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ABSTRACT

Thereisanincreasing need for performancetoolsor quality assessment in order to comparethe results obtained
with different algorithms of image fusion. This analysis can be used to select a specific algorithm for a defined
fusion dataset. Theimage quality isa characteristic of an image that measures the per ceived image degradation
(typically, compared to anideal or perfect picture). Imaging systems may introduce a certain amount of distortion
or artifacts in the signal, hence the quality assessment is an important problem. There are several techniques
and measures that can be objectively measured and eval uated automatically by a computer program. Therefore,
they may be classified as complete reference methods (FR) and the No-reference methods (NR). In the methods
of image quality assessment FR, the quality of a test image is evaluated by comparing a referenceimage that is
supposed to have perfect quality. NR measures attempt to assess the quality of an image without any reference

to the original.
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1. INTRODUCTION

I magefusonisatypeof informationfusion. Multiple

imagesfromdifferentimage sensorsarefusad to obtain
anew imagethat containsmoreinformation and more
positive description of the same sceneimage. Image
fusion has so far been widely used in somemilitary
applications such as obj ect detection and tracking,
sensitivity to context and so on fields, and recently
alsoinmany areasincluding civil navigation airport
security check,, intdligent traffic, geographicinformation
system, medica imaging, and humanvisua ads.

Fusionresearch beganinthenineties After the Gulf
War, the image fusion technology caused a great
atentionin China. Sincethen, someuniversitiesand
research ingtitutions have conducted researchinthis

area, but most are part of the theoretical study. At
present, imagefusion study in Chinaistill inastate
of diffident, especially in the practical aspects of
engineering research.

Thedesgnandimplementation of systemforimage
fusion, that merging imagesfrom multiple sources
using traditional wave, multiplewavelets, and pulse
coupleneural networks(PCNN) to pixdl level image.
Itiswell known that imagefusion can be performed
at threelevels: pixd level, festurelevel and decision
leve.

2. IMAGE FUSION CATEGORIES

Image fusion methods can be groupedinto three
categories. Pixel or sensor level , featurelevel and
decisionlevd.
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2.1 Pixel Level

In pixel level fusion the sourceimagesarefused
pixel-by-pixel followed by theinformation/feature
extraction. To implement the pixel level fusion,
arithmetic operationsarewidely usedintimedomain
and frequency transformationsare used in frequency
domain.

Themaingoa of pixel level fusionisto enhance
theraw input images and provide an output image
withmoreuseful information thaninput image. Pixel
level fusoniseffectivefor highquaity raw imagesbut
not suitablefor imageswith unbalanced quaity level
becauseinformation from onephysica channd might

Image A Image B

v
Image registration

Image registration

A 4

Image fusion at pixel level

y
Other follow-up image processing

Fig.1. Pixel Level Fusion

beimpeded by the other. The scheme of pixel level
fusonisshowninFigurel.
2.2 Feature Level

Infestureleve fusiontheinformationisextracted
from each image source separately then fused based
onfeaturesfrom input images. Thefeature detection
is typically achieved through edge enhancement
agorithms, artificid neura networks, and knowledge
based approaches. Featurelevel fusioniseffective
for raw images with unbalanced quality level. It
requiresafeature extraction algorithm effectivefor
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both physical channels. The scheme of featurelevel
fusonisshowninFigure2.

2.3 Decision Level

Indecisionlevel fusioninformationisextracted
from each sourceimage separately andthen decisons
aremadefor each input or source channel. Finally
thesedecisonsarefused to generatethefinal decision
or image. Decision level fusion is effective for
complicated systems with multiple true or false
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decisonsbut not suitablefor generd gpplications. The

schemeof decisionleve fusonisshownin Figure3.
3. STANDARD IMAGE FUSION METHODS

Imagefusion methodsarebroadly classified into
two groups - spatial domain fusion and transform
domainfusion. Thefusion methodslikeaveraging,
Bovey method, Principal Component Analysis(PCA)
and IHStransform based methodsfall under spatial
domain approaches. Another important spatia domain
fus on methodisthe high passfiltering based technique.
Herethe high frequency detailsareinjected into up
sampled version of multiple sourcesimages. The
disadvantage of spatial domain approaches is to
produced spatial distortion in the fused image.
Spectral distortion becomesanegativefactor while
going for further processing, such asclassification
problem. Spectra distortion can bevery well handled
by frequency domain approachesonimagefusion.
Themultiresol ution analys shasbecomeavery ussful
tool for analyzing remotesensingimages. Thediscrete
wavel et transform hasbecome avery useful tool for
fuson.

Some other fusion methods are also there, such
asLaplacian pyramid based, curve et transform based
etc. These methods show a better performance in
spatial and spectral quality of the fused image
compared to other spatial methods of fusion.

e Highpassfilteringtechnique

e |HStransform basedimagefusion

e PCA basedimagefusion

e Wavdettransformimagefusion

e Par-wisespatia frequency matching

3.1 Remote Sensing | mage Fusion

In remote sensing applications, the increasing
availability of spaceborne sensorsgivesamotivation
for differentimagefusonagorithms Severa Stuations
inimage processing require high spatial and high
spectral resolution in asingleimage. Most of the
availableequipment isnot capableof providing such

dataconvincingly. Theimagefusiontechniquesalow
theintegration of different information sources. The
fused image can have complementary spatial and
spectral resolution characteristics. However, the
standard image fusion techniques can distort the
spectral information of the multispectral datawhile
merging. In satelliteimaging, two typesof imagesare
avalable.

