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Abstractd In this paper, we propose an effective schemfor enhandng the visual detailsof digital images
with the minimal amount of user adjustment.Digital archives are becomingincreasingly popular due tothe
developmentof convenient and powerful digitizing techniques However, a substantial number of digital
images sufferfrom loss of detail becausehey were captured with oldfashioned equipment. Thus,an
automatic tone reproduction technique is needed We attempt to solve theaboveissues by combininga
novel local normalization concept with an adaptive contrast assessmenprocess The proposed tone
reproduction scheme effectivelyenhances poor quality regions, while simultaneously preserving good
quality regions with default parameter settings As the proposed scheme eliminats mostof the manual
effort required to adjust the parameters it can be consideredas nearly automatic. The results of
experimentsdemonstrate thatthe schemeoutperforms many existing algorithms when applied taestoring

digital imagesfor a national digital archive program.

Index Terms® Detail preserving,tonereproduction



1.INTRODUCTION

The lack of sufficient dynamic range and proper shading condit@nainchallenging issuefor modern sensor
technology and photographydnder different lighting coditions, a digital sensor can only capture a limited
dynamic rangeéecause it is not as sensitive as the humanRayghtness that falls beyoritie sensds linear
dynamic range will be compressed and become imperceptible to humamsent years, a mber of tone
reproduction algorithms have been developetbtopensate for a digital sené&inability to genuinely reproduce
images that the humaeye can se¢l-7]. Dependingon the strategies employeedxisting techniquegan be
classifiedinto two caegories: global tone reproduction and regional tone reproduct&ihods Severalglobal

tone reproduction approachéswve been developedror example,Fattal et al. [3] proposed a methothat
suppresss the magnitude of large luminance gradients aneseves fine details by identifying changes in
intensity. Then by solving a Poisson equation on the modified gradient field, the larger gradients are reduced and
an image with low dynamic range is produced. In [®]randet al. proposed bilateral filterthatdecomposgan
image into two layers: a larggeale variation base layer and a visibility presgydetail layer. The two layers are
produced byapplying bilateral filtering, and the relative contrast is subsequently reduced in thestaige
variation layer.Pattanaiket al.[1] developed a computational model of human adaptation and spatial vision for
realistic tone reproduction. In contraBtragoet al.[4] proposed anethod based ote logarithmic compression

of luminance valuesthat produce images with welpreserved details and satisfactory contrast levels.
Unfortunately the drawback ofall existing global approachds that they inevitably suppressgh contrast
regions.

For regional tone reproduction, Krawczgk al. [6] proposed decompoginan image into areas of consistent
luminance and calculatinthe local brightnessvalues while Chenet al. [7] developed another regidrased
method thatppies bilateraltechniquesn different image regions to obtdietter qualityimages. Since regio
contrast reproduction schemes process each image region differently, thikmitation of such approaches is
that theytend toproduce unnatural boundariedoreover, acommonproblem withglobal and regionaltone
reproduction approachésthat the qality of their results depends a large exterdn how the parameters are set
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To resolvethe aboveamentionedissues we propose a method that usego primary componendslocal
normalization and adaptive contrast assessm@ntlocal normalization, our@proach start®y identifying an
i mageds | oandrmininma suirfanal By consideringan imageasa 3D surface, the local maxima and
local minima surfacepatchescan enclose the entirenages 3D surfacefrom above and kelow. Then, ly
normalizing theimage toward the local maxima and mininwee can expandhe image signal tdncrease the
utilization of its dynamic range.After local normalization,our schemeimplements an adaptive contrast
assessment process tlaataptively blends each pixel of thecéddy normalized imagento the originalimage
Combining local normalization and adaptive contrast assess@émis us to enhancepoor quality regions
directly, while simultaneouslypresering good quality regiorsd just as photographers do in manuahage
enhancementn addition since the set of parameténsour schemarepre-determineddiscussedn Section 2.4),
uses do not need to adjust tharametesettingsfurther. Thisfeatureis especially important whesppling our
algorithmto digital archving tasksthat deal with huge amounts of data

The remainder of this paper is organized as follows. In the next section, we introduce the proposed method
and elaborat®n our schemés design Section 3 details our experiment resaltsl evaluationsand Section 4

containssome concluding remarks.

