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ABSTRACT The combination of subband coding and vector quantization can provide a

powerful method for compressing color images. The use of properties of the human visual system can

increase the performance of such a system and allow one to achieve very high quality reconstructed

images at compression ratios exceeding 10:1. In this paper, we design a color subband-vector

quantization system, and formulate the bit allocation problem as an optimization problem where the

objective function depends on the distortion-rate curves of the quantizers and on a set of perceptual

weights. These weights are derived from data provided by experimental measurements [10, 14] of

the mean detection threshold of the human visual system for color transitions along the luminance,

red-green, and blue-yellow directions. Minimization of the objective function constrained by the

desired bit rate gives a perceptually optimal bit allocation.

Three subband/VQ cases are examined. In the first two cases (Case 1 and Case 2), the color

components of the lowest frequency subband are scalar quantized. Case 1 combines the three color

components of each pixel of the higher frequency subbands into a three-dimensional vector, while

Case 2 creates four-dimensional vectors from 2 x 2 blocks in each subband color component. The

third case (Case 3) is the same as Case 2, except that the chrominance components of the lowest

frequency subband are also vector quantized with 2 X 2 blocks in each component. To obtain the

required compression ratio and the high color fidelity required for HDTV applications, the vector

quantization is done in two different perceptually uniform color spaces, e.l.E. L*a*b* space and

AC
1C2

space. Results from these color spaces are compared to results obtained in N.T.S.C. YIQ

space.
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1 Introduction

A number of researchers have studied the problem of coding color images with the goal of achieving

approximately a 10:1 compression ratio while providing reconstructed images of very high visual

quality. Among the many techniques are subband coding and vector quantization. Westerink et

ale [24] combined the two methods to code monochrome images. They used the subband coder

to filter the image into 16 subbands, and used a sixteen-dimensional vector quantizer where each

vector contained the same pixel location from all 16 subbands. Subband/VQ schemes in which the

vectors were made from rectangular blocks in each sub band have been studied for both monochrome

[1] and color images [9]. Combining the three color components of a pixel into a vector and then

implementing a vector quantizer has been recently used to design color look-up tables [2]. We have

extended this approach to subband coding and have presented some initial results in [21, 22].

In this paper, we compare subband/VQ coders in different color spaces. Two test images,

GIRL and DOLL, stored as C.l.E. XYZ tristimulus values are transformed to N.T.S.C. YIQ, C.I.E.

L*a*b*, and AC1C2 [4] space; the latter two are considered perceptually uniform spaces. Three

different vector quantizer cases are simulated. In Case 1, the vectors for each higher frequency

subband are created by combining the three color components of the pixels. In Cases 2 and 3,

the components are coded separately with four-dimensional vectors created by taking 2 X 2 blocks

in each color component. The LBG algorithm [11] with splitting is used to design the codebooks

using the minimum mean squared error criterion in the desired color space.

Although subband coding is often suboptimal in a rate-distortion sense [6], by using perceptual

information it is possible to overcome this suboptimality and provide high quality reconstructed

images. In this work we formulate the bit allocation problem as an optimization problem where

the objective function is weighted by the response of the human visual system. A variation of the

Marginal Analysis algorithm [7] is used to solve this problem, and sufficient conditions for this to

be an optimal solution are stated. A heuristic method is then given to handle the case when the

resulting bit allocation is not necessarily optimal.

The objective function uses a set of perceptual weights derived from experimental measure

ments of the mean detection threshold of the human visual system done by Krishnakumar [10, 14].

The experiments measured the mean detection threshold as a function of spatial frequency, spatial

orientation, background luminance, background color, and direction of color transition. The trans

formation of Krishnakumar's data to the desired color spaces is explained in subsection 4-3, and
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an example is given. The perceptual weights are then derived for each subband color component.

To compare the reconstructed images with the original, we used the dE distortion measure in

L*a*b* space. dE is given by

LlE = Ilx - yll

where x and y are the input and output tristimulus vectors in L*a*b* space, and 11·11 is the Euclidean

norm. This distortion measure is computed on a pixel by pixel basis and the average over all of

the pixels is then compared with the subjective evaluation of the output image. To display the

image on a calibrated monitor, the image must be transformed to the RGB space of the display.

To achieve the correct colorimetric results, this transformation must compensate for the non-linear

transfer functions of the three electron guns. More information on the storage and display of our

color images can be found in [20], and the calibration procedure is described in [13].

