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Shutter efficiency for fully opened shutter.
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outdoor area: images captured at different exposetteng.

Comparison of high resolution imaging pipeline .(ildDR
imaging followed by tone-mapping and present expofusion
approach). The Yellow color depicts HDR and tonepmag
pipeline, and blue color depicts exposure fusigelme, which
does not require post-processing.

Tone-mapped HDR images: (a) Global operator and_¢ical
operator. Although the input HDR image is samebfmth cases,
non-linear scaling often generates LDR image witmplete
detail (contrast) than linear scaling.

Proposed image domain fusion framework. Observatiodel,
illustrating the conceptual framework of the ADFpegach.
Note that for the concept simplicity; here we haenerated
BLs and DLs of two input exposures.

Gradient computation: (a) One dimensional (1-D)dgri
structure: The signal flow is calculated betweeno tw
neighboring nodes (solid connection). (b) Two disienal (2-
D) grid structure: The signal flow is calculatedivieeen four
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are preserved in the diffused image (i.e. BL) drelDL yields
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fine details only.

Two layer decomposition of 2-D signal (i.e. “JUITthage)
based on AD (left) after five iterations witk =30, 1=1/7 and
Ing|=4 (region size of 3x3 pixels). Intensity profil¢gght)
along a scan lines of 2-D input signal (red), Blu@) and DL
(green). Notice that the strong edges are preseinethe
diffused image (i.e. BL) and the DL yields fine ai&t only.
Details compressed in the BL are exactly reconsttuim DL.
Intensity plots (right) along a scan lines of Bbtue) and DLs
(red) obtained with the AD after five iterationstiwiK =30,

A=1/7 and|ns|=4 (region size of 3x3 pixels) across all of the

input exposures (left). Notice that coarser anerfidetails are
extracted across the visible details adaptivelymtie scene is
captured at different exposure settings.

lllustration of local range calculation that usesd lacation

adaptive weight map. The figure depicts how locaige is

calculated in the range-filtered image from 3-by-3

neighborhood. Green numbers are the neighbors denesi to
compute local range for the pixel in interest (desplayed in
red number).

Effect of under exposed, normally exposed, and exgosed
regions on local range. Note that local range baldifferent
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same region under different exposure settings. d@p&mal
window size for range calculation is 3-by-3 and themerical
values shown in the box are calculated for smatllevindow.
lllustration of local range analysis of BLs acrdke multiple
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different exposure times. ((a), (b)) BLs of undgr@sed images
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well-exposed pixels have the brighter texture fesgu(i.e.,
higher weights) as compared to under-exposed aret- ov
exposed pixels.

3.9 First three levels of the Gaussian pyramid and aaph 45
pyramid for the "Cameraman" image. The originalgedevel
0, measures 256 by 256 pixels and each higher Evay is
roughly half the dimensions of its predecessor.sTHavel 1
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3.10:  [lllustration of possible number of levels in Gaasspyramid of 46
Cameraman image.

3.11: The equivalent weighting functiorg(x) for nodes in Gaussian 47
pyramid levell usinga =0.4. Note that the resulting equivalent
weighting functions closely resemble the Gaussianbability
density functions.

3.12:  lllustration of Gaussian pyramid expanded to thee f the 48
original image.

3.13: lllustration of Laplacian pyramid expanded to theesof the 49
original image.

3.14:  Reconstruction of original image from several sgdtequency 49
bands: first six levels of the Gaussian and Laplag@yramid.
Gaussian images, upper row, were obtained by expgnd
pyramid arrays through Gaussian interpolation. Elasel of
the Laplacian pyramid is the difference between the
corresponding and next higher levels of the Gangsyaamid.

3.15: BL manipulation and fusion: illustrating the contued 53
framework of BLs fusion in ADF approach. Note tlat the

concept simplicity, here we have generated the dcagh
pyramid of single BLLdef) and the Gaussian pyramid of the
corresponding GW,*”. Where L3 I5............ LY are the
modified Laplacian pyramids of level zero BLs cortgul
across all of multi-exposures.

3.16: Results of ADF approachi@) Images representing multiple 54
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exposures; (b) llustration of ADF result. Note ttihe fused
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areas with natural contrast. The fine textures ten dhair are
accurately preserved. (c) The DL enhancement based
sigmoid function across all the inputs reveals mtaeture
details in the fused image and does not depictceatile
artifacts near strong edges.

The affect of weight (i.ed@) on sigmoid function and derivative

of sigmoid function: (a) The sharpness of the sigmoid in >
Equation (3.28) varies according to the value ofgive With

larger value ofi, the sigmoid becomes a threshold functid).

The first derivative of sigmoid function in Equati@¢3.29) for

a=2 anda=3.

GFF based detail-enhanced exposure fusion framework 58
1-D illustration of BL and DL extraction using: (BfF; and (b) 60
GF.

Window selection for GF{a) lllustration of local windows 61
centered at pixek in the windoww;; (b) Example of ideal step

edge of a 1-D signal. For a window that exactlyteenon the

edge, the variablgs ando are as indicated.

Edge-preserving property of the GF and the effdctfree 62
parameters.

The DLs computed for different parameters settunged in GF. 63
lllustrations of saturation, contrast and exposneasures used 66
for weight map computation in GFF approach.

lllustration of WLS filter based proposed framewothkat 70
consists of three principal blocks. (I) BL and Dktraction.

The input images are transformed into two scal@gosition.

(I Weight map construction and refinement. (Mjeighted

fusion of BLs and DLs. The BLs and DLs across inipuage

series are fused using simple weighted averageapipr

lllustration of uncorrelated variances. (a) homdssticity: 76

there is certain correlation between variancesszciredividuals
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and (b) heteroscedasticity: there is no correlatmiween
variances across individuals.

lllustration of least squares line of best fit. [@st squares line
of best fit for four data points (1,5), (2,6), (B,#4,9); (b) least
squares line of best fit for randomly generated gettints with
normally distributed noise; (c) WLS line of best fior
randomly generated data points with normally distieéd noise;
and (d) WLS line of best fit for randomly generatiada points
with normally distributed noise.

lllustration of weight map refinement and fused gmausing
WLS filter. (a-c) Input exposures; (d-f) weight nsapomputed
for BLs across input exposures; (g-i) weight mapsjguted for
DLs across input exposures; (j) WLF results; and résults
proposed by Mertens et al. [113]

Images representing multiple exposures of an outdoene
depicting highlights from natural sun light and dbas; (b)
ADF approach fuses the multiple exposures to obtagh
quality image. Note the fused image yields moreutexdetails
and natural contrast without the introduction dfifacts. (c)
Auto-exposure (d) Mertens et al. [113] (e) Sheralet[116].
Input images courtesy of Shree Nayar.

Images representing multiple exposures of an indaod
outdoor scene depicting sunlit details and shaddi)sADF
approach fuses the multiple exposures to obtaih ljgality
image. Note the fused image yields more texturaildetind
natural contrast without the introduction of arifa (c) Auto-
exposure (d) Mertens et al. [113] (e) Zhang andnCIib20].
Input images courtesy of Shree Nayar.

“House” image: Comparison ADF results to other néce
exposure fusion technique. (a) Results of ADF nathi)
Mertens et al. [113]; (c) Shen et al. [116]. NdtattADF yields
enhanced texture and edge features. Input imageese€
courtesy of Tom Mertens.
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6.6:

6.7:

6.8:

6.9:

“Belgium House” image: (a) Series of multiple expes
depicting both indoor and outdoor areas. The exgosgalue is
varying from (1/1000 of a second) to (1/4 of a seho
Comparison results to other popular tone-mappicgrtigues.
(b) Results of ADF method, window size = 3x3; (cgméns et
al. [113] (d) Shen et al. [116] (e) Results of Waaison et al
[75]; (f) Results of LCIS method [185]. Note thaDR yields
combined features that can only be recorded usiffgreht
exposures. Input images courtesy of Dani Lischinski

“Book” image. (a) Two partially focused images, dificed on
different targets), and (b) image generated by #ieF
approach, which illustrate that the fused imageaaexs more
color and texture details from the original inpotages. (Input
sequence courtesy of ADu and Wang [110])

“Table” image. (a,b) two partially focused imagéecused on
different targets), (c) image generated by the Adpiproach,
which illustrate that the fused image extracts mofermation
from the original images and (d) Hod akov'a e{E85].
“Clock” Image. (a,b) two partially focused imagémcused on
different targets), (c) image generated by the Adpiproach,
which illustrate that the fused image extracts mofermation
from the original images and (d) ADu and Wang [1X0jput
sequence courtesy of ADu and Wang [110]).

(a,b) input images photographed with and withoaslt (c)
Enhanced fused image by ADF algorithm which mangahe
warm appearance, and the sharp details after rexgastrong
highlight and (d) Mertens et al. [113]. Images takieom
Agrawal et al. [98]

Analysis of number of iterations used for BL congiian.
MSE is defined as the relative difference from tesults
generated with, = 1. Maximum quality score and entropy is
only observed whert, =1. It is observed that MSE and
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6.11:

6.12:

6.13:

6.14:

6.15:

6.16:

6.17:

computational time increases fsincreases. (a) Effectiveness
of t; on quality score; (b) Entropy; (c) computationaid; and
(d) Error introduced.

“House” image. The free parametgin Equation (3.11) is used
to controls detail enhancement. It is found tigal is sufficient
for fine details extraction and gives better resulbr most
cases. Higher value @f brings in artifacts near strong edges.
(@);ta=1 (b)ta =2; (C)ta =3; (d)ta =4; and (e}a =5.

“Igloo” image. The free parametgyin Equation (3.11) is used
to controls detail enhancement. It is found thatl is sufficient
for fine details extraction and gives better resulbr most
cases. Higher value ofy brings in more details while
introducing artifacts near strong edges. (ax1 (b)t; =2; (c)t,
=3; (d)ta =4; and (e}, =5.

“House” image. The free parametem Equation (3.28) is used
to control sharpening. It is found théat.002 gives better results
for most cases. Higher value 6fbrings in more details in
highly illuminated areas. (a)=.002; (b)6=.003; (c)6=.004;
and (d)0=.005.

Comparison results to other recent exposure fusohniques.
(a) Mertens et al. [113], (b) Burt et al. [89], @hen et al. [116]
and (d) Results of GFF method. Note that GFF methelds
enhanced texture and edge features. Input imageeseq is
courtesy of Tom Mertens.

GFF results for “Hermes” image sequence: (a, b)ebeht
multi-exposure sequences (two input exposures), H{tded
image by GFF.

GFF results for “Chairs” image series. (a) Diffdranulti-
exposure sequences (five exposures), (b) FusectimaGFF.
GFF results for Syn image series. (a) Differenttivekposure
sequences (seven input exposures), (b) Fused ibyaGé&F.
Color-coded map comparison (dark blue color indisabver-

exposed region and pure white indicates under-exgoegion):
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6.18:

6.19:

6.20:

6.21:

6.22:

Comparison of GFF results to other classic edgsepveng and
exposure fusion techniques. (a) Source exposu(b)1Source
exposure 2; (c) BF [167]; (d) WLS [133] (e) Mertees al.
[113]; (f) Results of GFF method. Note that progbseethod
yields enhanced texture and edge features. Inpwgem
sequence courtesy of Tom Mertens.

“Clock” image: (a, b) two partially focused inputmages
(focused on different targets), (c) Image generawethe GFF
approach, which illustrates that the fused imageaets more
information from input images., and (d) ADu and Wda10].
Input sequence is courtesy of Adu and Wang.

Analysis of different free parameters used in th&FG
algorithm. Maximum quality score and entropy arelyon
observed when =0.01,y =5, andr =2 (which are set as default
parameters). It is observed that VIFF increases, asandr
increases but the larger values are responsible ofar-
enhancement. (a) Effectiveness of on metrics, (b)
Effectiveness of on metrics, (c) Effectiveness pbn metrics.
Visual Inspection: The affect of free parameteon detail
enhancement. It is found thet2 is sufficient for fine details
extraction and gives better results for most caldegher value
of r brings in artifacts near strong edges. (a}t (b) r=3; and
(c)r=6

Results of WLF approach for different input mulkipesure
sequences. (a) “Carnival” (top: three input expesubottom:
fusion results), (b) “House” (top: four input exposs, bottom:
fusion results) and (c) “Bellavita” (left: two inpwexposures,
bottom: fusion results). Input image sequencescatgtesy of
HDRsoft.com, Tom Mertens.

“Lizard” image: Comparison of WLF results with pdau
exposure fusion approaches. (a, b) Source imageRe§ults of
WLF method. Tree leaves and wall texture appear-exposed
and blurry in (d) Ketan & Chaudhuri [118], () Ram&
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6.24:
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6.26:

Chaudhuri [111] and (f) Mertens et al. [113]. Irethroposed
results, it becomes almost possible to preservéurexand
strong edge features simultaneously. Moreover,gmyyang the
WLF, the fine textures are accurately enhancedutimmage
sequence is Eric Reinhard, University of Bristol.

“National Cathedral”: Comparison WLF results witbpular
exposure fusion and tone-mapping methods. (a) Reil
WLF method, (b) Mertens et al. [113], (c) iICAMO069(], (d)
WLS. [133] and (e) GRW [116]. Note that the WLF tred
yields enhanced texture and edge features witherbetlor
appearance. Input image sequence is courtesy ofLyianxs.
Comparison of WLF results with iCAMO06, EF and WLE the
“National Cathedral” sequence using DRIVDP [18&]), ((b)
The two source images give good exposures for #natipgs
on window glass and lamp, and the wall, respecgtivl a
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ABSTRACT

Recent computational photography techniques plgigrificant role to overcome the
limitation of standard digital cameras for handliwgle dynamic range of real-world scenes
contain brightly and poorly illuminated areas. lamg of such techniques [1,2,3], it is often
desirable to fuse details from images capturedftarent exposure settings, while avoiding
visual artifacts. One such technique is High DyraRange (HDR) imaging that provides a
solution to recover radiance maps from photogragken with conventional imaging
equipment. The process of HDR image compositionsi¢lee knowledge of exposure times
and Camera Response Function (CRF), which is reduo linearize the image data before
combining Low Dynamic Range (LDR) exposures intoRHilnage. One of the long-standing
challenges in HDR imaging technology is the limi@gnamic Range (DR) of conventional
display devices and printing technology. Due tochiithese devices are unable to reproduce
full DR. Although DR can be reduced by using a tomepping, but this comes at an
unavoidable trade-off with increased computationakt. Therefore, it is desirable to
maximize information content of the synthesizedheckom a set of multi-exposure images
without computing HDR radiance map and tone-mapping

This research attempts to develop a novel detdiaered multi-exposure image
fusion approach based on texture features, whighois the edge preserving and intra-
region smoothing property of nonlinear diffusioritelis based on Partial Differential
Equations (PDE). With the captured multi-exposunage series, we first decompose images
into Base Layers (BLs) and Detail Layers (DLs) tdr&ct sharp details and fine detalils,
respectively. The magnitude of the gradient of ithage intensity is utilized to encourage
smoothness at homogeneous regions in preferenckdmogeneous regions. In the next step
texture features of the BL to generate a decisiasknfi.e., local range) have been considered
that guide the fusion of BLs in multi-resolutiorsfaon. Finally, well-exposed fused image is
obtained that combines fused BL and the DL at esaale across all the input exposures. The
combination of edge-preserving filters with Lapkatipyramid is shown to lead to texture
detail enhancement in the fused image.

Furthermore, Non-linear Translation-Variant fif®&TF) is employed for BL and DL
decomposition that has better response near sedges. The texture details are then added
to the fused BL to reconstruct a detail enhance® Mersion of the image. This leads to an
increased robustness of the texture details whitbeasame time avoiding gradient reversal

artifacts near strong edges that may appear imfusage after DL enhancement.

XXi



Finally, we propose a novel technique for expoduston in which Weighted Least
Squares (WLS) optimization framework is utilized feeight map refinement of BLs and
DLs, which lead to a new simple weighted averagsgofu framework. Computationally
simple texture features (i.e. DL) and color sataratmeasure are preferred for quickly
generating weight maps to control the contributfoom an input set of multi-exposure
images. Instead of employing intermediate HDR retoiction and tone-mapping steps,
well-exposed fused image is generated for disptpyam conventional display devices.
Simulation results are compared with a number aétexg single resolution and multi-
resolution techniques to show the benefits of tloppsed scheme for the variety of cases.

Moreover, the approaches proposed in this thesieffective for blending flash and
no-flash image pair, and multi-focus images, thlatimput images photographed with and
without flash, and images focused on differentdtsgrespectively. A further advantage of
the present technique is that it is well suiteddetail enhancement in the fused image.
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CHAPTER - |

1.1 INTRODUCTION

The research presented in this thesis focusesleimg the problem of preserving and
enhancing details present in the poorly illuminasedl brightly illuminated regions of the
real world scene. It is impossible to capture thiere DR of the real world scene with single
exposure. This is due to the limited capabilitidsGharge Coupled Device (CCD) or
Complementary Metal Oxide Semiconductor (CMOS) senkip. Human eye is sensitive to
relative rather than absolute luminance values @ard observe both indoor and outdoor
details simultaneously while digital camera canrextord indoor and outdoor luminance
variations in single snapshot. This is becauseetfgeadapts locally as we scan the different
regions of the scene and can adapt 10 orders afitndg of intensity variations in the scene
[1], while standard digital cameras are unableecord luminance variation in the entire
scene. To circumvent this problem, modern digithbtpgraphy offers the concept of
exposure time variation to capture details in veayk or extremely bright regions, which
control the amount of light allowed to fall on tlesensor. Currently, there are many
applications that involve variable exposure phapyy to determine the details to be
captured optimally in the photographed scene. Th&ention of exposure setting
determination is to control charge capacity of@@D or CMOS.

Digital cameras have the shutter speed, ISO vaahgeaperture setting to regulate the
amount of light captured by the sensors. Shutteedps directly proportional to ISO setting.
Shutter speed should be sufficiently fast to préweamera shake. By increasing the ISO
setting, the shutter speed increases, and the @ngpdsne decreases as shutter speed
increases. Higher value of ISO setting yields afigalisignal from the sensor, but will also
amplify the noise. This will distort the capturedage signal and produce noisy image. Most
cameras have automatic 1SO option, which will iaseeor decrease ISO to suit the shooting
condition. Remember, lower ISO setting and slowertter speed is used to get noise-free
image, if scene is photographed with the helpipbtt than holding the camera. The aperture
setting controls the Depth of Field (DOF) in the@tceied image. Large aperture value throws
a background out of focus and small aperture iserd20F. In HDR photography [2,3], the

aperture setting is kept constant to maintain #mesDOF among different exposures.



To provide complete information about specific @yre you need to know the
shutter speed, ISO and aperture that control theuamof light falling on the sensor.
Therefore, Exposureef) is computed by multiplying the illuminanck)(by the time ¢€,) of
exposure. In the case of a camera, shutter eftigiéy,) must be considered for determining
Ex. Thus, exposure can be expressed as:

Ex = I1n.t, (1.1)
where n, is the shutter efficiency, which is defined as ttaio of a shutter's actual
performance with the performance of an ideal shiktat opens and closes instantaneously.
Then, for fully opened shutter (see Figure 1.1 for giephrepresentation) can be expressed
as [4]:

_ h(0.5t + tep +0.5t,3)  0.5t,; + top + 0.5t
B ht, B t,

Ne (1.2)

wheret,, is the time that the shutter takes to open in Wwithe measured light will increase
gradually,t,, is the time during which the shutter is fully opdrin which the measured light
will remain constanttes is the time that the shutter is closing in whice theasured light will

decrease gradually, amg=t,; + t., + t.3 iS the total exposure time.

100% [=------------

50%

Aperture opening —p

0%

v

Exposure Time—»

Figure 1.1: Shutter efficiency for fully opened shutter.

Considering numerous factors, the illuminanig¢ ¢an be mathematically expressed

as [4]:

2
LL.n(uL FL) .cos*0,.V,(6,).1,
_ Uy
IL - 4‘sz + Iflare (1-3)

where, I is illuminance incident on the surface of the plgoaphic material (in lux).._ is

scene luminance as measured at the principle pifatie lens system (in cdfin 6. is angle
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from a point on the surface of photographic mateodahe center point of the leng, is lens

barrel vignetting factorz, is lens transmittance factolae IS illuminance resultant from
flare, u_ is subject to lens, distance (in mnk), is focal length (in mm) and is the lens
aperture (f-number also called focal ratio, f@afistop).

f_ is given by the relation:

fL= D—L, where D; is the diameter of the entrance pupil (effective aperture) (1.4)
L

For example, if a lens's focal length ) is 20 mm and its entrance pupil diameter
(Dp) is 4 mm, the f-numbeff| is 5, and the aperture size would be expressédsa$; is a
dimensionless number that is a quantitative measiulens speed. If we keep increasing the
f-number by a factor of 2 then the relative brigdas will be decreased by a factor of four. To
maintain the same photographic exposure when doglhie f-number, the exposure time
would need to be four times as long.

Recently, light metering (spot meter) techniqug Has been developed to measure
lighting distribution in the scene. To get rightpesure, Digital Single Lens Reflex Camera
(DSLR) camera decides shutter speed, aperture @@dséttings automatically. In modern
digital photography, stops are also a unit useduantify ratios of light or exposure, with
each added stop meaning a factor of two, and edutnagted stop meaning a factor of one-
half. The one-stop unit is also known as the Eypw¥alue (EV) unit [6]. The combination
of exposure time and aperture value determines i/ which regulates the amount of light
falling on the sensor. The EV unit is defined dfofes:

EV = log, ({i) (1.5)
The appropriate value of EV unit for taking a pretin brightly and poorly lit scenes
is chosen as per lighting conditions in the scéefje Ih order to handle complex lighting
conditions, exposure compensation is performednaatically in the metering mode. A
series of exposures of the same subject is cotleeith the help of Automatic Exposure
Bracketing (AEB) whereby exposure settings arerdeteed by the built-in light meter [8].
Moreover, for exposure compensation AEB can bel useaperture priority, shutter
priority, program and manual modes. In aperturerjtyi, the aperture you set will remain the
same and the shutter speed will be automaticaljyséetl. In Shutter Priority, the shutter
speed you set will remain the same and the apenltebe automatically adjusted. In
program and manual modes, the aperture will rertt@rsame and the shutter speed will be

automatically adjusted.



If the DR of a scene (i.e. range of intensity &aons) is too high to be captured by a
conventional digital camera, in single exposuren@&a sensor can capture highlights (i.e.
brightly illuminated regions) or shadows (i.e. pggaluminated regions) or mid-tones (i.e.
moderate light) but not all in the same exposute DR of the sensor determines image
sensor quality, which is defined as the ratio okmmaim charge that the sensor can collect
without saturation and the minimum charge thaugt pbove the sensor’s noise level [9]. In

decibel (db), the DR of the sensor is given by,
DR = 20 log; (22 ) (1.6)

Lin

The idealized response of digital camera sensam fhighlights, mid-tones and

shadows present in the scene is shown in Figure 1.2

Qsat T Tt

shadows

Charge produced (Q—»

v

tint1 tint2 tint3
Exposure Time —»

Figure 1.2: Idealized repose of digital camera sensor frorhliggts, mid-tones and
shadows present the scene.

In Figure 1.2, the graph is plotted between ctdiécharges versus exposure times
for three illuminations. We assume throughout thatth the aperture and ISO setting are
constant over integration timef{, tine, andting). There is one setting (i.e. exposure time),
which determines how long the sensor is exposddjid. The charge@) produced at the
end of integration is a functionfl] of the current(t) over the integration timé <t < tj.

When the sensor is operating in integration modlefy@ctionalf[.] is given by:

fL1= j intl(t) dt (1.7)

As depicted in the graph, in difficult lighting sétions, where highlights, shadows
and mid-tones appear simultaneously, the camersosemninder the influence of highlights
are saturated at integration timg). As the exposure time increases further, the came
sensors under the influence of mid-tones are datli integration time{.). Similarly, as

we have seen for integration timig), the camera sensors under the influence of shedow
4



are producing non-saturating signal, while the sensinder the influence of highlights and
shadows have been saturated. Therefore, aftertistegration time, highlights are captured
before the sensor saturates, and adequate intagtatie is required for capturing shadows
present in the scene.

An example is shown in Figure 1.3 (a-d). These fiousiges were captured at the
same time with different exposure settings, buy thppear very different. Here the camera
has exposed for the outdoor details (Figure 1.3 r@gulting in an underexposed indoor
details. Increasing the EV (Figure 1.3 (d)) resulte overexposed outdoor details. Images
illustrated in Figure 1.3 (b and c) are capturedhwa slightly different exposure
compensation setting. In fact, long exposure yi@dtils in the poorly illuminated areas
while short exposure provides detail in the brighifluminated area. Therefore, each
exposure gives us trustworthy information aboutaterpixels, that is, the optimally exposed
pixels for that image. In such type of images, dark pixels, the relative contribution of
noise is high and for bright pixels, the sensor inaye been saturated.

In practice, it is desirable to ignore very darkl aery bright pixels to achieve supra-
threshold viewing conditions [10]. Consequentlye thcene contains very dark and very
bright areas are partially under- or overexposethénoptimally exposed photograph (please
see Figure 1.3 (c)). This is because of limited @Rtandard digital cameras (i.e.L0The
solution is to photograph the scene several timigls variable exposures and reconstruct
blended image that contains the whole details, @vdmightly and poorly illuminated areas.
HDR imaging techniques give the solution to recaaeliance maps from photographs taken

with conventional imaging equipment.

Short Exposure

Middle Exposures

‘l.v

©) ()

(@)

Figure 1.3: Multi-exposure shots from unevenly-lit scene depidoor and outdoor area: images captured

at different exposure setting.

To make the concept of DR clear, let us redefimaesaseful terms. Image is said to
be LDR when its DR is lower than that of the outméadium. A Standard Dynamic Range

(SDR) image is the one whose DR corresponds appeigly to that of the standard output
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medium (i.e., 0—255 OR about?@nd is also called display-referred image. A HibRge
has DR higher than that of the output medium and #lso called scene-referred image.

