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Abstract — Image fusion is finding increasing application in ar
eas such as medical imaging, remote sensing or militaryeslirv
lance using sensor networks. Many of these applicationsaddm
highly compressed data combined with error resilient cgdilue
to the characteristics of the communication channel. Iis tiet
spect, JPEG2000 has many advantages over previous image c(
ing standards.

This paper evaluates and compares quality metrics for lossy
compression using JPEG2000. Three representative image fu (@) Octec Sequence: visible image  (b) Octec Sequence: IR image
sion algorithms: simple averaging, contrast pyramid analdu :
tree complex wavelet transform based fusion have beend:on
ered. Numerous infrared and visible test images have beeth us
We compare these results with a psychophysical study where p.
ticipants were asked to perform specific tasks and asseggeima
fusion quality.

The results show that there is a correlation between most ¢
the metrics and the psychophysical evaluation. They alficdate = > g
that selection of the correct fusion method has more impact 0 (c) Trees Sequence: visible image (d) Trees Sequence: IR image
performance than the presence of compression.

Keywords: Image fusion, JPEG2000, quality metrics.

1 Introduction

Image fusion can be defined as the process of combini
multiple input images into a smaller collection of images
usually a single one, which contains the relevant and i

portant information from the inpUtS- (e) UN Camp Sequence: visible image (f) UN Camp Sequence: IR image
The aim of image fusion, apart from reducing the amount
of data, is to create new images that are more suitable for Fig. 1: Test image sequences

the purposes of human/machine perception, and for fur-

ther image-processing tasks such as segmentation, objixel-based methods, which are usually easy to implement

detection or target recognition in applications such as r@nd time efficient.

mote sensing and medical imaging. Multi-sensor data of-Image fusion applications such as remote sensing and

ten presents complementary information about region sunmilitary surveillance demand highly compressed data com-

veyed, scene or object, so image fusion provides an effédined with error resilient coding due to the characterisbic

tive method to enable comparison and analysis of such ddtee communication channel. In this respect, the JPEG2000
The benefits of multi-sensor image fusion includg [ image compression standaf] has many advantages over

extended range of operation, extended spatial and tempguagvious standards. JPEG2000 provides low bit-rate oper-

coverage, reduced uncertainty, increased reliabilityusd ation with rate distortion and subjective image quality-per

system performance and compact representation of infé@rmance superior to existing standards, without saanijci

mation. performance at other points in the rate-distortion spectru
The fusion process can take place at different levels [@]. All these aspects have been rigorously tested and com-

information representation, ranging from the earliesepixpared to previous compression standaiS].

level methods?] to the more advanced region level algo- This paper studies the effects of compression on image

rithms [3]. Refer to {] for a general review of fusion al- fusion performance for surveillance applications. It eval

gorithms. Most of current image fusion applications useates and compares existing image quality metrics with



4 K 4 pair of images was then fused with the three fusion meth-
ods selected and the performance evaluated with the metrics
}@_, F, ;z@_, FE described in Sectio8.
The multi-resolution fusion methods (DT-CWT and CP)
B 12K B€ employedour levels of decomposition, maximum absolute
value selection for high frequency coefficients and simple

averaging for low frequency coefficients. Fig3 shows

Fig. 2: Compression and fusion scheme .
some examples of the fused images.

psycho-visual tests, where participants were required to .
perform specific tasks and to assess the visual quality of the Metrics

f_use_d images. In our e_xperlme_nts we use three represerigyera| approaches to fused image quality evaluation. exist
tive image fusion algorithms: simple averaging (AV), CONrhese include qualitative tests with human participants an
trast pyramid (CP)q] fusion and dual-tree complex wavelely anitative or objective tests. A number of image qual-
transform (DT-CWT) 10, 11] fusion. The images used aréjy metrics have been proposed including mean square er-
\(|S|ble apd infrared images from surveillance scenes, pyly; (MSE), root mean square error (RMSE), peak signal to
licly available at 2], see Fig.1. ~ noise ratio (PSNR), mean absolute error (MAE) and qual-
~ The rest of the paper is organised as follows: Secony index. All of these require a reference image, which is
includes a short description of the test bed, SecB@mo- ;5 a1l the ideal fused image. However, in practice, such
vides an overview of the metrics used in this paper, Seg jgeal fused image is rarely known. Hence other fused
tion 4 details the psycho-visual experiments test bed. Tlﬂ‘ﬁage metrics such as mutual information (ML], Petro-
results of both objective and subjective tests and thek cQf: ang Xydeas metriclf4, 15] and Piella’s Quality Index
relatiop are shown in Sectiod Finally, conclusions are [16] have been recently proposed. These estimate how and
drawn in Sectiore. what information is transferred from the inputimages to the
fused image.
2 Compression and Fusion