The outline of this paper is as follows. The next section contains the transformations to

the color spaces used in this work. The third section discusses the subband decomposition and

the vector quantizer design. The fourth section addresses the perceptually optimal bit allocation

problem. The fifth section provides results of computer simulations. The improvement gained

by using perceptual weights is shown, and the effects of coding in the different color spaces are

discussed. The final section contains the conclusions drawn from this work.

2 Color Transformations

The input images used in the computer simulations were recorded as C.l.E. XY Z tristimulus values.

Studies done by MacAdam [12] and others have shown that the human visual system is not equally

responsive to the same size color errors in different parts of XYZ space. One approach to this

problem involves the transformation of the color space to another one that has more perceptually

uniform color errors. Two such spaces are C.l.E. L*a*b* space and AC1C2 space. In this section,

the transformations to these color spaces and N.T.S.C. YIQ space are given. Processing consists of

transforming the input image to the desired color space, doing the subband/VQ coding, and then

transforming the image back to ..,Y"YZ space.
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2-1 Transformation to N.T.S.C. YIQ Space

Because of a desire for compatibility with the existing monochrome system, the N.T.S.C. decided

to create a color system with one luminance channel, Y, and two chrominance channels, I and Q.

The new color signal had to occupy the same bandwidth as the existing signal, so the chrominance

channels were quadrature modulated onto a subcarrier that was then added to the monochrome

signal. The chrominance channels are derived from scaled and rotated versions of (R - Y) and

(B - Y), where R and B are the red and blue components in N.T.S.C. RGB space. The bandwidth

of the chrominance channels had to be reduced to minimize interference with the luminance channel.

To reduce the visual degradations as much as possible, a series of experiments were conducted to

determine the rotation angle used to create the I and Q axes. An angle of 33 degrees was chosen.

The transformation from XY Z to Y I Q space takes place in two steps. The first step is the

transformation from XYZ to N.T.S.C. RGB space. The second step is from RGB to YIQ. This

is a linear formulation of the N.T .S.C. transformation [1 7]. The two matrices can be combined to

give:

y 0.000 1.000 0.000 X

I 1.389 -0.827 -0.453 Y (1)

Q 0.938 -1.195 0.233 Z

2-2 Transformation to e.l.E. L*a*b* Space

L*a*b* space is an almost perceptually uniform color space created by a nonlinear transformation

of XY Z space. The transformation requires the XY Z coordinates of the desired white point. In

OUI simulations, we used the defined white point of OUI display; the numerical values are:

X o 34.51

Yo 37.36 (2)

Zo 37.16

The transformation from XYZ to the CIELAB color space L *a*b" is then given by the equa-

tions [25]:

L* = 116(Y/Yo)1/3 - 16

a* = 500((X/X o)1/3 - (Y/YO)1/3]

b* 200((Y/YO)1/3 - (Z/Zo)1/3]

4
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where X o, Yo, and Zo are the tristimulus values of white. These formulae are only correct for

values of X/Xo, Y/Yo, and Z/Zo greater than 0.008856. For lower values of these ratios, L* =
903.29(Y/Yo), and a* and b" are also changed [25].

2-3 White Point Mapping of AC1C2 Space

The second perceptually uniform. color space that we used is based on a logarithmic transformation

of cone space derived by Faugeras [5]. The cone space, LMS, is obtained from a linear transfor

mation of XY Z space [25] using the equation:

M = -438.0 1620.0

661.0 1260.0 -112.0L

S 0.708 0.0

123.0

417.0

x
y

Z

(4)

The transformation to LMS space given by Eq, (4) does not map the desired white point to

the origin of the coordinate system. To be consistent with the transformation to L*a*b* space, the

transformation was changed so that the monitor's white point is mapped to the origin. Changing

the white point is known as white point mapping, and the procedure to calculate the new matrix

is now given.

Define the matrix E to be the transformation matrix in Eq. (4). Let the vector w be the XYZ

tristimulus values and let 1 be the corresponding LMS tristimulus values defined by 1 =Ew. It is

desired that
1

(5)

1

where E 1 is the new transformation matrix, and W Tn contains the tristimulus values of the monitor's

white point with the luminance scaled to unity. The logarithmic processing in Eq. (10) will map

the vector (1, 1, I)T to (0,0, O)T. The white point vector is given by:

0.9235

W Tn = 1.0000

0.9945

(6)

Now define Ell =E-I A where A is the diagonal matrix of the gains needed to map the white

point to the origin. Once A is found, one can calculate E I and use it instead of E in Eq. (4).
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Premultiplying both sides of Eq. (5) by Ell yields:

1 1

(7)

1

This gives:

1

1

1759.32

A 1 = EWm = 1337.67 (8)

1

Finally, the new matrix is: E 1 = A -1 E.

