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ABSTRACT

This paper describes an accurate method to obtain the Tone Reproduction Curve (TRC) of display devices without using

a measurement device. It is an improvement of an existing technique based on human observation, solving its problem of

numerical instability and resulting in functions in log–log scale which correspond better to the nature of display devices.

We demonstrate the effiency of our technique on different monitor technologies, comparing it with direct measurements

using a spectrophotometer.

Keywords: Colour Reproduction, Display Measurement, Human Visual System, Spatial Vision, Generalized Gamma

Function



1. INTRODUCTION

The colorimetric characterization of display devices is performed in two steps. The first step is the definition of theTone

Reproduction Curve (TRC) which describes the relationship between the input signal of the monitor and the luminance

produced on the screen. The second step consists in the definition of a matrix that describes the additive nature of the

display device.

Several methods have been proposed to solve both steps in therecent past, and of particular interest is how to define

the TRC without the use of a spectrophotometer. These methods use properties of human perception to achieve the final

goal. This paper introduces a method to solve the first step without the necessity of using a spectrophotometer. It is

based on the work presented in a previous paper,1 solving its problem of occasional numerical instability and unequal

weighting.

The paper is structured as follows. After reviewing relatedwork, we introduce our topic by explaining the principle

of a human comparison based measurement system. Following human vision aspects are investigated as spatial vision

system and contrast sensitivity. Then mathematical aspects of human comparison based measurements are detailed with

the frame of its application, also with setup of single measurements with the next step and stop criterium, respectively.

The chapter about the core mathematical problem discusses 2different methods: one is defined in a previous paper1 of

the authors, describes a smoothness problem in a linear coordinate system. The other method transforms the problem

into a log–log scale. The latter method has to face a numerical problem of the enormously different coefficients of the

minimum problem, due to the log–log scaling. We show a two-pass method solving the numerical problem and making

the algorithm faster and more reliable at the same time. The paper closes with a discussion of the new method and future

work.

2. RELATED WORK

Several display characterization models with different characteristics have been presented in the past. These modelscan

be classified into two basic categories:measuring device based andhuman vision based models.

Many works have been presented for the first category,2–7 trying to model the real Tone Reproduction Curve (TRC)

characteristic of a CRT display device. In many cases these models are still not accurate enough to acquire the real



TRC, but just an approximation of it. In addition, even if they reach sufficient accuracy for CRT displays, this accuracy

is not achieved for LCD displays. In consequence, the users are not able to gain the high precision required for many

applications. On the other hand a model for LCD displays has been proposed8 which introduces a spline interpolation in

order to estimate the TRC.

In any case, these models require a spectrophotometer to getthe information necessary to describe the TRC.

The models of the second category are based on interaction with the user and based on human vision and observation.

One example is used in commercial software such as Adobe GammaTM which comes with Adobe PhotoshopTM.

While in the first category acceptable quality can be achieved, in the second one this goal has not been achieved until

now for two reasons. First, the current models are not able toestimate or compute the real TRC, but only a simplification of

the model used in the first category. Second, the applied mathematical background in these models is typically restricted

to describe a kind of simple exponential gamma correction function. In order to solve this problem, a more accurate

characterization model of display devices based only on human observation has been presented.1 In this paper the human

vision is used to compare a series of dithered color patches against interactively changeable homogeneously colored

display areas, obtaining the TRC of display devices.

3. PRINCIPLE

The main disadvantage of the characterization of a display based only on human perception, as reported in Neumann et

al.,1 is implied by its adaptation mechanism making it impossibleto define absolute value.

A human observer perceives an arbitrary periodic pattern asa homogeneous field observed from sufficiently far, e.g.

a black and white chess-table of pixels looks to be gray. If the spatial frequency of the elementary pattern is over a given

value or the view angle of them is below a certain threshold then it will be perceived as a homogeneos patch.

The absolute luminance and contrast are an important task. We can not distinguish luminance differences or contrasts

of two homogeneous patches if the luminance difference is below a given ratio of their absolute average luminance,

according to the widely known and simple Weber-Fechner law or to the more accurate color appearance models. This

ratio depends on an absolute luminance level (given in[cd/m2]) and whether photopic or scotopic vision is used.9
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Figure 1: Dither patterns for the “chess board”

In the visual comparisons used in our method, limits of spatial vision in the perception of homogeneous regions will

be used. We would like to work with the possible minimal just noticeable luminance difference in order to ensure the

highest accuracy. We therefore have to use an optimal balance of conflicting requirements of spatio-chromatic featuresof

observation. In practice it means appropriate view-distances, patterns and luminance levels. These are easily realizable

for display devices.