Alternatively, the Liquid Crystal Diodes (LCD), tb@de Ray Tube (CRT) and
printers have limited contrast ratio. Thereforessin devices are unable to reproduce full DR
that leads to tone-mapping problem. Tone-mappidglfA,13] is the technique to remap the
intensities for display HDR images on SDR deviogkhough few HDR display devices
have been developed and will become generally availin the near future, this technology
is very expensive and not accessible by the mostsu§o display HDR data directly, a
number of HDR display prototypes are proposed itheday [14,15,16]. As a result, there
will always be a need to prepare HDR imagery faplily on LDR devices or directly
generate an image that looks like tone-mapped imdde goal of exposure fusion
mechanism is to maximize information content of sgathesized scene from a set of multi-
exposure images without computing HDR radiance amaptone-mapping.

In exposure fusion, compositing is done on theelpirtensity values rather than
irradiance values. Approaches proposed in thisighas not care about the exposure times
and CRF, which is required to linearize the imag&dbefore combining LDR exposures into
HDR image [17]. Following the consideration of dixetensity based fusion; the ultimate
goal of this thesis is the utilization of compubaially simple and robust texture features for
the identification of well-exposed regions acragsuit exposures and detail enhancement in
the fused image.

Nowadays much research is going on in the arexpdsure fusion. The techniques
proposed in the present thesis do not limit intei@sdeveloping yet another new algorithm.
Rather, the aim is to select and apply the asmégisrception of weak textures which should
be considered in the context of exposure fusiogetwerate weight maps, and to seek further
possibilities for detail enhancement by exploitiedge preserving capability of non-linear
filters. Although the proposed frameworks do najuiee human intervention, in practice, the
present work provide set of parameters that all@ersito interactively control the detail

enhancement in the fused image.

1.2 PROBLEM STATEMENT

In recent years several new techniques have begalagped that are capable of
providing precise representation of complete infation of shadows and highlights the real-

world natural scenes. The direct 8-bit gray ancb24Red Green Blue (RGB) representation
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of visual data, with the standard digital camerasingle exposure settings, often causes loss
of information in the real-world scenes becauselXReof most scenes is beyond what can be
captured by the standard digital cameras. Sucleseptation is referred to as LDR image.
Digital cameras have the aperture setting, expotiore, and ISO value to regulate the
amount of light captured by the sensors. In modegital cameras, AEB allows us to take all
the images without touching the camera between sxps; provided the camera is on a
tripod and a cable release is used. Handling theeca between exposures can increase the
chance of miss-alignment resulting in an image ithatot sharp or has ghosting. However,
most scenes can be perfectly captured with nin@sxes [14], whereas many more are
within reach of a camera that allows 5-7 expostwebe bracketed. When the scene's DR
exceeds the DR of camera it is exposure settingddgt@rmines that, which part of the scene
will be optimally exposed in the photographed imaljee DR of a digital camera is typically
defined as the charge capacity divided by the ndi4el7]. At single exposure setting, either
detail in the poorly illuminated area (i.e., shagdus visible with long exposure or brightly
illuminated area (i.e., highlights) with short espoe (please see Figure 1.3). Therefore,
scene containing highlights and shadows are plgroakr or under-exposed in the optimally
exposed photograph (auto-bracketed shots or astidtse However, the number and value of
exposures should be sufficient to capture all lanae variations present in the entire scene.

In practice, for some real-world scenes low bpttids sufficient to capture the entire
details but there are countless situations thatnateaccommodated by the low bit depth.
Although HDR display technology will become genbravailable in the near future, it will
take time before most users have made the transiRecently Sunnybrook technologies,
BrightSide and Dolby prototypes of HDR display d&& have been proposed [14,15,16] that
can display HDR data directly. Therefore, we mustegate 8-bit LDR image directly that
looks like a tone-mapped image.

In the present thesis work, an alternate solubbRIDR and tone-mapped image is
described in which we are combining multi-exposurages directly into detail-enhanced 8-
bit single LDR image that does not contain undgyesed and over-exposed regions. Thus,
details in both brightly and poorly illuminated asemay be preserved by skipping the
construction of HDR image and tone-mapping algarghThe incorporation of the notion of
combining multiple exposures without typical HDRdatone-mapping steps is known as

“exposure fusion”, as shown in Figure 1.4.
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Figure 1.4: Comparison of high resolution imaging pipeline.(HDR imaging followed by tone mapping
and presengxposure fusion approach). The Yellow color depititlR and tone mapping pipeline, and b

color depicts exposure fusion pipeline, which deesrequire post-processing.

The underlying idea of exposure fusion approadeelased on the utilization of
different local measures for generating weight njéf to preserve details present in the

different input exposures,f). The fused imagdg) can be computed as:

N
Iz(x,y) = Z Wi (x, )1 (x,y) wherek =1,23...........N (1.8)
K

where(x, y)specifies spatial position of pixandN is the number of input images.

In the present thesis work, edge preserving $ltere used for two-scale
decomposition that separates sharp details calleand fine details called DL across various
input images captured at different exposure levEle DL is computed as the difference
between the original input image and the BL. Thenef present approach is effective to
control fine and coarse details separately dutiregcompositing process and needs no further

post-processing to produce detail-enhanced images, TEquation (1.8) can be rewritten as:

N N
rG0y) = D WEYIBLGEY) + ) W2 Y)DL(x,) (19)
k k

whereW;? andW}? are the weight maps computed KBr BL andDL, respectively.
Therefore, sharp details and fine details are maaied and fused separately:

Ig(x,y) = BLp(x,y) + DLp(x,y) (1.10)

whereBLr is the fused BL an®Lr is the fused DL based oW andW} weight maps,

respectively.



The current state-of-the-art method for automaiposure fusion exploits the
capability of edge preserving filter to generateghiemap function that guides the fusion of
BLs and DLs. Therefore, to achieve optimal conteasd color details in the fused image,
present research develops an appropriate mask basegak textures and color saturation
measure. While previous exposure fusion methodemerthe fusion only concern with local
contrast, the proposed algorithm takes weak texfui@nd saturation measure into

consideration that can enhance texture detailsatiyl

1.3 MAIN CONTRIBUTION

The present thesis work approach multi-exposusgarfusion by exploiting the edge
preserving and intra-region smoothing property oflmear diffusion filters. Weak texture
details will decide the contribution of correspamglipixel across different exposures to the
fused image. A rich texture details means a maxinsomiribution, which tells that image
block has higher weight during the fusion proc&sch metric is used to quantify perceived
local contrast in an image under different expossetings, and allows discarding under
exposed and overexposed pixels in the fused imayerefore, instead of employing
intermediate HDR reconstruction and tone-mappirgpsst well-exposed fused image is
generated for displaying on conventional displayicks and realistic-looking image that is
much closer to what our eyes originally saw. Thupraach does not care about the exposure
times and CRF. A further advantage of present fgclenis that it is well suited for other
image fusion applications. In order to measuresiinecess towards this goal, not only is an
exposure fusion approach proposed, but the sarnéathly is also employed for the fusion of
multi-focus image series and images captured waghfand no-flash. The main contributions
in this thesis are highlighted as:

1. Local range based texture analysis is proptsepnerate a mask that guides the

fusion of BLs computed across input images. MRksolution Pyramid (MRP)

approach is described for BLs fusion. The BL isnpated by applying nonlinear

filter that preserves the locations where the ntade of the gradient has maximum
value. The DLs extracted from input exposuresnaaaipulated and fused separately,
which vyields enhancement of texture details in fiied image. The present work
employs monotonic nonlinear activation functiore.(isigmoid function) to enhance

fine details in the fused image. The algorithm roeenes the major drawbacks of



conventional MRP based fusion, namely, the bhgrrof edge details and the
reduction of fine texture details.

2. A novel detail-enhancing exposure fusion apghnoasing NTF is proposed. With
the captured LDR images under different exposetengs, first the fine details are
extracted based on Guided Filter (GF). Next, the B.e. images obtained from NTF)
across all input images are fused using MRP. Hxgoscontrast and saturation
measures are considered to generate a mask titsgihe fusion process of BLs.
Finally, the fused BL is combined with the extesttfine details to obtain detail
enhanced fused image. The algorithm proposedeithibsis shows that GF based BL
and DL extraction is more effective for enhancitexture details and reducing
gradient reversal artifacts near strong edgelsarfused image.

3. Two-scale decomposition based on AnisotropftuBion (AD) is proposed for fast
exposure fusion, which does not require optimaratf number of scales as required
in the conventional MRP techniques. Weighted ayerbased blending of coarser
details and finer details is performed to formamposite seamless image without
blurring or loss of detail near large discontirest

4. A novel weight construction approach is proposecombine texture features and
saturation measure for guiding image fusion precésr weight map construction,
we seek to utilize the strength of texture detailder the change of exposure setting
that takes place between an under-exposed andearexposed image. WLS filtering
is proposed for weight refinement. Furthermorst fagmoid function based weight
map generation for DLs is proposed that reducepcational complexity of the
algorithm.

5. The important contribution of this thesis ise tldvantages include ease of
implementation, quality of compositing, and theoypsion of DL enhancement

without introducing artifacts.

1.3 OUTLINE OF THESIS

In order to solve the multi exposure image fugiwoblem, this thesis consists of 7

Chapters. This is the first chapter. Chapter 2udises the related work, covering methods

that are directly related to proposed techniqudss Thapter covers the most popular and

advanced researches in the imaging technology, ki#ging, HDR software, sensor design,

tone-mapping, inverse tone-mapping, image fusiaheposure fusion.
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Chapter 3 explains the elaborate proposed mettowdsulti exposure image fusion.
An edge-preserving AD filter is applied to the ihpmages for BL and DL separation. This
chapter will discuss how a MRP technique can bel diee preserving and enhancing weak
texture details in the fused LDR image. In Chapteexplains variational approach for
preserving and enhancing details in a final fusBdRlLimage. It discusses the framework of
variational method for artifacts reduction neaosty edges, which uses a spatial adaptive GF
approach for BL and DL separation.

The chapter 5 explains the WLS filter based werghihement approach for weighted
average fusion for generating a LDR image from maxXposure images. The weak textures
and saturation measure for weight map generatidis@issed that guides the multi-exposure
image fusion process. It will also discuss the wisefss of sigmoid function for DL
enhancement.

In Chapter 6, the results generated from threaoagpes are demonstrated. This
chapter will examine present algorithms as intéradools for manipulating the detail and
contrast in multi-exposure, multi-focus and muldish image fusion problem. Finally,

Chapter 7 provides general conclusions and mostvdtas for future directions.
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CHAPTERK-II

LITERATURE SURVEY

This chapter will give the overview of previous nkaelated to imaging technology,
HDR imaging, HDR software, sensor design, tone-rmppnverse tone-mapping, image
fusion and exposure fusion. This chapter will dsscthe history, capabilities, and future of
existing solutions to handle wide range of illunioa conditions present in the natural
scenes. This chapter will first survey challengeseicording outdoor and indoor scene that
includes a directly visible sun and shadows, respey. It reviews HDR imaging
technology that can encode the color gamut and DiReooriginal scene into true radiance
maps. This chapter provides a brief review of stditthe-art methods available for sensor
design, and the trade-offs for HDR sensor desigmaper also discusses the difference
between the standard digital image representatidritee HDR imaging technology. To date,
various tone-mapping algorithms have been propagrch prior to display reduces the tonal
range of HDR data to match the capabilities of ldigglevices at a minimal side effect on
quality. This chapter gives the overview of diffierglobal and local tone-mapping methods.
It will also briefly review the background work aliaange expansion in the case of inverse
tone-mapping algorithms. Then, this chapter prasénief discussion on exposure fusion
approaches available in the literature and indgc#teir advantages over HDR imaging. At
the end of this chapter, chapter provides a beeiew of edge-preserving filters, Multi Scale
Decomposition (MSD) and their utilization in comeutgraphics, and image processing

applications.

2.1 IMAGING TECHNOLOGY

Digital camera having electronic imaging array amhlog camera with film use
nonlinear mapping that determines how radiancenénscene becomes pixel values in the
image. In the early days of photography, photoiseadilm was used to capture luminance
variations present in the scene. The experimestabsfor the formation of the latent image
was carried out principally in the Kodak Researebdratories at Rochester and Harrow in
1947. An overview of the reactions of the photocistry of silver halide is presented in [18]

and [19]. According to them, silver halide crystare photoconductors which are activated
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by the photons. The chemical process by which nutdscare broken down into smaller units
through the absorption of light is known as pha@yand it involves electronic and ionic

migration. In a conventional camera, the photosmesfilm is first exposed to true radiance

to form a latent image. The film is then developedthange this latent image into visible

image. The film can then be digitized using a fdoanner, which projects light through the
film onto an electronic photo-sensitive array, cemwg the image to electrical voltages.

These voltages are digitized, and then manipullagtdre finally being written to the storage

medium. If prints of the film are scanned ratharthhe film itself, then the printing process

can also introduce nonlinear mappings. The detallestription of photochemical process
involved in analog cameras is provided in [20] 48d]. Although, analog cameras have

greater DR than their digital counterparts and tigreent process is used to limit or enhance
the information retrieved from the exposed emulsi®odge-and-burn technique is

commonly used to extract maximum information duriihg development process which acts
as a tone-mapping step in analog photography. @reldping method was developed by
Applied Science Fiction and marketed to extractftileDR from a negative [22].

The primary disadvantages of analog cameras atelt@y are non real time and have
limited features. To circumvent these restrictiahgital cameras have been developed to
capture, process, store and share image data yuiclkdigital photography, camera’s sensor
performs same function as photosensitive film daethe analog camera. The complex and
sophisticated grid arrangement of millions of plinddes is known as photo-sites. Each
photo-site represents one pixel of the capturedygn®ore the number of photo-sites better
will be the resolution of captured image.

The CCD or CMOS is a major piece of digital imagiwhere the luminance
variations are initially captured before convertedthe digital form. CCD concept was
introduces by Boyle et al. in 1970 [23]. The sigrahce behind the name of CCD is that each
row of photo-site is connected. The accumulatedgehrom each photo-site is passed down
row-by-row and read at one corner of the array teefieing deleted. In a CMOS chip, the
charge value is read from each individual phote-aitd the manufacturing is cheaper than
CCD. Moreover, CMOS chip is more energy efficie2d][ The most commonly used sensor
type in today’s digital cameras is the CCD becdbgearray type has certain features which
make it more efficient at gathering light and prodg high quality images. Photo-sites
record light intensity, but cannot record colouo. Jenerate a colour image, a Colour Filter
Array (CFA) is placed over the sensor and the \sloiethe missing color bands at every

pixel are often synthesized using some form ofrpakation from neighboring pixel values is
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known as demosaicing [25]. Numerous demosaicinghoakst have been proposed through
the years.

Gradient was considered first time in [26]. Iré&asonable to assume that there is no
correlation between the values of neighboring gixetated on the different sides of an edge.
They proposed that interpolation can performed amlymooth regions because smooth hue
transition is valid for low frequency regions. Téecond derivative of the R and B channels
is used to estimate the edge direction in the Gobla Later, the G channel is used to
compute the missing values in the R and B chan@glser examples of popular demosaicing
methods available in literature are [27] and [28].[27], the second derivative of the G
channel and the first derivative of the R (or Blwmhels are used to estimate the edge
direction in the G channel. Spatial and spectratetations among neighboring pixels are
exploited to define the interpolation step in [2&Haptive median filtering was used as the
enhancement step. Kodak professionals have inveh&dn typical digital cameras, Bayer
pattern can be preferred in CFA because humarsayeich more sensitive to G light [29].

In digital photography, sensor size has impacttten quality of the images being
captured. This is quite significant for determinithg size of individual photo-sites. Smaller
photo-sites are less sensitive to light, less &bleapture poorly illuminated area or strongly
illuminated area of scene accurately, and can tr@suhcreased level of noise [24]. Smaller
photo-sites will yield more shadow from dark areasl more highlights from white areas.
Smaller CCD typically generates smaller pixels,.tétowever, compact cameras have
drawbacks compared with the cameras having largesas size. For a long while now,
manufacturers have been employing three CCDs tgradise job of processing one of the
three red, green and blue primary colours indepathdéy which observer can enhance or
compress individual colour as per the requirement.

The next important category of camera | would b&anention here is DSLR camera
in which a mechanical mirror system and pentapissosed to direct light. DSLR permits the
photographer to view through the lens and see lgxatiat will be captured. One of the big
advantages of DSLR is that the lenses are integdebie. There are numerous types of
zoom lens available for DSLR [30]. This 70-200 moom lens from Canon has the ability to

zoom 3X.
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2.2 HDR IMAGING

There is a tremendous need to record a much waaut than standard 24-bit RGB.
The direct 8-bit gray and 24-bit RGB representatbwisual data, with the standard digital
cameras in single exposure settings, often cansssof information in the real-world scenes.
This is because; the DR of most scenes is beyorad edn be captured by the conventional
digital cameras. Such type of representation isrrefl to as LDR image. Therefore, the
camera is unable to capture what our eyes carnlsae.is why HDR photography is needed
to capture all brightness variations present insttene.

Conventional digital cameras can only captureeeittietail present in the poorly
illuminated or brightly illuminated regions. To aavthe entire DR in such a scene, one can
take a series of photographs with different expesuifhe contrast range (i.e. difference
between the lightest and darkest part in the scgeteymines number of exposures you need
to capture the full DR of image. To measure comtrasge, various metering modes have
been proposed in [31]. Spot meter is the most conynesed metering approach that allows
the user to measure a very small area of the Jtmeeen 1-5% of the viewfinder area).
With this metering mode, EVs are determined acelydiecause the measured brightness is
not influenced by other areas in the frame. Thst fipot meter was developed by Arthur
James Dalladay in 1935. In modern DSLR cameras baWmein spot meters.

HDR image encodings come into play when full ranfeolor and luminance values
need to be captured. The HDR photography produsasgée photo that is correctly exposed
in both the dark and light areas. The practice sfembling HDR image from multiple
exposure images [14,32] recover radiance maps frbatographs taken with conventional
imaging equipment. Debevec and Malik [17] and Mamd Picard [33] proposed a HDR
imaging to record the entire range of the scenanads from different exposures that were
acquired with a standard camera. The CRF recoveveddifferently exposed images is used
to create HDR image whose pixel values are equivatethe true radiance value of a scene.
Quadratic objective function based on least sqaa@ was used by Debevec and Malik [17]
to recover smooth and monotonic response funckonthermore, to ignore saturated pixel
values, the weighting function is used to give Bigiveight to exposures in which the pixel's
value is closer to the middle of the response fanciSingle-precision floating point values
are used to encode recovered radiance map. Theambpproposed by Mitsunaga and Nayar
[34] utilizes polynomial approximation for theirgonse function. This technique is suitable

for low-cost consumer equipments.
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In recent years significant progress has been rmattee development of algorithms
for local and global image registration [35,36]ré&é fully automatic methods for eliminating
misalignments between a sequence of multi-expdsuages have been proposed [37,38,39].
The first method [37] employs Median Threshold Bipa (MTB) to accelerate image
operations. Then pyramids of MTBs computed for eéaplat image are generated, which are
then aligned horizontally and vertically using bge shift and differencing operations. The
second method [38] can handle both global movemedtiocal movement in a scene, and is
based on a variant of the Lucas and Kanade mostimation technique [40]. In [39], a
global registration method was proposed in whichl&énvariant Feature Transform (SIFT)
[41] was employed to search for key-points in confige multi-exposure images. Random
Sample Consensus (RANSAC) [42] algorithm was usedchlioose the best key-point
correspondences and Direct Linear Transform (DL39][technique was employed to
calculate transformation matrix.

In some research, disparity maps [2] have bedizedito generate a spherical HDR
image for image-based virtual environments fromavimg camera. In the first stage of this
frame work, rotational alignment of exposures takgnthe camera is performed. In the
second stage, with a spherical stereo vision todlkey described a new method for disparity
maps calculation. In the final step, they developexpherical HDR radiance map, which is
obtained from the warped exposure bracket. It sklotat a spherical HDR image can be
generated for each of the viewpoints of the LDRgesacaptured from indoor and outdoor
scenes.

HDR imaging [2] is also called scene-referred espntation which represents the
original captured scene values as closely as pessBuch representation is sometimes
referred to as extrasensory data representation. ddnhe important applications of HDR
capturing techniques for security application iptaang video at entrance of the buildings
[14]. Conventional cameras are incapable to faiyhftapture the interior and exterior of a
building simultaneously while HDR camera, whichbassed on two-phase workflow, would
be able to simultaneously record indoor as welloagdoor activities. Other important
applications of HDR representation are satelli@ergific and medical imagery, in which
data is analyzed and visualized to record more tlvhat is visible to the naked eye.
Therefore, after acquiring HDR data, an efficient@ling technique is needed to avoid
taking an excess of disk space and network bandwMarious possible formats to store
radiance maps are described by Reinhard et al. Fotjr bytes “hdr” format was developed

to encode radiance maps. Run-length encoding idogexb to achieve an average of 25%
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compression. It is the most commonly used formatddiance lighting simulation, rendering
system and image-based lighting [17,43]. It wagppsed by Ward-Larson and Shakespeare
in 1989 [44].

Another option to encode radiance map is “floatipgnt tiff”, which uses 32
bit/component Institute of Electrical and ElectmsEngineering (IEEE) floating-point RGB
encoding [45] to encode 79 orders of magnitude @pprately. “Floating point tiff” can
encode a very high DR with better precision tham tldiance format. In 2002, Industrial
Light and Magic (ILM) has proposed Extended rangenft (.exr), which is based on based
on a 16-bit half floating-point type with fewer if46]. In 24-bit LogLuv encoding, 10 bits
are used for log luminance value and remaining iigl dre used to represent chromaticity
[47]. However, the success of HDR image captureshasvn that it is possible to produce an
image that exhibits details in poorly and brightlyminated areas. Moreover, HDR formats
have since found widespread applications in thepeder graphics and HDR photography.

It is not possible to display HDR data on convemai image output devices [3]. CRT
and LCD are the leading softcopy LDR display devioger the years. In a CRT, the DR is
high but maximum brightness is limited by the antoninenergy we can safely deposit on a
phosphorescent pixel without damaging it or geimegatinsafe quantities of X-ray radiation
[14]. On the other hand, the LCD can achieve higghitness with a limited DR. In Recently
explored HDR display devices, backlight modulatisnused to increase DR of LCD.
Recently Sunnybrook technologies, BrightSide antbipprototypes of HDR display devices
have been proposed [14,15,16] that can display B directly. The prototypes of HDR
display devices provide direct HDR display capéiesi by means of a projector or Light
Emitting Diode (LED) array that lights the LCD frobehind with a spatially varying light
pattern [15,16]. Initially, Sunnybrook technologiesnployed projector-based backlight
modulators and LCD panel as the final view portbmheir display. The DR of these devices
is 50,000:1 and the maximum luminance can be W00 cd/m [14]. Later, a new design
was proposed in which LED array is used in the lhgick with a spatially varying light
pattern. The maximum luminance of LED based disptay be up to 8,500cdfmHowever,
these prototype devices can represent high contaéist which are still in the developing

stage and not available in the market for the neutiustomers.
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2.3 HDR SOFTWARES

The problem of improving DR by fusing images captl from static scene at
different exposure settings is well described im literature and up until now, various useful
software to build HDR image have been developed eRhotosphere, HDRshop, and
Photomatix.

Photosphere is developed by Greg Ward for buildifiR images, which can work
on Tiger and later versions of Mac OS X [48]. Tdedahis software is the best option to
explore and enjoy playing with HDR imagery. Recgrdunched Apple iPhone 4S uses
Photosphere to extract CRF for HDR builder appilicaf49].

HDRshop is developed by Paul Debevec at the Usityeof Southern California's
Institute for Creative Technologies and designedi¢sv and edit HDR images. Instead of
storing a pixel's on-screen, HDRshop stores theuamof light it represents. Since there is
no limit to how much light you can have in the rearld, HDR Shop stores these pixel
values as floating point numbers. That is, instefastoring pixels using the numbers (0, 1, 2,
3, ..., 254, 255) like in an 8-bit image, it usesnbers like 0.01534, 0.9429, 1.0500, and
1.356, 35.0253 [50].

HDR Shop can read and write HDR formats such adidRae's HDR, 16-bit or
floating point TIFF, Portable Float Maps (PFM), aasv binary files. Moreover, HDR Shop
can import and export conventional 8-bit image fatsn including Joint Photographic
Experts Group (JPEG), Windows Bitmap (BMP), andgexjimage File Format (TIFF) for
generating HDR images. Moreover, HDRshop has sacee features that make it flexible
and user-friendly: multi-threading option to speegswork-flow, file format customization
to support new file formats, JavaScript scriptingerface to create your own custom
operations and plug-ins, and image filters to immat Star Blur, Motion Blur, Ward
Specular Convolution, Vertical Cosine Falloff arasEDiffuse Convolution.

Photomatrix is developed by HDRsoft to fuse theeseof differently exposed
photos. Photomatix Pro and Photomatix Essentiaks taro stand-alone versions of
Photomatrix that can be run on Windows and Mac QS Rhotomatix Essentials is an
excellent simple tool for producing HDR images ahdser-friendly. Photomatix Pro offers
more options and includes advanced features suclbagsh processing and selective
deghosting. Photomatrix Pro is the one of the wershat allows the users to create tone-
mapped images, contrast optimizer for realistidding results, Finishing touch adjustments

for contrast and sharpening, and option to enald®fh from a single raw file [51,52].
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Extended version of Photoshop uses new HDR Pimtdogy to produce 32-
Bit HDR images for creating widest range and ritliegail with automatic ghost removal. It
also provides various features including greatemtrob with tone-mapping and contrast
adjustments. Adobe Photoshop PCS2, Photoshop GEBtastoshop CS5 Extended provide
a script that automatically fuses a set of mulfp@sure images into a radiance map.

The recently released Image processing toolboMATLAB also provides
some inbuilt function for reading HDR images, wigiHDR images, building HDR image
from different exposures and tone-mapping of HDRgen for display. hdrread function is
used for reading HDR data, hdrwrite function isduge write a Radiance HDR image,
makehdr function creates the single-precision HDRge from the set of spatially registered
LDR images and tone-map function converts the HDRge to a LDR image using a process

called tone-mapping, which is suitable for display.