2-4 Transformation to AC1 C2 Space

415.57

The transformation from XYZ to ACIC2 space occurs in three steps. The first step is a linear

transformation from XYZ space to cone space using matrix E 1 derived in the last section. This is

followed by a logarithmic mapping and another linear transformation. The processing is as follows:

0.37512 0.71618 -0.06366L

M

S

-0.32743 1.21106

0.00170 0.00000

I = In(L)

m In(.NI)

s In(S)

0.09195

1.00344

x
y

Z

(9)

(10)

c, = 64.0000 -64.0000

A 13.8310 8.3394 0.4294

0.0000 m (11)

10.0000 0.0000 -10.0000 s

The last transformation is the achromatic-chromatic separation. It creates the A channel

containing the luminance information and two chrominance channels. C l contains red-green infor

mation and C2 contains blue-yellow information. Frequency selective filtering can be applied to this

color space to create the color space A·CiCi. Since the subband coding is also frequency selective,

this filtering was not done. The human visual system's frequency dependence will be considered in

the bit allocation algorithm.
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3 Subband/VQ Design

The subband simulation first filters the color image into four subbands using the 32 tap QMF filter

D from Johnston [8]. The lowpass filtered subband is further filtered into three more subbands

to yield a total of seven. The filtering is done in the time domain with constant extension at

the boundaries to minimize edge effects. The color images were compressed by creating three such

systems in parallel, where each system processes one of the three color components. _By transforming

to the desired color space before the transmitter filterbank and transforming back after the receiver

filterbank, the processing can be done in any color space. A different set of codebooks is used for

each color space.

Because of the large number of levels that are needed for the lowest frequency subband, each

of its components are scalar quantized in Cases 1 and 2. The other six subbands are all vector

quantized. Simulations of Case 3 are run only at high compression ratios in order to reduce the

required number of levels for the lowest frequency chrominance components. The LBG algorithm

with splitting [11] is used to design the codebooks in all cases. A full search VQ is used since the

maximum number of levels needed for each subband is not large. The use of splitting to determine

the initial codevectors for the LBG algorithm requires that codebooks for all rates smaller than a

given rate be found first. By doing this, one can obtain a distortion-rate curve for the particular

vector quantizer. These curves will be used for the bit allocation process.

To obtain the training sequence, four training images are each filtered into seven subbands.

For each subband color component, a single subimage is created from the subimages of the four

training images. This can be contrasted with the simulations performed in [22], where only a single

image was used as the training sequence. For Case 1, the three color components of the pixels in

each higher frequency subband are combined into vectors and these vectors become the training

sequence for that subband. Nine codebooks must be designed, three for the components of the

lowest subband, and one codebook for each of the other six subbands. For Case 2, each block of

four pixels in a color component of a higher frequency subband is considered as a vector. The

vectors for that component and subband are then used as the training sequence. Now, a total of

21 codebooks must be designed, one for each component of the seven sub bands. These procedures

were repeated for each desired color space.
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4 Perceptually Optimal Bit Allocation

4-1 Introduction

As in all subband coding schemes, one must determine how to allocate bits among the subbands.

In color subband coding, one faces the additional problem of allocating bits among the color com

ponents of each subband if the components are treated separately. A number of algorithms have

been proposed to solve this problem. They can generally be classified into two separate categories.

The first method uses a model of the optimal scalar quantizer and the variances of the subband

components to provide a mathematically suboptimal, yet useful, bit allocation. Because the prob

lem is solved by using a continuous Lagrange multiplier method, the results are not constrained to

non-negative integers. The non-negativity constraint can, however, be added [15], but the results

are still real numbers. These can be rounded to the nearest integer and adjusted, if necessary, to

yield the required bit allocation.

The second method was first given by Fox [7] using the generalized Lagrange multiplier method

derived by Everett [3]. This method, known as Marginal Analysis, was originally used to solve

military allocation problems, and was used by Trushkin [18, 19] for bit allocation of vector quan

tizers. Shoham and Gersho [16] proposed an extension of this method for arbitrary quantizers

where the distortion-rate curves were neither convex nor monotonic. Westerink et ale [23] gener

alized Trushkin's work to allow non-integer bit allocations, and then they used their version for

the monochrome subband case. Because Marginal Analysis uses the actual distortion-rate curves

for the quantizers, any type of quantizer can be implemented. Scalar and vector quantizers can be

used for different subband components in the same system. This is important since it is desirable to

scalar quantize each color component of the lowest subband because of the large required number

of levels, and vector quantize the higher subbands to achieve a greater compression ratio.