As mentioned above, commercial graphics software sometimes includes applets which allow to find the gamma value

of the display based on the same basic principle, so our method can be seen as an extension of them.1

The inaccuracies of the visual observation based approach are typically invisible by human observer, because the

image observation and the measurement-observations have the same visible thresholds. Furthermore, our method reduces

the errors of individual observations. It is easy to choose more appropriate circumstances to maximize the accuracy of our

method. The observation process can happen in a dark environment and judgements of more observers can be used.

Measurements are to be performed for the 3 color channels separately, so that series of observations will be performed

on ’dithered’ patches embedded in a homogeneous backgroundcolor. During a single measurement, the user tunes the

background luminance level so that visual difference shalldisappear between the central dithered area and the homoge-

neous background. Such a measurement step is completed whena background luminance level is accepted. Note that the

relative error of observered values will be nearly luminance independent, except in case of very dark luminaces, especially

with an ambient light, when observation may have higher relative error.

A measurement input can be defined as the triplet consisting of the pattern used in the central area (see Fig. 1) and

its bright and dark luminance levels, and it results in a background luminance level. Practically, only a ratio between the

number of bright and dark pixels is taken into consideration.

The “next triplet”, i.e., the “next measurement”, can be defined depending on, or independent of, the results of the

already existing data. To complete the process, a data analysis and optimization step computes the curve in question,



which can be specified by combining certain criteria like theminimization of the differences at each point or the overall

smoothness of the resulting curve.

The overall evaluation of the measurements as well as the definition of their series can be controlled by different criteria

such as minimizing the number of measurements, having a fixedprocedure or gaining the most exact characterization of

the display possible.

4. HUMAN VISION ASPECTS

4.1. Spatial Vision

Based only on human observation, our method cannot determine the absolute contrast, i.e., the ratio of max/min output

luminance levels,Lc(255)/Lc(0).1 We recommend a practical approach to calibrate this singular free parameter after

applying the mathematical model described below.

Why do we speak about perceptual difference? According to the color appearance models10 we have to take at least

the ambient luminance level into consideration for a CRT or LCD screen in commonplace environmental settings (office,

etc.). Also the rough gamma correction LUT approaches, using a simple gamma value have to be changed for a dark, dim

or average adaptation luminance level.

But this perceptual aspect of visible contrast influences only the accuracy of measurement, not the original “pre-

perceptive” gamma curve itself, which is not depending on ambient luminance level, only on the display. We will compute

objective emission values of a display for different input signals and for the 3 basic colors. Of course, if we use an

arbitrarily measured or human vision based gamma curve to generate color images, we have to additionally take the

influence of ambient light and its effect for the gamma LUT into consideration. But this task would already be a problem

of correct color appearance or image reproduction.

The core of the comparison process is a single comparison of an area uniformly filled by a single color against another

area, the “chess board”, filled by a repeating pixel pattern.The pattern contains only two definite colors or luminance

levels (low andhigh), assembled according to a simple, fixed ratio, e.g. 1/2 or some other rational number with small

denominator (Figure 1). A homogeneous area encloses the chess-board, acting as background with luminanceback.



To be usable, the patterns which are to be observed must appear homogeneous, otherwise the inhomogenity disturbs

our observation of its equivalence with a homogeneous area.The spatial vision models give us quantitative values for the

required viewing distance.

Color vision models9 are working with the opposite color channel models, using achromatic, red-green and yellow-

blue channels following the preprocessing in the retina. The color channels are less sensitive, that means that we do

not see really sharp in particular in yellow-blue channels,we only have a feeling of sharpness thanks to the achromatic

channel and the huge number of rods in the retina.

In order to avoid a complicated model and also to ensure the highest accuracy we selected the curve of the highly

sensitive achromatic channel for all colors.