2.4 HDR SENSOR DESIGN

Beside software solution, to increase the DR af-tiene digital still imagery and
video camera, a lot of computational capability gmdcessing speed is required which is
possible with the assistance of graphics processargware [34,38,53]. Although this is
largely achievable, the hardware design approadatids experience some key issues
associated with the development of the real-time RHBPeconstruction: Theses are:
computation time, computation cost, registrati@nser design and realization in hardware.
Various solutions for designing the HDR image sens@ve been proposed throughout the
years [54,55,56,57]. An overview of various HDR smndesign techniques is presented in
the tutorial by El Gamal and Yang [9].

Pixel-level Analog to Digital Converter (ADC) cdre used for widening the DR of
the CMOS sensor [58]. Apart from increasing DRha sensor, such technique can be used
to achieve high Signal-to-Noise-Ratio (SNR). Norfammn bit resolution for each sample can
be used to capture all intensity variations presenthe scene, which can be represented
accurately through binary-floating-point codes.tlis approach, a 640x512 image sensor
with pixel-level ADC was implemented in a 0.35um OM technology.

Another plenoptic function [59] based camera modekigned for increasing DR,
was introduced by Georgiev and Lumsdaine [60]. Thadel is based on the 3D aspect of
light field capture and manipulation, with lesseatton paid to wavelength and polarization

parameters. Their approach employs microlens agefillers at the main lens aperture,
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which allows high spatial resolution as well asréased DR capture. The unique feature of
their approach is that different views depictingital luminance details can be separately
filtered by placing filters or darker Neutral Delys{ND) filter at the main lens, which avoids
blooming [60].

Fixed-Pattern-Noise (FPN) correction procedurerigposed by Dass and Collins in
[61]. In their method a 100 x 98 CMOS Image Seri€d8) is fabricated in a standard 0.35-
um CMOS technology. FPN correction procedure is eygd to reduce artifacts and
estimation of accurate mean photocurrent from @alimresponse at low photocurrents and a
logarithmic response at larger photocurrents obsenLook-Up Table (LUT) was used to
estimate photocurrent for every sensor. The thidsialues used to estimate photocurrent
for linear and logarithmic model were chosen 30 &6t respectively. They have verified
that that in the logarithmic region, LUT-based noetlieduced FPN to approximately 2% of
the photocurrent, while in the linear region of igti®n, the residual noise in the response to
uniform scenes increases because of quantizatime.nim this manner, this method would
determine accurate photocurrent flowing in each ssenirrespective of the high
computational cost than the other methods.

One of the best HDR-CMOS sensor design methodsntigcis a re-configurable
pixel circuit [62], which has the capability of ¢dapng images with a Wide Dynamic Range
(WDR) of intensities and presenting it in a fornfatto be directly displayed on LDR
displays. They proposed programmable transductioation which enables it to produce any
monotonically increasing response. By introducimg flexibility, the algorithm is capable to
adapt any desired operator without requiring argngle in the pixel circuit. So they propose
an adaptive approach for handling WDR intensityateims present in the scene.

The comparative quantitative analysis of the perémce of different WDR sensors
has been given by Spivak et al. in [63]. In suchlgsis SNR, DR extension, noise floor,
minimal transistor count, and sensitivity parameteare employed using consistent
assumptions and definitions. Advantages and drakgbaf each of the seven sensor
categories available in the literature were disedsand summarized. Furthermore, a
comprehensive analysis on power consumption oémdifft sensors has been given in [64].
The power-performance tradeoffs of three generat@WDR sensors are also discussed in

this survey.

20



2.5 TONE-MAPPING OPERATORS

Unfortunately, conventional display devices (IGRT and flat panel display) have
DRs spanning a few orders of magnitude, much |awan those of the real world scenes,
often less than 100:1. In order to display HDR ies@n monitors or print them on paper
[65], it is must to remap the DR of the HDR imageseproduce LDR images suitable for
Human visual System (HVS). Therefore, the ultimgdal of tone-mapping operators is to
maintain original appearance of the tone-mapped HiDBge on existing display devices
whose capabilities in terms of DR are insufficiefiherefore, appropriate metrics based on
human visual perception need to be accounted twidiégyeir original appearance. Thus, the
investigation of response of photoreceptors distall on the retina with a finite resolution is
very worthwhile in the context of tone-mapping aders. The reader is requested to refer
[14,66,67,68] for detailed descriptions.

Tone-mapping operators may be classified into tiwaad categories: Global operator
(linear scaling) and Local operator (non-linearlisgd. The linear scaling is the one of the
fastest and easiest way to achieve the goal ofastnteduction in which radiance values that
are above or below certain range are saturatdeetagper or lower limit values. This means
you need to determine the lower and upper limitsuacate full input data range. The tone-
mapped image in Figure 2.1 (a) shows the resuligugiear scaling [14], which is noticeably
producing low contrast image. It illustrates typitan-mapped HDR image depicts indoor
and outdoor details. The area inside the dooiumihated by the interior light and outdoor
area is illuminated by the sunlight. In this imatfee HDR radiance maps were recovered
from the recorded multi-exposure image series ugiegnethod of Debevec and Malik [17].
To preserve local and global contrast in the to@med image automatically, non-linear
scaling leads to a useful operator that producassgble results, the results of which are
shown in Figure 2.1 (b). However, to reproduce ipr@serving tone-mapped image from
HDR data for display on conventional display desitestill an open issue.

In the literature, several tone-mapping methods domverting real-world luminances to
display luminances have been developed and faljiithe fast growing demand of displaying
HDR data on conventional display devices. Most f@production algorithms make use of
photoreceptor adaptation [69,70] and simulatioreaf-world light conditions [71] to achieve
visually plausible results. Local light adaptionoperty of HVS is adopted in the local
operators to correspond to the visual impressionksmerver had when watching the original

scene, while the global operator are spstialtariant and are less effective than the local
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Figure 2.1: Tonemapped HDR image@&) Global operator an(b) Local operator. Although the input
HDR image is same for both cases, non-linear sgaliten generates LDR image with complete detail

(contrast) than linear scaling. Images courtegheReinhard et al. [14].

operators.

The algorithm proposed by Reinhard et al. [13]su8asel Adams’ zone system to
handle HDR images. To preserve fine details, signsoaling function and local dodging &
burning techniques are employed on log averagenanae. Local operators [72-74] involve
the spatial manipulation of local neighboring pixalues based on the observation that HVS
system is only sensitive to relative local contrast model local adaption properties of HVS,
input image is convolved with a Gaussian filter ngdr Algorithm proposed in [13] has
examined that the performance of algorithm is ugwpendent on the size of local adaption
area. Indeed if the size of local adaption areeh@sen incorrectly, artifacts may occur in the
tone-mapped image.

Another popular local operator employs a symmealranalysis-synthesis filter bank
for decomposing and reconstructing images [72]s Thodel takes into account the sigmoid
for controlling the gain at each location and aggliocal gain control to modify the sub-
bands computed for input HDR data. The gain isflemhigh values and high for low values.
This approach is also useful for range expansionvbizh a LDR image can be expanded
into a HDR.

Global operators [75-77] do not involve spatiabgassing. Such operators apply
certain spatially uniform remapping function on mBveixel independently. Histogram
adjustment based technique has been proposed IsprLat al. [75] in which models of
human contrast sensitivity, glare, spatial acuégd color sensitivity are incorporated to

preserve subjective correspondence between thegeaé and its displayed image. A simple
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adaptive logarithmic mapping technique was propdeetiDR video player by Drago et al.
[76], which can be implemented very efficiently ihe graphics hardware. Other global
operator includes control intensity, contrast, Bwl of chromatic adaptation parameters for
DR compression [77]. In addition this model usepasate functions for rods and cones to
account for the intensity in scotopic and photolpghiting conditions. However, most of
global operators are computationally efficient tihasal operators.

A simple S-shaped curve (i.e. sigmoid function} Iheen utilized as tone-mapping
function [78]. The middle portion of such sigmoidainction is nearly linear and thus
resembles logarithmic behavior. Moreover, sigmofdattions have two asymptotes: one for
very small values and one for large values.

Transform domain tone-mapping approaches [79] rhecgopular compared to
intensity domain. The properties of HVS for HDR qoession are employed in gradient-
domain and the Gaussian pyramid is used to obiffereht levels of contrast. Weber’'s law
[1] based attenuation maps are utilized to compggsslient magnitudes in the supra-
threshold layer. Pixels whose gradient magnitudessmaller than 0.0043 are considered as
the sub-threshold layer and pixels whose gradiemgmtudes are greater than 0.0043 are
considered as supra-threshold layer. Then thetneguhodified gradient fields are converted
to an image by a Poisson solver.

Fattal et al. [73] has introduced gradient baggat@ach to preserve details from HDR
image. They attempt to simulate adaptation behaviddVS for gradient modification at
various scales. A reduced, LDR image is then obthiny solving a Poisson equation on the
modified gradient field. This local intensity rangeanges based algorithm reduces the DR in
transform domain to preserve local changes of smatjnitude. This method is almost free
of artifacts and does not require any manual patemteeaking.

Recently, DR compression based on two-scale degsitign has been proposed [74].
Only the magnitude of the BL is compressed in tigg domain, thereby preserving detail.
The BL of input HDR image is computed using an epigeserving filter called the Bilateral
Filter (BF) and the DL is the division of the inputensity by the BL. This technique has
proven to be a valuable tool to extend beyond topes of DR compression.

Most of the tone-mapping algorithms suffer fromohartifacts and require human
intervention in the parameter adjustment procesth Bcal and global operators have their
own advantages and disadvantages in terms of catmmal cost, easy implementation, halo
effects (artifacts), spatial sharpness, and practipplication. The detailed review of various

tone-mapping operators is given in Reinhard dtld]. Although attempts to reproduce HDR
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data using an early stage of HVS have been canigdfor better compression in high
contrast areas while increasing the visibilityefture details in low contrast areas, it remains

an important issue.

2.6 INVERSE TONE-MAPPING

In the last few years, researchers have focusettealoping HDR prototype displays
[15,16] that can display HDR data without tone-miagp It is anticipated that the HDR
display devices will be available in the consumarkat for wide-spread use. The majority of
today’'s cameras are capturing LDR data. Thereftire, expansion of LDR content for
displaying on HDR screens is an interesting resetgic, which is known as inverse Tone-
Mapping Operator (iTMO) [80,81]. [82] has proposadapproach for expanding the DR of
legacy video and photographs for viewing on HDRpldigs. Inverse gamma and image
pyramid is used for contrast stretching and brigh$nenhancement, respectively. For real-
time iTMO solutions, this approach is well suited implementation on Graphics Processing
Units (GPUs), and Digital Signal Processors (DSPs).

Meylan et al. [83] has proposed an ITMO with theedfic task of representing
highlights in LDR images when displayed on HDR ntors. The main idea is to detect the
diffuse and specular part of the image and to exghese using different linear functions.
Two stage iTMO is proposed by [84]. In their modektly, an iTMO is applied to an LDR
image or a frame of a video to expand its luminavedee. In the second stage, an expand-
map from high luminance areas is built using dgnsgtimation. These expand maps avoid
incorrect expansion from iTMO. For video sequeribe,temporal expand-maps are used as
weighting for interpolation of the LDR and the imse tone-mapped image.

In [85], median cut is used to find the areas wered of high luminance and
subsequently apply a density estimation to genamatexpand-map to extend the range in the
high luminance areas using an inverse photograjgme reproduction operator. Rigorous
psychophysical investigations to determine how LiBRRges are best displayed on a state-of-
the-art HDR monitor are provided by Ahmet et al6][8Moreover, Evaluation of iTMO
through varying exposure conditions has been pexgpas [87]. In this case, both subjective
and objective [88] experiments were employed forfggemance evaluation. In these
validation studies, it has been concluded thaeatof considering individual pixel values;
global statics about the image should be takenaotount for developing superior iTMO.
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2.7 IMAGE FUSION

Image fusion techniques blend information preserdifferent images into a single
image. Burt and Adelson [89] first introduced tlea of image fusion based on Laplacian
pyramid. Image fusion techniques are generallysdiasl into three categories: pixel level,
feature level, and decision level, which are re@dwy Smith and Heather [90].

In recent years, various fusion algorithms havenlaeveloped to combine substantial
information from multiple input images into a siagtomposite image. The principal
motivation for image fusion is to extend the DOktead spatial and temporal coverage, to
increase reliability, extend DR of the fused imaged the compact representation of
information. Imaging sensor records the time anacspvarying light intensity information
reflected and emitted from object in a three-din@ma observed physical scene. However,
the characteristics recorded from the incident atamiis in the source images, such as
exposure value, focusing, modality, and environ@eronditions, often make fusion
extremely challenging. The automated procedureivéeting all the meaningful details from
the input images to a final fused image is the maative of image fusion.

Bhatnagar et al. [91] developed a method for gapjumost relevant information
from various imaging modalities into a single oufpwhich plays an important role in
medical diagnosis. They utilize Non-Subsampled Garét Transform (NSCT) as analysis
and synthesis tool for image compositing.

To facilitate image fusion, it may be necessaralign input images of the same
scene captured at different times, or with différ@msors, or with EV settings (called AEB),
or from different viewpoint using local and globraistration methods [37,92]. Normally it
is assumed that the input images are captured ththhelp of tripod mounting. Hence, in
general, image fusion approach expects point-bgtpoorrespondence between different
input exposures of a scene. From technical stamt,pbe fused image reveals all details
present in the scene without introducing any artdar inconsistencies which would distract
the human observer or subsequent image procedamess

Orgden et al. [93] has proposed pyramid solufenimage fusion. The pyramid
becomes a multi-resolution sketch pad to fill ie thcal spatial information at increasingly
fine detail (as an artist does when painting). Taplacian pyramid representation expresses
an image as a sum of spatially band-passed imab#s ketaining local spatial information
in each band [89]. Another multi-resolution basesidn which employs gradient map of the

input images to yield a fused image with true infation [94]. This approach takes into
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account the horizontal and vertical gradient mapsfoducing fused gradient map for each
orientation and resolution. This gradient fusiopraach utilizes Discrete Wavelet Transform
(DWT) and Quadrature Mirror Filters (QMFS) in theconstruction process. This approach
was implemented for input data provided by mulhssgy arrays. Another multi-sensor data
fusion technique which utilizes Total Variation (J'/}94] is the one by Kumar and Das [96].

In pixel-level approach [97], the TV semi-normused to solve the forward model
and estimate the pixels of the fused. The inpua dat used in this approach is taken from
Computed Tomography (CT) and Magnetic Resonancegiilga(MRI). Moreover, this
algorithm was also applied to visible-band and ardd sensors as well as the aircraft
navigation images.

Image gradient orientation coherence model bassdri [98] provides the solution to
handle strong highlights and remove self-refletidrom flash and ambient images [99].
This model seeks to utilize the properties of imggedients that remain invariant under the
change of lighting that takes place between a flaghan ambient image.

The support value computed from Mapped Least ®gu8upport Vector Machine
(MLS-SVM) can be used as an indicator of salieatdees of image, which could be used for
multi-sensory data fusion [100]. SVM is a recenpyoposed powerful tool for data
classification and function estimation, and carubed for a variety of applications in image
processing. This approach is based on the factith&VMs [101-104], the data with larger
support values have a physical meaning in the gbias¢hey reveal relative more importance
of the data points for contributing to the SVM mbde practice, in this approach, the SVM
is used as multi-resolution transform, which diegrovides the salient features of source
image. After decomposing input images into the saga of support value images and the
low-frequency components, choose-max method is tesedlect salient features in the fused
image. This approach was developed for multi-foaad multi-sensor image fusion. Le and
yang [105] described region segmentation and dp@égquency based multi-focus image
fusion. This idea is inspired by the fact that oegbased image fusion methods could be
more useful to overcome sensitivity to noise, hgreffects and mis-registration than pixel-
based fusion methods. In this approach, normalzssl algorithm method [106] is used for
segmentation of temporary fused image obtainedvbyaging source images, then the source
images are segmented according to the segmentsndf iff the intermediate fused image,
and finally reconstruct the fused image from thg@nsented regions of source images
according to their spatial frequencies.
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Shutao et al. developed a multi-focus image fuspproach for dynamic scenes
[107]. This approach utilizes morphological filegi for focus measurement and the
computed focus information is used for finding mabection [108]. As compared to others
approaches, instead of using single map to defifedus region, the concept of trimap is
used to definite focused region, the definite de$ed region and the unknown region.
Finally, the fused image with increased depth efdfiis obtained by fusing the focused
regions of source images together. In additionghteid non-negative matrix factorization
[108] and focal point analysis based multi-focusida method [110] has been proposed to
preserve feature information in the fused imagw/iich weight for each pixel is computed
from the focal point position and the Euclideantatise. However, reproduction of complete
details, avoiding introduction of artifacts and timg of dynamic scene in the image fusion

problem are important issues and need to be funikestigated.

2.8 EXPOSURE FUSION

The fundamental goal of the exposure fusion ipreserve details in both very dark
and extremely bright regions without HDR image esgntation and tone-mapping step. The
underlying idea of various exposure fusion appreadil1-116] is based on the utilization
of different local measures to generate weight rfappreserving details present in the
different exposures. Thus it provides conveniemt eonsistent way for preserving details in
both brightly and poorly illuminated by skippingeticonstruction of HDR image and use of
tone-mapping operators.

Raman and Chaudhuri [111] have utilized BF for theion of multi-exposure
images, in which appropriate matte is generateédas local texture details for automatic
compositing process. Goshtasby [112] proposed expdsision method based on weights
determined by blending function. An image blockdmsidered best-exposed within an area
if it carries more information (i.e. entropy) abdbe area than any other image blocks. The
optimal block size and width of the blending funas was determined using a gradient-
ascent algorithm to maximize information contentha fused image. The optimal block size
was varied from image to image. Images represestieges with highly varying reflectance,
highly varying surface orientations, and highly wag environmental factors such as
shadows and specularities, produce smaller optotoak size.

Recently Tom Mertens et al. [113] addressed theeigdion of fused image using

multi-resolution approach [89] without extendingetiPR and tone-mapping of the final
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image. The method blends multiple exposures in d@aah-pyramid code based on quality
measures like saturation and contrast. Moreovershflimage can be included in the
exposures to enhance the details in the fused irflelfyd. The performance of this multi-

scale technique is dependent on the number of deesition levels, i.e. the pyramid height.
For better performance, larger images would havbe@rocessed in a higher number of
pyramid levels than smaller images. An automategosure fusion approach using
optimization of the pyramid height is the one & tlecently proposed solution by Kartalov et
al. [117].

As compared to others existing exposure fusionragghes, Kotwal and Chaudhuri
[118] proposed a new fusion alternative in whichirajzation technique is attempted to
estimate the best possible matte, which act ashivéagthe fusion purpose. In this approach,
multi-objective cost function is developed, whictoydes an iterative solution using the
variational method. The mates are adaptively ddrivem the data and the corresponding
fused image at every iteration. Another matte-lgsisition was published by Raman and
Chaudhuri [119], which used unconstrained optinmraproblem for the selection of locally
high contrast pixels. In another approach, gradigribrmation based visibility and
consistency measures are utilized to merge staticdynamic scenes, and concluded that
image gradients convey important information alibatlatent scene [120].

Zhao et al. proposed [121] the QMFs as analysi$ for decomposing the source
images into different frequency sub-bands. In otdenodify different frequency sub-bands,
the weight maps were computed according to the enaggpearance measurements, such as
exposure, contrast and saturation, and to reduneve the halo artifacts introduced by the
sub-band analysis stage, the gain control maps estimated based on the property of HVS.
A pioneer research on combining images of text-dwmus taken with different exposures is
published by Block et al. [122] in which entropydaiocal edge intensity were used to select
well-exposed pixels across source images. In otdegvaluate the performance of their
approach, Optical Character Recognition System (§)CResseract Version 2.03 [123] were
used as a benchmark. Experimental results showadhb recognition rate was improved
from 0.46 to 0.64 by employing exposure blendinggprocessing step to an OCRS. They
have further experimented that the proposed approablending high-pass filtered images
instead of original images further increases tlgegaition rate to 0.95.

Over the years, various fast and effective weigldeerage based exposure fusion
approaches have been proposed. Among these guidethd [124] based two-scale

decomposition fusion approach [115], global optetiian using Generalized Random Walks
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(GRW) [124-126] for fusion [116], and median filtand recursive filtering [128] based
fusion approach [114], are producing fusion reswith better quality. A more modern
approach for dynamic environment was proposed bgnid Kang [114], in which histogram
equalization [129] and motion estimation using raadilter [130] are included.

Recently, Szeliski [131] produces fused image witproved uniformity in exposure
and tone based on simple averaging the pixel bragst levels across auto-bracketed shots.
Multi-dimensional histogram was used to analyzeetadf bracketed images that projects
pixels on to a curve that fits the data. Histogramualization was used as post-processing
operator for optimal contrast enhancement in tsedumage.

Unfortunately, these methods do not work so walldreserving and enhancing fine
details to produce sharper fused image. An impodajuadratic optimization-based method
[132,133] to extract fine details from a vectordievas proposed by Li et al. [100]. Their
method adds the extracted fine details to an irddrate LDR image which is obtained by
simply using an existing exposure fusion method3[1However, to date, it is still rare to
find an accurate, robust, and automatic detail ecéc exposure fusion method. The most
existing exposure fusion methods are unable toeprvesfine details and strong edges
simultaneously and are specifically designed fa particular goal.

The previous methods were utilizing different iradgature for weight calculation
and further refined weight were used to control tiatribution of pixels from input
exposures. Instead, this thesis uses edge-pregédilters which are effective for two-scale
decomposition, weight map generation based on infiegiire such as weak textures, and
weight map refinement. The work proposed in thesik experiments that the information in
the resultant fused image can be controlled with tielp of proposed free parameters.
Moreover, the present thesis is focused on presgntethods that can also be applied to fuse
multi-focus images and flash/no-flash image pair.

The next section briefly reviews the edge-presenVilters and their applications in

the field of image processing and computer graphics

2.9 EDGE-PRESERVING FILTERS AND MULTI-SCALE DECOMPO SITION

Digital filters are used in variety of applicatmrncluding speech, image processing
and video processing. Digital filters can eitherlipear (also called isotropic) or non-linear

(also called adaptive filters). The goal of the @ta process through certain criterion
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function is to extract useful components and remordesired components. Linear filter
apply the spatially invariant function to all pizedf the image, i.e. compute the output pixel
value by using the weighted sum of the pixel valnes local window. These types of filters

are also known as convolution filters. The aver@gean) filtering obtain a de-noised pixel

by moving through the image pixel by pixel, reptaripixel in interest with the mean of

neighboring pixels, including itself. The main faeed of these linear filters is that they
smooth Gaussian noise perfectly, but they smeageneslges [134]. Furthermore, in image
processing field, high frequency information (edgearies very important information for

visual perception in the early stages of the HV&ual information processing. Therefore, the
requirement of treating each pixel adaptively leaktb an extensive set of non-linear filtering
techniques, which adapts to the local image content

Various asymptotic approaches have been publigliech are helpful in removing
impulses of short duration (non-Gaussian) whilespreing edges. Order Statistics Filters
(OSF) were recognized as an effective alternatovehe linear filters [135-137] which
perform better where edge preservation is impar@®f is the most fundamental tool used
as signal-adaptive filter [138] that has the apit locally adapt the filtering to the image
content. Median Filter (MF) [139, 140] was propoged 974 by Tukey [141] in which a de-
noised pixel is computed by replacing the mediarswirounding neighborhoods. MF is
known as non-average filter because non-weightetage approach is employed on the
neighborhood to control the smoothing behaviorpiactice, a 3x3 square neighborhood is
preferred, larger neighborhoods will produce mareese smoothing [142]. Since MF was
proposed, various improvements on it have beenlojeeé [143-147]. These approaches
improve the performance of MF by increasing sigmaiservation (edges) in the expense of
noise reduction. The general idea of these appesach that they control the smoothing
behavior through its weighting scheme and weigismodified by the local information
content.

A Review and comprehensive study of spatial dom#éiansform domain, and
dictionary learning based filters was given by Skaal. [148], in which advantages and
disadvantages of each category were discussedrahgzad. This comprehensive study has
stimulated new research issues in image de-noigingther performance investigation of
various edge preserving filters, designed for det@ing edge response of a filter, was
introduced by Himayat and Kassam [149]. This evuadnamodel is based on the mean and
variance, in the vicinity of an edge.
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Edge-preserving filters have been the traditiom&thod of removing noise from
images whilst preserving signal features such emgtedges [149-154]. Moreover, edge-
preserving filters have been utilized in severaage processing applications such as edge
detection [155,156], and image enhancement anck mesuction [157]. Recently, joint BF
[98] has been proposed which is effective for detgcand reducing large artifacts such as
reflections using gradient projections.

Over the years, a number of non-adaptive MSD tecikes have been proposed
recently [158-160] and have some limitations. Tingt one is the introduction of distortions
including halos and visible artifacts. Secondly, féils to preserve edges during the
decomposition. The effectiveness of edge presernvirage coarsening has been recognized
as valuable tool for MSD decomposition. Recentlyrious MSD [124,133,161-163] based
on edge preserving have been widely used by thphgrs researchers for the image
processing and the computational photography agtpis. Traditionally, in computational
photography techniques, it is desirable to manteutketails at multiple scales that is done
using MSD. WLS optimization framework was propodeddecompose an image into a
piecewise smooth BL, containing large scale vametiin intensity, and a residual DL
capturing the smaller scale details in the imag@8]1Farbman et al. [133] have employed
this tool for HDR tone-mapping, shape and detathasrtement from multi-light image
collections, and boosting of the individual scafes detail manipulation. Another MSD
approach based on BF was proposed by Fattal 6], in which BF is applied on input
images progressively for analysis purpose. To cbmtrige preserving capability of BF, the
range parameter was reduced at each iteratiomBurieg that edges which were preserved
in the previous level would remain preserved in ttext one. In this way they were
computing a set of difference layer by computinffedence between successive levels of
these bilateral filtered images. The purpose o thio-layer decomposition is to separate
illumination from texture which can be used to emdetexture details and amplify shading
detail without introducing halos.

Interactive tools were primarily designed for Ibaedjustments of tonal values, color
adjustment, and other visual parameters in an inja§®]. These interactive tools offers
incredible power for adjusting various parametdrs@R and HDR images, and provides the
user with much more creative control than existige-mapping algorithms. Another two-
scale tone management approach for photographbdwas published by Bae et al. [166] in
which large scale effects and texture details weratrolled independently. This operator

utilizes BF [167] to split input image into basedabLs. Histogram matching tool over the
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decomposition was used to control tonal distributiéinally, they have used gradient
correction to prevent undesirable modificationsahiidoes not generate gradient reversal and
halos. In their model, the detail-preserving torepped image from HDR data is obtained by
simply scale down the BL [74].