The latter method will be described in the following subsections. It has been used to obtain

the bit allocation when the higher frequency subbands were vector quantized. We propose an

extension of the method for subband coding of color images by adding weights to the cost functions

based on properties of the human visual system. This generalization is important since the human

visual system not only has different responses for the color components, but these responses are

also frequency dependent. The new bit allocation scheme will attempt to provide the perceptually

optimal solution.
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4-2 Marginal Analysis Method

In this section, we show how the method of Marginal Analysis can be used to provide an optimal

solution to the bit allocation problem.. The discussion of this method will illustrate the case where

each component of the lowest frequency subband is scalar quantized and the other six subbands are

vector quantized by combining the three color components of each pixel into a three-dimensional

vector (Case 1). The scalar case and the vector quantizer cases where the vectors are created from

blocks of pixels in each color component (Cases 2 and 3) are treated similarly.

The problem can be formulated as follows:

subject to

minbESD(b)

C(b) ~ B,

(12)

(13)

where D(b) is the distortion function, B is the total bit rate, and C(b) is the number of bits

required by strategy b. The set S is the set of all possible bit allocations among the subbands.

The bit allocation problem reduces to the cell problem [3] because the mean squared errors for

each vector quantizer are summed to obtain the total distortion. The optimization problem is now:

subject to

3 7

minbiESi L D 1,c(bl ,c)/ Wl ,c + L Di(bi)/Wi
~l i=2

3 7

I: C1,c(bl ,c) +I: Ci(bi) ~ B.
c=l i=2

(14)

(15)

Di(bi) is the distortion-rate curve for subband i. The second subscript for the first subband

is used to designate the three color components, since they are scalar quantized. The functions

Ci(bi) = Cibi, where the cost factors Ci are needed because of the different sizes of the subbands. The

cost functions are given in Tables 1 and 2 for Cases 1, 2, and 3. The ui; are perceptual weighting

factors that are determined by the visual importance of the subband and color component. They

will be discussed in more detail later. Since there are seven subbands and the lowest has three

components, b is a nine-dimensional vector, b = (bl ,1 bl ,2 b1,3 bz :: .b7 )T. The components of the

vector can be relabeled to give b = (b1 · · · bg)T.

Figure 1 shows the mean squared error versus bit rate for subbands 112, 121, and 122 in

Ltarb" space. One can see that these functions are convex. The definition of convex for functions
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Sub band Lum I R-G I B-Y
111 1/16 I 1/16 , 1/16
112 1/16
121 1/16
122 1/16
12 1/4
21 1/4
22 1/4

Table 1: Subband Costs - Case 1. The costs depend on the size of the subbands. For the scalar
quantizers these are the costs of adding one bit/pixel. For the vector quantizers these are the costs
of adding one bit/vector. Lum refers to the luminance component, R-G refers to the red-green
component, and B-Y refers to the blue-yellow component. The vectors include the three color
components so there is only one weight per subband.

Case 2 Case 3
Sub band Lum R-G B-Y Lum R-G B-Y

111 1/16 1/16 1/16 1/16 1/64 1/64
112 1/64 1/64 1/64 1/64 1/64 1/64
121 1/64 1/64 1/64 1/64 1/64 1/64
122 1/64 1/64 1/64 1/64 1/64 1/64
12 1/16 1/16 1/16 1/16 1/16 1/16
21 1/16 1/16 1/16 1/16 1/16 1/16
22 1/16 1/16 1/16 1/16 1/16 1/16

Table 2: Subband Costs - Cases 2 and 3. The costs depend on the size of the subbands. For the
scalar quantizers these are the costs of adding one bit/pixel. For the vector quantizers these are
the costs of adding one bit/vector. Lum refers to the luminance component, R-G refers to the
red-green component, and B-Y refers to the blue-yellow component.

defined only on the integers is that the first differences are all negative and increasing as the bit rate

increases. When all of the distortion-rate curves are convex, the problem of finding the optimal

bit allocation is considerably simplified. The Marginal Analysis algorithm will give the optimal

solution.

4-2.1 Marginal Analysis Algorithm

The allocation algorithm is iterative, and is given as follows:

1. Initially set bO = (0·· .O)T. Set k = 1.

2. b le = b le- 1 +ei, where e, is the ith unit vector and i is the index which has the maximum

3. IT C(ble) > B then stop, else k =k +1 and go to 2.
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Figure 1: Distortion-Rate Curves of Subbands 112, 121, and 122 in L*a*b* Space.