Image detail can be measured incycles/degree(cpd). In case of a sinusoidal luminance pattern it is one cycle of the

sinus function. At a discretized approach it is a pair of a darker and a brighter pixel. We do not see details in images with

spatial resolution of more than approximately 60cpd, but a homogeneous field for arbitrary contrast. For opponent color

channels we reach this visibility at 30. . .40 cpd.

In our case the different “superpixel patterns” of Figure 1 represent differentcpd resolutions. The required view

distance can be estimated with 5×5 pixels representing the largest patterns of Figure 1. 60cpd and a pattern with 5×5

pixels will become invisible for distances farther than about 5m, depending on the screen used colors’ luminances and

the pixel size, i.e. the screen size and the resolution. According to our experience, a distance of 3-4 m is always enough,

and for low contrast patterns even 1 m is usually sufficient. Nevertheless, the widely used 40-50 cm distance of gamma

calibration tools is not enough for large patterns.

4.2. Displays and Contrast

As mentioned above, CRT, but also LCD have a maximum contrast, which is the ratio of luminance values emitted by the

highest and the lowest video signal, e.g., 255 and 0, and is finite instead of infinite, caused by the display technology and

also unwanted ambient effects.

A CRT always has unwanted electron backscattering. Reflectivity or BRDF of the surface of a display is always

positive. Reflections can be represented, e.g., by a sum of a specular and a diffuse component. The specular component



Figure 2: Effect of ambient illumination of 1cd/m2 and 10cd/m2 vs. dark ambient on image value.

is often a visible mirror image of the ambient room.

All of these unwanted effects reduce the contrast of a display to a certain finite value. The answer of a zero input video

signal will be a positive value at each color channel. We havenot mentioned cross effects of color channels as another

unwanted factor, e.g., the excitation of phosphors by the “wrong” cathode ray.

Fig. 2 illustrates how the shape of the display response curve changes depending on ambient luminance level.

Unwanted emissions despite zero signals at the different color channels decrease the displayable gamut. Contrasts

of color channels influenced by these unwanted emissions canbe roughly estimated also by visual observation. Special

calibration test images can be used for this observation, which contain equidistant gray, red, green and blue scales. Linear

contrast values of the color channels can be estimated from the distinguishable dark patches of these scales.

These contrast values can complete results of gamma functions obtained also by human observation. Although contrast

estimation is less accurate than the gamma function, fortunately it is sufficient for tone mapping, because the visual quality

of displayed images match the accuracy of measurements based on human observation.



5. SETUP OF MEASUREMENTS

5.1. Relative Measurement by Human Observation

Our method deals with isolated color channels, therefore the computation is applied only on one-dimensional problems,

independent from each other. We ignore cross effects between ther, g andb color channels. In fact, for CRTs the cross

effect is 1-3%. In lack of other colorimetric information weassume that the CIE xy chromaticity values are according

to the sRGB recommendation, the ITU-R BT.709 standard:r = (0.64,0.33), g = (0.30,0.60) andb = (0.15,0.06), and

white pointD65= (0.3127,0.3290). As mentioned in the previous section, only visual comparisons are used as relative

inputs, so the result is also a relative function which describes the relative luminance values of the independent channels,

from 0 to 255. The relative luminance valueslr, lg, lb can be converted to absolute valuesLr,Lg,Lb by

Lc(val) = Lc(0)+
Lc(255)−Lc(0)

lc(255)− lc(0)
· (lc(val)− lc(0)) (1)

wherec = r,g,b andval = 0. . .255, and it is easy to see, that any linear transformation of agivenlc(val)(val = 0. . .255)

series result in the same absoluteLc(val)(val = 0. . .255) values:

Lc(0)+
Lc(255)−Lc(0)

(a · lc(255)+ b)− (a · lc(0)+ b)
· ((a · lc(val)+ b)− (a · lc(0)+ b)) = Lc(0)+

Lc(255)−Lc(0)

lc(255)− lc(0)
· (lc(val)− lc(0))

(2)

where the parametersa andb are the gain and the offset respectively. Therefore we can use any linear transformation

on the serieslc(val)(val = 0. . .255) without changing the valuesLc(val) obtained. This linear transformation can be

defined e.g. by fixing 2 different values of this series. For the sake of simplicity we will work withlc(0) = 0 and

lc(255) = 1, so Eq. (1) is simplified to

Lc(val) = Lc(0)+ (Lc(255)−Lc(0)) · lc(val) (3)

The measured and computed valueslc(val) are independent of the valuesLc(0) andLc(255). However, these absolute

values and their ratio defining the absolute contrast range of the display device in question can be interesting for the overall

appearance, but finding them is outside the scope of this method.