3.1 Peak Signal to Noise Ratio
Peak signal to noise ratio is based on the root mean square

error between the reference imageand the fused image
F

N M
STST(RGG) - F(i,9))?
RMSE (R, F) = \ —2~1 — @

where(i, j) denote pixel location. PSNR in decibels (dB) is
then computed by using:

255
PSNR(R,F) =20-log (W(RF)) @

Its main drawback is the assumption of knowledge of the
ground-truth data, which is not feasible most of the time.

3.2 Mutual Information

Mutual information has emerged as an alternative to RMSE
[13]. MI measures the degree of dependence of the two ran-

dom variablesd and B. It is defined by Kullback-Leibler
measure:

B _pap(ab)
Iap(a,b) = st(m b) - log pa(a) - po () @
a,b

wherep ap(a, b) is the joint distribution angh 4 (a) - p(b)

is the distribution associated with the case of complete in-
Fig. 3: Example of fused images dependence. _ _ _
Considering two input images, B and a new fused im-
eF’, the amount of information that contains aboutl

dB can be calculated as:

(e) DT-CWT fusion (0.2 bpp) (f) DT-CWT fusion (0.3 bpp)

In order to measure the influence of compression (gﬂ
fusion performance, we generated multiple pairs of com-
p.ressec_J images at different bit rates, frqm high compres- Tea(f,a) = me(ﬂ o) - log _PPAL@) @
sion ratios { : 100) to low compression ratiod (. 5). Each pr(f) - pala)

a,b



3.4 Image Fusion Quality Index

pra(f,b)
Irp(f,b) = me(f, b) - log () -po(b) ®) This image fusion quality index (IFQI)1f] is based on
ab an image quality index recently introduced by Wang and
and the image fusion performance measure can be defi#@&"k [17, which s defined as:
as: Py
aB _ Ira(fia) +Irs(f,b) Q= Tzy Ty (13)
]\/IF - 9 (6) (03; +O’5) ((i)Z + (5)2)
where
3 X nd Petrovic Metri ol al
3.3 Xydeas and Petrovic Metric PN S T
Recently, Petrovic and Xydead4, 15 proposed a met- ~ =y
ric, which measures the amount of edge information ‘trans- or=x Y (@i -3 0r =55 (i —9)?
ferred’ from the source image to the fused image to give an =1 N i=1
estimation of the performance of the fusion algorithm. Ooy = g D (21— @) - (yi — )
It uses a Sobel edge operator to calculate the strength i=1
g(n, m) and orientation(n, m) information of each pixel  To understand the meaning €, it can be decomposed
in the input and output images. as a product of three components:
The relative strength and orientation ‘change’ values, o
GAF (n,m) and AAT (n,m) of an input image4 with re- Q= Zzyv 22 200y (14)
spect to the fused imagde, are defined as: w0y @7+ @ (o2 +03)
. e if ga(n,m) > gr(n,m) The first component is the correlation coefficient be-
G m =N _ (M tweenz andy. The second component corresponds to the
op(nm) Otherwise luminance distortion and the third factor measures the con-

_ _ trast distortion. The maximum value &f = 1 is achieved
AAF _ llea(n,m) — ar(n,m)| — «/2| g . .
(n,m) = =2 ®  whenz andy are identical.
_In order to apply this metric for image fusion evaluation,
These measures are then used to estimate the efifdla and Heijmansifg] introduce salient information to

strength and orientation preservation valu@.§F (n,m) the metric.
AF
andQ,, (n,m): Qu(A,B,F) = Y e(w) Mw)Q(A, Flw) + (1 = A(w)Q(B, Flw))
weW
AF _ ry (15)
Q (n.m) = 1 4 ehg (GAF (n,m)—ag) ©
e . whereA andB are the input imaged is the fused image,
Qo (MM = T A o —rm) 10 \(w) = % should reflect the relative impor-