When the algorithm terminates, one may have to adjust the last couple of allocations so the

total bit rate matches B and does not exceed it. If all of the subbands where the same size this,
would not be necessary.

4-2.2 Quasiconvexity Condition

The Marginal Analysis algorithm is guaranteed to provide the optimal solution only if all of the

rate distortion curves are convex. Unfortunately, this may not be true, especially for Case 2 and

Case 3. The LBG algorithm is only guaranteed to converge to a local minimum. The change in

distortion between bit rate i - 1 and i is not always greater than the change between bit rate i and

i + 1. This non-convexity most often occurs for the higher frequency subbands where the increase

is from a bit rate of zero bits/pixel to a bit rate of one bit/pixel.

The quasiconvexity condition is a sufficient condition for the bit allocation to be optimal [19].

This condition is:

(16)

where
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= maZbt~bi<B(Di(bi) - Di(bi +1)/(WiCi)),

minO~bj<bJ(Dj(bj)- Dj(bj +1)/(wjcj)),

(17)

(18)

and b" = (bi· · · bg)T is the bit allocation from the Marginal Analysis algorithm.

The bit allocation algorithm first uses Marginal Analysis to find an initial allocation. If the

quasiconvexity condition is satisfied, the allocation is optimal and the procedure is finished. If not,

the subbands or subband components that cause the nonconvexity are determined and the locations

on the distortion-rate curves where convexity is lost are found. This information is provided by

the bit allocation program. Since the program lists the order that bits are allocated to the various

subbands, a procedure of pair-wise changes is used. The total distortion is first calculated and then

a pair-wise change is made in the bit allocation. The new distortion is calculated and compared to

the previous one. If the distortion is lower, the new allocation is kept.

4-3 Mean Detection Threshold

Initially, the perceptual weights, Wj, were all set to unity. However, the human visual system

is both color and frequency dependent. Subjective experiments have shown [10] that even in a

perceptually uniform color space such as L*a*b* space, the mean detection threshold is a function

of spatial frequency, orientation, luminance, background color, and direction of the color transition.

Using this research, we have derived sets of weighting factors. These sets give a numerical weight

for each subband color component, and are based on a specified viewing distance from the image.

In the following, a description of how the mean detection threshold data was measured and how it

can be transformed into the different color spaces is described.

4-3.1 Experimental Measurements

The experiments [10] measured the smallest change in a color necessary for a human observer to

notice that change. Sinusoidal variations in color at different spatial frequencies were displayed

on a monitor, and the amplitude of each variation was increased until the pattern was visible or

an upper limit was reached. The pattern was then made clearly visible and the amplitude was

decreased until the pattern was not visible or a lower limit was reached. The average of a number

of test subjects gives the mean detection threshold. The details of these experiments can be found

in [10, 14].
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The initial data was measured in zyY space where z and y are the e.I.E. chromaticity co

ordinates and Y is the luminance. Four representative chromaticities were chosen, one each in

the white, red, green, and blue regions of the monitor's gamut. The chromaticity coordinates for

these points are given in Table 3. About these points, the mean detection thresholds were mea

sured for transitions along the luminance, red-green, and blue-yellow directions for six different

spatial frequencies and for Y tristimulus values of 5, 10, and 20 cd/m2• Figure 2 shows the red

green and blue-yellow directions on the 'l:y chromaticity diagram for transitions about the white

point, (z, y) = (0.33,0.35). Included on the plot is the spectral locus and the monitor's gamut for

Y = 5 cd/m2 •

Hue Chromaticity Coordinates
x y

White 0.33 0.35
Red 0.42 0.39
Green 0.34 0.46
Blue 0.29 0.29

Table 3: Representative Chromaticities. These are the four background colors used in the visual
sensitivity experiments.

lY

1.41.20.80.60.40.2
L_'-:~~ i-----+------:-+-:---~~--~~--~:--X

0.2

0.8

0.4

0.6

b th Whit Poi t The white point's chromaticity isFigure 2: Directions of Variation a out e 2. e om.
(0.33,0.35). The monitor's gamut for Y =5 edlm. IS also plotted.
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The equations for the red-green and blue-yellow directions are given parametrically as:

Z = Zo ± Llz X t

y = Yo ± Lly X t

(19)

where t is the mean detection threshold, and the point (zo, Yo) is one of the four representative

chromaticities. Llz and Lly are the changes in the z and y chromaticity coordinates, and they are

different for the red-green and blue-yellow directions. Table 4 gives the values of Llz and Lly for

all three directions of color transition.