Showing a dither pattern realized by luminanceslow andhigh, the observer is requested to tune the third, homogeneous

luminance level (back) until the luminance difference disappears. Now we have 3 values (low, high, back), and a ratio of



the number of thelow luminance level pixels within the pattern,ratio = Nlow
Nlow+Nhigh

. The following approximation can be

written for the absolute luminance values

Lc(back) ≈ Lc(low) · ratio+ Lc(high) · (1− ratio) (4)

for channelsc = r,g,b. Using Eq. (1):

Lc(0)+ Q · lc(back) ≈ (Lc(0)+ Q · lc(low)) · ratio +(Lc(0)+ Q · lc(high)) · (1− ratio) (5)

with Q = Lc(255)−Lc(0) by Eq (3), and reordering

lc(back) ≈ lc(low) · ratio+ lc(high) · (1− ratio) (6)

shows the independence of the measurements from values ofLc(0) andLc(255) and also thatlc(0) andlc(255) can be

predefined arbitrarily:

lc(0) = 0 and lc(255) = 1 (7)

A single measurement gives a singleback value for the measurement input triplet(low,high,ratio); back, low andhigh

are bytes, andratio is a simple rational number. The goal is to define the functionf = lc, that is, 256 separate values for

inputs 0. . . 255.

We now face a practical and two mathematical problems

1. Conditions of the measurements have to be defined

2. Having a list of measurements, a curve has to be derived

3. Having a list of measurements and perhaps a preliminary curve defined by them, either define the next measure-

ment’s setup, and/or recommend to stop the process

The first question belongs to the setup problem, while the last is concerning partly also to the setup or preparation and

partly to a special control problem. So first these two pointswill be explained in detail, then the mathematical core of the

method will be presented in section 6.



5.2. The Stop Criterion

The measurement shall be accurate and at the same time the number of the measurements should be minimized to achieve

good results with low effort for the user. These requirements lead to another optimization problem: defining the next

measurement step in an optimal way, and notifying the user when reliability has reached a certain limit.

The main problem for generating the input for the next measurement is that the expected effect of a next measurement

on the reliability of the function should be evaluated depending on the behavior of the still unknown function itself. How

could this function behave between the points (byte values of colors) where we already have some information, and how

can we rely on the previous measurements? These questions are connected to the principles of the optimization method.

We use some heuristics relying on experiments, in order to get a compromise between simplicity and accuracy, where the

observer can overrule the recommendation to stop.

A measurement means a definition of a value by the user, where the low andhigh values used in the pattern are given

as well as their mixingratio, represented by the pattern. Then thelow, high and also the resulting colour value would be

taken as support points. The method restricts the possiblelow andhigh points for the new measurement only on the set

of already used support points. The central players of the process are theReliability and its opposite and reciprocal, the

Uncertainty. The simple rule is that theReliabilities can be added, its meaning and usability is of course depending on

the definition of theReliability, which is following here on.

The process defining the next measurement consists of three successive steps, using functionsf1, f2 and f3 balancing

the process properly:

1. Two kinds or layers ofReliabilities are defined. First the reliabilities of existing support points are defined as the

sum of all theReliabilities coming from the measurements in which these points appear (as low, high, or result

point). Obviously, the points 0 and 255 are assigned absoluteReliabilities (i.e., zeroUncertainty).

An individual measurement’sUncertainty is equal to the error of its condition (11) to be minimized, multiplied by



the effect of the pattern’s non-homogenity and the contrastsensitivity belonging to the luminance to be set.

Uncsupp( j) = |M( j)|

× f1
(

nonhomogenity(pattern( j))
)

× f2
(

contrastsensitivity(luminance( j))
)

2. Then, each point is assigned the other kind ofReliability as a sum of the ‘effects’ of the support points on the regular

point in question. These ‘effects’ are also some sort ofReliabilities, but Uncertainties are directly computed by

adding theUncertainty of the support point in question and anotherUncertainty which is a square function of the

distance between the two points. This value characterizes an exisiting set of measurements, so when their compound

value, actually their maximum, reaches a certain threshold, the process is suggested to be terminated.

