreement with those obtained from the corre-
sponding DWT-based systems.

4.3. Noise suppression and signal-level image fusion

In this section, two specific fusion systems with built-
in noise suppression mechanisms are considered. Both
schemes are based on the DWT representation using the
pixel-based “‘select max” fusion approach and include
thresholding of lower (high-resolution) pyramid levels.
Scheme 16 uses soft thresholding [5], whereby all sub-
band signal values smaller than a threshold are set to
zero, while the remaining values are reduced by the
threshold value. Scheme 17 uses hard thresholding [3]

Noise power gain results of different FS/PF schemes based on the DWT representation

Noise Fusion scheme
type Input o3, Scheme Scheme Scheme Scheme Scheme Scheme Scheme 13,
7,1x1 8,3x%x3 9,5%x5 10,3 x3 11, x- 12, direct weighted
[2] B&K [1] band sum sum
G-G %, 400 655 492 546 445 507 801 400
S, - 1.64 1.23 1.37 1.11 1.27 2.00 1.00
P-G %, 400 660 511 558 472 524 799 408
S, - 1.65 1.28 1.40 1.18 1.31 2.00 1.02
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Fig. 12. Noise suppression: 045/ (a) and D% (b); Schemes 7 (x), 16 (O) and 17 (V).

where only values smaller than the threshold are set to
zero. In both cases, threshold values can be fixed or
adaptive. Both schemes are compared with the basic
DWT pixel-based “‘select-max’ Scheme 7 and any per-
formance advantage they display over this system can be
attributed directly to the noise suppression mechanism.
In our investigations, different values/settings for
fixed and adaptive thresholds and numbers of resolution
levels to which thresholding is applied, were examined.
In both cases, the best performance was obtained with
an adaptive threshold Ty, evaluated individually for
each sub-band signal xy,, according to:
Ty =k x [ E[x5)] (10)
The optimum value of k£ was experimentally determined
as k=0.75 and system performance was maximised
when thresholding only the two lowest pyramid levels.
In general, thresholding of higher pyramid levels de-
grades fusion performance at high SNR values, without
a significant improvement at low SNR values. Further-
more, no significant advantage in system performance is
obtained when thresholding is only applied to the lowest
pyramid level. A similar behaviour is observed with &
values. Values k£ < 0.75 provide no performance gains,
whereas for higher values system performance deterio-
rates at high SNR values but improves modestly at low
SNR values.

Table 4
Noise fusion gain, S, of Schemes 7, 16 and 17

Fig. 12 shows 0:%/f and D~ results for these three
schemes. In general, noise suppression should (i) reduce
absolute fusion performance Q4%/% at high input SNR
values and (ii) improve QﬁB/F " at the lower end of the
SNR scale. Soft thresholding (Scheme 16 O) performs in
this manner showing gains at low SNR values, when
compared to the basic pixel-based selection fusion
(Scheme 7 *). System performance is significantly re-
duced at high SNRs, when compared to that of Scheme
7 because of a general reduction in contrast introduced
into the input images. In terms of D? performance, the
advantage of using soft thresholding (Scheme 16 O) is
again obvious (see Fig. 12b).

The noise pattern fusion performance of these
schemes is given in Table 4. Soft thresholding clearly
shows better noise suppression characteristics when
compared to the other two schemes. The system exhibits
almost no increase in overall fused noise power,
(S16 = 1.04) due to its design that reduces the value of all
pyramid coefficients, not just those whose value is
smaller than the threshold. Hard thresholding (17) on
the other hand, achieves only a modest improvement
over Scheme 7 (S} =1.56 and 1.57). Note that the
probability density functions of the fused noise signals
produced by Schemes 16 and 17 are of Gaussian shape.