Hussein and Yang [168] proposed an interactiverczation method by introducing a
new concept to the BF [167]. The threshold is detiin a Bayesian framework, and the prior
used on the wavelet coefficients is the General@adssian Distribution (GGD) widely used
in image processing applications. They proposed timeshold Nikolaou filter [169] is
equivalent to the range weights BF, but has bééavior near the edges. In this method,
firstly the user selects grayscale image regionsualy by directly painting these regions.
Then, each selection is automatically expanded filtenuser’s paint brush and aligned with
the object boundary.

WLS [133], BF [170], AD [155], and GF [124] areetlpopular MSD computation
techniques. Among these, WLS, GF and AD are thé-posed approaches for preserving
edges while the textures are smoothed out. Theletbtdescription of WLS, GF and AD is
given in the forthcoming chapters.

BF was first proposed by Tomasi and Manduchi [167]1998. The BF is an adaptive
smoothing framework that does a weighted sum ofpikels in a local neighborhood; the
weights depend on both the spatial domain and ritensity domains which are used to
manipulate smooth regions while preserving stromiges. BF based exposure fusion
introduced by Raman and Chaudhuri [111] uses theceqm of local contrast [167] to
preserve edge details.

This chapter has briefly reviewed the backgroumstohy of imaging technology,
HDR imaging, HDR software solutions, sensor designe-mapping, inverse tone-mapping,
exposure fusion and edge-preserving filters. Thaekwaroposed in the present thesis
describes an alternate solution of HDR and toneodemtion based on edge-preserving
filters. It focuses on preserving and enhancing foetails during the exposure fusion
framework. The present thesis work proposes a tatesdecomposition of multi-exposure
images that exploits the edge-preserving capallityon-linear filters. It will first discuss
three different techniques based on edge-preseffiliegs for achieving this task while
capturing static scenes. Then, it describes sorher aelated applications which can be
performed using the methods proposed in the presenht

The present thesis also proposes an extensioheofnulti-exposure image fusion

technique to fuse images captured with varying D& flash/no flash photography. To
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evaluate the performance of proposed approacheésusaquality metrics will be used in
Chapter 6. Furthermore, the present thesis is &mtusn analyzing the effect of free
parameters used in the variational solutions to tletail-enhanced exposure fusion
approaches. The variational solutions to LDR imggeeration from different exposures
captured at variable exposure settings are disdusgbe forthcoming chapters.
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CHAPTERC-III

ANISOTROPIC DIFFUSION FILTER BASED MULTI-
EXPOSURE IMAGE FUSION (ADF)

This chapter discusses the utility of edge-presgreapability of AD for the fusion of
images captured at different exposure settings. Bbe and DLs are fused separately to
preserve texture details. A first step, in ADF aitjon is two-scale decomposition of each
input image to extract details at arbitrary scabesed on adaptive and edge preserving filter
(i.e. AD) [156].

ADF algorithm takes\ identically sized multi-exposure images taken franfixed
viewpoint, and produces output image of the samme & which well exposed pixel value is
computed by combining information from all inputnages at each scale of the
decomposition. Unlike earlier image-based compugitiechniques [113], ADF separates
coarse scale details (i.e. BL) from fine details.(DL). ADF approach is similar in spirit to
the multi-scale shape and detail enhancement frartiiMight Image Collections (MLIC)
approach of Fattal et al. [164]. Therefore, itfieetive to manipulate fine and coarse details
separately during the compositing process, andsheedfurther post processing for detail
enhancement. After the manipulation of each redointigyer, fused BL, and fused DL are
recombined to produce well exposed detail enhafesed image (please see Figure 3.1).
Thus, the magnitude of the BLs is modified basedtle decision maps to ensure that
resulting fused image contains well-exposed regiovisle the magnitude of the DLs is
unchanged, thereby preserving fine details. Tollde ®@ deal with strong edges separately,
ADF use a nonlinear multi-scale edge-preservinggendecomposition which permits us to

manipulate and combine details at multiple scaléisout introducing objectionable artifacts.

3.1 INTRODUCTION

The main objective of ADF approach is to preseavmel enhance details in both
brightly and poorly illuminated areas that sigrafitly improve the quality of the fused
image. It must provide optimal contrast within ttagpabilities of the conventional displaying
medium and must not lead to artifacts such as asnteversal or black halos. Additionally, it

should produce realistic and pleasant images. Tineipal characteristic of ADF is an
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adaptive adjustment of local spatial informatiorthe Laplacian pyramid [89] depending on
texture features (i.e. local range). To control tiwatribution of pixels, ADF calculates
weight that depends on the maximum and minimumnsities of the neighboring pixels
from the pixel under consideration. The weight timt and Gaussian-Laplacian pyramid are
derived in the following sections. Figure 3.1 shdhat the proposed scheme contains three
steps, which aranalysis scene detail manipulation based on decision aragisynthesis

More specifically, the goal of ADF algorithms poged in this thesis is to produce
well exposed image by combining the informationoasr all of the input multi-exposure
images. In ADF approach, two scale decompositisetbaon AD [156] is used to separate
coarser and finer details from each input imaghe BLs and DLs across &l input images

are defined as:
BLIY (x,y) = Al (x,y)) and DLIY (x,y) — BLy(x, ), (3.1)
wherek =1.........N
whereA(») is the AD (i.e. edge-preserving filter) appliedinput exposures.
The detail enhanced fused image generated by AQeén as:

12 (x,v) = BL3Y (x,y) + DLSY (x,y) (3.2)

whereBL‘;df is the fused BL that maximizes the coarser detasross all of the input BLs

BLSY, BLYY ... BLYY and DL is the fused residual (i.e. fused DL) that maxirsize

finer details across all of the input DILSY, DLV ......... DL In the forthcoming

section, we briefly describe the AD used in ADF fwp-scale decomposition, and the local
range measure is proposed to generate weight noapsohtrolling contribution of pixels

from BLs.

3.2 DATA ACQUISITION AND TWO LAYER DECOMPOSITION

3.2.1 SCENE DATA ACQUISITION

Conventional digital photography struggles witke thigh contrast scenes and can
capture brightest part (i.e. highlights) by chogsilow exposure level (i.e. short exposure
time) or the darkest part (i.e. shadows) by chapsitigh exposure level (i.e. long exposure
time). In the present ADF approach, informationspre in the fused LDR image depends on
number of input exposures captured at differentoeMpe settings. It assumes that all input
multiple exposure images are photographed froncsgaéne with the help of tripod to avoid
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any spatial and global movement. To apply ADF temphe successfully, sequence of

exposures is captured from a scene with very datk \aery bright details. The aperture

priority, ISO settings, and the camera’s white beéaare kept fixed for the entire sequence.
Sample of input set of images captured at diffeexposure settings is illustrated in Figure
1.3.
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Figure 3.1: Proposed image domain fusion framework. Obsematiodel, illustratethe conceptual framewao
of ADF approach. Note that for the concept simplidnere we have generated BLs and DLs of two input

exposures.

3.2.2 EDGE PRESERVING PROPERTY OF AD FILTER

AD has led to an efficient new field to removasaofrom an image by modifying the
image via a PDE. The goal of edge preserving ddfu$l56] is to encourage smoothing at
homogeneous region in preference to inhomogeneagisrr (i.e. edge). Mathematically, the

isotropic diffusion [156] equatiodl (x, y, t,) = div(VI) is replaced with
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al(x,y,t,)
dt,

=di[g(IVII)VI] (3.3)
whereVI is the image gradienilVI|| is the magnitude of the gradient of image intensity
g(IvI]) is an “edge-stopping function” or “conduction coggnt” that controls the
diffusion strength,(x,y) specifies spatial position, any is the process ordering time
parameter.

The diffusion strength in the image is influencegdtibe conduction coefficient which
depends on the magnitude of the gradient of they@miatensity. The process of gradient
computation from the neighbors in 1-D and 2-D dtices is illustrated in Figure 3.2(a) and
3.2(b), respectively. If the conduction coefficieatreplaced by a constant value (ig&)
=1), the diffusion process will be isotropic diffasi Since isotropic diffusion does not
consider image structure, fine textures as wekdges are smoothed out. Thus in AD, the
conduction coefficient is chosen to satigfyx) - 0 when x — oo so that the diffusion

process is “stopped” across the region boundaresedges) at locations of high gradients.

(a) 1-D structure (b) 2-D structure

Figure 3.2: Gradient computatior{a) One dimensional (D) grid structure: The signal flow is calculat
between two neighboring nodes (solid connectifl)) Two dimensional (2-D) grid structure: The signal

flow is calculated between four neighboring nodesid connection).

Two different diffusion functiongy(e) have been proposed by Parona et al. [156],

which result in edge preserving filter defined as:

_(lvriy®
g (V) = e( (%) ) (3.4)
1
9 (VD) = ———— (35)
0
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whereK is a scale parameter (i.e. constant) to be tuned farticular application. Perona et
al. [156] proposed that the value Hfcan be fixed manually or using the “noise estimato
described by Canny [171]. Note that the conductioefficient depends on the magnitude of
the gradient of image intensit\wI|| at ,y) spatial position. j|VI|| is small, therng(e) is
close to 1; and if|VI|| is large, therg(e) is small. Henceg(¢) is chosen giving a much
higher smoothing at homogeneous regions as comparedges. The paramef#rcontrols
how quickly the weight of a training example fatiff; K is called the hypothetical scale
parameter, and is also something that we’ll getdgeriment with in proposed work.

In ADF approach fine details are separated usiggakon (3.4), which favors high
contrast sharp transitions across multi-exposupetirseries and the value & =1/7 was
fixed manually based on experimentation.

The discrete formulation of Perona and Malik [1B&] (i.e. BL in ADF method) is

as given by:

W

Z g(VIx,y,b) le,y,f) (3.6)

PENxy

wherel,ifly Is a discrete version of input signaly determine the sample position of current

pixel in the discrete signgh, determines the neighboring pixel, determines iterations. The

constantd is a scalar that determines the rate of diffusipp, represents the spatial

neighborhoods of current sample position, and|n,, | is the number of neighbors.

To see the behavior of the Perona et al. [15&rfit edges, we first analyze one
dimensional signal into BL and DL. As can be seeRigure 3.3, at BL (i.e. the coarser level
after diffusion), high-frequency textures disappddre weak texture details lost at the BL are
exactly reconstructed at the DL. However, DL is diféerence between the input signal and
the BL, which is dominated by the large discontiiesi characterized by the rapid oscillations
(high frequency variations) in the input signal. Asresult, AD is able to separate weak
texture details from edge transitions that ared@teserved during the fusion process. The

continuous diffusive process for 1-D network stauet(see Figure 3.2 (a)) is as follows:

(y,tq) .
——— = divlg(IvIIhvi] 3.7)
a
and the discrete formulation is written as:
A
Ijt,a-l-l = Ijt,a + m [gz Vil + gz V@I];a (3.8)
y

38



Wherelf,“ is a discrete version of input signpkletermines the sample position in the discrete

signal,t, determines iterations. ADF founds that one itereti¢,=1) to be sufficient for DL

extraction across all of the input images experieaim the thesis.

Input 1-D Signal (I)

Time_
Ll

Amplitude

Time
>

............................

Figure 3.3: Two layer decomposition of 1-D signal based on&fer 5 iterations witlK =30,1=1/3 and
|77y|=2 (left & right). The 1-D input signal)is decomposed into two main components: a logueacy
BL and a high frequency DL. Notice that the edgespaieserved in the diffused image (i.e. BL) arel i

yields fine details only.

The detailed analysis of affect of number of itera on computational time and
information present in the fused image is giventhe results and analysis section. The
constantl is a scalar that determines the rate of diffusigy, represents the spatial
neighborhood of current sample positipnthe subscriptd. and R depicting left and right
respectively, antﬂny| is the number of neighbors (i.e. two in 1-D ca¥#hereg;, andg; are
the conduction coefficients across left and rigidtsl locations respectively. The symliygl
andV; indicates the difference of left and right neighkespectively:
i1, = 1,4 — I, (ydetermines sample location in 1-D grid) (3.9)
Valy = Ly — 1, (3.10)
The AD of 2-D grid shown in Figure 319 is given by the relation:

BL*Y (x,y) = ;% = I8 + (g5 Val + g5~ Vsl + gz - Val + g - Vplld,  (3.11)

|77x.y|
Wherel,ﬁf‘y is a discrete version of input imagex,y determines the pixel position in the

discrete imaget,, determines iterations. The constanis a scalar that determines the rate of
diffusion, n,., represents the spatial neighborhood of currenglpiy (North, South, East
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and West), an¢b7x,y| is the number of neighbors (usually four). Where gz, g; andgy are
the conduction coefficients across North, SoutstEand West spatial locations. The symbol
Vs V%, V; and V; indicates the difference of North, South, East aWdst neighbor

respectively:

Valyy = Ix—1y — I, (X,ydetermines pixel location in 2-D grid) (3.12)

Vilyy = Ley1y — Ly (3.13)

Viliy = Leys1 — Ly (3.14)

Viley = Ley-1— Ly (3.15)
adf — adf

DL™ (x,y) =I1(x,y) — BL™ (x,y) (3.16)

IntensitV.

Pixels

BL

Intensity

Pixels

Figure 3.4: Two layer decomposition of 2-D signal (iXJIT image) based on AD (left) after five
iterations withK =30,1=1/7 and|nx,y|=4 (region size of 3x3 pixels). Intensity profilgght) along a scal
lines of 2-D input signal (red), BL (blue) and Ddréen). Notice that the strong edges are presénvbe

diffused image (i.e. BL) and the DL yields fine &i&t only. Details compressed in the BL are exactly

reconstructed in DL.
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Figure 3.5: Intensity plots (right) along a scan lines of Bbtue) and DLs (red) obtained with the AD after
five iterations withK =30,1=1/7 and|nx,y|=4 (region size of 3x3 pixelsicross all of the input exposures (l¢
Notice that coarser and finer details are extraatzdss the visible details adaptively when thesds

captured at different exposure settings.

The BL decomposition using Equation (3.11) and d@composition using Equation
(3.16) of JUIT image is illustrated in Figure 3Eom Figure 3.4, it can be visually seen that
the BL provides coarse details and the texturesahrmst eliminated. In Figure 3.5, it is
illustrated that the intensity profiles of BLs (blgolor) and DLs (red color) computed across
the images captured at different exposure settihgs.noticed that coarser and finer details
are extracted across the visible details adaptiwdign the scene is captured with variable

exposure times.
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3.3 WEIGHT MAP COMPUTATION: TEXTURE FILTER BASED ON LOC AL
RANGE

In ADF approach, the local range is used to ge¢eesgight map function for non-
uniform scaling to control contribution of pixelsom the BLs computed across all input
exposures. In Figure 3.6, it is illustrated thatvhimcal range is calculated in the range-
filtered image from 3-by-3 neighborhood. This locahge is likely to be very different from
region to region in a different images capturat variable exposure settings. Well
exposed areas will yield higher local range as carexb to the over exposed and under
exposed regions, which is illustrated in Figures ad Figure 3.8. Local range is defined as

follows:
Rgifk = Linax — Linin (3.17)
whereL,,,, andL,,;, 0 local spatial window at,y (i.e. 3-by-3) in thek, BL.

The final normalized weight map functions usedtha fusion of BLs are computed

as follows:
adf adf adf
xyk Znyk xy,k (3-18)

where L4, and L,,;, are the maximum and minimum values of the neighigopixels
within a 3-by-3 square window, respectively, d’; is the final weigh map computed in
ADF approach at locationx ) for ks, BL.

It is commonly accepted that the higher the lumagavariation region is, the stronger
the local range of that region to shield a pixelH®wever, it is found that the difference
between maximum and minimum values of luminancéiwit local window influences the
probability of shielding of well-exposed pixel. Tompute such local range, the basic idea is
illustrated in Figure 3.6. To illustrate the effeaft EV variation on local range computed
across multiple exposures, we give four represeetanages as shown in Figures 3.8 (a-d).

Once the final weight maps are computed by Eqog{8ol8), the Gaussian pyramid

of WY

.y 1S used to reduce the influence of very high istiees and very low intensities

present in the BLs for producing high-resolutiorsdd image, which is described in the

following section.
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Figure 3.6: lllustration of local range calculation that usedlocation adaptive weight map. The figure

depicts how local range is calculated in the rafiltgred image from 3-by-3 neighborhood. Green narsb

are the neighbors considered to compute local réorgée pixel in interest (i.e. displayed in regmber).

well-exposed region

well-exposed region
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1 (1111
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000|000

0|0 000

0|0 000
pjojojofe 313|275
vlojojoe 5173|716
11 /11| 3|6 |6
over-exposed region nju i 61¢

Figure 3.7: Effect of under exposed, normally exposed, and exposed regions on local range. Note that

local range will be different (i.e. zero for und=posed and overexposed regions) for the samerregider

different exposure settings. The optimal windovediar range calculation is 3-by-3 and the numerical

values shown in the box are calculated for smakllevindow.
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Figure 3.8: lllustration of local range analysis of BLs acrdéiss multiple exposures. The local ranges are
varying with respect to the different exposure 8iga), (b)) BLs of underexposed images (top) and
their corresponding texture features (bottom)Blc)of normally exposed image (top) and their
corresponding texture features (bottom); (d) Blowérexposed image (top) and their corresponding

texture features (bottom). Note that well-exposie@lp have the brighter texture features (i.e.hbrg
weights) as compared to under-exposed and overserpgixels. Input images: Jacques Joffre HDR

Chief Photographer.

3.4PYRAMID GENERATION AND CONSTRUCTION OF FUSED BL ACR OSS ALL
INPUT BLs

3.4.1 PYRAMID DECOMPOSITION

Pyramid decomposition is a fundamental tool of gmaencoding. This multi-
resolution encoding process decomposes imagessaueral spatial resolutions, to extract
features. Each level of the pyramid correspondsifterent information such as edge details
which is called multi-scale edge estimation. Pycane@composition combines the features of
predictive and transforms methods [89]. It is beirsgd in variety of image processing and
computer graphics applications today. Initiallywias proposed for analysis and progressive

transmission of images.

3.4.1.1 GAUSSIAN PYRAMID DECOMPOSITION

The first step in pyramid coding is to convolvegoral imagego with the unimodal
Gaussian-like weighting function (generating kernel a compact two-dimensional filter for
image) that yields low-pass filtered image Each pixel value within level 1 is computed as

a weighted average of pixel values in level O witlai 5-by-5 window. Then the down-
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sampling by a factor of 2 is performed to get teduced imagey; at level 1.Therefore,
pyramid level 1 contains imagg, which is a low-pass filtered and down-samplediger of
Oo- 01 is then filtered and sub-sampled in the same waybtaing,. By repeating these steps
several times we obtain a sequence of stack olessoe@ly smaller images, g1, @, --., G
called Gaussian pyramid. The motivation behind siyple of decomposition is to produce
the sequence of reduced resolution imamesp, ..., &. A graphical representation of three

levels Gaussian pyramid decomposition of Cameramage is illustrated in Figure 3.9.

0o (256%256) 0:(128%128) 02 (64%64)

g1= WD go)l2 g2= WD g1)|2

L>=0>—0s2
(64x64)

Li=01—0
(128%128)

032 ;- imagegsis expanded to the same sizegas
0.1 :- imageg,is expanded to the same sizegas
O10:- imageg; is expanded to the same sizegas

Lo=0o- 910
(256%256)
Figure 3.9: First three levels of the Gaussian pyramid and aeiph pyramid for the "Cameraman" image.

The original image, level 0, measures 256 by 2%6Ipiand each higher level array is roughly hadf th

dimensions of its predecessor. Thus, level 1 meagust 128 by 128 pixels, level 2 measures jusiy64

64 pixels.

The process of pyramid generation can be continugid the image size is 2-by-2

pixel or one pixel. In this way, each successiwelleof Gaussian pyramid corresponds to
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lower frequencies. The possible numbers of Gaudewgls for “Cameraman” image are
shown in Figure 3.10.

Letlxdenote dy, level of Gaussian pyramid & image and let the averaging process
is performed by the function REDUCE [89].
91 = REDUCE(g;-4)

E
[~

& e |' : \'\. I n
(256%256) (128x128) (64%64)  (32x32) (16x16) (8x8) (4x4) (2x2)
Jo (o] (07] O3 04 Os Os o7

Figure 3.10:lllustration of possible number of levels in Gaasspyramid of Cameraman image.

For levels 0<d<d, thely, Gaussian level is given by
2 2

gy = Y ) Bmmgi, 2x+m,2y+n)

m=-2n=-2

Here d represents the number of levels am@m,n) refers to the generating kernel or
weighting pattern. For images, 5-by-5 generatingnéleof weightsiw is utilized to generate
each pyramid array from its predecessor. This geimgy kernel, is chosen subject to certain
constraints [172]. For simpticity we malge separable:

w(m,n) = ws(m)ws(n)

The one-dimensioal, length 5, functidg is normalized:

i w,(m) = 1 and Zz: wis(n) =1

and symmetric:
ws(x) = wy(—x) fori =0,1,2.
Thereforeiv (1) = wy(—1) and w,(2) = wy,(—2).
An additional constraint is called equal contribnt This stipulate that all nodes at a

given level must contribute the same total weigtif'4) to nodes at the next higher level. Let
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ws(0) = a, w,(1) = wy,(—1) = b, andw,(2) = w,(—2) = c. In this case equal distribution
requires thatz + 2c = 2b. These three constraints are satisfied when:
ws(0) = a
ws(=1) = ws(1) = 1/4
B.(-2) = W(2) = 7 — a2
Thus, pyramid decomposition can be obtained byalwing the imagey, with a set

of “equivalent weighting functiongy.

g1=h D go

M M

GG = Y ) hulmmge@x+m,2ly +n)

m=—-M;n=-M;
where M, is the size of equivalent function which does deuibom one level to the next

level. The equivalent functions double in widthiwgach level.

0.4 /
rl-1

hi(x)

1 1 1 1 1
2l (g (ot
Spatial Position

Figure 3.11: The equivalent weighting functiomgx) for nodes in Gaussian pyramid leveisinga =0.4.
Note that the resulting equivalent weighting fuons closely resemble the Gaussian probability tiensi

functions

The equivalent weighting function for Gaussiangomyid levell is shown in Figure

3.11, in which the value @f is chosen 0.4 to produce Gaussian-like shape.

3.4.1.2 LAPLACIAN PYRAMID DECOMPOSITION

The Laplacian pyramid comprises band-pass imagew las error images which are
obtained directly by taking the difference betwdée two adjacent levels of Gaussian
pyramids. Since these levels differ in their sang®asity it is necessary to interpolate new
sample values between those in a given level béfatelevel is subtracted from the adjacent

level. Therefore, Laplacian pyramid can be defimesdthe difference-of-lowpass filtered
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images. Expanding; to the same size ggs and subtracting yields the band-passed inkage

O O (256%256) 011 (256x256) 0> (256%256)

Figure 3.12:lllustration of Gaussian pyramid expanded to tlze sif the original image.

A Laplacian pyramid., L;, Lo, ... Lg.1, can be built containing band-passed images of
decreasing size and spatial frequency.
Let L, denote d, level of Laplacian pyramid and let the interpoigtprocess is performed by
the function EXPAND [89].
L, = g, — EXPAND(g;41),0< I < d

Since there is no imagR - 1 to serve as the prediction image gy we sayLq = gg.

Where the expanded image, ; is given by:

(x )—Zz: iv’t?(mn) (2x+m2 +E)
Ji+1\X%,y) = y ) g1 2,}’ 5

m=-2n=-2
The original image can be reconstructed from tEaeding band-pass images (each
level of Laplacian pyramid expanded to the siztheforiginal image) and summing:

Ol‘igional Image (go) = LO,O + L1'1+L2'2 ......... + Ld,dr with Ld,d = gd,d
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Each Gaussian level contains the lowpass versiaimeo original image of certain

spatial frequencies. The zero level contains altiapfrequencies while the highest Gaussian

Lo (256%256) L, (128x128) L, (64x64)
Lo, (256x256) L. (256x256) L, (256x256)

Figure 3.13:lllustration of Laplacian pyramid expanded to tiee ©f the original image.

tfit

+ L5’5 +oe oo

Figure 3.14:Reconstruction of original image from several sddtequency banddirst six levels of the

+ L1,1 + L2’2 + L3,3 + L4,4

Gaussian and Laplacian pyramid. Gaussian imageerupw, were obtained by expanding pyramid
arrays through Gaussian interpolation. Each lef/éi® Laplacian pyramid is the difference betwean t

corresponding and next higher levels of the Gangsj@amid.
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level contains lowest spatial frequencies. The cgdn of spatial frequencies across different
Gaussian levels can be clearly seen when the Gawupgramid "levels" are expanded to the
same size agp (Figure 3.12 ). Since the Laplacian pyramid isaoi®d from the adjacent
Gaussian levels, it consists of band-passed capiesginal image, at progressively weaker
edge details. To facilitate comparisons, the expdrdaplacian pyramid levels to the size of
the original image for the “Cameraman” image arewshin the bottom row of Figure 3.13.
Note that image features such as edges and baearapphanced in the Laplacian pyramid.
Fine edge details are prominentigy, while progressively coarser edge details are prent
in the higher level images. Therefore, each Lapla¢éevel contains the "edges” of a certain
size, and spans approximately an octave in sgeg@liency.

Since each Laplacian level is a good estimateaofikpass copies (spatial frequency
bands) of an original image. Therefore original g@@an be recovered from these Laplacian
levels by expanding and then summing. Figure 3hbdvs an image represented as a sum of

several spatial frequency bands.

3.4.2BASE LAYERSFUSION

Researchers have attempted to synthesize and negiplie features at several spatial

resolutions [113,173] that avoid the introductioh seam and artifacts such as contrast

adf

2y at different

reversal or black halos. In ADF approach, the bpass components &fL
resolutions are manipulated with the help Wfﬂ that determines pixel value in the

reconstructe(BL‘;df . The pyramid representation of BL expresses argéras a sum of

spatially band-passed images while retaining lspatial information in each band.