Uncreg(i) =
1

∑ j∈M ,i@M j
1

Uncrel (i, j)

(8)

whereUncrel(i, j) = Uncsupp( j)+ f3((i− j)2).

In Eq. (8),i@M j means noj′ ∈ M lies betweeni and j. Of course there cannot be more than 2 suchj indices for

any giveni.

3. Finally all the possible triplets (low, high, ratio) are evaluated so that the estimated effect of the triplet isadded

to theReliabilities of the ordinary points and then their maximum values are compared in order to select the best

triplet. In order to estimate the effect of an incomplete measurement series on a regular point, which is embodied

in an additionalReliability, its correspondentUncertainty is computed as a product of the potentialq quality of the

measurement, and a sum of theUncertainties of the given low and high points and a distance dependent component.

q quality factor is estimated from the pattern and the luminance levels playing taking part in it.

Effectestim(i, j1, j2,ratio) = q( j1, j2,ratio)×

(

f3
(

(i− j3)
2)+ f3

(

(i− jx)
2)+

1
Uncsupp( j1)

+
1

Uncsupp( j2)

)

(9)

In Eq. (9) j3 is the estimated result of the new measurement following thecurrent solution, neighbours ofi in M



are j1 and j2, that isi@M j1 andi@M j2, soi@M∪( j3) j3 shall be fulfilled anyway.x is identical to 1 or 2 depending

on the position ofi, which lies betweenj3 and jx, or by other wordsi@M∪( j3) jx is satisfied.

The main idea of the process is that the estimated effect of a tentative measurement is computed as sum of changes of

Reliabilities of regular points as in Eq. (8), and their estimatedUncertainties are computed also as in Eq. (8). Their

expected uncertainties are preestimated in such way, and then the overall change as their sum, which drives selection of

the new triplet needed to minimize the predicted overall uncertainties.

6. THE MATHEMATICAL PROBLEM

Given a list of measurements with input controlled by a predefined or automatically derived series, a function has to be

derived corresponding to them.

First of all properties have to be defined which the function has to fulfill. A set of approximations as in Eq. (6) is

obviously not enough to give a definition of the function, simply because of the degree of its freedom. In order to reduce

it, the resulting function should fulfill certain additional conditions, defining its general behaviour. These conditions can

restrict the set of the possible functions to a certain classand/or give additional criteria corresponding to the likely nature

of the result.

We worked out two different approaches in this paper, both ofthem assume the function being smooth or, more

exactly, having a small second derivative. The first approach works in the original coordinate system while the second

one translates its axes, so the problem is defined in another coordinate system.

6.1. Problem in Linear Coordinate System

First, we restrict the domain of the function only to the possible inputs, i.e., integers from 0 to 255. The second derivative

on a domain consisting of a discrete set of points can be written in the form of finite differences:

S(i) = f (i+1)+ f (i−1)−2 f (i) (i = 1. . .254) (10)



We transform the approximations (6) for theN measurements( j = 1. . .N):

M( j) = f (low j) · ratio j

+ f (high j) · (1− ratio j)

− f (back j)

(11)

Now we have two separate sets of conditions which impact the shape of the desired function: thesmoothness condi-

tions S(i) and themeasurement conditions M( j). The latter can be used also by two different modes. One is to take them

as hard constraints, i.e.,M( j) = 0, the other is to minimize them together with the other conditions.

It can be argued that there is no exact measurement, at least because setting their values should give an exact real

number, because the measurements can only be chosen from a discrete set of numbers actually. On the other hand, the

user can introduce errors by his/her estimation as well, so in addition there can even be more or less contradictional

conditions. The problem is solved as compound minimum problem of the smoothness and measurement conditions, and

their importances are accounted for by weight factorssi andm j. The optimal result would have all of the expressionsS(i)

andM( j) equal to zero(i = 1. . .254, j = 1. . .N), so we have to minimize the expression

F =
254

∑
i=1

si ·S(i)2+
N

∑
j=1

m j ·M( j)2, (12)

where from (7) f (0) and f (1) are constant, andF is a 254-variable function. As a result we get a smooth function

conforming well to the measurements, as expected. All in allthere are 256−2+ N minimum criteria and 2 constraints

despite the original 256 variables. These obviously cannotbe made zero at the same time, so the solution will be a

compromise depending on the weightssi,m j and the content ofM( j).