_ tance of imaged compared to imag® within the window
where the constant8y, k, 0y, Lo, ka, 0. determine the , ande(w) is the overall saliency of a window.
exact shape of the sigmoid nonlinearities used to form therinally, to take into account some aspect of the human
edge strength and orientation. The overall edge informatigisyal system (HVS) which is the relevance of edge infor-
preservation values are then defined as: mation, the same measure is computed with the ‘edge im-
e e A e ages’ (', B’ andF’) instead of the grey-scale imagds
Q (nm)=Q, (n,m)Q, (n,m), 0<Q (n,m)<1@11) BandF.

QE(A,B,F) = Qu(A,B,F)' ™" - Qu(A', B, F)*  (16)
A normalised weighted performance metric of a given
proces® that fusesA and B into F, is given as:
where« is a parameter that expresses the contribution of

AB/F

Q,  (n,m)= the edge images compared to the original images.
NOM o g BF As with the previous metrics, this metric does not require
Z:l mz:l @ (mmjwalnm) Q- (nmjwn(n,m) a ground-truth or reference image.
- - N M (12)
22 2 walnm) +ws(n,m) 4 Task Performance Evaluation

n=1m=1
The impetus behind using task-based image assessment
It can be observed that the edge preservation valuggthods comes from the lack of correlation found between
QAF (n,m) and QBF(n, m), are weighted by coefficientssubjective quality scores and computational metric perfor
wa(n,m) andwg(n,m), which reflect the perceptual im-mance L8]. It is therefore necessary to find a more suit-
portance of the corresponding edge elements within the able task with which to compare such metrics. The major
put images. benefit of fitting a task to the process of image fusion as-
Note that in this method the visual information is assocsessment is that this allows for accuracy ratings as well as
ated with theedgeinformation while the region information response times to be recorded, thus, measuring the partic-
is ignored. ipants success. These objective measures then allow for a



more precise comparison with the results of computatiorsilown on the left and right of the screen equal numbers of
metrics. times. The two blocks were counterbalanced.
In choosing the most appropriate task for the current
study, it was necessary to consider in what ways the origi:2 Participants
nal image sequences might have been used. It was initia{]\x

. . . Ivi I rtici in this experiment. Th m-
decided that a range of tasks would be required in order.e € people participated in this expe me t. These co
rised of 10 females and two males, with a mean age of

to test the robustness of the metrics under varying con o5 years (range 18-26). Participants were required to
tions and constraints. This section covers the first experr]i-' :

ment planned, which used the United Nations (UN) Camrpi\éz rc])(f);quarlnor:;c(j)greigiesr;g\)/\-/ﬂa%rgn;aé;llﬁggtts dt;ike part, and
Sequence (Figsl(e)1(f)), as used by Toet and colleagues '
[19] in two _tasks to estabh;h objective and subjective rah— 3 Apparatus
ings of the images. These images comprise a sequence de-
picting a soldier moving around a UN Camp, which waBoth parts of the experiment were displayed on a 19” flat
shot using a visible light camera as well as an infrared cassreen CRT monitor. This was connected to a 2.8GHz
era. Pentium 4 PC with 512 Megabytes RAM, running Super-
The first part of the experiment used a backward maskiedd Pro v2.0 by Cedrus2fl]. Responses were given us-
rapid visual presentation paradigm, which involved watcliRg a regular keyboard. Written instructions were dispthye
ing a briefly presented image as in Fig, with either the at font size 30 in Arial script, and all presentations were
soldier present or absent. Participants had to state whetbentrally aligned. The test images were all monochrome,
or not they thought the soldier had appeared in each fraisplayed at full size (360x270 pixels) against a 50% grey
viewed. In addition, subjective ratings were taken from papackground, used in order to reduce harsh contrasting be-
ticipants in order to assess whether these would be compaeen the dark images and a white background.
rable with the objective results. Subjective ratings were a The backward masks were created individually for each
tained by presenting differing pairs of frames from the firgtial frame used by performing a Fourier transform on the
part of the experiment, and asking participants to rate edaage and randomising the phase component of the image,
on a scale of one to five, where one is thought to have ‘veaypd then carrying out a reverse Fourier transform to create