ADF approach begins by constructing a Gaussian npiyréB,fdf 0
GBI........ , GBA™% of ky, BL computed across the input exposure, whzBg”* is the

full resolution BL obtained from AD, andB,?df’d is the coarsest level of thg, BL in the

pyramid. Each level of Gaussian pyramid is the pass filtered and sub-sampled version of
the predecessor. Lowpass-filtering of BL is perfedrby convolving an input BL with an
equivalent weighting function, and then sub-samgtadremoving every other pixel and

every other row that yields a Gaussian pyramid:[89]

2 2
GBI = Z z P(m,m)GBY ™ (2x +m, 2y + 1) (3.19)

m=-2n=-2
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Herel (0<d<d) refers to the number of levels in the pyramid &nfl<k<N) refers to the
number of input BLs an@ () is an equivalent weighting function.
In ADF approach, the Gaussian pyramid is generatitd a = 0.4, which yields

more Gaussian-like equivalent weighting functions.

ExpandingGB,‘j“’lf'1 to the same size afSB,fdf'O and subtracting yields the band-
passed imagéBY. A Laplacian pyramid of input BLEBS™*°, LBX/, .. ... LBX? is

created by taking the difference of two consecut@wels of Gaussian pyramid that contains

band-pass images of decreasing size and sfratialency [89]:

LBI = GBI — EXPAND(GB!Y'™'),k=1......N and [ =0......d  (3.20)
and LBI"' = EXPAND(GB?) (3.21)
where the expanded imag ™" is the same size as ti&B """ and LB is the

level of Laplacian pyramid dé, BL. Each Laplacian level contains local spatidimation
at increasing fine details.

The patches extracted from the input BLs are useddxture analysis (i.e. local
range). The weight maps are calculated around epeml within a 3-by-3 window. The

value of the weighting function for each pixel dege on the maximum and minimum

intensity value of the neighbors within local windo Next, the Gaussian pyramid ch“df

calculated in Equation (3.18) is generated asdlo
2 2

GWeyi' = Z Z w(m,n)GWSY ' (2x +m, 2y +n) (3.22)

m=-2n=-2

wherel denotes the level of Gaussian pyramidk@fweight mapGWk“df'O, GWk“df'l, C
,GWk“df'dthat Is obtained in the range filtereidhage. HereGWkadf’0 is the full resolution
image ancGWkadf 4 is the coarsest level in the pyramid.

The Gaussian pyramid Y acts as weight map function that determines the

contribution of pixels from the BLs across all d¢fet multiple exposures. The Laplacian

pyramid ofks BL LB,‘fdf'l multiplied with the corresponding Gaussian pyramidwveight

map functionGW,**** and summing ovek yield modified and fused Laplacian pyramid
le,df ‘l(x, y):
N

L y) = ) LBE )G (2, ) (3:23)
k=1

51



Equation (3.23) is preferred over simple image agig fusion scheme. Because in
the case of image averaging, the output pixeldhéenftised image are an average of input
pixel's luminance values, which reduce noise infthal image, but the contrast of details is
compromised. Note, however, it is found that pyhfasion perform very well on BL fusion
when modified with the weight maps, and it produoese pleasing results with optimal
contrast enhancement.

Therefore, from Equation (3.23), the fused BL tbantains well exposed pixels is

reconstructed from modifiek%! by expanding and summing each level:

BLYY (x,y) = L3 (x, ) + L3 (6, ) + L2 (,) coe oo L3 () (3.24)

It is found that in ADF approach, the modificatioh Laplacian pyramid in top down
fashion eliminate underexposed and overexposednsdn the fused BL that leads to well-
exposed image without introducing objectionablé&ats. The proposed idea for BLs fusion
in ADF approach is illustrated in Figure 3.15.

3.5 CONSTRUCTION OF FUSED DETAIL LAYER AND DETAIL LAYER
ENHANCEMENT

The DLsDLIY, DL ... DL computed from Equation (3.16) contain the smaller
changes in intensity. There are mainly three patarsén AD that control the behavior of BL
and DL computation in ADF approach. Referring tou&ipn (3.11),t, and constanfi
determines the iterations and the rate of diffusespectively. The constant valé&can be
chosen manually or by using the “noise estimatooppsed by Perona and Malik [156]. As a
consequence, these three parameters can be variedderate texture details in the final
fused image. When, increases, adjacent pixels with large intensiffetences are ignored
(i.e. more smoothing at edges), which leads toeladgtails in the residual layers across
different exposures. However, &f, becomes too small, fewer details are preserveithen
residual layers across all of the input exposurgis smaller computational time. In order to

balance the computational time and details in tised image, ADF has fixed and suggested
te=1, 1 =% and 'K =30 in all experiments, which reveals reasonaldgdgresults. More

detailed analysis of effects of these free parammagegiven in the forthcoming section. In

ADF, two alternative options for constructimg?” have been proposed that manipulate
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texture details in the final detail enhanced fugsedge. Both the options can be utilized,

depending on the application.

| | | |
| | | | |

|Gaussian plangy  Laplacian plane | Gaussian plang; Modified | £ sed Pyramid : ) :
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Figure 3.15:BL manipulation and fusion: illustrating the conted framework of BLs fusion in ADF

approach. Note that for the concept simplicity ehee have generated the Laplacian pyramid of single

BL (BL:Y) and the Gaussian pyramid of the corresporidfjfif . WhereL3 LS............ L% are the

modified Laplacian pyramids of level zero BLs conguliacross all of multi-exposures.

3.5.1USER DRIVEN DETAIL LAYER MANIPULATION AND FUSION

In order to computepL?” having rich texture detail, ADF uses a constanigite
factor a; determined by the user (typical value is 1.2 inFABpproach; please see Figure
3.16(a)). TherL%¥ is obtained as a linear combination of the DLs coteg across the input

exposure:

N adf
DLL (x,y) = Z=t BBl (7) (3.25)
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This straightforward option allows the user to cohthe contribution of texture
details directly from the input DLs across all bétinput images. It is found that this simple
technique is effective to boost weak texture detail the fused image, but yield over-
enhancement at the strong edges. Furthermore, toputate DLs across all of the input
images precisely, thesis presents a second techthqtienhances weak details, while avoids

over-enhancement near the edges.

(b) User driven DL manipulation witly=1.2 (c) Sigmoid function based DL manipulation

Figure 3.16:Results of ADF approaclifa) Images representing multiple exposures of Hoflge;
Illustration of ADF result. Note that the fused igeacontains good details in brightly and poorly
illuminated areas with natural contrast. The fiagttires on the chair are accurately preseri@d.he DL
enhancement based on sigmoid function acrossealhffuts reveals more texture details in the fused

image and does not depict noticeable artifacts skeang edges.

3.5.235IGMOID FUNCTION BASED DETAIL LAYER MANIPULATION AND FUSION

In ADF approachthe second alternative option to enhance fine ldetaithe fused
image is based on monotonic non-linear activatiomction, where the resultant.’” is

computed as follows:

adf
DL (x,y) = Zzazs DL (x y)), k=1....N (3.26)

wherea, is a fixed weightd, = 2 is found to be suitable in ADF approach in mostes

ands(e) is the 1-dimensional sigmoid function:

1
S(ts) = m (327)
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wheret; € R is the independent variable adde R is a weight parameter of the sigmoid
function. As the Figure 3.16(b) shows, The DL erdesment based on sigmoid function
across all the input exposures reveals more textetails in the fused image and does not
depict noticeable artifacts near strong edges.rei§ul7 shows a 1-dimensional sigmoid with
different weight values. The weight parametsed in ADF approach was set to 27.

Let 4 be a fixed threshold to further control the shagmof sigmoid function, which
in manually chosen by the operator. The 1-dimeraisigmoid function with threshold is
given by:

1

«S(ts) = m (328)

In ADF approachéd is responsible for global contrast management. déiled
analysis of selection of these parameters is gimethe forthcoming section. Minai and
Williams [174] has presented the sigmoid with thidd as a neuron activation function in
artificial neural networks and recurrence relatidms calculating derivatives of any order.

The first derivative of sigmoid function is compdtas:
= as(ts)(1 - 8(ty)) (3.29)

“ISmall weighta=2

I / | = |
“r Small weighta=2 1w /\
Il 7
< a 1ol { \ |

1 N

@) (b)

Figure 3.17:The affect of weight (i.e2) on sigmoid function and derivative of sigmoid €tion: (a) The

sharpness of the sigmoid function in Equation (B\@Bies according to the value of weight. Wittgkar
value ofa, the sigmoid function becomes a threshold functibpThe first derivative of sigmoid function
in Equation (3.29) fofi=2 anda=3.

In contrast to enhance texture details, DLs carbéger handled by the sigmoid
function because there is a flexibility to increasedecrease their contribution in the final
fused image according to the available texturengtre in the input exposures. In ADF
approach, a DL manipulation and enhancement apipreath free parameters variation
flexibility is investigated.
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3.6 SUMMARY

This chapter has described texture features bagemkere fusion, which has
applicability to preserve details in poorly andghtly illuminated regions. In the
present method, the Gaussian pyramid of textureifes are utilized to modify the
Laplacian pyramid of the BLs computed across tipaiimultiple exposures and then
constructs a well-exposed LDR image by expandingn tsumming all the levels of
the fused Laplacian pyramid for the different BEsr preserving and enhancing fine
texture details in the fused image, a nonlineafuslién filter based on PDE is
investigated. In particular, the main contributioh this work is proposal of a
technique that fuses details in edge preservingnerafrom images captured at
variable exposure settings without the introductadnartifacts. In this approach, a
local range metric for fast calculation of weighgpnis designed and implemented.
Another conclusion is that, sigmoid function hasbetter response than linear
manipulation of DLs for enhancing fine details inetfused image. The work
presented in this chapter describes MRP based esgdsision framework for
preserving and enhancing texture details in thedusnage. Experimental results
demonstrated in Chapter 6 show that present apprimaproves strong edges and

weak textures simultaneously for better visual gption.

56



CHAPTER-IV

GUIDED FILTER BASED MULTI-EXPOSURE IMAGE
FUSION (GFF)

This chapter discus a detail-enhancing exposutierfapproach using NTF. With the
captured LDR images under different exposure ggtifirst the fine details are extracted
based on GF. Next, the BLs (i.e. images obtainechfNTF) across all input images are
fused using multi-resolution pyramid. Exposure, tcast and saturation measures are
considered to generate a weight map function thideg the fusion process of the BLs.
Finally, the fused BL is combined with the extracfene details to obtain detail enhanced
fused image. The goal is to preserve details it ety dark and extremely bright regions
without HDR image representation and tone-mappieg. Moreover, it will be demonstrated
in Chapter 6 that the GFF method is also suitabtenfulti-focus image fusion without

introducing artifacts.

4.1 INTRODUCTION

In GFF approach, the GF is preferred over othestieg approaches because the
gradients present near the edges are preserverhsdguGFF uses GF [124] for BL and DL
extraction which is more effective for enhancingtiiee details and reducing gradient
reversal artifacts near the strong edges in thedfumage. Multi-resolution approach is used
to fuse computed BLs across all of the input imadgége DLs extracted from input exposures
are manipulated and fused separately. The finaildemhanced fused image is obtained by
integrating the fused BL and the fused DL (please Bigure 4.1). It is worth pointing out
that GFF method essentially differs from [113], e¥hiaims at enhancing the texture and
contrast details in the fused image with a nondinedge preserving filter (i.e. the GF).
Moreover, it is demonstrated in Chapter 6 that plh@posed approach fuses multi-focus

images effectively and produces the result of visial details.
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4.2EDGE-PRESERVING GUIDED FILTER

In this section, the ability of GF [124] deriveiin local linear model is described to
preserve edges, and then show how it avoids gracbearsal artifacts near the strong edges
that may appear in fused image after DL enhancen@&fE seeks to maintain the shape of

strong edges in the fused image that appears d@xposure time variation across input

images.
»| Pyramid-based
Input BLs BLs Fusion
Exposures A
R :> Detail-enhanced
N GF Fused Image

DLs Manipulatio
& Fusion

DLs >

Figure 4.1: GFF based detail-enhanced exposure fusion framework

Encouraged by the efficient edge preserving cédipalif GF, GFF will preserve
weak texture details across input exposures withdrgducing gradient reversal artifacts. To
examine the effectiveness of GF for separating W show a 1-D illustration of edge-aware
smoothing in Figure 4.2. We notice that the BL cated from GF is consistent with the
input image near the strong edges which can awalgk ftexture detail extraction in DL
computation compared with the BF filtering method.

GF was developed by Kaiming et al. [124] in 20%0aa alternative to BF [167] and
AD [156]. It is an edge-preserving filter where tfilgering output is a local linear model
between the guidancEand the filter outpuy. The selection of guidance image will
depend on the application [124]. In GFF implemeatatan input imager and guidance

imagel¢ are identical. The output of the GF for a piixil computed as a weighted average:
q; = z Wi (I9)p; (4.1)
j

where(jj) are pixel indexes andj; is the filter kernel that is a function of guidarioeagel®,

and independent of input imageSuch type of filter is linear with respectito
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The BF [167] is a well-known explicit weighted-aage filter in which Gaussian
kernel based on the distance between the pixeldhendange based on intensity differences

are utilized to compute kernel weigm$f}f :

2 2
1 X; — X; £ =1
Wi’b]_f:%iexp<_” lasz,ll )exp (_ |17 ag] I ) 42

wherex is the pixel coordinate ar; is a normalizing parameter to ensure @p\t/llif’jf =1.
The width of spatial domain Gaussians kernel gemsitivity of the spatial similarity)
and intensity domain Gaussians kernel (i.e. seitgitiof the range (intensity/color)
similarity) is controlled by the standard deviatjparameters, andao, respectively.
Another option is implicit weighted-average fikewhich optimize a quadratic cost
function and solve a linear system:
Mq=p (4-3)
whereq andp areN-by-1 vectors concatenatirg andp;, respectively, and( is anN-by-N
matrix only depends oh®. The solution to Equation @), i.e.,q = M ~1p, has the same
form as Equation (4.1), with;; = (M ~1),;.

Letqgbe a linear transform df in a window centered at the pixel
qi = aﬁIlG + bﬁ,Vl € Wy, (44)

wherea,, , by, are the linear coefficients assumed to be constamindoww, centered at the
pixel £ and calculated in a small square image window rafdaus (2+1)x(2r+1). The local
linear model Equation (4.4) ensures thdtas an edge (i.e. discontinuities) onlyifhas an
edge, becauséq = aVI¢ . Herea, andb, are computed withim, to minimize following

cost function:

Eapbe) = ) ((anlf +by—p) +2d3) (4.5)

i€y
whereg is the regularization term on linear coefficient for numerical stability. The relation
given in Equation (4.5) is a linear regression [linbwhich data are modeled using linear
predictor functions, and unknown model paramets¥seatimated from the data. The detailed
description of regression analysis tolls is giverthe Chapter 5, Sub-section 5.4.1. Therefore
a, andb, are estimated by minimizing the squared differdret®veen the output imageand

the input imagep. The significance of selection of window size aethtion ofe with the
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bilateral kernel [167] is given in [124]. In thikesis, GFF usas=2 (i.e. 5x5 square window)
ande =0.01.

Input Signal

Base layer /; \ / \—‘E/ /“

B

Detall Layer

A
AN n] oy AL e i T AT W AUTARY A
1
¥

(a) BF (b) GF

Figure 4.2:1-D illustration of BL and DL extraction using: (Bf; and (b) GF.

The linear coefficients used to minimize the chsitction in Equation (4.5) are
determined by linear regression [175].

1 _
mZiew Ifpi — waPr

a% 0_2 Te (46)

by =Pr — aplis (4.7)

B 1

Pp = Tol Z Di (4.8)
iEa)/a

The full derivation of the computation af, andb,, is available in Appendix A. In
Equations (4.6, 4.7 and 4.8), ando; are the mean and variancelffin w,, , |w| is the

number of pixels i, , andp,, is the mean gp in wy .

The linear coefficienta, andb, are computed for all patchesg, in the entire image.
However, a pixel is involved in all windowso,, (please see Figure 4.3) that contaiss the

value ofq; in Equation (4.4) will be different for differemtindows.

1
%= 100 Z (apli +by) (4.9)
Ril€wy,
As shown in Figure 4.3 (a), all local windows @et at pixek in the windowi will
contain pixel. So, the value of; in Equation (4.4) will change when it is computed
different windowsw,. To solve this problem, all the possible valuesafficientsa, andb,,

are first averaged. Then, the filtered output i2arined as follows:

q; = (@I + b)) (4.10)
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Herea; andb; are computed as:

1 Z _ 1
a;, = — a, and b-=—Zb 411
L leﬁew. £ L |(l)| V3 ( )

/Lewi
In practice, it is found tha@; and b; in Equation (4.11) are varying spatially to
preserve strong edges Kf in q i.e. Vg=a;VI Therefore,q computed in Equation (4.10)

preserves strongest edgeginwvhile smoothing small changes in intensity.

(a) lllustration of 2-D window choice. (b) A 1-D example of an ideal step edge.

Figure 4.3: Window selection for GHa) lllustration oflocal windows centered at pixg!in the windoww;;
(b) Example of ideal step edge of a 1-D signal. Fefralow that exactly centers on the edge, the viasab

ando are as indicated.

4.2.1 EDGE-PRESERVING PROPERTY OF GUIDED FILTER

For instance, Figure 4.4 shows examples of thea§&En edge-preserving smoothing
operator with various sets of parameters. It canliserved that the edge-preserving property
of guided filtering can be controlled by tuning tihee parametersandr. Figure 4.5 shows
the corresponding DLs produced from GF smoothinghef images in Figure 4.4. The
resulting DLs yield fine texture that are extracteyl taking the difference between the
original images and the guided filtered images showFigure 4.4, and the effects of various
free parameters used in guided filtering are v&siblFigure 4.5. Notice that the coarsening is
increased by increasing the values of free parasetndr. It is found that the most of the
fine textures have been filtered away from the sestr image, which are perfectly
reconstructed in the DL.

The edge-preserving smoothing property of the BR lbe explained intuitively as

following. If we consider that input image and garide image are identical (i.6. = p). In
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this casea, = 03 /(02 + €) in Equation (4.6) and, = (1 — a)p, in Equation (4.7). It is
clear that ife = 0, thena, = 1 andb, = 0. If ¢ > 0, we can consider two cases.

Case 1: “High variance.” If the imad€ changes a lot withim 4, we haves; > ¢, so

ap =~ 1andb, = 0.

Case 2: “Flat patch.” If the imagé is almost constant im,, we haver; < ¢, so

ap =~ 0andb, = u,.
Whena,, andb, are averaged to g&t andb,, combined in Equation (4.10) to get the output,
we have that if a pixel is in the middle of a “higariance” area, then its value is unchanged
(a=1,b=0,q = p), whereas if it is in the middle of a “flat patchfea, its value becomes
the average of the pixels nearlay£ 0, b =~ u , q = fi).

More specifically, the criterion of a “flat patclet a “high variance” one is given by
the parametes. The patches with variance¥) much smaller thas are smoothed, whereas
those with variance much larger thamre preserved. The effect ©in the GF is similar to

the range variance? in the BF Equation (4.2): Both determine “whatais edge/a high

variance patch that should be preserved.”

Input Image

e=0.1 =04

Figure 4.4: Edge-preserving property of the GF and the efféftee parameters.
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Input Image

£=0.4 £=0.8

Figure 4.5: The DLs computed for different parameters settinged in GF.

422 GUIDED FILTER KERNEL

We point out that the relationship amdfig p, and q given by Equation (4.6),
Equation (4.7), and Equation (4.10) are indeedhénform of image filtering Equation (4.1).
In fact, a, in Equation (4.6) can be rewritten as a weightaoh ®fp:a, = ZjAkj(IG) Dj
where 4;; are the weights only dependenti6n For the same reason, we also haye=
Y By;j(I%)p; from Equation (4.7) ang; = Y,; W;;(1°) p; from Equation (4.10). It can be
proven that the kernel weights can be explicitlpressed by:

1 (1 . (I —up)Uf — I%))

w|? o2+ ¢
o] Rl DEWS &t

The edge-preserving smoothing property can alsonoerstood by investigating the
filter kernel Equation (4.12). Take an ideal stejges of a 1D signal as an example (see
Figure 4.3 (b)). The term§ — u,, andIf — u, have the same sign (+/-) whéh andIf are

on the same side of an edge, while they have ofgpsegins when the two pixels are on
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. . . . 18 —pp) (% - ]
different sides. So in Equation (4.12) the tarm% is much smaller (and close
#

to zero) for two pixels on different sides thantbe same sides. This means that the pixels
across an edge are almost not averaged togethercawealso understand the smoothing

effect ofe from Equation (4.12). When; « ¢ (“flat patch”), the kernel becomét; (1¢) =

1

lw]?

k(i j)ew,, 1 - This is a Linear Translation-Invariant (LTI) lopass filter (it is a cascade

of two mean filters) [115].

4.3 BASE LAYER AND DETAIL LAYER EXTRACTION

Let BLY'/ (x,y) is the BL computed from GF in Equation (4.10).(B&Y (x,y) =
q;) for ks input image denoted bl (x,y). The DL is defined as the difference between the

GF output and the input image, which is defined as:

DL (x,y) = I(x,y) — BLY (x,y) (4.13)

4.4 WEIGH MAP CONSTRUCTION

In GFF method, saturatiof8A), contrast(COy), and exposureE)X) measures are
considered to generate a mask that guides thenfpsacess of the BLs. The saturation [176]
of a color described the intensity of color in gfetograph which would be useful to produce
well exposed pixels in the fused image. When imagsaptured at long exposure setting the
color details present in the brightly illuminatete@s become less saturated. A desaturated
photograph will look washed out and has overly ¢adelors. The approach proposed in the
thesis would avoid desaturated pixels by produtihmgweight map with saturation measure.
The saturation measusé;, is computed foky, source image as the standard deviation within
the R, G, and B channel, at each pixel. The mattieahalescription of SA, is given in
Chapter 5, Section (5.3).

Contrast is determined by the difference in lumg®or color within the same field of
view that makes an object distinguishable. Theaese of HVS is more sensitive to contrast
than absolute luminance. In other words, the masinaontrast of a photograph can be
determined by the ratio of the luminance of thelest color (white) to that of the darkest

color (black), which is known as contrast ratidDdR. In order to measure local contrast, GFF
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used isotropic derivative operator [177]. The igpic derivative of an imagix,y) having two

independent variables, denoted BY(x, y), is defined as:

0%1(x,y) 9%I(x,y)
2 —
Vel(x,y) = 922 + 3y7 (4.14)

For digital images, the second order derivativihex-direction is estimated as:

0%1(x,y)

= 10+ 1Y) +1(x = 1,y) - 21(x,9) (4.15)

and, similarly in the y-direction is estimated as:

9%1(x,y)

oy~ [y + D +1C0y—1) =210 (4.16)

From Equation (4.14), two-dimensional Laplacianerapor can be obtained by
summing Equation (4.15) and Equation (4.16) as:

Vi(x,y) =1(x+1,y) +I1(x—1,y) +I(x,y + 1) + I(x,y — 1) — 41 (x,y) (4.17)

This Equation (4.17) can be implemented in an imbgeconvolving the image with the
following 5-by-5 mask:

¢ Pixel-in-interest in image o «~” 55 Filter Mask >

(x—-1y) (24y) (x+1) 1 -4 1
x-1Ly—-1) (xy—-1) (x+1,y—-1) 0 1 0

x—Ly+1) Cey+1) (+Ly+D] [0 1 o0
® [ ] (4.18)

If the image is of pixel intensities are betweeand 1. A correctly exposed picture is

one that has intensities not near zero (under-&fosr one (over-exposed). Therefore, a

pixel is said to be well-exposed if intensity vaigeclose to 0.5 [113]. The weight intensity

value ) of each pixel afx,y)location based on how close it is to 0.5 usingpass curve:

(i—0.5)2)

EX(x,y)=e <_ 26 (4.19)

wheres equals 0.2 in GFF implementation, which can cdritre quality of the fused image.
When computing the weights in GFF, the fusion penémnce will be worse when the value of
o is too large or too small. In this paper, the diéfparameters is set as= 0.2. In order to
balance the brightness in fused image, we havedfthats = 0.2 generates reasonably good

results for most of the cases. To account for mleltcolor channels, GFF apply the Gauss
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curve to each R, G, and B channel separately, anltiphg the results for computing final

exposedness measutk,.

The weight map function used in GFF approach mpged as the product of three

quality metrics:

W (x,y) = SAL(x,¥) X COL(x,y) X EX;(x,y) (4.20)

(a) Under-exposed  (b) Saturation (c) Contrast (e) Combined

(d) Exposure
image measur measure measur measure from (4.16)

(f) Over-exposed (g) Saturation xsure () Combined

(h) Contrast
image measur measure measur measure from (4.16)

Figure 4.6: lllustrations of saturation, contrast and exposueasures used for weight map computation in

GFF approach.

4.5 BASE LAYER FUSION BASED ON MULTI-RESOLUTION PYR AMID

In GFF based exposure fusion framework, the le!edBLf’,f T (x, y) is computed as

the weighted sum of the BLs obtained from 8E'/ (x,y), BLY (x,y)........ BLY (x,y)
obtained acrosBl input exposures. GFF uses the pyramid approagbopeal by Burt et al.

[89], which generate Laplacian pyramid of the BRY'/*(x,y) and Gaussian pyramid of
weight map functionsGWkgf 4 'l(x, y) estimated from three quality measures (B&(i,j),

CO(i,})), andEX(i,})). The Laplacian pyramid and Gaussian pyramid los Bnd weight map
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function are computed in similar manner as computedlDF approach, respectively. Hdre
(O<I<d) refers to the number of levels in the pyramid krfil<k<N) refers to the number of
input images.