There are several efficient methods to solve the quadratic minimum problem, two of which are mentioned here. One is

solvingF using a system of 254 linear equations with a sparse matrix. The other is directly solving the minimum problem

by an appropriate descent method.15

We have chosen a conjugate gradient method, which is a modification of the steepest descent method, and in our case

is faster by order of one magnitude than the ordinary steepest descent (gradient) method. An optimization needs 20–50

elementary steps, each of them consisting of an evaluation of F and its derivative.



A problem not yet mentioned is the definition of the weightssi andm j. Considering the equal importance of the

different smoothness conditions and the different measurement conditions respectively, we assume allsi = s andm j = m.

Multiplying the whole problem by a constant we can sets = 1, so it is enough to definem.

To define this value, let us consider the overall behaviour ofthe solution. Optimizing the total smoothness leads to

spline-like curves, where the magnitude of the average value of the second derivative is 1/2552, and its overall sum is

1/255. Minimizing its distribution, we get a slowly changing second derivative, i.e., a curve behaving locally similar to

a polynom of about 3rd degree. A sudden jump causes anO(1) constant anomaly, so if the magnitude ofm is between

1 and 1/255, we have a locally and also globally well behaving function. In Neumann et al.1 the method is described in

more details.

6.2. Solution in log-log Coordinate System

Considering that the optimization introduced above tries to reach maximal smoothness which leads to functions behaving

locally like 3rd order polynomials, and also considering that the display characteristics used to be approximately a power

function which differs from this one, another approach was investigated.

We transform the coordinate system, the domain as well as therange, to a log-log scale so that

logy = g(log(x/255)) where y = f (x) (13)

Linear functions of this coordinate system are corresponding to c · xp power functions in the original system, and the

minimum problem results in the possibly smoothest functions, that is, the functions most be similar to linear functions, so

this transformation looks like the appropriate way to get power-like functions in the original coordinate system.

6.2.1. Problem Statement

Taking the new variables, the coefficientssi of the smoothness conditionsS(i) will change, and also the measurement

conditionsM( j) shall be rewritten with the exp functions of the new variables, since the formula is applicable to the



original values. All in all another minimum problem is to be solved by the conditions:

S(i) = si,i+1 · f (log(i+1))

+ si,i−1 · f (log(i−1))

+ si,i · f (logi)

(14)

with (i = 2. . .254), where, from the finite difference formulas,

si,i+1 =
2

(

log(i+1)− logi
)

·
(

log(i+1)− log(i−1)
)

si,i−1 =
2

(

logi− log(i−1)
)

·
(

log(i+1)− log(i−1)
)

si,i =
2

(

log(i+1)− logi
)

·
(

logi− log(i−1)
)

S(1) has been omitted, since the variabley0 = −∞ is omitted anyway, which means that no smoothness condition

could be defined using this variable. It is neither a real problem in this coordinate system, nor in its retransformed linear

version. Behind this little but strange point the characteristics of the power-like functions can be found. All in all, the

problem is simpler by one variable, which gives one more degree of freedom. This additional freedom lies behind the

phenomenon that an arbitrary power function can be defined byone measurement, as it can be done by e.g. the simple

gamma applets.

The measurement conditions change into

M( j) = exp( f (log(low j))) · ratio j

+exp( f (log(high j))) · (1− ratio j)

−exp( f (log(back j)))

(15)

where( j = 1. . .N).

The minimum problem (12) can be written with the expressionsabove in order to obtain the form of the directly

transformed measurement conditions, but in this case we face two new problems. One is the convexity of the measurement

conditions, corresponding to (15). The square of these expressions will not be convex, which leads to some algorithmical

difficulties, especially when considering the original dimensionality of the problem, which has 256 variables.