2. THE PROPOSEDMETHOD

In this section, we introducédné primary concepts arttie algorithm ofthe proposed methodVe considerthe
characteristics and the goal @fr generaltone reproduction methdd Sectiom 2.1 anddiscussthe design othe
algorithm in Section 2.ZThe methodsuse to evaluate the effectiveness of our tone reproduction scheme are

presented irBection 2.3Then,in Section 2.4 we anatg our tone reproduction scheme



2.1. The DesignConcepts
We startby analyzingthe effect and purpose of general image enhancement and tone reproduction in order to

devise oumoveltone reproduction algorithrAn image model (%, y)is commolily regared as a product othe
reflectanc R(x, y) andtheluminanciL(x, y) of apixel(x,y), i.e.,

I(xy) =R Y)? L(xy) L)
Thus, the enhanced ime1'(x, y) can be represented as

I'(xy) = R(X,Y)3 L'(xY) . ()

When enhancingan image by using use homomorphic filteringfor example the filter suppress the

luminance part oftheimagesuch thathe overall contrass reduced and the correspondimgtogram converge
toward the center ad dynamic rangeTo verify this phenomenonwe also manudly enhancedver 250 poorly
captured imagedo determinewhether sucha characteristic meethiuman expectatian Through both the
mathematical modehnd observatios of manual enhancementwe found that, generallthe set of enhanced
imagesexhibitedlow distributionsat both extreme of a histogramWe expresshiis characteristic asllows:

Grintd<L'(X%Y)<Gpax- £ 3)
whereG,,ancG,,.are therespectiveminimum and maxinum values of a dynamic rangeancd ancf are two
positive constantghat show L'(x, y) will not becomeextreme luminance valuex the dynamic rangeOn the
other hangd using homomorphic filteringto enhanceimage detaik increags theratio of reflectanc R(x, y) to
luminanceL(x,y) . Again by examining the set of manually enhanced imagesfound that the resultant
contrastaverelarger in the enhanced images than in the originald We 6 sandimanw otherjust noticeable
difference (JND) profiles also allude toa similar phenomenoni.e., a contrast ionly perceivable when it is
greater than aertainthreshold.Thereforejt is reasonable to assurtie@tan imagés detailsareonly visible when

its local contrasis large enoughi-ormally, the abovwenentioned characteristics chaexpresedas follows

R(xy)  RXxY) (4)
L'(xy) L(xy)

Contrast(I (x, y)) >threshold, (5)
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wherethe contrasbetweendetails is larger than the threshaldnstraned byWebefs Law or JND profilesto
ensurethat it is perceivabldy the humaneye Taken together,Equations (3), (4), and (%an functionas

guidelines for designing image enhancement algoritiim&xtendthe range ofeflectanc R(x, y) , we utilize the

dynamic range as much pessibleto ensuresimultaneous satisfaction &quations (4)and (5).Based on this
concept we include a normalizatioalgorithm in our schemeto increasethe usageof the dynamic range.
Furthermore the constaint in Equation (3) can bsatisfiedby modifying the normalization stage intolacal
normalizationstage For example, a signal can be considerechasng S piecewisedenselyconnected line
segments, which can lexpressed as follows

Xy ={l,(xy), k=12,....}, )
[ (% Y) = Imink + Rand,(7y) '

For each line segmel,, 1., is the local minimum ¢, , ancRand () is a random variable thegpresershow

min

muchasmallpartof a signalvariesbetweer0 anc7, . Hence after applying local normalizati LN(.), I ., Will
besignificantlyreducedand the normalizedignalcan be expressexs follows
LN( (X, ¥)) =LN({l (xy), k=12,....) 7)
=LN({Rand, (), k=12,...,S) '
Therefore, the mean LN(I (x, y)) can be derived by
Mear(LN(I (x, y)))
= Sun{LN({Rand, (), k=12,...9)) /S, (8)