Direction ~y ~z Lly
Luminance 0.0124 0.0 0.0
Red-Green 0.0 0.000327 -0.000179
Blue-Yellow 0.0 0.000141 0.000345

Table 4: Amounts of Change for Each Direction.

For a constant luminance, the 1;y contrast is given by Llzy = {{Llz)2 + {Lly)2)1/2. The data

was measured in contrast units corresponding to an absolute difference of Ll1;Y = 0.000745. Since

the variations in color were sinusoidal about the center point, the contrast is equivalent to twice

the variation from the center to either end point. Therefore,

2 X {{0.000327)2 + {0.000179)2)1/2 = 2 X {{0.000141)2 + (0.000345)2)1/2 = 0.000745. (20)

For the luminance direction, the chromaticity coordinates remain unchanged and only the luminance

value is varied.

4-3.2 Transformation to XY Z Space

To convert the mean detection threshold data to the color spaces YIQ, L*a*b*, and AC1C2 , the

data must first be transformed from 1;yY space to XY Z space. The procedure is different for

the luminance and chrominance changes, so each one will be discussed. For both the red-green

and blue-yellow directions, Eq. (19) provides two chromaticity coordinates for each mean detection

threshold value. Call these two points (Xl, Yl, Zl) and (Z2'Y2, Z2), where Zi =1- Zi - Yi for i = 1,2.

These two points are then converted to ..tTYZ space for the given value of Y. That is,

(21)

for i = 1,2.
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For the luminance direction, each mean detection threshold value provides two XYZ tristim

ulus values. The equations are:

Xi =Xo ± ~Y X t

}Ii = Yo ± ~Y X t

Zi = Zo ± ~Y X t

(22)

where ~Y is given in Table 4, t is the mean detection threshold, and i = 1,2. The tristimulus

vector (Xo Yo Zo)T contains the tristimulus values of the center point at the desired luminance

value, Y. It is computed in the same way as Eq. (21).

Once the data has been converted to XYZ space, the mean detection threshold in this color

space can be computed. It is the Euclidean norm of the difference of the two tristimulus vectors.

The value is given by:

(23)

where T I = (Xl YI ZI)T and T 2 = (",,1:"2 Y2 Z2)T. The mean detection thresholds in the color

spaces L *a*b"; ACI C2, and Y I Q are the Euclidean norms of the differences of the corresponding

vectors obtained by transforming the two XY Z tristimulus vectors to the desired color space.

4-3.3 Tr-arisfor-mation to L*a*b* Space

The transformation from ""YYZ space to L*a*b* is defined in terms of the tristimulus values

of a white point. Using the monitor's white point, the red-green and blue-yellow directions in

L*a*b* space are shown in Figure 3. The data was measured with Y = 5 cd/m2
, and this maps

to L* = 43.34. The red-green direction is essentially along the a* axis as is desired. However, the

blue-yellow direction is not along the b" axis. Since the transformation uses a white point that is

not the same as the white point about which the data was measured, there is a slight offset as seen

in the plot.

4-3.4 Transformation to ACIC2 Space

The transformation from XY Z to ACI C2 space consists of three parts as was discussed pre

viously. The first part is a linear transformation to the cone space, LMS. The mapping used by

Faugeras [5] uses the transformation from [25J. He uses a white point mapping such that either

standard illuminant C or illuminant D 6 5 with unity luminance maps to the origin.
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Figure 3: Directions of Variation in L*a*b* Space. White Point Chromaticity is (0.3165,0.3426).
Y = 5 cd/m2 •

It is simple enough to derive a transformation to AC1C2 space such that any desired white

point maps to the origin. While standard illuminant C is used as the white point in the N.T.S.C.

XY Z to Y I Q transformation, the use of the monitor's white point would be more consistent with

its use in the transformation to L*a*b* space. This transformation was implemented, and the red

green and blue-yellow directions are shown in Figure 4. Again, one notices that there is an offset

between the center of the color transitions and the origin. More importantly, these two directions

of color transition are almost orthogonal and are very close to the axes.