good’ image quality, and five has ‘very bad’ quality. an image with equal power as the original but randomly
distributed phase. A separate mask was created for each of
4.1 Design the 540 trial images to ensure that any artefacts of one mask

. . . . . did not carry over to other masks.
This experiment manipulated two independent variablesin . .
In the second part of the experiment, the images were

a related-measures design. The first variable was fusion ) . . )
i o . .. presented 70 pixels apart, with the full rating scale wnitte
type, with three types used: a simple averaging algorithm? a . . L
. ?L{t below the images in Arial size 24. The background
contrast pyramid method, and a dual-tree complex wavele . . o e
. rounding the images in this case was white, in order to
transform scheme. The second variable was JPEG 2 . .
. . ] allow for a more absolute baseline assessment point. Each
compression level, also with three levels: clean (no comy : :
. . I?ck used two images from the three frames used in the
pression), low (0.3 bpp) and high (0.2 bpp). The depend%rgst art, both of which had the soldier present
variables were Hit rate (correctly identifying the soldéer part, P '
present) and False Alarm rate (stating that the soldier w s4 Procedure
present when he was not). The trials were blocked by fu-
sion type with compression type randomised within eadkfter a consent form had been completed, participants were
block, and counterbalanced to avoid order effects. In eafifst shown the video sequence from which the four test
condition there were three different soldier-present iesagframes were taken. This was shown once with the original
used with the soldier positioned approximately to the Iéft wisible light and infrared footage side by side, and again as
the image, in the centre of the image or to the right. Adda fused sequence with a brief explanation as to what image
tionally, three soldier-absentimages were used. Eachémdgsion was. It was made clear that the experiment would
was displayed 10 times, thus creating a total of 540 trialsse frames from this sequence, and how an experimental
blocked into six blocks with 90 trials per block. A backwardrial would look.
masking paradigm was used in order to stop ceiling effectsin the first part of the experiment, participants were ini-
by blocking potential afterimages when the test image waally given 12 practice trials in which feedback was given
displayed, thus, disrupting further processing of the iema@s to whether they were correct or incorrect. Each trial in
[20. the practice and the main experiment began with-&fix-

In the second part of the experiment, image pairs weadon point appearing for 750ms in the centre of the screen,
presented grouped by either fusion type (18 trials) or corfellowed by the test image which was displayed for 15ms.
pression type (18 trials). Thus, one block showed pairs ©here was then a 15ms Inter Stimulus Interval in which
images that were of the same fusion method, but were difne the screen was blanked before the backward mask was
fering on compression level, whilst in the other block painsresented for 250ms. The screen went blank, at which time
were of the same compression but differed on fusion typée participants were required to pre€sif the soldier was
In both blocks, all combinations of fusion type and conpresent andV' if he was absent. After every 90 trials there

pression level were shown twice, so that each image waas a rest period.



In the second part of the experiment, it was explained 87
that two images would be presented. Participants were re-
quired to give both images a rating from one to five, where
one was deemed to have ‘very good’ image quality, and five
has ‘very bad’ quality. On completing the experiment par-
ticipants were thanked and debriefed.