where Sun{.) represents the summation proceggcording to the central limit theorem,if S is large,
Sun{LN({Rand, (f,), k=12,...,.8})) will be normally distributed. Therefor¢ the mean ofthe normalized
signalLN(1 (x, y)) will be close tahe center o dynamic rangeOn the other handjncel'(x, y) can be considered
a lowpass filtered version of the normalized sighsl(l (x, y)), L'(x, y)will definitely saisfy the constraint set by
Equation (3).Note that although LN(1(x,y)) can satisfy the constraints set in EquaigB), (4), and (5)
componentsthat have larger gradient values iran imagel(x,y) , expressedasL(x y) , are removed

simultaneouly. Since thissituationis definitdy undesirable we introducean additioml attenuation ratiT to

multiply the lower bound intensii ;. in the local wrmalization process. Thiensues thatL(x,y) can be
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preserved, but it will becompresed to1- T . The effect of addingthe ratio T is that the value of
Mear(LN(I (x, y))) will be shiftedslightly away from the center of the dynammange. Howeveras theshift will
not moveMear(LN(I (x, y))) to either of theextreme values of the dynamic range, ¢bastraint set bizquation (3)
still holds.

In order b ensurghe image qualitywe also introducanadaptivecontrastassessment mbanismto preserve
or enhance visual details. This is done dwmjusing the original good contrast andhe enhanced contrast
adaptively To build the mechanism, we need to compute an exponent faddescribe how to determine this
factor in the next shsection With the above mentionethechanismwe can ensure that the contrasts of the

processed image abetterdefinedthan those of the original image.

2.2. The Proposed Tone Reproduction Scheme

Based ortheconceptglescribedn the previous sectionve proposehe followingtone reproduction scheme

I'(xy) =1(xy)® E(x y)°*Y, ©)
where 1'(x,y) is an enhanced imagesignal I(x,y)2® E(x,y) is the locally normalized version 1(x,y) ;
henctE(x, y) is the lacal normalization ratio kernel. In our design, &rimagel (x,y), E(x, y)is derivedby the
following equation

IXY)- 1min®T . G

E(x,y) = .
( y) Imax'lmin3T+e l(X’y)

(10)

As mentioned earliewe modify the normalization equation by addmgattenuatiorratio T (rangng from of O
to 1) to our tone reproduction scheme,, andl ., are therespectivelocal maxima and minima of an image

signal Gis the full size ofthe dynamic rangeand eis an offset to avoid the dividey-zero situationln our

scheme,an exponentfactor is addedto balancethe original good contrast anthe contrasienhanceddy our



method By applying the adaptive contrasassessment mechanisntroducedin the previous subsectipnve
haveC(x, y), anadaptive contrast assessment faatdrich isdefined as follows:
C(x,y) = Gaussiartarg{Lap(l ), Lap(1)}) , (11)

wherearg{a,b} =0 whena > b, andarg{a, b} =1whena ¢ b; Lap(.)is the Laplacian operator:

2 2
_Khopt
Lap(l) =" + 2
2 |Jy2

ancGaussiarf.) denotes the Gaussiasperator Letthewidth of afilter be 1/10 of the longest side afimageand
its correspondingtandard deviatiobe 1/5 of the widthiwhich results ina flat Gaussian filterjo ensurethat
C(x,y) will change smoothlyith C(x,y), our proposed mechanism camhancehe low contrast regionsf an
image while preserving the details of high contrast regi@msce thelocal normalizationprocess normalizes an
image toward its local maxima and local minima surgeee canthink of it aspartitioning an image into densely

connected piecewise segmenasdthen normalizethose segmentsNe can expandhe expression showin

Equation (6)and expresst mathematicallyas E(x,y) ={E, (x,y), k =1, 2,...,S} .Combining Equations (1) and (10)

we have:
o ~ %'- Ilm”zka;r?
& o 0 Y%
E, (X, y):aeG 83 8 K H, (12)
gtl_,k = (@+elGy)
whereG, | =1 .- Imink 2 T+ LetA(x, y) betheintensity difference betweep(x, y) andi ;. ; thenwe have
e (6 Y) = 1ing HAk(XY), (13)

L (%) = 1 (%, )2 E (%, y) <Y
2 ~1
1-T3 & +M8

| i (_) *
S0 y)P s ¢ em"~k RCCACRY
)