The Laplacian pyramid ofk,, BL (LBZ/''(x,y)) is multiplied with the
corresponding Gaussian pyramid of weight r’r(dm/kgff'l(x, y)) and summed ovek yield

modified and fused Laplacian pyrarm'&’ 4 'l(x, y):

N
L e y) = ) LB ey G ) (421)
k=1

The BLf’,ff (x,y) that contains well exposed pixels is reconstrudbyd expanding and
summing each level of modified and fused Laplapramid:

d

BLf’,ff(x, y) = Z L}sz'l(x, ) (4.22)
1=0

4.6 DETAIL LAYER FUSION AND MANIPULATION

The DLs computed in Equation (4.13) across all itiiut exposures are linearly

combined to produce fused detail |aXHI1€f f (x,y) that yields combined texture information:

Shoovfi (DL (o))
N

DL (x,y) = (4.23)

wherey is the user defined parameter to control amptfificeof texture details (typically set to
5) andf, (¢) is the nonlinear function to achieve detail enhamaet while reducing noise and
artifacts near strong edges due to over-enhancer@éikt follow the approach of [157] to

reduce noise across all DLs. The non-linear fundfig(e) is defined as:

fi e, ) = p(DLY (2, )% + (1 = p)DLY (x,) (4.24)

wherep is a smooth step function equal to Outiff(x, y) is less than 1% of the maximum
intensity, 1 if it is more than 2%, with a smootarisition in between and the parametgiis
used to control contrast in the fused DL. Whilésifound thate; = 0.2 is a good default

setting for all experiments.
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Finally, the detail enhanced fused ima@éf(x, y) is easily computed by simply
adding up the fused BBL‘,’;ff(x, y) computed in Equation (4.22) and the manipulateddus
DL DL/ (x,y) in Equation (4.23):

197 (x,y) = BLY (x,y) + DLY (x,y) (4.25)

4.7 SUMMARY

In this chapter the edge-preserving property of i&Fextended to BL and DL
decomposition, which has applicability to avoid staltexture detail extraction in DL
computation. The two layer decomposition based &nisGused to extract fine textures for
detail enhancement. In the present method, the BiifPoach is used for the fusion of BLs,
and the utilization of contrast, saturation andlve@gposedness for the calculation of weight
map is investigated.

An alternate approach for DL enhancement using-lm@ar function has been
described. By this approach the over-enhancemesitarig edges in the fused image to be

avoided.
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CHAPTER-V

WLS FILTER BASED MULTI-EXPOSURE IMAGE FUSION
(WLF)

This chapter describes a novel technique for exgodusion in which WLS
optimization framework is utilized for weight magfinement. Computationally simple
texture features (i.e. DL extracted with the hdigage preserving filter) and color saturation
measure are preferred for quickly generating weigaps that control the contribution from
an input set of multi-exposure images. Instead ofipleying intermediate HDR
reconstruction and tone-mapping steps, well-exp@issed image is generated for displaying
on conventional display devices. A further advaatafjthe present technique is that it is well
suited for multi-focus image fusion. In Chapters@nulation results are compared with a
number of existing single resolution and multi-legon techniques to show the benefits of
the proposed scheme for variety of cases.

5.1 INTRODUCTION

The block diagrammatic representation of detailamaled WLF framework is shown
in Figure 5.1. WLF uses edge preserving filter dagse PDE for two-scale decomposition
that separates sharp details and fine details @acvasous input images with different
exposure levels. The current state-of-the-art ntefloo automatic exposure fusion exploits
the capability of edge preserving filter [156] tengrate weight function that guides the
fusion of different exposures based on two-scaleonposition. WLF proposes WLS
optimization [133] and sigmoid function based weighap refinement for BLs and DLs
fusion, respectively. Farbman et al. [133] hasa#td WLS filter to construct a multi-scale
edge-preserving decomposition multi-scale tonedetdil manipulation. To achieve optimal
contrast in the fused image present approach develo appropriate mask based on weak
textures and color saturation measure for commagsithulti-exposure images. The WFF

approach is applicable for the fusion of broad eaofjtextured images.
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Figure 5.1: lllustration of WLS filter based proposed frametvtinat consists of three principal blocks. (1) BL
and DL extraction. The input images are transforméaltwo scale decomposition. (I1) Weight map
construction and refinement. (Ill) Weighted fusmirBLs and DLs. The BLs and DLs across input image

series are fused using simple weighted averageapipr

Texture features [178] refer to the characterizatod regions in an image by their
spatial arrangement of color or intensities. Imégdures are one way that can be used to
help in classification of images [179]. Weak edgestexture information are the ideal
indicators to detect over (or under) exposed region the image [111]. Raman and
Chaudhuri [111] employ a BF for compositing multpesure images, in which weak edges
were considered to design weight map. Interestjriglys an analysis of weak textures seems
to be the definition of perceived contrast. WLFeskadvantage of such possibility and
design the appropriate matting function based on fADexposure fusion. The detailed
description of AD filter is given in Chapter 3.

To analyze an image texture, there are primarily &pproaches; structural approach
and statistical approach. Structural approach assst of primitive texture elements in some

regular or repeated pattern to characterize speglationship. While statistical approach
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defines an image texture as a quantitative measiutee arrangement of intensities in a
region. In general later approach is easier to egenpnd is more widely used in computer
graphics applications, since natural textures aadarof patterns of irregular sub-elements. It
has been noticed that simple averaging to fuselsiétam multi-exposure image data yields
low contrast in the fused image: especially in g and poorly illuminated areas. In the
present approach, texture details will decide tbetrtdbution of corresponding pixel from
different exposures in the fused image. A richuexidetails means a maximum contribution,
which tells that image block has higher weight dgrihe fusion process. Such metric is used
to quantify the perceived local contrast of an imamder different exposure settings and
allows discarding under exposed and overexposezlgpiXherefore, to handle under exposed
and overexposed regions, WLF propose a texturareanalysis based on AD [156] that has
the applicability to design weight map functionsk®wn in Figure 5.1. The goal of present
work is to exploit the edge preserving propertyAdf to produce well exposed image from
input images captured under different exposuranggstt The detailed description of AD
based two-layer decomposition and weight map coatjout is given in the later sections.
The main contributions in the present WLF appraaehhighlighted as:
1. Two-scale decomposition based on AD is propdsethst exposure fusion, which
does not require optimization of number of scalesequired in the traditional multi-
scale techniques.
2. A novel weight construction approach is proplogecombine texture features and
saturation measure for guiding image fusion precésr weight map construction,
WLF seek to utilize the strength of texture detaihder the change of exposure
setting that takes place between an under-expmsgédn over-exposed image. WLS
filtering is proposed for weight refinement for 8&LFurthermore, fast sigmoid
function based weight map generation for DLs ppsed that reduce computational
complexity of the algorithm.
3. The important contribution of this paper is thdvantages include ease of
implementation, quality of compositing, and theoypsion of DL enhancement
without introducing artifacts.
A new type of exposure fusion technique is deveddpeavoid the limitation of conventional
digital camera to handle the luminance variatiothmentire scene. The primary focus of this
paper is the development of a fast and robust expdsasion approach based on local texture
features computed from edge-preserving filter. kininost previous multi-exposure fusion

methods, we build on AD, a non-linear filter inttmeéd by Perona et al. [156] in 1990 that
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has the ability to preserve large discontinuitiedges). It derives from magnitude of the
gradient of the image intensity and controls diffusstrength in the image to prevent
blurring across edges. As such, the algorithm impleted (please see Figure 5.1) include
four steps:
1. A first step, in WLF algorithm, is two-scalecdenposition based on AD which is
used to separate coarser details (BLs) and fimtaild (DLs) across each input
exposure.
2. Weak textures (DLs computed in the previoup)sésd saturation based weight
mask generation which provides precise contraooftribution of well exposed pixels
from input image series.
3. WLS filter and sigmoid function based weightpm&finement is performed for
coarser details and finer details computed irfitsestep, respectively.
4. Weighted average based blending of coarserglatad finer details is performed
to form a composite seamless image without blgrian loss of detail near large

discontinuities.

5.2 EXTRACTION OF COARSER DETAILS AND FINER DETAILS

Edge preserving filters have received consideradtiention in computational
photography over the last decade. BF [167] and AB6] are the most popular edge-
preserving operators. Standard BF uses distancasighboring pixels in space and range.
The space-varying weighting function is compute@ apace of higher dimensionality than
the signal being filtered. As a result, such fdteave high computational costs [180]. AD has
led to an excellent tool for smoothing fine detaifsan image while preserving the coarser
details (i.e. edges). It is modeled using PDEs lzakd on non-linear iterative process. The
diffusion Equation (3.11) is used for BL and DL qmmation. The BL and DL in WLF
approach are computed as follows:

BLY (x,y) = Al (x,y)) and DIV (x,y) = L(x,y) — BLY (x,7) (5.1)
wherek =1...........N
where A(+) is the AD (edge-preserving filter) applied on inpmage. The detailed
description of AD is given in Chapter 3.
The well exposed fused image using WLF approadiiven by

1’V (x,y) = BLYY (x,y) + DLYY (x,y) (5.2)
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WhereBL‘,",’lf is the fused BL that maximizes the coarser detitoss all of the input BLs
BLYY, BLYY ... BLY, and DLYY is the fused DL that maximizes the finer details

across all of the input DLBLYY, DLYY ......... DLYY computed against all input exposures.

5.3 WEIGHT ESTIMATION

The motivation behind weight map computation isyield non-linear adaptive
function for controlling the contribution of pixefsom BLs and DLs computed across all

input exposures.

Interestingly, the DL computed fég, source imageEDL‘,"(’lf) in Equation (5.1) yields
analysis of weak textures that seems to be theatwl of contrast variation in the image.
WLF adopted such metric to quantify the perceivaxhl contrast of an image under different
exposure settings and allow discarding under expasd overexposed pixels.

Furthermore, in order to accomplish optimal caosttr@and color details in the fused
image, WLF additionally incorporate the color sation measureSA) to the final weighting
function. In practice foky RGB source image5A is computed foky, source image as the
standard deviation within the R, G, and B chanaegach pixel.

1
SA(x,y) = jg{[R(x, y) = u(e ) + (60 y) — ulx, )12 + [B(x, y) — u(x, y)]%}

1
where u(x,y) = 3 [R(x,y) + G(x,y) + B(x, y)]
As shown in Figure 5.1, in order to remove théuierces of under-exposed and over-

exposed pixels for producing well-exposed image,tito image features i.d),L‘,"(’lf andSA
are combined together by multiplication to estin@imbined feature$-R).
FR(x,y) = DL (x,y) X SA(x,y) (53)
ThenFR is convolved with the symmetric Gaussian low pgassel (J) having 5x5
kernel sizg(ry) with standard deviatiofwy,) 5 to construct the saliency maphi.
SMy. = |FRi| * Urq,
Next, the saliency maps are compared to detertheneveight maps as follows:
W (x,y)

_ {1 if  SMp(x,y) = max(SMl(x, ), SM,(x, V), v een e SMy (x, y)) (5.4)
0 otherwise
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whereN is the number of source images &d; is the saliency value of the pixel at location

(x,y)in theky, image.

5.4 WLS FILTER BASED WEIGHT REFINEMENT

This section presents WLS optimization [133] amghmwid function based weight
map refinement approach to obtain noiseless andtnveeight maps. First, WLS filtering is

performed on each weight mm‘”lf with the corresponding source image serving as the
source image for the affinity matrix [133]. The WIiisSthe most commonly used statistical
regression analysis model [181]. The motivation ileéhweight maps refinement is as
follows. The fusion rules (weight map) computedEquation (5.4) are hard (the value of
weight maps are changing abruptly), noisy and digned with the object boundaries.
Weight maps need to be as smooth as possible, apak changes in the weight maps will

introduce seam and artifacts in fused image.

5.4.1REGRESSION ANALYSIS

Regression analysis is a standard tool to proviagationship between predictor
variable (or independent variable) and responsiblar (or dependent variable). The most
important application of regression analysis tedhidata fitting. Least square is an approach
that requires a parametric model in fitting procelse resulting fitted model requires an
estimate of the model coefficients which are calleallnowns. Therefore, the ultimate goal of
regression analysis is to find the unknowns forrtteelel which "best" fits the data.

To obtain the coefficient estimates, the leastasgs method minimizes the sum of
square of residuals. The residual for thelata poin#; is defined as the difference between
the observed response valyeand the fitted response valile and is identified as the error
associated with the data.
residual (¥;) = data (y;) — fit(p,) (5.5)
Equation (5.5) can be defined as the differencevéat the actual value of the dependent
variable and the value predicted by the model:
¥ =y, — (%, B) (5.6)
where ;is an independent variable arfd ;, f)is a model function with adjustable
parameters or unknowns held in the veqorThe Linear squares problem is said to be
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overdetermined if the is greater than the number of unknowns, the sumgagre ofr;is

given by
n n

S=) =05 (5.7)
i i

= 0y FOwB? (5.8)

wheren is the number of data points included in the il & is the sum of squares error
estimate.

The least-squares problems fall into two categotigear least squares and non-least
squares, depending on whether or not the residualsnear in all unknowns [181]. A linear
model is defined as an equation that is lineahegarameters to be estimated. To illustrate
the linear least-squares fitting process, suppas@aven data points that can be modeled by
a first-degree polynomial.
y=pin+ P (5.9)

This model represents a straight line in two disi@ms. To solve this equation for the
unknown coefficient®, andg,, we writeS as a system of simultaneous linear equations in
two unknowns. Iin is greater than the number of unknowns, then yetes of equations is

overdetermined.

S =D 0= (Buxi + 5 )? (5.10)

Because the least-squares fitting process minsnibe summed square of the
residuals, the coefficients are determined by dbfi@atingS with respect to each parameter

(i.e. unknown), and setting the result equal t@zer

as -
= =2 sy~ B+ ) = 0 (5.11)
b i=1

S -
= =2 (5= B+ ) = 0 (5.12)
9 i=1
Substitutingb; andb, for 8, andg,, the previous equations become:

n
z wi(y, = (b +b3) ) = 0 (5.13)
i=1

n
Z(yi — (b +by) ) =0 (5.14)
i=1
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The normal equations are defined as

n n n
b, %f+b22%i=2%iyi
i=1 i=1 i=1
n n
blz%i +nb2 = Z‘)}l
i=1 i=1

Solving forb,

b = nz?:ﬂfi)’i - ?:1”1’2?:1%-
' nyn — (X, #)?

Solving forb, using theb; value

1 n n
b, = ;(Z)’i — by Z”i)
i=1 1

i=

(5.15)

(5.16)

(5.17)

(5.18)

In various practical applications the assumptibrcanstant error variance which is

also known as homoscedasticity of variance is teolaLet us consider the case where the

data is of unequal quality and, therefore, has aoetations exist among the observed

variances which is known as heteroscedasticity J[182 such type of cases some

observations are important than the other and ned@ given more weights to important

observations. In Figure 5.2 the examples of honuastec and heteroscedastic data set of the

least squares estimator for straight lines areigeaV
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Figure 5.2: lllustration of uncorrelated variances. (a) honeakssticity: there is certain correlation between

variances across individuals and (b) heteroscaitgstihere is no correlation between variancesser

individuals.

If, however, the measurements are uncorrelatechawe different uncertainties, an

ordinary least squares approach yields underdgiton over-fitting. To improve the fit, an
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additional scale factor (the weight) is includedtive fitting process for minimizing the

weighted residual sum of squares:
n n

S = Z Wir? = Z W; (v, —,)? (5.19)
i i

whereW; is a non-negative valued weight given to thebservation.
The expression given above is known as WLS estman which the weights are
inversely proportional to the corresponding varemoints with low variance will be given

higher weights and points with higher variancegven lower weights:

1
Wi=— (5.20)

WLS is a robust regression analysis model in wioigtliers are given less weight to

improve fitting. Suppose that we have model giverEguation (5.9), the weighted least

squares estimates ¢, andg, minimize the quantity

S = Wiy, — Buei + 2))? (5.21)
i=1

The WLS estimates or unknowns are formulated as

?zlwi(%i - }'?W) (yi _j/w)
oA Wity — 71p)?

b, = (5.22)

wheresy, andy,,, are the weighted means

_ o1 Wint; _ i=1 W,
Ry = n W: and .yW = Ztl W:
l =1 L

i=1

(5.24)

For example, the result of fitting a straight liluectiony, = B,x; + B, through a set
of data points(x;,y,): (1,5), (2,6), (3,7) and (4,9) is shown in Figur& %a). In the plot
shown in Figure 5.3 (a), the residuals for datantso3 (i.e. -0.4) and 4 (i.e. 0.3) are shown in
red line. We can notice that the least residuabigined for data point 2 (i.e. -0.1) and the
sum of square of the residuals for all data pdiits 0.3. Moreover, for randomly generated
data points with normally distributed noise (in @mg the least squares line of best fit (in

blue), is shown in Figure 5.3 (b).
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Figure 5.3: lllustration of least squares line of best fif) i@ast squares line of best fit for four data p®in
(1,5), (2,6), (3,7), (4,9); (b) least squares lndest fit for randomly generated data points witiimally
distributed noise; (c) WLS line of best fitr randomly generated data points with normalbtributed noise

and (d) WLS line of best fit for randomly generatiada points with normally distributed noise.

Exponential weighting function is a standard ckdimr weighting function [183]. The
formula for the exponential weighting function wchally weighted linear regression is given
as

M) (5.25)

202
Note that the weights depend on the particularygpeint at whichx need to be

Wizexp( -

evaluated. x; — x| is small, ther?V; is close to 1; and ifi; — x|is large, therWW; is small.
The parametef controls how quickly the weight of a training exaemfalls off with distance

of its »; from the query poink; ¢ is called the bandwidth parameter. The WLS regoass
analysis using exponential weighting function inugtion (5.25) on two different types of
data sets is shown in Figure 5.3 (c) and (d). lRleede that the fitted curve passes through
the data points perfectly. Notice that least sguédire of best fit tends towards a classical
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straight line fit ag — oo, and for smaller value @1, the measured and predicted values are
almost on top of each other. Therefore, for a higladue of¢, the predicted value is close to

the curve obtained from the no weighting case.

5.4.2 EDGE PRESERVING PROPERTY OF WLSFILTER

Consider the basic linear transformation equatistussed in Chapter 4, and is
rewritten in Equation 5.28 as follows:
§; = Aplf + by, Vi € wy, (5.26)
WLS [133] based edge-preserving operator may é&ead as a compromise between
two possible contradictory goals. Given an inpuagep, we seek a new image which, on
the one hand, is as close as possiblg, tand at the same time, is a smooth as possible
everywhere, except across significant gradienis ifio achieve these objectives we seek to

minimize the following quadratic functional:

> (@ + 0 (e Copme (g-i)) (527)

i€wp
where the subscript denotes the spatial location of a pixel. The golakthe data term
(§; — p))? is to minimize the distance betwegnandp, while the second (regularization)
term strives to achieve smoothness by minimizing tartial derivatives df. The
smoothness requirement is enforced in a spatiallying manner via the smoothness weights
cx anddy, which depend om. Finally, ¢ is responsible for the balance between the two
terms; increasing the value pfresults in progressively smoother images

The linear coefficients used to minimize the chsiction in Equation (5.26) are

determined as follows:

1 _
mzl‘e% Ifp — 1gby

ay T (5.28)
O';L + Hl/JP
by = Pr — apis (5.29)
B 1
Pp = Tol Z Di (5.30)
l'E(A)/a

The full derivation of the computation @fy anda, is available in Appendix B. In

Equations (5.28)R is the regularization term given in Equation (5:31
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A2 A2

P =) (52) +a.0) (5)) (531)

i

5.4.3 WEIGHT MAP REFINEMENT FOR BL

Using matrix notation we may rewrite Equation @.i following quadratic form:
@-p)"(@—p) +¥(q"07V,0.4 + 370} V,,0,9) (5.32)
Here Vy andV, are diagonal matrices containing the smoothnesghtgec,(v) and dy(v),
respectively, and the matric€ andOy are discrete differentiation operators.

The vectorg that minimizes Equation (5.32) is uniquely defiredthe solution of the linear
system

(aent +¥Ly)q = p, (5.33)
where lgent is the identity matrix and., = 07,0, + 0]V,0,. Modulo the difference in
notation, this is exactly the linear system useflLéb], where it was primarily used to drive
piecewise smooth adjustment maps from a spars# sehstraints.

In the present approact and Oy are forward difference operators, and heage
and 0; are backward difference operators, which means lthas a five-point spatially
inhomogeneous Laplacian matrix. As for the smoatbneeights, we define in the same
manner as in [165]:

o
0

~( 4 g'> (5.34)

“ N\ ot
+ & and d,;(p) = |@ ()

Cx,i(p) = <

where ¢ is the log-luminance channel of the input imggethe exponentr, (typically

between 1.2 and 2.0) determines the sensitivitthéogradients op, while " is a small

constant (typically 0.0001) that prevents divisiop zero in areas wherp is constant.
Equation (5.34) tells us thatis obtained fronp by applying a nonlinear operatay,

which depends op:

4= Zy®) = aene + WLo)™p (5.35)
The proof of Equation (5.35) is given in Appendix In the present approach, let us

assume tha,, , . (p) represents the WLS filtering operation on inputVherey, a,, and

¢’ are the parameters which decide the degree ofthmess, sensitivity to the gradients and

small constant of the WLS filter, respectively.WLF methodeWlf computed in Equation
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(5.4) serves as the input to WLS filter (ipe= w ). More specifically, the coarser version
k

of weight mapi/l/k‘”lf will serve as refined weight map flay, BL WB“L’Z ,

Word = ¥y0,0 () (5.36)

5.4.4 WEIGHT MAP REFINEMENT FOR DETAIL LAYER

Once the resulting weight maps for BLs are obtiséarp and edge-aligned weights
are computed based on 1-D sigmoid function fomigighe DLs. As shown in Figure 5.4, the
spatially smoothed weight maps of BLs are utilizedcompute sharp weight mask of DL
which preserve texture details the fused image. Therefore, unlike [115], the psmub
solution attempts computationally simple approachkdtimate the best possible weight maps

for DLs fusion.

Let W7 denote refined weight map fog DL and 8z, o( Wy, ) is the 1-D sigmoid

function applied onWB"Zif, whered € R, t; € R, andd are the weight parameter, independent
variable, and the parameter which decide the tobidsto further control the degree of

sharpness, respectively. Thm"zg is computed as:

l l
Wy kf =Saz.0 WB"Zkf (5.37)

In theory, the 1-D sigmoid is computed as:

1
Sat.0(ts) = ot (5.38)

The detailed description of sigmoid function isepvn Sub-section-3.5.1 (Chapter 3).

5.5 WEIGHTED FUSION OF COARSER DETAILS AND FINER DE TAILS

Once the resultant weight ma ”Zf and WB“L’Z are obtained, the pixel-wise weighted

fusion of BLs (i.eBLy"), and DLs (i.eDLy") is computed as follows:

N
l l l
BLYY (x,y) = Z War (x, ) BLYY (x,7) (5.39)
k=1
N
DL‘;flf = Z WDM,iZ(x, y)DL‘;'c/lf (x,) (5.40)
k=1

In WLF approach, once the fused BL and fused Dabtained from Equation (5.39)

and Equation (5.40), respectively, the detail enchdrfused imageIf’ i (x,y)) is obtained

by Equation (5.2).
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Figure 5.4: lllustration of weight map refinement and fusedga using WLF approach. (a-c) Input
exposures; (d-f) weight maps computed for BLs aciogut exposures; (y-weight maps computed for D

across input exposures; (j) WLF results; and (kults proposed by Merten’s et al. [113]
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5.6 SUMMARY

The approach developed in this chapter consteudetail enhanced fused image from
a set of multi-exposure images by using WLS optatan framework. In particular the
utilization of the weak textures and saturation suees are investigated for weight map
computation. We consider the weight map optimizatioterion that yields weighted average
fusion of BLs and DLs. As in Chapter 3 and 4, twals decomposition based on AD and GF
are best formulated that helps to produce dethideced fused image using MRP, but suffer
from some problem. Common drawback of pyramidalgenatructure is an increase in the
computational complexity of the fusion approachthe WLF approach, since we specifically
generate smooth and noise-less weight map functiatsare utilized for the fusion of BLs
and DLs without pyramidal decomposition.

As described in Chapter 3, the AD based edge-priesgfilter is applied on the input
exposures, which is utilized to extract fine teggirfor detail enhancement. WLF also
include a sigmoid function for DLs fusion that refs and enhances the weight mask function
in order to prevent the artifacts due to over-eckarent of strong edges or low contrast
areas.In this way, the influence of very bright and velark regions of the scene on a fused
image is decreased, thus producing well-exposedildethanced image. In forthcoming
chapter, when compared with the existing technigueish use multi-resolution and single
resolution analysis for exposure fusion, the WLFprapch perform better in terms of

enhancement of texture details in the fused image.
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CHAPTER-VI

EXPERIMENTAL RESULTS AND ANALYSIS

6.1 ANISOTROPIC DIFFUSION FILTER BASED EXPOSURE FUSION

6.1.1 COMPARISON WITH OTHER EXPOSURE FUSION AND TONE-MAPPING
METHODS

The approach proposed in this thesis implemente# Approach in MATLAB-7.5.0
and run on a PC with 2.2 GHz i5 processor and 2GRAM. As shown in Figures 6.1(b)
and Figure 6.2(b), note that the fused image pesvithtural contrast and has no noticeable
artifacts. We are testing ADF approach on a vaétyracketed sequences of multi-exposure
and multi-focus image databases. Figure 3.1 (inp@me8) shows the block diagram of the
proposed texture feature based detail enhancingsexe fusion technique.

The comparisons of experimental results of propoSBF approach are shown in
Figures 6.1, 6.2, 6.3, and 6.4. In these experispghe optimal block size used for weight
map calculation was 3-by-3. Figures 6.1(a) anda).8how image pairs of the “Igloo” and
“Door” image sequence (size of 221x336x6 and 222xB3 respectively). It can be seen
from Figure 6.1(b) that all the light in the scaihat appears to come from natural light
source is optimally reproduced with crisp shadokgrigure 6.1, one auto-exposure image
captured with the digital camera and two recentigppsed fusion results of “Igloo” are
illustrated. It can be noticed that the ADF teclueigprovides better texture details in
highlights and shadows as compare to the resultautd-exposure (Figure 6.1(c)) and
Mertens et al. [113] (Figure 6.1(d)). It may alse @bserved that the brightly illuminated
region (i.e., sky area) is overexposed in the tgauposed by Shen et al. [116] (see Figure
6.1(e)). Figure 6.1(b) shows more comparison examplADF results for scene depicting
outdoor and indoor details. The ADF technique suglly compared with the results of auto-
exposure (Figure 6.2(c)), and recently proposedtdnier et al. [113] (Figure 6.2(d)) and
Zhang and Cham [120] (Figure 6.2(e)). By contrass, seen that ADF combines the best of
multiple exposures into one realistic-looking imahat is much closer to what our eyes
originally saw. However, both indoor and outdootatle of input LDR images (Figure

6.2(a)) are simultaneously produced in the fuseabenwith optimal contrast and without the
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introduction of artifacts. Although Mertens et [dl13] have produced comparable results; but
it does not preserve all texture details from inpDR images. As shown in Figure 6.2(e), the

results produced by Zhang

B TR A
(b) (©)
Figure 6.1: (a) Images representing multiple exposures of an outsloene depictingighlights from nature
sun light and shadows; (b) ADF approdicbes the multiple exposures to obtain high quéatitgge. Note th
fused image yields more texture details and natwgalrast without the introduction of artifacts) Auto-

exposure (d) Mertens et al. [113] (e) Shen etldl6]. Input images courtesy of Shree Nayar.