The other problem is much more crucial. Conditions in (14) can be weighted arbitrarily, their weights expressing their

individual importance. If different weights are used, theycould distort the overall smoothness depending how unbalanced

they are, that is, the function would be smoother in one part and less smooth in another. In a drastic case it destroys

the original expectation, that is, the function will not behave like a power function, which was the argument to apply the

axis transformation in the first place. Unfortunately, if the weights are equal, the magnitudes of the coefficients will be

enormously different, their maximum value will be

s2,2/s254,254 =
(log255− log254) · (log 254− log253)

(log3− log2) · (log2− log1)

≈
1/254.5·1/253.5

1/2.5·1/1.5

≈ 2−14

which leads to unsolvable numerical instabilities when minimizing them, especially by taking their squares the magnitude

will be squared as well (2−28). So it is obvious that the log-log transformation with the form of the minimum problem

cannot work because of numerical reasons.

6.2.2. A Two Pass Solution for the log-log Problem

There are two sets of points on the transformed independent axis, which play a special role in our problems.S consists

of all points involved in the smoothness conditions (14). The other, setM , is a subset of the 256-element setS . M

consists of all points playing any role in the measurement conditions (15). Let us consider the next smoothness conditions

written for the triplets of the sparser setM .

SM (k) = sM k, j · f (log j)

+ sM k,k · f (logk)

+ sM k,l · f (logl)

(16)

where(log j, logk, logl) is a succesive triplet ofM , and from the finite difference formulas

sM k, j =
2

(logk− log j) · (logl − log j)

sM k,k =
2

(logl − logk) · (logk− log j)

sM k,l =
2

(logl − logk) · (logl− log j)



It can be seen that solving the minimum problem of the smoothness criteria (14) overS , and taking its values only over its

subsetM , this restricted solution can be taken as a good quasi minimum for the problem of the smoothness criteria (16)

defined directly overM . And vice versa, solving the problem just overM and fixing its results, then solving the previous

problem by these constraints, the obtained overall solution will also be a good quasi minimum for the non-constrained

original problem.

It can be seen as well that the situation is similar if other, new conditions are added to the original problem. As its

main example, the measurement conditions of Eq. (15) can be added to both versions of the smoothness problem above,

that is, to the original condition system of Eq. (14), and also to its extension by Eq. (16) overM , and their solutions will

approximate each other well.

Let us suppose that the minimum problem of this extended condition system has already been solved. Now, letf (log j)

values be fixed for each logj from M , and the minimum problem be solved again with this additional constraints. Let us

recognise that the solution of this second problem cannot differ from the non-constrained one, since this solution could be

a better solution also for the first problem, contradicting its minimality! Therefore the same solution must be obtainedfor

both of them.

After this recognition let us consider the series of problems:



A Smoothness condition (14) overS

Measurement condition (15) overM

no constraints

B Smoothness condition (14) overS

Smoothness condition (16) overM

Measurement condition (15) overM

no constraints

C Smoothness condition (16) overM

Measurement condition (15) overM

no constraints

D Smoothness condition (14) overS

Smoothness condition (16) overM

Measurement condition (15) overM

constraints of solution C overM

E Smoothness condition (14) overS

constraints of solution C overM

A is the original problem, it gives an equivalent solution with B, andB gives also an equivalent solution overM with C.

D gives also an equivalent solution withC, so that they are equivalent overM . Finally, as proven above, the solution of

E is identical to the solution ofD.

It implies a two pass method resulting in a well-approximating solution of the original minimum problem. First,

problemC shall be solved which is a minimum problem in few variables, containing also slightly non-convex components,

but its technical problems can be overcome with a moderate effort.

Second, problemE shall be solved, which includes all the numerical instabilities, but in this form it is a pure smooth-

ness problem at the same time. This problem is identical withdefining a spline across a finite set of given points.

Independently from the number of given points, it leads to a 2-dimensional optimum problem defining interval-wise 3rd

order polynomials. These polynomials are defined by their coefficients instead of a set of points of the domain that would



promise numerical difficulties.

For the last step a reconversion shall be performed, transforming the logyi = f (logi) that is logyi = fi values back to

yi = expfi. The obtained curve is a piecewise transition of power-likebase functions, so it coalesces the behaviour of the

power function and changes one power function to another in the smoothest way in the sense of the log-log coordinate

system.

6.2.3. Discussion of the Methods

The original linear problem is a 256 variable, 256+N condition minimum problem, withN ≪ 256. It is solved practically

by a steepest descent method which is a stable and fast algorithm.