Image fusion in remote sensing has several
gpplicationdomains. Animportant domainisthemulti-
resol ution imagefusion (commonly referred to pan-
sharpening). Insatelliteimagery we can havetwotypes
of images.

3.1.1. Panchromaticimages

Animagecollected inthe broad visua wave ength
range but rendered in black and white.

3.1.2Multispectral images

Imagesopticaly acquiredin morethan onespectrd
orwavdengthinterva. Eachindividud imageisusudly
of the samephysical areaand scalebut of adifferent
spectral band.

The SPOT PAN satdllite provideshigh resolution
(20m pixd) panchromatic datawhilethe LANDSAT
TM satellite provides low resolution (30m pixel)
multispectra images. Imagefusion attemptsto merge
theseimages and produce asingle high resolution
multispectral image.

Thestandard merging methodsof imagefusonare
based on Red-Green-Blue (RGB) to Intensity-Hue-
Saturation (IHS) transformation. The usual steps
involvedinsatelliteimagefuson areasfollows:

1. Resizethelow resolution multispectral imagesto
the same size asthe panchromaticimage.

2. Transform the R, G and B bands of the
multispectra imageinto |HS components.

3. Modify the panchromatic image with respect to
themultispectra image. Thisisusualy performed
by histogram matching of the panchrometicimage
with Intensity component of the multispectral

imagesasreference. 31
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4. Replacetheintengty component by thepanchromeatic
imageand paforminversetransformationto obtain
ahigh resolution multispectrd image.

3.2 Medical Image Fusion

Medical Imaging hasbecomeavita component
of alargenumber of application, including diagnosis,
research and treatment. I|magefusion hasbecomea
common term used within medical diagnosticsand
treatment. Theterm isused when multiple patient
images are registered and overlaid or merged to
provideadditiond information. Fused imagesmay be
created from multi pleimagesfrom thesameimaging
modality, or by combininginformationfrom multiple
modalities, such asC. All these modalities used for
different purposesand information for example CT
image provide dense structurelike bonesand MRI
provide normal and pathological soft tissuesbut not
provide information about bones. In this case one
kind of image will not provide the sufficient and
accurateclinical information for physiciantherefore
fusion of multimoda medical imageisrequired.

4. EVALUATION OF IMAGE FUSION
ALGORITHM

Thereisanincreasing need for performance or
quality assessment toolsin order to comparetheresults
obtained with different imagefusonadgorithms. This
analysis can be used to select a specific fusion
agorithmfor aparticular type of dataset. Theimage
quality indices try to figure out the some or the
combination of thevariousfactorsthat determinethe
quality of theimage. Some of thecritical factorsthat
theimage quality metricstry to project are:

4.1 Sharpness

Determines the amount of detail an image can
convey. System sharpness is affected by the lens
(design and manufacturing quality, focal length,
aperture, and instance from the image center) and
sensor (pixd count and anti-aliasingfilter). Inthefidd,
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sharpnessisaffected by camerashake (agood tripod
can be helpful), focus accuracy, and atmospheric
disturbances (thermal effects and aerosols). Lost
sharpness can be restored by sharpening, but
sharpening haslimits. Over sharpening can degrade
image quality by causing “halos’ to appear near
contrast boundaries. Imagesfromany compact digital
camerasareover sharpened.

4.2 Noise

Isarandom variation of image density, visibleas
graninfilmandpixd leve varigionsindigital images.
It arisesfrom theeffectsof basc physcs— thephoton
natureof light and thetherma energy of heat— inside
imagesensors. Typica noisereduction (NR) software
reducesthevishility of noiseby smoothing theimage,
excluding areas near contrast boundaries. This
technigue workswell, but it can obscurefine, low
contrast detail.

4.3 Dynamic Range

Dynamic range (or exposurerange) istherange
of light levelsacameracan capture, usualy measured
inf-stops, EV (exposurevaue), or zones (al factors
of twoinexposure). Itisclosay related to noise: high
noiseimplieslow dynamicrange.
4.4 Tonal Response

Thereationship betweenlight and pixel level.
4.5 Contrast

Itisadsoknownasgamma, isthedopeof thetona
regponse curve. High contrast usudly involveslossof
dynamicrange—lossof detal, or dipping, inhighlights
or shadows— whentheimageisdisplayed.

4.6 Color accuracy

It isan important but ambiguousimage quality
factor. Many viewers prefer enhanced color
saturation; the most accurate color isn't necessarily
the most pleasing. Neverthelessiit isimportant to
measure acamera’ s color response: its color shifts,
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saturation, and the effectivenessif itswhite balance
agorithms.
4.7 Distortion

[tisan aberrationthat causesstraight linesto curve
near the edges of images. It can betroublesomefor
architectural photography and metrology
(photographic applicationsinvol ving measurement).
Digortionisworstinwideangle, telephoto, and zoom
lenses. It often worsefor close-up imagesthan for
Images at adistance. It can be easily corrected in
software.