A graphic example of fusion performance with built-
in noise suppression is demonstrated in Fig. 13. Noise-
free input images, shown in Fig. 4(a) and (b), are

Noise type Fusion scheme
Input, 3, Scheme 7, selection Scheme 16, Scheme 17,
soft thresh. hard thresh.
G-G o 400 655 416 625
S, - 1.64 1.04 1.56
P-G a3 400 660 417 630
S, - 1.65 1.04 1.57
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Fig. 13. Fusion noise removal, input images at 10 dB, (a) and (b); DWT direct fusion (Scheme 7) at co and 10 dB, (c) and (d); soft thresholding
(Scheme 16), (e) and (f); hard thresholding (Scheme 17), (g) and (h) at matching SNR values.

corrupted at an SNR value of 10 dB (see Fig. 13a and
b) and fused using Schemes 7, 16 and 17. Direct DWT
fusion, Scheme 7 produced the noise free fused image
shown in Fig. 13c), which scores Q;‘B/F = 0.643 with
the objective measure. Schemes 16 and 17 operating on
noise free inputs produce images that are less sharp
(see Fig. 13e and g) and so score less, i.c. lf/ﬁ” =
0.579 and Q¥ = 0.587, respectively. When signifi-
cant noise corruption is present at the input images,
direct DWT fusion performance (Schemes 7) suffers
considerably (see Fig. 13d) where the main objects in
the input images are hardly visible. This is reflected in
the low absolute fusion performance score of Q5" MFio
0.105. Noise suppression using soft thresholding
(Schemes 16) however provides a much clearer scene
representation (see Fig. 13f) and a significantly higher
lolvs /fio — 0.213 score. Hard thresholding provides some
advantage (see Fig. 13h) and achieves a fo /fo = 0.150
score.

5. Summary

The performance of several signal-level image fusion
systems was examined, for the case when their input
signals are corrupted at varying levels of sensor noise.
This was done using novel noisy fusion performance
metrics developed via the subjectively meaningful,
objective image fusion performance evaluation frame-
work recently established by Xydeas and Petrovié
[13,14]. The proposed metrics measure absolute fusion

performance, relative degradation of fusion perfor-
mance (robustness) and fusion gain and were used to
evaluate a wide range of image fusion methodologies
and different feature selection/fusion techniques in-
cluding two systems with built-in noise suppression
techniques.

It was found that multiresolution fusion systems
generally preserve or in some cases even increase noise
power in fused signals. Arithmetic fusion meanwhile
trades-off absolute fusion performance at high input
SNR values for improved performance at significant
levels of input noise (SNR <20 dB). Furthermore, in
terms of relative fusion performance robustness, DWT
fused images degrade least for increasing levels of input
noise (especially towards low SNR levels). At this
juncture, it was also noted that fusion performance is
more significantly affected when it is the visible range
input that suffers from sensor noise (compared to in-
frared or low light imagery).

In terms of the feature selection/pyramid fusion
strategy used in multiresolution fusion, it was shown
that under noisy input conditions arithmetic pyramid
selection/fusion and in particular the “weighted sum
method”, provides the best absolute fusion performance
even though such arithmetic FS/PF methods exhibit
performance limitations when input images are free of
noise. When using selection-based fusion, performance
is found to depend strongly on the size of the selection
template. Small template sizes were found to better
preserve true scene information from significantly cor-
rupted inputs while larger templates produce a more
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pleasing (less powerful) noise in homogenous regions of
the fused image. Fusion performance robustness with
respect to noise was also found to increase as the size of
the selection template decreases.

Finally, the detrimental effect on the output fused
image of high levels of input sensor noise can be reduced
via the ““soft thresholding” of pyramid coefficients. This
is achieved at the cost of reduced fusion performance at
high input SNR values. No such performance im-
provements are obtained from systems employing “hard
thresholding” of pyramid coefficients.
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Appendix A. Objective evaluation of signal-level image
fusion performance

Performance metrics used to evaluate the noisy fused
images in this investigation were derived from the sub-
jectively meaningful, image fusion performance evalua-
tion framework proposed by Xydeas and Petrovi¢
[13,14]. In this framework, important visual information
is associated with edge information measured for each
image pixel. An image fusion process that transfers all of
the important visual (edge) information from any
number of inputs into the fused image is said to have
achieved ideal fusion. Correspondingly, by evaluating
the relative amount of edge information that is trans-
ferred from input images to the output, fused image, a
measure of fusion performance is obtained. General
structure of this objective fusion performance evaluation
framework is shown in Fig. 14.