I
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4.5 Data Analysis

The scores for the first task were collated and Hit rates and —ty=
False Alarm rates were obtained for each participantin each i S el
condition. These were used to calculdtend beta values High Low Clean
as in signal detection theory (e.@9), with d’ representing compression

the distance between a signal and a noise response, and Bgfa 4: ANOVA of d’ comparing fusion and compression
showing a participant’s criterion level for saying ‘presen

or ‘absent’. Thed' score is calculated by calculating th@here an interaction between the two factoFg4, 44) =

Hit and False Alarm ratios for each condition. These afieg2 , > 0.05), as shown in Fig4.

then converted into z-scores, which measure performanceost hoc testing of the pairwise comparisons using the
of a score in relation to the number of standard deviatioggnferroni test £3] showed that performance with the av-

it is below or above the mean. Thésensitivity equals the eraging method was not significantly lower than that with
Hit ratio z-score minus the False Alarm ratio z-score. Theyntrast pyramid 1(59 vs. 2.26, p = 0.075), although
beta value is calculated by finding the ratio of Hit and Falsgis approaching significance on a two-tailed test. There
Alarm rate distribution curves at a given criterion. Thesgas a significant difference between simple averaging and
values were then analysed using an Analysis of Varianga-cwT conditions (.59 vs. 2.66, p = 0.017), but not
(ANOVA) with the log of the beta being used, as a beta digetween contrast pyramid and DT-CWT.46 vs. 2.66,
tribution is not StatiStica”y normal. For more informatio P> 005) This indicates that the contrast pyram|d and DT-

on the ANOVA statistical method se23, 24]. CWT conditions had similar performance patterns to each
_ other, both of which kept the signal and noise responses
5 Experimental Results significantly further apart than the averaging condition.

Similarly, with the beta (bias) levels participants were
much more likely to answer ‘no’ than yes in averaging con-
The psycho-visual experiment was carried out in two par@fion (beta = 1.37), less so with contrast pyramid fusion
with the substantially longer objective test taking placgtfi (1.02), and unbiased either way with the DT-CWU.({0).

5.1 Psycho-Visual Results

followed by the subjective ratings task. However, the compression levels again showed little differ
ence ¢lean = 0.82, low = 0.78, andhigh = 0.79), indi-
5.1.1 Part One of Experiment cating a regular, small bias towards giving a ‘no’ answer.

The descriptive results for part one of the experiment
showed that percent of hits varied across fusion type, with
the averaging fusion method having a hit rat62ff, whilst e ——
contrast pyramid hadd% and DT-CWT ha®k9% Hit rates.
These did not seem to vary much across compression level
with clean (3%), low (73%) and high {2%) compression
scores. The False Alarm rates small differences between
averaging (3%) and DT-CWT (3%) with contrast pyra-

mid (10%), whilst clean {1%), low (13%) and high {1%)

05r

Estimated Marginal Means of beta

compression were also similarly matched. osl —— AVER
. . . . y —=—CP
Signal detection analysis of participants’ results showed - DT-CcwT
that responses were closer to noise across the averaging High Low Clean

Compression

fusion condition {’ = 1.59), less close with the contrast

pyramid methodZ.26), and furthest from noise with theFig. 5: ANOVA of beta comparing fusion and compression
DT-CWT (2.66). The results for the compression factor

did not indicate any large differences, with cleanl(), ANOVAs showed that there was a significant main ef-
low compressionZ.15) and high compressior2 20) being fect of fusion on betaf(2,22) = 11.79, p < 0.001),
closely comparable. whilst there was no main effect of compressidi{%, 22) =

Two factor repeated measure ANOVAZ[ carried out 0.073, p > 0.05). However, in this case there was also
on these results backed up the general pattern detaidedinteraction found between the two factof§ 4, 44) =
above. It was found that fat', there was a significant main3.15, p = 0.023), as shown in Fig.5. Bonferroni tests
effect of fusion type £'(2,22) = 6.45, p = 0.006), but not revealed significant differences between averaging and DT-
for compressionlevelf((2,22) = 0.18,p > 0.05), norwas CWT (1.37 vs. 0.00, p = 0.001), and between contrast



pyramid and DT-CWT 1.02 vs 0.00, p = 0.008), but

not between the averaging and contrast pyramid conditions
(1.37 vs. 1.02, p > 0.05). This indicates that there is sig-
nificantly less bias to answering ‘no’ in the DT-CWT con-
dition than either of the other two conditions.