4-3.5 Transformation to Y I*Q* Space

The transformation to Y IQ space is a linear one, so the red-green and blue-yellow lines map to

straight lines. The red-green line lies mostly in the in-phase, I, direction, and the blue-yellow line

lies mostly in the quadrature, Q, direction. The angles that these lines have been rotated through,

relative to the I axis, depend on the white point about which the lines were constructed. For the

white point of (0.33,0.35), the angles for the red-green and blue-yellow directions are 34.47 and

-73.26 degrees. Notice that these lines are not orthogonal to each other. Using standard illuminant

C as the center changes these rotation angles by less than 2°.
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Figure 4: Directions of Variation in AC1C2 Space. White Point Chromaticity is (0.3165,0.3426).
Y = 5 cd/m2 •

In order to more optimally match the data in the visual experiment, a variation of Y IQ space

where the directions of the chrominance axes are closer to the directions used in the experiment

would be preferable. This makes the perceptual weights more meaningful., and it also allows for a

more accurate comparison with L*a*b* and AC1C2 space. Therefore, a new color space, designated

YI*Q* was derived; the details are now given.

The new color space is based on the N.T.S.C. phosphors and the white point of OU1" color

monitor. First, a transformation to XYZ space from a new RGB space is derived. This RGB

space is created by determining the gains on each of the red, green, and blue channels so that

an RGB vector of (1 1 l)T maps to an XYZ vector equal to the monitor's white point with the

luminance scaled to unity. The transformation is:

x
Y

Z

0.5734 0.1842 0.1659

0.2824 0.6228 0.0948

0.0000 0.0702 0.9243

R

G

B

(24)

The 1* and Q* channels are given by:

1* = (R - Y)/1.14

Q* (B - Y)/2.03.
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Notice that so far, the only differences from N.T.S.C. YIQ space is that a different white point is

used and there is no rotation of the (R - Y)/1.14 and (B - Y)/2.03 axes.

Since the Y in XYZ space is the same as the Y in YI*Q* space, one can combine Eqs, (24)

and (25) to get:

0.6295 -0.5463 -0.0832

y 0.2824 0.6228

-0.1391 -0.3068

0.0948

0.4459

R

G

B

(26)

Replacing the (R G B)T vector in Eq. (26) with the inverse of Eq. (24) gives the desired result:

1.7733 -1.3715 -0.2676

0.0347 -0.5630

Y 0.0000 1.0000 0.0000

0.5339

x
y

Z

(27)

The red-green and blue-yellow directions in this color space are shown in Figure 5. The red-green

line is now along the 1* axis. The blue-yellow line is at an angle of approximately 14.4 degrees

from the Q* axis.
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Figure 5: Directions of Variation in Y PQ· Space. White Point Chromaticity is (0.3165,0.3426).

Y = 5 cd/m2
•
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4-3.6 Example Transformation of Mean Threshold Data

The following example will illustrate how the mean threshold data was transformed from zyY to

L-a-b- space using the monitor's white point in the transformation. Table 5 contains contains the

mean threshold data as originally recorded in zyY space. The entries with a single asterisk by

them indicate that at least one of the experimental subjects was unable to detect the pattern. A

double asterisk indicates that no subjects were able to detect the pattern; the value of 150 was

chosen. This value was selected since it is higher than any of the measured data, but low enough

to allow the possibility of a non-zero bit allocation.

Spatial Color Spatial Frequency cycles/ deg
Dir. Dir. 0.5 1.0 2.0 5.0 10.0 20.0
Hor. Lum 8.167 6.750 6.333 7.250 13.500 65.083

R-G 4.667 4.750 4.750 7.167 17.417 77.417
B-Y 11.667 6.000 6.833 32.667 70.167 **150.000

Vert. Lum 7.000 6.833 6.250 6.833 22.500 *77.800
R-G 5.083 5.583 7.083 9.250 23.000 *90.375
B-Y 11.000 6.667 9.417 31.833 *65.700 **150.000

Left Lum 8.250 7.667 6.917 11.167 37.083 *49.000
R-G 7.167 7.917 7.167 16.083 37.500 *100.750
B-Y 16.000 12.417 18.500 *45.500 *86.500 **150.000

Right Lum. 8.583 8.083 7.583 9.167 42.583 *85.750

R-G 7.250 7.750 6.333 13.833 35.417 *103.500
B-Y 16.417 13.750 19.750 *47.750 *83.000 ·114.000

Table 5: Mean Detection Thresholds in zyY Space. Y = 5 cd/m2• Representative chromaticity is
white with chromaticity coordinates (0.33,0.35).

Consider the transitions with a horizontal orientation and a spatial frequency of 0.5 cy

cles/degree. The luminance transition has a mean detection threshold of 8.167 as seen in Ta

ble 5. The (Xo Yo Zo)T value for the white representative chromaticity at a luminance value

of Y = 5 cd/m2 is (4.714 5.000 4.571)T. Using Eq. (22) gives the XYZ tristimulus values of

(4.810 5.101 4.664)T and (4.619 4.899 4.479)T. Converting these vectors to L*a*b- space gives

the vectors (43.733 1.766 2.852)T and (42.932 1.743 2.814)T. Taking the Euclidean norm of the

difference of these two vectors gives a mean detection threshold value of 0.803.