Specifically, assuming two input images 4 and B and
a resulting fused image F, a Sobel edge operator is ap-
plied to yield the strength g(n, m) and orientation o(n, m)
information [26] for each pixel p(n,m), 1<n<N and
1 <m <M. Using this, the relative strength and orien-
tation “change” values, G (n,m) and A4 (n,m), of an
input image 4 with respect to F' are formed as:

n,m

gelnm) - Gf o (n,m) > gp(n,m
GAF(n,m) _ g4(nm) ? gA( 7. ) gF( ) ) (Al)
galnm) o therwise

gr(nm)?

_ Mowu(n,m) — ar(n,m)| — /2|
/2

Strength and orientation ‘“‘change” measures are then

used to derive the edge strength and orientation pres-
ervation values, 0" (n,m) and Q' (n,m):

A (n,m) (A.2)

r
F —
Qg (n7m) - 1 + ng<GAé,F<n7m)_ag) (A3)
I,
0;" (n,m) = ‘ (A4)

1 + e (AAF (n,m)—ay)

These quantities model the perceptual loss of informa-
tion in the fused image, in terms of how well the edge
strength and orientation values of a pixel 4(n,m) are
represented at F'(n,m). The constants I'y, k., 6, and I',,
K., 0, determine the exact shape of the sigmoid non-
linearities used to form the edge strength and orienta-
tion preservation values from which the overall edge
information preservation values are then defined:

QAF(nv m) = QgF(nv m)Q:F(n7 m)

0< 0% (n,m) <1, where 0 corresponds to the complete
loss of edge information, at location F(n,m), and
0% (n,m) = 1 indicates ideal “fusion” from 4 to F with
no loss of information. Having Q" (n, m) and Q%" (n, m),
a normalised weighted performance metric Q%" of a
given process p that fuses 4 and B into F is given as:

QAB/F
P

_ ZnN:l Zi‘n/lzl QAF(nvm)WA (l’l, m) + QBF(nv m)WB(nvm)
S S (wali, )+ wa(i, /)

(A.5)

(A.6)

The overall objective image fusion performance measure
given by Eq. (A.6), also takes into account the relative
perceptual importance of the visual information found
in the input images. This allows for the fact that not all
edges in the input images influence the overall perceived
fusion performance in the same manner. Edge preser-
vation values, Q' (n,m) and QF (n, m), are weighted by
coefficients, wy(n,m) and wg(n,m), which reflect the
perceptual importance of the corresponding edge cle-
ments within the input images. In this way more salient
edges that would be assigned more importance by an

Input&Fused | Edge Parameter Pl)nfonnan_on Performance
Images Extraction *| Preservation Measure
Estimates Q
Edge Importance
Parameters | | Perceptual Edge Maps
Importance
Evaluation

Fig. 14. General structure of objective image fusion performance evaluation.
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observer influence the fusion performance result more
than the less salient or undetectable ones. The percep-
tual importance weights, wy(n,m) and wg(n,m), are
evaluated using a number of parameters associated with
the edge at pixel (n,m) according to:

w(n,m) = dy(n,m)Cy(n,m)Py(n,m)g(n,m)" (A7)

In Eq. (9), ds(n, m) is the binary detectability flag, which
is 0 if the edgel at 4(n,m) is below the detection
threshold of the observer and 1 otherwise. C,(n, m) is the
edge orientation coherence parameter, which is close to
1 if the edgel is in a neighbourhood of edgels of similar
orientation, and is closer to 0 as edgels in the neigh-
bourhood become more random. P, (n, m) introduces the
positional importance, which, depending on the fusion
application, might be 1 for the pixels in the centre of the
input image and decreases linearly as the distance in-
creases. The parameters mentioned so far can be viewed
as “modulation” of the last term in Eq. (A.7) which is
dependant on the edge strength g4(n, m) at pixel 4(n, m),
where L is a constant. More detailed descriptions of the
mechanism for assigning perceptual importance to vi-
sual information and of the objective performance
measure framework, as well as details on its subjective
validation can be found in Xydeas and Petrovi¢ [13,14].
Notice finally, that the resulting range of the fusion
measure is also 0<QﬁB/F (n,m) <1, where 0 indicates
total loss of information from the input images and 1
ideal fusion.
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