A Tukey’s Honestly Significant Difference te4] was
carried out to investigate the direction of the interaction
As seen in Fig.5, there was a significant difference in the
high compression condition between CP and DT-CWT fu-
sion types (.31 vs. —0.33, HSD = 0.84, p = 0.01). This
indicates that the high compression level was particularly
affected by the difference between DT-CWT and CP fusion

Estimated Marginal Means of Rating

el
2]

w
T

N
5
T

~— AVER
—=—cp

—— DT-CWT|
I

High

.
Low
Compression

Clean

types, with participants much keener to answer ‘no’ when . . )
the high compression level and CP fusion was used thf9- 6: ANOVA of ratings comparing fusion and compres-
when high compression and DT-CWT fusion was used. S!ON

indicates that participants rated the subjective quafithe

. . _ - _averaging fused images as lower than both the others, which
It is clear that whilst fusion type was a critical factor inyere viewed as having a similarly higher quality.

how the participants answered, compression type had littlep gt o testing on the compression results revealed sig-

impact on the way they performed, with the one exceptiQfeant differences between clean and low compression im-
of the interaction covered above. What is of more mtere&bes 8.19 vs. 2.87, p — 0.045), and between clean and

is that there were different patterns of results betwéen high compression3(19 vs. 2.68, p = 0.008), as well

and beta within the fusion factor. Participants had signif(jjl-S between the low and high conditior2s( vs. 2.68
cantly (or close to significantly) lowef’ than both CP and |, _ 0.32). These results indicate that participants rated the

DT-CWT fusion types, whilst these latter two fusion typeg, ity of the uncompressed image as the best of the three,

did not differ significantly. However, beta scores show llowed by the less compressed image, with the highly
that participants were significantly less biased with the D-Eompressed image scoring the lowest quality.
CWT fusion than for either contrast pyramid or averaging,

with these latter two non-significant. Thus, it can be in-
ferred that whilst the averaging fusion scheme creates atgr  piscussion of Psycho-Visual Results
get that is significantly more confusable with noise than

either CP or DT-CWT fusion, it is the DT-CWT method

that leads to significantly lowered bias in participant aAt— |st_c_lear tfr,o m tpe two psych%-_wstgal :[c,etsk of _results t.hat
swers, resulting in fewer ‘misses’ (saying ‘no’ when targ articipants’ performance in objective tasks gives a simi-

is present) in answering. ar pattern of results _to how partici_pa_nts perceive subjec-
tive quality, although importantly, this is based on two-fac
tors not one. Performance in part one of the experiment
hinged around fusion type, with the DT-CWT and CP fu-
The subjective scores of the participants were collated agi@n types leading to more separated signal-to-noise-distr
the mean scores were considered. These showed #iiions, whilst averaging and CP fusion schemes were more
compression scores did vary somewhat, with cleah9j likely to bias participants into making a 'no’ response.
slightly higher than low compressioR.87) and high com-  In contrast to the task-based results, participants’ sub-
pression £.68). Fusion scores appeared to vary more, glective ratings were tiered both by compression and fusion
though only for averaging fusion type, which scored mudype. The complex fusion method is preferred over the oth-
lower (2.34) than both contrast pyramid.(6) and DT- ers, whilst a clean image is also rated more highly than the
CWT (3.25) methods. compressed images, as might be expected. What is inter-
A two-factor repeated measures ANOVA indicated a sigsting to note is that whilst compression level did not sig-
nificant main effect of fusion typef{(2, 22) = 22.87,p < nificantly affect the participants’ performances in the ob-
0.001), as well as for compression levef(2,22) = 11.80, jective task at all, this was deemed to be as critical a fac-
p = 0.002), but no interaction was found(4, 44) = 0.65, tor as fusion type when the subjective quality was consid-
p > 0.05), as shown in Fig.6. It should be noted that ered. Thus, compression is a factor that might be consid-
Mauchly’s test of sphericity was significant for both mairered more important than it actually is if only subjective
effects, therefore the Greenhouse-Geisser test of withguality is considered. Dependent on what task is being
subjects effects was usezy. carried out, this factor may only have minimal effect on
Post hoc testing using Bonferroni revealed significaperformance. This general pattern of results shows the im-
differences between averaging and CP rating84(vs. portance of measuring performance in carefully controlled
3.16, p = 0.001) as well, as between averaging and DTexperiments rather than relying on introspection or compu-
CWT (2.34 vs. 3.25, p = 0.001), but not between CP andtational metrics alone, as these methods identify fackats t
DT-CWT fusion methods3(16 vs. 3.25, p > 0.05). This might not be relevant when a task is being performed.