Figure 6.2: (a)lmages representing multiple exposures of an indadroutdoor scene depicting sunlit

details and shadows; (b) ADF approach fuses théipteiexposures to obtain high quality image. Note
the fused image yields more texture details andrabtontrast without the introduction of artifaqts)

Auto-exposure (d) Mertens et al. [113] (e) Zhan@Bam [120]. Input images courtesy of Shree Nayar.
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Figure 6.3:“House” image series: Comparison of ADF resultstteer recently proposed exposure fusion
techniques. (a) Results of ADF method; (b) Mertetnal. [113]; (c) Shen et al. [116]. Note that AREIds

enhanced texture and edge features. Input imageseg courtesy of Tom Mertens.

Figure 6.4:“Belgium House” image series: (a) Series of mudtipkposures depicting both indoor and
outdoor areas. The exposure value is varying frottO00 of a second) to (1/4 of a second). Compiriso
results to other popular tone mapping techniquBskRésults of ADF method, window size = 3-by-3; (c)

Mertens et al. [113] (d) Shen et al. [116] (e) Rissof Ward Larson et al. [75]; (f) Results of LCi&thod
[184]. Note that ADF yields combined features ia thsed image that can only be recorded usingrdifte

exposures. Input images courtesy of Dani Lischinski

and Cham [120] depict washed out details in ungeread regions which are not able to
preserve texture details from input LDR shots.

To further compare ADF results visually with Merseet al. [113] and Shen et al.
[116], respectively, Figures 6.3(a), 6.3(b), an8(®. depict a close-up view. Figure 1.3
depicts the “House” LDR image sequence of size ¥5200 x 4 which is provided by
Mertens et al. [113]. It can be observed that theure details (see the fine textures on the
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chair and books behind the chair) are accuratedgeswved in the proposed fused image (see
Figure 6.3(a)).

This section compares ADF results for “Belgium $&uimage sequence of size 1025
x 769 x 9 (see Figure 6.4(a)) with the popular expe fusion and tone-mapped HDR
images, which are depicted in Figures 6.4 (b), @4 6.4 (d), 6.4 (e), and 6.4 (f). In
particular, the results of ADF are compared with plerceptually driven works [75] and Low
Curvature Image Simplifier (LCIS) hierarchical deqmosition [184]. As shown in Figure 6.4
(b), ADF approach vyields fine texture details ie flased image with natural contrast that is
entirely free of halo artifacts. To illustrate tbHectiveness of proposed ADF technique, the
close-up comparison of results is illustrated igures 6.4 (b-f). Larson et al. [75] presented a
DR compression method based on a HVS adaptati@hjtamas also found to suffer from
halo artifacts and does not offer good color infation (see Figure 6.4(e)). Tumblin and
Turk [184] preserve fine details in the image, whiteak halo artifacts are present around
certain edges in strongly compressed areas (seeeF&)4(f)). Experimental results have
demonstrated that ADF method worked very well omadety of multiple exposures and

preserved the original scene’s relative visual i@sttimpression.

6.1.2 MULTI-FOCUS IMAGE FUSION

Furthermore, to check the effectiveness of the Adljorithm for other applications,

we have employed the same technique for the fusfiamulti-focus image series (Figures

Figure 6.5:“Book” image series(a) Two partially focused images, (focused on differtangets), and (b)

image generated by the ADF approach, which illtsttaat the fused image extracts more color anaitex

details from the original input images. (Input sexce courtesy of ADu and Wang [110])
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(d)

Figure 6.6: “Table” image series. (a,b) two partially focuseag®s, (focused on different targets), (c)
image generated by the ADF approach, which illtsttaat the fused image extracts more informatiomf

the original images and (d) Hod akov'a et al. [185]

6.5, 6.6, and 6.7) and images captured with flashreo-flash (see Figure 6.8). Figure 6.5(a)
illustrates two partially focused RGB images (fasdison two different targets). It is
illustrated in Figure 6.5(b) that the color infortoa is preserved in the fused image with
better visualization of texture details. On theesthand ADF approach have been tested and
compared for two sets of multi-focused gray scalages of “table” and “clock”, which are
illustrated in Figures 6.6(a)—6.6(d) and Figured&-—6.7(d), respectively. As demonstrated
in Figure 6.6(c) that results of ADF approach peypleasing image with rich texture
details, the results produced by P. Hod akov'd. ¢185] in Figure 6.6(d) do not reveal fine
details present across all input images. It carlyelas noticed that ADF based fused image
shown in Figure 6.7(c) extracts more informatioonirthe original images. Moreover, Adu
and Wang technique [110] in Figure 6.7(d) appeaashed out, which is responsible for
losing perception of fine texture details.

6.1.3 FELASH AND AMBIENT IMAGE FUSION

Finally, ADF technique has also been tested ongeie of images captured with flash
and no-flash images (see Figures 6.8(a) and 6.84D)r approach also provides interesting

solution for fusing the flash/no-flash im\\ge pahigure 6.8(c) illustrates present results,
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which combine details from the flash/no-flash imamer. As shown in Figure 6.8(c), the
ADF approach allows removal of highlights from flasnages and yields high quality flash
image with optimal contrast and detail enhancem&he experimental results in Figure
6.8(c) depict largest amount of information and helatively better contrast than that of
results of Mertens et al. [113] in Figure 6.8(d).

@) (b) (© (d)

Figure 6.7:“Clock” Image series. (a,b) two partially focuseabiges, (focused on different targets), (c)

image generated by the ARdpproach, which illustrate that the fused imageaexs more information froi
the original images and (d) ADu and Wang [110]p(ihsequence courtesy of ADu and Wang [110]).

(a) (b) (c) (d)
Figure 6.8:(a,b) input images photographed with and withcasht (c) Enhanced fused image by ADF

algorithm which maintains the warm appearance thasgharp details after removing strong highligid a
(d) Mertens et al. [113]. Images taken from Agraetadl. [98]

To perform visual inspection of exposure fusiosuits of Mertens et al. [113] shown
in Figures 6.1(d), 6.2(d), 6.3(b), 6.4(c), and 6)&re produced with the help of MATLAB
code provided by the authors. The original resaoft&SRW based fusion [116] in Figures
6.1(e), 6.3(c), and 6.4(d) are provided by the atstlon request. All the experimental results
of Zhang and Cham [120] in Figure 6.2(e), tone-neapdDR [75,184] in Figures 6.4(e) and
6.4(f), and multi-focused fusion [110, 185] in Figs 6.6(d) and 6.7(d) are taken from its
papers. It is noticed that unlike the previous wsuch as [116], ADF approach preserves
more details with higher contrast and does not iregurther post-processing. Thus, this

approach can be utilized in computer graphics appéins.
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6.1.4 ANALYSIS OF FREE PARAMETERS

To analyze the effect of iteratioty)( parameter used in AD on quality score [186],
entropy, computational time and Mean Square EMSE), four plots (see Figures 6.9(a),
6.9(b), 6.9(c), and 6.9(d), respectively) are tlated that are plotted at a different value of
iteration ;) for input image sequences of “House,” “Igloo, ddioor.” To assess the effect
of iteration on fusion performance, the quality recfil86] and entropy were adopted in all
experiments. To measure computational time, allekgeriments were executed on a PC
with 2.2 GHz i5 processor and 2 GB of RAM. The MBEestimated as the difference
between pixel values implied by different iterasof.e.,t; = 2, 3, 4, 5, 6, 7, 8) and the
reference image obtained with low iteration value. (t; = 1). ADF fixesA = 1/7,K = 30, a2
=2, anda = 27 in all experiments and they are set as defanameters.

First, to analyze the effect of iteration on gtyakcore, entropy, and computational
time the thresholdd) used in Equation (3.28) for scale selection wag® 0002. As shown
in Figures 6.9(a) and 6.9(b), the best fusion parémce is given at = 1.The quality score
and entropy decrease gsincreases. As shown in Figure 6.9(c), the compuartal time
increases as, increases. The visual inspection of effecttpfon image sequences (i.e.,
“House” and “Igloo”) is depicted in Figures 6.10da6.11, respectively. It can easily be
noticed from the close up view (please see Figbr&d(b), 6.10(c), 6.10(d), 6.11(b), 6.11(c),
and 6.11(d)) that ag increases, the sharp edges get brighter and ¢herkgfad to artifacts at
sharp edges. To analyze the error (i.e., MSE) daltttion against, the one of the image
produced witht; = 1,4 = 1/7,K = 30,a2 = 2,0 = .002, andi = 27 is considered as reference
image. The error increases as the number of iteratf,) increases. From Figure 6.9(d), it
can also be noticed that whigr= 8, the total error introduced is still less tie#a.

In the analysis of threshol@) ADF fixest, = 1,4 = 1/7,K = 30,a; = 2, anda = 27.
Four results obtained by differefis are shown in Figures 6.12(a-d). For the resuRigure
6.12(a), the value of is .002, and in Figures 6.12(b-d) the value® @re .003, .004, and
.005. Increasing the value éffor controlling the sharpness of sigmoid functremeals more
details in strongly illuminated areas (i.e., ovgr@sed regions) and the image gets darker. In
order to balance the details and contrast in ADsr@gch, it is found thal = .002 generates
reasonably good results for all cases. Finallynftbese experiments, it is concluded that the
best results were obtained with= 1,1 = 1/7,K = 30,a2 = 2,0 = .002, andi = 27, which

yield more details and good contrast.
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Figure 6.9: Analysis of number of iterations used for BL corgtion. MSE is defined as the relative
difference from the results generated with 1. Maximum quality score and entropy is onlyerved
whent, =1. It is observed that MSE and computational tinneeases af increases. (a) Effectiveness

of t; on quality score; (b) Entropy; (c) Computationale; and (d) Error introduced.

Figure 6.10:“House” image series. The free paramétén Equation (3.11) is used to controls detail
enhancement. It is found thigt1 is sufficient for fine details extraction andigs better results for most cases.

Higher value ot, brings in artifacts near strong edges. {(#1 (b)t. =2; (c)t, =3; (d)t, =4; and (e}, =5.
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(@) (b) © @ ©)
Figure 6.11:“Igloo” image series. The free parametiein Equation (3.11) is used to controls detalil
enhancement. It is found thgt=1 is sufficient for fine details extraction anidep better results for most

cases. Higher value tfbrings in more details while introducing artifaoesar strong edges. (&=1 (b)t,
=2; (€)t, =3; (d)t, =4; and(e)t, =5.

(@) 6= () 6=. (c) 6 = .004 (d) 6= .005
Figure 6.12:"House” image series. The free paraméter Equation (3.28) is used to control sharpening.
is found that’=.002 gives better results for most cases. Highkrevofd brings in more details in highly
illuminated areas. (&=.002; (b)§=.003; (c)§=.004; and (dp=.005.

6.2 GUIDED FILTER BASED EXPOSURE FUSION

6.2.1 COMPARISON WITH OTHER EXPOSURE FUSION

Figures 6.13, 6.14, 6.15, and 6.16 depict exampidased images from the multi-
exposure images. It is noticed that the GFF enlsateodure details while preventing halos

near strong edges.
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Figure 6.13: Comparison results to other recent exposure fiusichniques. (a) Mertens et al. [113], (b)
Burt et al. [89], (c) Shen et al. [116] and (d) Resof GFF method. Note that GFF method yields

enhanced texture and edge features. Input imageseg is courtesy of Tom Mertens.

Figure 6.14: GFF's results for “Hermes” image sequence: (ifferent multi-exposure sequencewdt

input exposures), (c) Fused image by GFF.

(a) (b)

Figure 6.15: Results GFF for “Chairs” image series. (a) Difféarmulti-exposure sequences/€ exposures
(b) Fused image by GFF.
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b

Figure 6.16: Results of GFF for “Syn” image series (a) Differenulti-exposure sequences (seven input

exposures), (b) Fused image by GFF.

As shown in Figures 6.13, 6.14, 6.15, and 6.16&lttails from all of the input images
are perfectly combined. In Figures 6.13(a-d), gmults of GFF are compared to the recently
proposed approaches. Figure 6.13(a) and Figurdlg.sBows the fusion results using the
multi-resolution pyramid based approach. The res@ilMertens et al. [113] (please see
Figure 6.13(a)) appears blur and loses texturalglethile in GFF results (please see Figure
6.13(d)) the wall texture and painting on the wiwwdglass are emphasized that are difficult to
visible in Figure 6.13(a). Clearly this is subopdinas it removes pixel-to-pixel correlations
by subtracting a low-pass filtered copy of the imdgom the image itself to generate
Laplacian pyramid and result is a texture and edigils reduction in the fused image.
Figure 6.13(b) shows the results using pyramid @ggr [89] which reveals many details but
losses contrast and color information. GRW basgd®uxre fusion is shown in Figure 6.13(c)
which depicts less texture and color details irglty illuminated regions (i.e. lamp and
window glass). Note that Figure 6.13(d) retainsorml sharp edges and details while also
maintaining an overall reduction in high frequemcifacts near strong edges.

Figures 6.14, 6.15, and 6.16 show the results Fef r different image sequences
captured at variable exposure settings (pleas€&igeee 6.14(a): “Hermes” sequence, Figure
6.15(b): “Chairs” sequence, and Figure 6.16(c):n'Ssequence. Note that, the strong edges
and fine texture details are accurately presermetie fused image without introducing halo
artifacts. The halo artifacts will stand out ietBLs undergo a substantial boost.
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6.22 IMPLEMENTATION AND COMPARISON OF VARIOUS CLASSIC EDGE-
PRESERVING FILTERS

Figure 6.17(a) and 6.17(b) depicts the color-coahegbs of under-exposed and over-
exposed images respectively. Dark blue color indsa@aver-exposed region and pure white
color indicates under-exposed region. Figures 6:1)7{llustrate the comparisons of color-
coded maps of three edge preserving filters bastll @nhancement and the results obtained
by Mertens et al. [113] on the Cathedral sequehids.accepted that the default parameter
settings suggested by the different edge preseffitegs [98,133]. Figure 6.17(e) shows the
fusion results of multi-resolution pyramid baseg@sure fusion approach [89], which are
both clearly close to the results obtained using(@&ase see Figure 6.17(f)) but overall they
yields less texture and edge details. The textataillenhancement using BF [167] and WLS
filter [133] shown in Figure 6.17(c) and Figure Hd), respectively, depicts over-
enhancement near strong edges and less colorsdetailshown in the close-up view in
Figure 6.17(f), the GFF method based on GF canrmmghthe image texture details while

preserving the strong edges without over enhancemen

@m (b) I, ©BF  ()WLS  (e)Mertens () GFF
Figure 6.17: Color-coded map comparison (dark blue color ingdisaver-exposed region and pure white
indicates under-exposed regio@pmparison of GFF results to other classic edgsegpving and exposure
fusion techniques. (a) Source exposure 1; (b) ®oexposure 2; (¢) BF [167]; (d) WLS [133] (e) Merdect
al. [113]; (f) Results of GFF method. Note that GREthod yields enhanced texture and edge featimmst

image sequence courtesy of Tom Mertens.

6.2.3 MULTI-FOCUS IMAGE FUSION

Moreover, in Figure 6.18, it is demonstrated t@&F method is also suitable for
multi-focus image fusion to yield rich contrast. #lastrated in Figure 6.18(c), the edges and
textures are relatively better than that of inpnages. Because GFF approach excludes fine
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textures from the BLs for significantly preserviagd enhancing fine details separately.
However, utilizing the edge-preserving capabilityGi, multi-resolution pyramid approach
can be used for retaining strong edges and enhpnekiure details in multi-focus image

fusion problem.

@ (b)

Figure 6.18:“Clock” image series. ((a), (b))vb partially focused input images (focused on défe targets’

(c) Image generated by the GFF approach, whicktitites that the fused image extracts more infoomat

from input images., and (d) ADu and Wang [110].unhgequence is courtesy of Adu and Wang.

6.2.4 ANALYSIS OF FREE PARAMETERS AND FUSION PERFORMANCE METRICS

To analyze the affect of epsilon, gamma and winda& used in GF on quality score
(@*®F) [186], entropy, and Visual Information Fidelitprf Fusion (VIFF) [187], three plots
(please see Figures 6.19(a-c) respectively) atestiited for input image sequence of
“Cathedral”. VIFF [187]first decomposeghe source and fused images into blocks. Then,
VIFF utilizes the models in VIF (Gaussian Scale e (GSM) model, Distortion model and
HVS model) to capture visual information from thtsource-fused pairs. With the help of
an effective visual information index, VIFF measuthe effective visual information of the
fusion in all blocks in each sub-band. Finally, #ssessment result is calculated by integrating
all the information in each sub-band™¥) [186] evaluates the amount of edge information
transferred from input images to the fused imag&ohel operator is applied to yield the edge
strength and orientation information for each pixel

First, to analyze the affect ef on J*®F, Entropy and VIFF, the square window
parameterr) and texture amplification paramete) (vere set to 2 and 5 respectively. As
shown in Figure 6.19(a) the quality score and gtrdecreases asincreases, and VIFF
increases as increases. It should be noticed in Figure 6.1%a} the VIFF and entropy
increases asincreases and®®" decreases asincreases. It is preferred to have a small filter
size () to reduce computational time. In the analysis, dfie other parameter are set+o01
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andy=5. The visual inspection of affect o6 on “Cathedral” sequence is depicted in Figure
6.20. It can easily be noticed (please see Fighit#{a-c) that asincreases, the strong edges
and textures gets over-enhanced and therefore teadtfacts. To analyze the influenceyof

it should be noticed that entropy anG®® decreases asincreases and VIFF increasesyas
increases. In order to obtain optimal detail enkarent and low computational time, it is
concluded that the best results were obtained wit##0.01,y =5, andr =2, which yield
reasonably good results for all cases. Furthdrast been analyzed that the selection of free
parameters used in GF based approach will depentheorstrength of textures and noise

present in the input exposures.
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Figure 6.19: Analysis of different free parameters used in@#kd algorithm. Maximum quality score and
entropy are only observed wher0.01y =5, andr =2 (which are set as default parameters). It geoked
that VIFF increases asy, andr increases but the larger values are responsiblevirenhancement. (a)

Effectiveness of on metrics, (b) Effectiveness nbn metrics, (c) Effectiveness pbn metrics.
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(b)

Figure 6.20: Visual inspection: The affect of free parameten detail enhancement. It is found tha2 is

sufficient for fine details extraction and givedtberesults for most cases. Higher value bfingsin artifacts

near strong edges. (ax1 (b)r=3; and (cy=6.

6.3WLS FILTER BASED EXPOSURE FUSION

In order to evaluate the performance and effeotige of the WLF approach, the
comparison of GFF approach with different expoduston, tone-mapping and multi-focus
image fusion methods is summarized in this secflawo objective evaluation metrics (i.e.
quality score &PF [186] and VIFF [187] are employed to evaluate thaliy of fused
images. Moreover these two evaluation metrics aeduto analyze the affect of free
parameters used in the present approach. In the dpbFoach, all experimental results are
generated by the MATLAB implementation. Furthermdcemeasure distortion in the fused
image and strengthen the evaluation capability 6¥"Qand VIFF, the Dynamic Range
Independent Visible Difference Predictor (DRIVDR)B8] is incorporated in this section.
DRIVDP metric is sensitive to three types of stauat changes for distortions measurement
(i.e., loss of visible contrast, amplification aivisible contrast, and reversal of visible

contrast) between images under a specific viewarglition.

6.3.1 COMPARISON WITH OTHER EXPOSURE FUSION AND TONE-MAPPING
METHODS

Figure 6.21, 6.22 and 6.23 depict the exampldss&d images from the source multi-
exposure images. It is noticed that the WLF apgroanhances texture details while

preventing halos near strong edges. In order teakchige effectiveness and robustness of
98



WLF approach, the algorithm is tested on varietynoiiti-exposure image series. The WLF
approach is computationally simple and the resurktscomparable to several exposure fusion
and tone-mapping techniques. As shown in Figur2s(&-c) the details from all of the source
images are perfectly combined and reveal fine testuvhile preserving local contrast and
natural color. In Figures 6.22(a-d), the result$\ifF are compared to the recently proposed
approaches. Figure 6.22(d) depicts the resultsptmization framework [118] and Figure
6.22(e) shows the mate-based fusion results usiagetige preserving filter such as BF
[111,167]. It can be observed that other fusionhmas perform well in preserving image
details while they fail to reconstruct texture aador details in the brightly illuminated areas.
The result of Mertens et al. [113] (please see rieigu22(f)) appears blur and loses texture
details while in WLF results (please see Figure@p the fine texture are emphasized that
are difficult to visible in Fig. 6.22(f). This iselsause of utilization of Gaussian kernel for
pyramid generation in [113]: as it removes pixeptrel correlations by subtracting a low-
pass filtered copy of the image from the imagdfiteegenerate Laplacian pyramid and result
is a texture and edge details reduction in thedusege. The results produced in 6.22(d-f)
lose visibility in a brightly-illuminated areas amktails are lost in the tree leaves, and the
texture on the wall is washed out. Although theuitssof Raman & Chaudhuri [111] (please
see Figure 6.22(e)) exhibit better color detaildrae leaves, but appear slightly blurry. In
WLF results (Figure 6.22(c)) details are preserivetthe brightly-illuminated areas, yet at the
same time fine details are well preserved (treedsawall texture, lizard).

To further compare the results of WLF visually twilertens et al. [113], iCAMO6
[189], WLS [133] and GRW [116], respectively, Figar6.23(a-e) depict experimental
results for “National Cathedral” sequence (1024x@8 The fusion results of WLF shown
in Figure 6.23(a) illustrate the ability of enhamgifine texture details. As well as having the
ability to produce good color information with neglicontrast. This can bring an increased
illusion of depth to an image textures. Therefemhanced texture details in the fused image
let you get everything sharp and yield an accueaggosure that is entirely free of halo
artifacts. Although tone-mapped results of ICAMABY] and WLS [133] have produced
comparable results, but they do not preserve ceinfram input LDR image series. Figure
6.23(b) and Figure 6.23(e) shows the results ofapyd approach [113] and GRW

optimization framework [116] respectively, which
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Figure 6.21: Results of WLF approach for different input m@iiposure sequences. (a) “Carnival” (top:

three input exposures, bottom: fusion results);f@use” (top: four input exposures, bottom: fusie@sults)
and (c) “Bellavita” (left: two input exposures, bmh: fusion results). Input image sequences areesylof

HDRsoft.com, Tom Mertens.

preserve global contrast but losses color inforomatGRW [116] based exposure fusion is
shown in Figure 6.23(e) which depicts less texamd color details in brightly illuminated
regions (i.e. lamp and window glass). Note thatiFegs.23(a) retains colors, sharp edges and
details while also maintaining an overall reductianhigh frequency artifacts near strong
edges. The results produced in Figure 6.23(b-dgwenerated by the programs provided by
their respective authors. The HDR images for ICANID89] and WLS [133] were generated
using HDR reconstruction [17]. The results of GRY¥§] shown in Figure 6.23(e) are taken
from its paper. In order to give a relatively faomparison of WLF results, the default sets of
parameters for tone-mapping [189, 133] and expdsisien [113] methods are used.

Figure 6.24 shows the distortion maps computeoh fRRIVDP metric proposed by

Aydin et al [188]. This quality assessment meteatedts loss of visible contrast (green) and
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amplification of invisible contrast (blue). The madvantage of this metric is that it yields
meaningful results even if the input images haveeint DRs. Though the DRIVDP based
guality assessment is used to compare WLF methtdome exposure fusion [113] method
and two tone-mapping methods [133,189]. It is assithat the LDR images are shown in a
typical LCD display with maximum luminance 100 agamma 2.2. It is also assumed that
for all LDR images, the viewing distance is 0.5 emgtand the number of pixels per visual
degree is 30 and peak contrast is 0.0025. Signifieaof the choice of these

Figure 6.22:“Lizard” image series: Comparison of WLF resuitish popular exposure fusion approaches
b) Source images, (c) Results of WLF method: teewés and wall texture appear overasgu and blurry i
(d) Ketan & Chaudhuri [118], () Raman & ChaudHidil] and (f) Mertens et al. [113]. In the proposed
results, it becomes almost possible to presemxteire and strong edge features simultaneouslyeMer, by
applying the WLF approach, the fine textures aeately enhaced. Input image sequence is Eric Reint

University of Bristol.