The behaviour of the approximation highly depends on the balance between the smoothness conditions and measure-

ment conditions. The solution of a compound quadratic optimum problem has been selected in order to compensate for

the possible errors of the measurements, which are actuallyhuman perception based, but errors would come into account

in any sort of measurements. In case of absolute weights of measurements, that is, assuming their absolute accuracy, a

spline problem is implied, similar to the second pass of the two pass method. This case shows the nature of the obtained

curve better, which is an interval-wise 3rd-order polynomial in a general case too. Interval-wise 3rd-order polynomials of

a spline realize the smoothest transition between their supporting points or, in other words, the smoothest transformation

of linear segments in order to link them together smoothly. This character is watermarked also in a softer weighting

similar to the weights given in the linear coordinate system.

The second method using the log-log coordinate transformation also keeps the smoothness, since the transformation

of the coordinate system has been introduced just in order toconform the preferred shapes to the displays. It is only a

practical question, but just because it is a practical question, it can result in a better practical solution.

After the coordinate transformation, a two pass separationof the algorithm has been applied in order to overcome the

numerical instabilities. In fact this method could have been applied also for the original “lin− lin” coordinate system, and

this could reveal that the solution is also a spline in any case because of the equality of the solutions of the constrainedand

non-constrained problems as it has been proven in the previous section. However, it is clear that the quasi-equivalences

of the previous section are not strict equivalences, so thissolution is not the theoretical optimum.



Nevertheless, applying this two-step process to our case wehave decreased the problem of the weights, which is

addressed in both steps to the sameM domain where they are naturally commensurable. On the otherhand the second

pass is also obvious, and both are fast. In addition one can introduce additional freedom into the spline computation,

allowing the values overM not to be exact, but the function being smoother. This leads to a similar question as it has

appeared with thelin− lin method’s weighting, but in a much simpler form and in a fasteralgorithm. All in all, it means

that the theoretical exactness has been sacrificed for getting a faster, simpler result which is still extendable to a similarly

flexible solution.

In addition it can be seen that the applied methods and forms are secondary compared to the original problem, which

is not exactly formalized, but a matter of decision.

7. RESULTS

To evaluate the ability of our method to capture the real TRC curve of a monitor, we compare it with results from direct

measurements of the TRC curve using a GretagMacbeth Spectrolino spectrophotometer. In order to demonstrate the

general usability of the method, the experiments are performed on two different monitor technologies: Cathode Ray Tube

(CRT, Nokia 446Pro) and Liquid Crystal Display (LCD, EIZO FlexScan L985EX). The Spectrolino measured 52 color

values per channel, with color values 0 to 255 increasing in equal steps of 5.

Figure 3 shows the results for the CRT Monitor in the left half, for the LCD monitor in the right half, for all three

channels. In this figure the TRCs obtained as result of the spectrophotometer measurements are taken as reference (solid

line). The TRCs obtained as result of our method (dashed line) are practically able to reproduce the reference curve, or a

close approximation. This is valid for both monitors used inthe experiments. Note the jaggyness in the Spectrolino CRT

curves have been caused by the different colour depth setting.

8. CONCLUSION AND FUTURE WORK

A significant improvement of our model for gamma display characterization1 has been presented in this paper which is

able to overcome the limitations of the previous version, inparticular, solving the problem of instability and unequal

weighting. This method is simplified and made more reliable by changing the simple smoothness principle to a log-log
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Figure 3: Comparison of TRC acquired with new method (dashed line) andSpectrolino measurements (solid line)



scale based one. A trade-off between the smoothness and observation conditions is analysed, improving the reliabilityof

the results of the method.

The flexibility of the model allows it to be used in many applications without the necessity to use a spectrophotometer.

Also a fast and simple (re)characterization is possible, just using an interactive process with the end user. The main benefit

of this approach is that it is a cheap and simple solution, either to define a relative TRC of a display or to verify a given

one.

There are a couple of open possibilities in the method. On onehand its usability could be improved by taking

information about the absolute values, that is, about the contrast value and the smallest (or the largest) value of the

absolute luminance, either staying with human perception based input or using other methods.

On the other hand, it should be possible to solve the phenomenon of the cross effect between the colour channels, and

the method may be extended for a multidisplay system application.
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