4.8 Light falloff

Also known asvignetting, darkensimages near
thecorners. It canbedgnificant withwideanglelenses.

4.9 Exposure Accuracy

You canusudly determineit quickly withthehelp
of thehistogram, to ater theaccuracy you can change
the exposure compensation or the way you meter.
Exposureaccuracy canbeanissuewithfully autometic
camerasand with video cameraswherethereislittle
or no opportunity for post-exposuretond adjustment.
Some even have exposure memory: exposure may
change after very bright or dark objectsappearina
scene.

4.10 Lateral Chromatic Aberration

LCA,dsocdled” color fringing” isalensaberration
that causescolorstofocusat different distancesfrom
theimage center. It ismost visible near corners of
images. LCA isworst with asymmetrical lenses,
including ultrawides, truetel ephotosand zooms. Itis
strongly affected by demosaicing.

4.11 Veiling Glare

Itisdray lightinlensesand optica systemscaused
by reflections between lenselementsand theinside
barrdl of thelens. It predictsthe severity of lensflare,
Imagefogging (loss of shadow detail and color) as
well as*ghost” imagesthat can occur inthe presence
of bright light sourcesin or near thefield of view.

4.12 Color moiré

Itisartificial color banding that can appear in
images with repetitive patterns of high spatial
frequencies, likefabricsor picket fences. Itisaffected
by lens sharpness, the anti-aliasing (low pass) filter
(which softenstheimage), and demosaicing software.
It tendsto beworst with the sharpest lenses.

4.14 Artifacts

Software (especidly operationsperformed during
RAW converson) can causesgnificant visud artifacts,
including Datacompression and transmission |0sses
(e.g.Low qudity JPEG), over sharpening“halos’ and
lossof fine, low-contrast detail. ThevariousImage
quality metrics studied and devel oped, asapart of
thisproject, to assessthe quality of thefused images,
ether project oneor combination of someof theabove
factors with respect to a perfect image. The Full
Reference (FR) methodsarediscussedinthefollowing
sections.

Quantitative quality analysisof fusionagorithm
carriesout using following methods:

4.15 Peak Signal to Noise Ratio (PSNR)

It computesPesk Signal to NoiseRatioindecibels
between two images. Thisratioisused asaquality
measurement between the original and reconstructed
image.

Higher the PSNR value, better the quality of re-
constructed image. PSNR of an MxN image is
cdculated by following formula:

PSNR = 10* log,, (R¥MSE)

R =isthemaximumfluctuationininputimagedata
type. M SE = mean squared error.

4.16 Route Mean Squared Error (RMSE)
RM SE cd culate cumulative squared error between
re-constructed and origina image. Lower theRM SE

lower the error. RMSE of an MxN image is
caculated as.
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m,n=1.

1 M N _ 2
MSE ZWZ [1(m,n) —R(m, n)]

RMSE = 2/MSE
4.17 Sandard Deviation (STD)

The standard deviation of animagewith size of
M x Nisdefined as[4]

1 M,N
— naSArtfR(m, n) — ]2
MN m,n:lsq [ ( ) ﬂ]
u =mean of thefused or reconstructed image

R (m,n) = recongtructed image
4.18 Cross Entropy (CE)

SID =

Thecrossentropy isused to measurethedifference
between the sourceimagesand thefusedimage. Smdl
value correspondsto good fus on result obtai ned:

CE= ZIL:: P, |092P_1
- Q
WhereP, and Q, denotethegray level histogram
of the sourceimageand fused image, respectively [95].

4.19 Entropy (ENTR)

Theformulation of thed ass cdl information entropy
of animageisdefined as

L-1
H :_Z|:o H. IOQZ Pl

WhereL isthenumber of gray level,and Pl equals
the ratio between the number of pixelswhose gray
valueisl (0d” 1 d” L"1) and thetotal pixel number
contained in the image. The information entropy
measurestherichnessof informationinanimage Thus,
higher the entropy better the performance[5].

4.20 Spatial Frequency (SF)

Spatial frequency isused to measuretheoverall
activity level of animage (Eskicioglu and Fisher,
1995). ForanM __ N imageF, withthegray value at
pixel position (m, n) denoted by F(m, n), itsspatia
frequency isdefined aq 6]

Where RF and CF are the row frequency and
columnfrequency

1 M,N )
RF = WZM’nZZ(F(m, n)—F(m,n-1))

1 M N )
CF = mzm:zn:l(F(m, n)—F(m-1n))

5. CONCLUSION

Thisandysiscan beusedto select aspecificfusion
algorithmfor aparticular type of dataset. Theimage
quality indices try to figure out the some or the
combination of thevariousfactorsthat determinethe
quality of theimage. Some of thecritical factorsthat
theimage quality metricstry to project.

Imagefusonisoneof themost required techniques
to merge images with good qualities. In afield of
medical images, abovecriteriaimprovesdiagnosis
process. A remote sensing image givesgood result if
consdered abovecriteria
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