5.1.2 Discussion of Part One of the Experiment

5.1.3 Part Two of Experiment



! values obtained from the compressed input images and the
a2 1 corresponding fused imagé/#. ).
a0l /r The results obtained with this metric, contradict the ones
a8l /4 obtained in the objective and subjective tasks. According t
wl /é//’ mutual information, averaging fusion method outperforms
g e the other two methods and DT-CWT seems to be the least

| P ] affected by compression.
32} P

7" " T o 1
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Fig. 7: PSNR for UN Camp image sequence

5.3 Metrics Results

03f o g 5o 57

7

The PSNR requires a reference or ideal image, which, in 02F T -
the case of IR and visible image fusion, is unknown most 01 B
of th_e time. There_fore itis not really possuz_)lt_a to assess the oo T e o Tho The The a0 10 Lio
quality of fusion with this metric. However, it is possibte t Compression ratio

assess the influence of compression for each fusion methog_.. . - . .
. g. 9: Petrovic’s metric for UN Camp image sequence
In order to do so, we have obtained an uncompressed fused

version (F”:') ofthe inputimages, whererepresents the se- The results obtained by Petrovic and Xydeas’' metric are
lected fusion method. We used tltleanimage as a refer-

L : . resented in Fig9. It can be observed that the results corre-
ence to compare it with that obtained by fusing compress%gi with the psycho-visual experiment, where the DT-CWT
imagesF¢ (see Fig.2). !

. .was the best fusion method. However, as compression in-
Fig. 7 shows the PSNR measures for the three StUd.'gF?eases (compression ratio of 1:70 or 0.11 bpp) the perfor-

fuglon methods at dlfferenF compression rates. Exam|n|rr1‘gance is very close to the contrast pyramid.
this plot, the simple averaging fusion method seems to cope
with compression better than the others. This is due to the .
low-pass filter characteristic of the averaging fusion radth ool
and the fact that the fusion rule in this case is linear. In the
case of contrast pyramid and DT-CWT however, the fusion
rule used was maximum absolute value, which is a non-
linear operation. A small change in a pixel value can affect
a number of coefficients in the transform domain. This may % e

cause a switch in a number of coefficients selected by the o4
fusion rule, which will affect a region in the image where
the pixel values will change slightly. o2y —
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Similar results are obtained with Piella and Heijmans’
metric using a window of siz8xz8 anda = 0.2 (Fig. 10).
DT-CWT again performs best, with contrast pyramid in sec-
ond position and averaging being the worst fusion method
02f ] as expected. According to this metric, compression affects

o1f —e—cp | similarly the three fusion methods, with contrast pyramid
& DT-CWT| . B
— having a slightly better performance.
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Fig. 8: Mutual information for UN Camp image sequence6 Conclusions

In this paper we have discussed the influence of compres-
Fig. 8 shows the results of mutual information measureion on image fusion. We reviewed commonly used quality
ments. The solid line represents the mutual information ofetrics for image fusion and studied their performance with
uncompressed input images and the fused image obtaigethpressed images (JPEG2000). The results were com-
after compressionl\dg‘f). The dashed line represents th@ared with a psycho-visual study.



The performance of widely used quality metrics, sudii1] S. Nikolov, P. Hill, D. Bull, and N. Canagarajah. Wavisle

as mutual information, has been found to be poor. On the for image fusion.

In A. Petrosian and F. Meyer, edi-

other hand, metrics that take into consideration aspects of tors,Wavelets in Signal and Image Analysomputational
the HVS, such as Petrovic and Xydeas’ metric and Piella
and Heijmans’ metric seem to have a high correlation with

subjective tests. Furthermore, these metrics togethér wit2]
the psycho-visual experiments show that the correct selggs)

tion of the fusion method has a greater impact on image
fusion performance than JPEG2000 compression itself.

Future work should include a study of the effects of trangr

mission losses on image fusion performance.
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