(14)
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Next, weconsider the following threeases obrdinary target regiaifor enhanement Casel: a region with
low local contrast and high lockiminance Case2: a region with low lochAcontrast and medium locklminance
andCase3: a region with low local contrast and low local luminanicethe first case, the local luminance is high

SO I nink €N bemuchlargerthan 7, (x, y) ; therefore

V(Ilasd(xr y) = ICasa(Xa ) ={ il T)}Ck(xvy).

lcasa(Xy)  GLk*e (15)
In the second casg,,, is comparabléo/, (x,y) ; therefore
3 g
G:3 \
. (1+/7k(x N )8 ¢ o ) (16)
case (% Y) ={ G e 3o
In the third casi/ (x, y) is more dominant than, ; therefore
¢ 4 T3 mlnk E) ng(X’y)
Vease (% Y) = g ? hxy) ) (GLk +€)E : (7)

By carefuly selectng T ance, our proposed algorithm can guarantes V will be greaterthan 1 inall cases.
In the schem eis asmall constant offseto ensure thathe divided-by-zerosituation wil not arise For example,
we setT = 0.8and e=3. WhenV > 1, theabove three case&sn be interpreteds follows. In the first casgsince
the local luminance is highy(x,y) tendsto decrease. HowevasV Qs.:> 1, Ri(X,y) tendsto be greater than 1n
the second caséhe resultingV @se,Will be quite largewith our settingsEvenwith a medium local luminance,
V Qsedlo(X,¥)= Ro(x,y) would still be much larger than 1. The third case is similaGince a
dominaing/, (x, y) would makeV Qse3a large value compedto 1, it is reasonabléhatL;(x,y)>1 and R(x,y)>1
to ensurealargeV Qsez To sum upthe proposed image enhancing proadearly satisfieghe constraints set in
Equations (3), (4), and (5).e, it preserveghe details andestores thevisibility of a processed imagélore

supporting details and figurese providedn Section 2.4.

2.3 Quality Evaluation



To evaluatehe performance ajur tone reproduction schemee introducea visual detaihssessmemhechanism
based orthe JND profile In [8], Chou and Li proposed a way estimate theJND profile ofthe human visual
system With the JND profile we candeterminethe regionsin which theimage details are visible to a human
observerand theeby obtain the perogéage of perceptible visual detaildote thatin our estimation ofthe
perceptible percentagaye do not considethe effect of spatial maskingnstead, weonly considerthe
relationship betweethe visibility thresholdand the backgound luminancewhich isan underlying technique
described in the JND profileThe visibility threshold is expressed Eguation (18), while the curve ofthe
visibility thresholdis depictedby the blue curven Figure 1. We usethe Laplacian operator toatculate the
contrast value of athepixels in an imageand then use the curve tbie visibility threshold to determine whether
they are visible or notWith this IND profile we can quantitativel\computethe proportion of an image that is

actually resored.The JND profile weadoptedrom [8] is expressed as follows:

IND(x, y) = f (bg(x, Y))

_FTo @ (bg(x,)/129)Y%))+3  forbg(x,y)¢ 127 (18)
%g@bg(x, y)-127+3 forbg(x,y) >127

wherebg(x, y) is the average background luminan@nd T,and garesetat 17 andl/2, respectively

To furtherexplain how the parameter set is determined and how the quality of an image is improved after
applying our tone reproduction algorithm, we synthesize a test image by combining different image intensities to
produce possible contrasts. ARown inFigure 2 (a), the synthesized test image consists of a vertical base
gradientwith the background luminance ranging from 0 to 255 (top to bottom) and randomly generated details
whoseintensity ranges from 0 to 255(left to right). The purpose of applying tazanalization to this image is to
determindf our algorithmcanenhance variougvelsof contrast under different background luminance levels. As
Figure 2 (b) demonstratethe visual clarity issignificantly enhancedand the parts afhe smooth gradint are
also preserved. In the next section, ayply the quality evaluationscheme on this synthetic image to perform

guantitativeanalysis.
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Figure 1. JND profile of the human visual system.
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Figure 2. (a) The synthesized test imageand (b) the resulting image after applying local normalization

(b).
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