(a) (b) (©) (d) (e)
Figure 6.23:“National Cathedral” image series: Comparison dffWesultswith popular exposure fusion a
tone mapping methods. (a) Results of WLF methodM@rtens et al. [113], (c) iCAMO6 [189], (d) WLS.
[133] and (e) GRW [116]. Note that WLF method yeekhhanced texture and edge features with betiar co

appearance. Input image sequence is courtesy ofLyiaxs.
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(@ Source Imags(b)

(@)

@) (9]
iCAM : Q"®F=0.39, VIFF= 0.50, @ = 3.35, Q= 5.7335

(n) (0) P
Mertens et al: Q*®F= 0.6880, VIFF= 0.6800, (= 3.88,

(s) ® (u) v)
WLS: Q*®F= 0.45, VIFF= 0.66, @ = 2.54, Q- = 6.2511

Figure 6.24: Comparison of WLF results with iCAM06, Mertensaétand WLS on the National Cathedral
sequence using DRIVDP [188]. (a), (b) The two seuncages give good exposures for the paintings on
window glass and lamp, and the wall, respectivielya distortion map, green, blue, and gray pixetidate
visible contrast loss, amplification, and no disitor, respectively. WLF results are more effecfive
preserving local details and colors than the otHews the paintings on window glass and lamp, &edaall,
proposed results (see c-g) depict the least distgrfiollowed by ICAMO6 (see h-), Mertens et aeé m-q),
and WLS (see r-v).
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parameters can be found in [188]. Figures 6.24(show a side-by-side comparison of the
loss of visible contrast (green), and amplificatadnnvisible contrast (blue) of WLF results
with others methods. To compute visible contrass ldlustrated in Figure 6.24(d), 6.24(i),
6.24(n), and 6.24(s), respectively, for fused insageFigures 6.24(c), 6.24(h). 6.24(m), and
5(r), the under-exposed image (i.e. Figure 6.24&Ysed as reference image. Similarly, to
compute visible contrast loss illustrated in Fig@4(e), 6.24(j), 6.24(0), and 6.24(t),
respectively, for fused images in Figure 6.24(cR4€h), 6.24(m), and 6.24(r), the over-
exposed image (i.e. Figure 6.24(b)) is used aserbée image. The invisible amplification
metrics is run on fused images, which are genenaed) a similar procedure as used for loss
of visible contrast metric. The two source imagethwgood exposures respectively for the
brightly illuminated region (i.e. window) and theqgoly illuminated region (i.e. wall) are
given in Figure 6.24(a) and 6.24(b). The distortioaps for WLF method, iCAMO6 [189],
Mertens et al. [113] and WLS [133] are given in U 6.24(c-g), Figure 6.24(h-l), Figure
6.24(m-q), and Figure 6.24(r-v), respectively, glomith the fused images. In a distortion
map, green, blue, and gray pixels indicate conti@st, amplification, and no distortion,
respectively. It can be noticed that the result$vitfF are more effective in preserving local
contrast and color information than the other meéshd’lease note that visible contrast loss
and distortions are the least using the WLF approsioreover, to compare the performance
of the WLF approach, iCam06, Mertens et al. and Wh8 four fusion quality metrics i.e.
Q*®F VIFF, Mutual Information (MI) [190], and SpatiBtequency (SF) [191] are employed.
Q"®F[186] evaluates the amount of edge informationsferred from input images to
the fused image. A Sobel operator is applied tddytbe edge strength and orientation
information for each pixel. For two input imagésandB, and a resulting fused image the
Sobel edge operator is applied to yield the edgength e(mn) and orientations(m,n)

information for each pixel as:

e,(m,n) = \/sbjf(m, n)? + sbj’(m, n)? (6.1)

sbj(m,n)

sbY (m,n) 6.2)

fa(m,n) = tan™?! I

Wheresb} (m,n) andsb} (m,n) are horizontal and vertical Sobel template cadterepixel
Pa(m,n) and convolved with the corresponding pixels of gea. The relative strength and
orientation values of an input imagewith respect td¢- are formed as:

(GAr. 437} = ((m)"" | |BaGmm) — 182, m>||> 63)

emn /2

103



1 if e,(m,n) > ep(m,n)

here ¥ =
w { -1 otherwise

(6.4)

The process of edge information preservation wlsalefined in [186]. Finally, the

Q"®Fis defined as:

AF |, A BF ,,B
QAB/F = Yvmn Qmn Winn + QmnWmn

A B
ZVm,n Wm,n + Wm,n

(6.5)

which evaluates the sum of edge information pres&m values for both inpu®*" andQ®"
weighted by local importance perceptual factefsandw®. We definedv(mn) = [ea(m,n)]"
andwg(m,n) = [ez(mn)]". WhereL is a constant. For the “ideal fusion®*®" = 1.

VIFF [187] first decomposes the source and fusedges into blocks. Then, VIFF
utilizes the models in VIF (i.e. GSM model, Distort model and HVS model) to capture
visual information from the two source-fused paN¥ith the help of an effective visual
information index, VIFF measures the effective aisimformation of the fusion in all blocks
in each sub-band. Finally, the assessment resultaisulated by integrating all the

information in each sub-band:

VIFF(I,, ... .. In,IF)=ZP,;.V1FFk(11, ...... I, Ir) (6.6)
k

where P;, is a weighting coefficient. According to VIF thgora high VIF yields a high
quality test image. Therefore, as VIFF increades quality of the fused image improves.

The quality metricQw measures how well the original information fromusm
images is preserved in the fused image.

_ MI(A, F) MI(B,F)
Qur = 2 (H(A) + H(F) + H(B) + H(F))

whereH(A), H(B) and H(F) are the marginal entropy &, B and F, and MI(A,F)is the

6.7)

mutual information between the source imagend the fused imade

MI(A,F) =H(A)+ H(F) —H(A,F) (6.8)
whereH(A,F) is the joint entropy betweeh andF, H(A) andH(F) are the marginal entropy
of A andF, respectively, an¥I(B,F) is similar toMI(A,F).

The fourth criterion isk The spatial frequency, which originated from theamian
visual system, indicates the overall active levelan image and has led to an effective
objective quality index for image fusion [191]. Tto#al spatial frequency of the fused image
is computed from rowRF) and column CF) frequencies of the image block afgr is

defined as:
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QSF == \/RFZ + CFZ (69)
M' N’

1
RF = N z Z(Ip(m, n) — Ip(m,n — 1)) (6.10)

m=1n=1

wherelg(m,n) is the gray value of pixel at positigm,n) of imagelg.

M' N’

1
CF = N z Z(Ip(m, n) — Ip(m —1,n))? (6.11)

m=1n=1
The quantitative performance analysis using th@reshid evaluation indices are
shown in the caption of Figure 6.24. The WLF appholaas outperformed the other methods.
It can be seen that the WLF method can preserve meeful information compared with
iCam06, Mertens et al. and WLS methods. In padicutvaluation results in Figure 6.24
have demonstrated that'tJ, VIFF, Qu and Qghave correspondence with the DRIVDP-

based evaluation.

6.3.2 MULTI-FOCUS IMAGE FUSION

Furthermore, to check the applicability of WLF egpgch for other image fusion
applications, the experimental results for multitfe image fusion are presented in this
chapter. In Figure 6.25, Figure 6.26, Figure 6.8d &igure 6.28, it is demonstrated that
WLF method is also suitable for multi-focus imageibn to yield rich contrast and texture
details. One of the key characteristics of WLF apph for multi-focus image fusion
application is illustrated in Figure 6.25(c): thelar details are preserved in the fused image
with better visualization of texture details. Itncalso be noticed in Figure 6.25(f) that the
edges and textures are relatively better than dhaburce images. Fusion results of WLF
method on the four standard test scenes (pleadeiga®s 6.26(a, b, d, €) and Figure 6.27(a,
b, d, e)) are shown in Figures 6.26(c, f) and Fegbi27(c, f), respectively. Note that, the
strong edges and fine texture details are accyrai@served in the fused image without
introducing halo artifacts. The halo artifacts nsgnd out if the DL undergoes a substantial
boost. Comparisons of Adu and Wang [110], DWT [19Pfan et al. [193], and WLF
approach for multi-focus image fusion are illustchtin Figures 6.28(a-d). The result
produced in Figure 6.28 (b) is taken from its paddi0]. Results of DWT [192] shown in
Figure 6.28(c) were generated by the MATLAB Wavdetlbox. For the DWT-based
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methods, the low-pass sub-band coefficients andhtgk-pass sub-band coefficients are
simply merged by the averaging scheme and the ehoax selection scheme, respectively.
The DWT-based fusion algorithm is performed usinge-fevel decomposition and db3
wavelets are used in scale decomposition. ThetsestiTian et al. [193] shown in Figure
6.28 (d) are generated from the MATLAB code prodidey the author. Note that WLF
method (please see Figure 6.28 (a)) yields enhatestare and edge features. The approach
proposed in Chapter 5 can significantly preservi emhance fine details separately because
WLF approach excludes fine textures from the BLs.

However, with the WLF approach, the DOF in fusedge is improved so that the
foreground and background of the image is in fo¢éis/ing done so, we will then begin to
make considered background and foreground simuiteshe in the single image that helps to

capture sharper details in various security apptoa.

(b)

(d) (e) (f)
Figure 6.25: Multi-focus image fusion results: (a, b, d, e) destrates the effect of selective focus to capture
more details from a particular part of a scene(@né) images generated by the WLF approach. Thedu
images appear all-in-focus, and the present methbdnces the color and texture details presehein t

foreground and background. (Input sequence is esyidf Adu and Wang [110]).
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(b)

(@ o (@)

Figure 6.26: Multi-focus image fusion results: (a, b, d, e) dexstrates the effect of selective focus to capture
more details from a particular part of a scene (@nf) images generated by the WLF approach. Thesdts
demonstrate that WLF approach has helped to hayyileal situations of foreground and backgroundsprg

in the scene (input sequence is courtesy Slaviga)Sa

(®)

Figure 6.27: Multi-focus image fusion results for “Documentsica‘Leaves” image series: (a, b, d, €)

demonstrates the effect of selective focus to caphore details from a particular part of a scerek (&, f)
images generated by the WLF. These results denadv@strat WLF approach has helped to handle typical
situations of foreground and background presettiérscene (input sequence is courtesy SlavicaBavi
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(c) (d)
Figure 6.28: Comparison of “Clock” image results with recengipposed conventional multi-focus image
fusion methods. (a) WLF results, (b) Adu and Watt], (c) DWT [192] and (d) Tian et al. [1P3t has bee
found that the WLF approach helps the viewer teeolisenhanced texture and edge features simultalyeou

without depicting visible artifacts. Input imagegsence is courtesy of Adu and Wang.

6.3.3 ANALYSIS OF FREE PARAMETERS, AND FUSION PERFORMANCE
METRICS

WLF method has eight free parameterst,e K, A, @, 0, Y, a,, '. It fixest,=5, K =

30,4 =1/7,a4 = 3,6 =0.001,y = 0.1,a, = 1.2, anck’= 0.0001 in all experiments and they are
set as default parameters. It is preferred to f@asmall number of iterations,( to reduce
computational time. The fusion performance doesaifgcted whent,<5 because present
method does not depend much on the exact parasteime oft,. The parameters selection
criterion for K, andA is given in [156]. WLF has sé& = 30,4 =1/7 andd =0.001 as default
parameters for all experiments. In the WLF appro#uh fusion performance is dependent on
two free parameters i.g: andd. To analyze the affect of parametér) @nd free parameter
(@) on Q'®F [186], and VIFF [187], four plots (please see Fégu6.29(a-d)) are illustrated
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for input image sequence of “Cathedral” (1024x768xBellavita” (800x535x3),

“Book” (569x758x3).
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Figure 6.29: Sensitivity analysis of free parameter) @nd free parametefi which respectively control the

smoothness in weight maps computed for BLs andiBMILF approach. (a) Effectivenessipfon G, (b)

Effectiveness ofy on VIFF, (c) Effectiveness @ on @ and (d) Effectiveness @fon VIFF.

The detailed description of"®" and VIFF is given in the previous Sub-section. To

assess the affect of parametg) @nd free paramete@if on fusion performance, the€¥

and VIFF are experimented.

To analyze the influence gf andd on J*®F and VIFF, other parameters are set to
t,=5, K=30,1 =1/7,0 =0.001,a, = 2, ande'= 0.0001. As shown in Figures 6.29(a) and

6.29(b), the fusion performance will be worse wttemvalues ofy anda are too large or too
small. It should be noticed in Figure 6.29 that @& and VIFF decreases when titeand

a are too large or too small. The visual inspectibaffect ofa’s on “Cathedral” sequence is

depicted in Figures 6.30(a-c).
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Figure 6.30: Visual inspection of fine detail enhancement in M\dpproach in typical lighting situations: The
free parametef” in Equation (5.38) controls detail enhancementsiradpening. It is found that variation of
“a" between 3 and 6 is sufficient for fine details agtion and give better results for various typical
situations. By choosing higher value@fthe texture details are accurately enhancedisdtshows that
selection of much higher value for detail enhanagdees not introduce artifacts near object bouedatue

to detail-enhancement. (@)= 1, (b)a =6, (c)a = 12.

It can easily be noticed in Figures 6.30(a-c) @i increases, the strong edges and
textures get enhanced and therefore leads to d getaerving fusion results. In order to
obtain optimal detail enhancement and low companali time, it is concluded that the best
results were obtained withy=5, K = 30,4 =1/7,a = 3,6 =0.001,y = 0.1,a, = 1.2, anck’'=
0.0001, which yield reasonably good results antsfeatory subjective performance for all
cases.

To further demonstrate the analysis of errorothiced by the free parameterfour
fundamental error performance metrics are adopeedrRioot Mean Squared Error (RMSE),
Normalized Absolute Error (NAE), Laplacian Mean 8pd Error (LMSE), and Peak Signal
to Noise Ratio (PSNR). The RMSE measure the difisgs between resulting image and
reference image. The error in a pi¥gl P/ ®*) is calculated using Euclidean distance between
a pixel in a resulting imageP{®*) with @ >1 and the corresponding pixel in the reference
image €°") with a=1, i.e.,E,(P!) = ||P/** — P"*/||. The total error in a resulting fused
image is computed using square root of the Mean a®quError (MSE), i.e.,
V1/M X E (P%).

NAE is a measure of how far is the resulting fusedge (whena >1) from the

reference fused image (whér1) with the value of zero being the perfect fitrge value of

NAE indicates poor quality of the image [191]. NAfEEcomputed as follows:

NAE — M YN |Tr(m,n) = fe(m,n)|

M YN |Iz(m,n)|
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Figure 6.31: Sensitivity analysis of errors introduced by treefparametet in WLF approachThe error:

increases dramatically &sbecomes too large, but increases slowly wief It is observed in Figure (b)

and Figure (c) that error increasesidaacreases but still the deviation range is legsE{fectiveness ofi
on RMSE, (b) Effectiveness @fon LMSE, (c) Effectiveness @ on NAE, and (d) Effectiveness éfon

LMSE is based on the importance of edges detadsomement, which is also the

most critical feature for image quality assessmé&hie large value of LMSE means that

image is poor in quality. LMSE is defined as foltow

M SN [LUr(m ) — LR (m,n))]”

LMSE =

Z%,:l Zﬁ;ﬂL(IF(m' n))]?

whereL(Iz(m,n)) is a Laplacian operator:
L(Iz(m,n)) =Iz(m+1,n)+[(m—1,n)+[(mn+1)

+Ip(m,n — 1) — 4I(m,n) (6.12)
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PSNR is the ratio between the maximum possiblelpialue of the fused image

MAX,, and the MSE, which is computed as follows:

(6.13)

MAX,2F>
As shown in Figures 6.31(a-c) the RMSE, LMSH] &AE increases as parameger
increases. It should be noticed in Figure 6.3X(@) wheni = 12, the total error introduced is
still less than 7%. It is seen from the computellies of objective measures like NAE and
LMSE (please see Figures 6.31(b-c)) foe2, 3, 4, 5, 6, 7, 8, 9, 10, 11, and 12, for input
image sequence of “Cathedral”, “Bellavita”, and ‘@&, the errors increases dramatically as
free parameteti in Equation (5.38) becomes too large, but increadewly whena <6.
Using graph presented in Figure 6.31 (d), we wanliustrate what can happen if PSNR is
used as distortion measure. It has been found RI&tR decreases gradually as free
parametefi increases and can be seen that the WLF approgefaming consistently for

different value of free parameter (i@®.proposed for detail enhancement.

6.3.4 INTERACTIVE TOOL FOR DETAIL ENHANCEMENT

Another interesting interactive tool of the WLFpapach for manipulating the detail

and contrast in the multi-focus image fusion hasnbexperimented. Figures 6.32(a-f) show
the results generated for “Clock” and “Leaves” ima&gries by varying the free parametgrs
in Equation (5.32), and in Equation (5.38) (please see Figure 6.32(a)/fe10.5,a = 7),
(please see Figure 6.32(b) f9r=0.5,a = 12), (please see Figure 6.32(c) §or0.5,a =
17), and (please see Figure 6.32(d)y$or0.5,a =7), (please see Figure 6.32(e)for0.5,
a =12), (please see Figure 6.32(f) io=0.5,a = 17), respectively. Here, it is demonstrated
that highly detail enhanced fused image is geneérlxcten multi-focus image series, before
objectionable artifacts appear. It is found that MMdpproach is very effective for boosting
the amount of local contrast and fine details. €fective manipulation range is very wide
and will vary in accordance with the texture detgesent in the input image series: it
typically takes a rather extreme manipulation toseaartifacts near strong edges to appear.
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Figure 6.32: Visual inspection of contrast and detail enhanagrimeWLF approach in multi-focus image
fusion. The free parametgrin Equation (5.32) and in Equation (5.38) controls detail enhancement and
sharpening respectively. WLF is able to achievaeggjve detail enhancement and exaggeration, while
avoiding artifacts. “Clock” image: (a) =0.5,a =7, (b)y =0.5,a = 12, (c)y =0.5,a = 17. “Leaves”
image: (dy =0.5,a =7, (e)y =0.5,a =12, (f)y =0.5,a = 17.

6.4 OBJECTIVE FUSION QUALITY EVALUATION
In this section, the objective performances ofedént methods are evaluated. To

measure the performance of the proposed method=e thbjective image fusion quality
metrics are employed. They evaluate the fusionopednce from different aspects such as
the amount of edge information transferred fronuirimages to the fused imagé® [186],
how well the original information from source image preserved in the fused imagg, Q
[191] and the spatial frequency which indicatesdwerall active level in an images@190].
Table | and Table Il give the values of severaidatbrs generated by different methods for
multi-exposure and multi-focus image fusion, resipety. Table | gives the values of & |
Qmi, and Qg for the fused results by Kaung et al. [189], Mestet al. [113], Farbman et al.
[133], Shen et al. [116] and the three proposechaus. As can be seen from Table I, the
ADF method obtains the largest value for three iguavaluation indexes computed for
“House” and “Door” image data sets, which demonetrdhat the ADF method provides a

better performance in terms of the larger valuesfiatests. These results are consistent with
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subjective visual perception. It is also confirntledt, for the “House” and “Door” image data

sets, the GFF and WLF methods can capture abuirdanhation of the original images into

the fused image.

Table-l Quantitative assessment of different multiexposure image fusion and

tone mapping methods

Methods
Image Index Kaung | Mertens | Farbman | Shen
Dataset etal. et al. et al. etal. | ADF | GFF | WLF
[189] [113] [133] [116]
Q"®F (g | 027 0.39 0.35 0.32] 0.44 [ 0.41 ] 0.38
House | Q ‘moy | 2.45 3.23 2.33 1.97| 438 | 351 | 3.45
Qg 190 | 7.24 9.46 8.13 6.38| 10.16 | 8.74 | 9.64
QAB/F 0.43 0.61 0.59 0.44| 0.64 0.63 | 0.57
Door QMI 1.94 2.76 2.01 1.48| 2.80 248 | 2.79
QSF 6.51 7.88 7.26 6.33| 13.31 | 9.70 | 10.43
QrerF 0.59 0.62 0.54 0.61| 0.65 | 0.60 | 0.61
Igloo QMI 2.03 2.69 2.25 2.14 2.30 258 245
QSF 7.06 8.96 8.43 6.27| 11.02 | 10.11| 9.39
QrBF 0.41 0.56 - 0.34 0.54 0.47| 0.4¢
Venice QMI 5.34 6.84 - 5.63 5.64 5.43| 6.21
QSF 6.95 8.05 - 6.20 7.95 6.33| 7.87
QreF - 0.27 - - 0.63 | 043 | 0.44
Bellavita Q, - 3.55 - - 3.22 3.40 | 3.41
QSF - 5.44 - - 1056 | 7.60 | 9.98
QreF 0.39 0.54 0.45 058] 0579 05720.75
Cathedral QMI 3.35 2.58 2.54 2.27 2.77 2.96 4.65
QSF 5.73 6.22 6.25 5.98 7.48 6.78 7.52
QrBF 0.48 0.71 0.63 0.52 0.72 0.61 0.75
Lizard QMI 4.56 6.56 5.75 2.85 6.69 6.82 7.55
QSF 3.12 3.66 3.67 2.95 5.27 5.42 6.85
QrBF - 0.19 - 0.24 | 0.35 0.26 | 0.21
Belgium QMI - 3.12 - 2.95 3.00 2.08| 2.4
QSF - 8.54 - 741 | 10.72 | 8.02 | 7.75
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Other than the first example, the ADF method gatesrfused images for the “Igloo”,
“Bellavita” and “Belgium” image data sets with @sificantly higher value of ¢F and Q¢
than those produced by the exposure fusion tecknifbe spatial frequency of the fused
image is also often considered as one of the guphirameters during the performance
evaluation of the fusion techniques. It can be gbahthe proposed technique yields fused
images with a higher value of spatial frequencynfithis table, it can be observed that the
results produced by WLF method for the “Cathedealti “Lizard” image data sets provides
the best performance in terms of the largé€t"QQuw and Qe It can be concluded that the
proposed image fusion methods can better prespat@bkfrequency, the edge information of

source images, and the original information fromree images is preserved in the fused

image.
Table-1l Quantitative assessment of different multifocus image fusion
methods.
Image Index
Dataset Adu & | Hod'akov'a
\[’X‘;‘g% [eltg]' ADF | GFF | WLF
QAB/F 0.45 0.46 0.54 0.42 0.59
Clock leu 6.39 5.73 6.46 4.93 6.53
QSF 4.45 4.66 5.34 4.89 6.36
QAB/F 0.63 0.58 0.51 0.46 0.69
Book leu 6.82 4.47 5.36 4.92 7.11
QSF 6.93 5.46 6.85 5.82 8.08
QAB/F 0.58 0.43 0.61 0.62 0.81
Table leu 5.82 5.71 5.98 5.44 6.47
Q. 6.10 5.23 6.64 520 | 6.69
QAB/F 0.31 - 0.34 0.38 0.54
Documents Q. 1.75 - 1.82 1.86 2.87
QSF 12.69 - 14.49 13.77 | 15.32
QAB/F 0.21 - 0.28 0.27 0.35
Leaves Q. 3.02 - 3.92 3.07 3.18
QSF 11.63 - 11.89 10.21| 12.03
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6.5 SUMMARY

Above discussion makes it clear that detail-enbdnmage can be produced by using
the edge-preserving filters. The details preserthénfused image can be controlled with the
help of different free parameters. By increasingdecreasing the value of these free
parameters, we can control texture details in tieed image, which in turn will produce
good visual perception. Experimental results dermatesd that the present methods have
applicability for capturing details from multi-expare and multi-focus image databases.

The objective performance analysis based on thuedity metrics (&®F, Qu and
Qsp demonstrated that proposed image fusion methaddetter preserve spatial frequency,
the edge information of source images, and thermaignformation from source images is
preserved in the fused image. From Table I, it lbarobserved that the results produced by
WLF method for all multi-focus image data sets jleg the best performance in terms of
the largest &, Qu and Qe
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CHAPTER -7

CONCLUSION AND FUTURE SCOPE

The present thesis proposes three methods toraohatdetail enhanced image from
a set of multi-exposure images by using a MRP tecienand WLS optimization framework.
When compared with the existing techniques whiahraslti-resolution and single resolution
analysis for exposure fusion the proposed methedsmn better in terms of enhancement of
texture details in the fused image. The framewaks inspired by the edge-preserving
property of AD, and GF that has better response ¢@ng edges. The two layer
decomposition based on edge-preserving filtersssduo extract fine textures for detail
enhancement.

In particular, experimental results demonstrateat the present approaches have
applicability for capturing details from poorly ulninated and brightly illuminated areas
simultaneously. One of the important applicatiorfs pooposed techniques for security
application is capturing details at entrance of blnddings. Conventional cameras are not
able to faithfully capture the interior and exterad a building simultaneously while present
approach would be able to simultaneously recordonés well as outdoor activities. Other
important applications of proposed approaches @aihb satellite, scientific, and medical
imagery, in which data is analyzed and visualizecetord more details.

Moreover, the results proposed in the thesis hdemmonstrated that the present
methods can also be applied to fuse multi-focusgema(i.e. images focused on different
targets), and images captured with flash and reifldore importantly, it is interesting to
note that the information in the resultant image ba controlled with the help of proposed
free parameters.

At last, the future work involves improvement dfese methods for adaptively
choosing the parameters of the edge-preservirgy fillhd checking the utilization of present
methods for different kinds of image fusion apgiicas. In future, work can be extended in
multi-modal image fusion problem. Also the work daa done to optimize the weight maps
depending upon various other optimization techrsque
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APPENDIX A

Derivation of the computation of a, and b, used in GF:

We derive the linear coefficients of the GF usedChapter 4, Equations (4.6) and Equation
(4.7) asfollows:
a, andb, are computed withi , to minimize following cost function:
E(as, by) = Z ((aklic + by, — pi)z + eaﬁd) (1D
iEwy
Differentiating Equation (1) w. r. t. two unknow(rs, andb,), and setting the result

equal to zero.

iew/,,
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Rearranging Equation (2) and Equation (3) to getal equations:
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To solve equations far, multiply Equation (4) byn and Equation (5) by™, I¢ |

we have:

n n n
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APPENDIX B

Derivation for the computation of @, andb,, used in WLS filter:

The linear coefficients of WLS filter in Chapter Bquations (5.28) and Equation
(5.29) can be derived as follows:

Let§ be a linear transform @f in a window centered at the pixel
qi = C’ikllG + B/L,Vl € Wy (10)

a, andb, are computed within, to minimize following cost function:

2 | @—porty (cx,l-(m 28 + 4,00 (Z—i)) (11)
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Differentiating Equation (15) w. r. t. unknown8,(andb,), and setting the result

equal to zero.
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For simplicity, we assume that:
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APPENDIX C

Derivation of matrix formulation of WLS filter:

The proof of matrix formulation of WLS filter int@pter 5, Equation (5.35) can be

derived as follows:
D | @—po?+y (cxl-(m (22 + dyu) (@)> (26)
& ’ 0x yt dy
Let g andp are diagonal matrices. Matrix formulation of Eqoat(26) is given by:
(@ -p)"(@-p) +9(3"G0{ 0V, + G705 0, )
@-p)"@-p) +¥§"q(07 0.V, + 070,V,)
(@ - )@ —p) +¥§* (07 0.V, + 070,V
Let's assume that Ly = 07 0,V + 05 0,V;,
@-p)"@—p)+¥4°L,
(@—p)* +9q°L, (27)
For Minimization the derivative of Equation (2%)taken w.r.§ and put it equal to

Zero.:
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