Since the two chrominance components are calculated in the same manner, we shall show

how the mean detection threshold for the red-green direction is computed. The zyY thresh

old value is 4.667 for the horizontal orientation and spatial frequency of 0.5 cycles/degree. The

two vectors in this color space are found by using Eq. (19). They are (0.333 0.348 0.319)T and
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(0.327 0.352 0.321)T. Using Eq. (21), one gets the XYZ tristimulus values of (4.7815.000 4.573)T

and (4.649 5.000 4.5705)T. Transforming these vectors to L*a*b* space yields the vectors

(43.335 2.958 2.819)T and (43.335 0.551 2.847)T. Notice that since the transition was only in

chrominance, the L* values are the same. The Euclidean norm of the difference gives a mean

detection value of 2.407. Continuing this process with the other spatial frequencies and spatial

directions gives Table 6.

Spatial Color Spatial Frequency cycles / deg
Dir. Dir. 0.5 1.0 2.0 5.0 10.0 20.0
Hor. Lum 0.803 0.663 0.622 0.712 1.327 6.426

R-G 2.407 2.450 2.450 3.697 8.986 40.093
B-Y 4.471 2.299 2.618 12.544 27.169 60.447

Vert. Lum 0.688 0.671 0.614 0.671 2.212 7.698
R-G 2.622 2.880 3.654 4.771 11.868 46.873
B-Y 4.216 2.555 3.609 12.223 25.406 60.447

Left Lum 0.811 0.753 0.680 1.097 3.649 4.828
R-G 3.697 4.084 3.697 8.297 19.361 52.325
B-Y 6.134 4.759 7.093 17.510 33.681 60.447

Right Lum 0.843 0.794 0.745 0.901 4.193 8.498
R-G 3.740 3.998 3.267 7.136 18.283 53.774

B-Y 6.294 5.270 7.573 18.384 32.277 44.939

Table 6: Mean Detection Thresholds in L*a*b* Space. Y = 5 cd/m2
• Representative chromaticity

is white with chromaticity coordinates (0.33,0.35).

4-4 Calculation of Perceptual Weights

Once one has obtained the mean detection thresholds in the desired color space, the weights for the

given subband configuration must be calculated. The visual experiments provide data at 0.5, 1.0,

2.0,5.0,10.0 and 20.0 cycles/degree. The experiment was designed with the subjects at seven feet

from the display so that the images subtended two degrees at the eye. The mean detection threshold

data must be converted from cycles / degree to cycleslinch for some standard viewing distance. A

256 X 256 pixel image has physical dimensions of 3 X 3 inches on the monitor. This corresponds

to a sample spacing T. = 0.01172 inches/pixel in both the vertical and horizontal directions, or a

sampling frequency F. = l/T. = 85.33 cycles/inch. Assuming that there was no aliasing in the

original digital image implies that the image is bandlimited to a single-sided bandwidth of 42.66

cycles linch in each direction.

A schematic of the experimental set-up is shown in Figure 6. Define the visual axis as the

20



line that is perpendicular to the image and runs through its center. For a given viewing distance,

let 8 represent the angle between the point on the visual axis at this distance and the edge of the

image. Twice this angle is the angle subtended at the eye by the entire image. Assuming that

tan(8) = 8 allows one to convert the data to cycles/inch. For example, consider a viewing distance

of five times the picture height. 8 = 5.711 degrees, and this angle covers 1.5 inches of the image.

Therefore, one degree equals 0.2627 inches.

Experiment Geometry

Image

/
Visual .....J
Axis 1.5 in

15 in

1·....l
-. I

:.-
I

7feet
I

~ .'
Figure 6: Schematic of the Mean Detection Threshold Experiment.

The perceptual weights are defined to be the mean detection thresholds at the desired spatial

frequencies, orientations, and color transition directions. The data for the white background at a

luminance value of Y = 5 cd/m2 is used. The white background was chosen since without any a

priori knowledge of the input, one can not assume that the average background color is red, green,

or blue. A neutral color such as white is a better assumption. The luminance value was chosen to

be 5 cd/m2 since the histogram of the toy store image has a peak at the lower luminance levels.

The choice of background luminance does not have a great effect on the bit allocation.

The use of perceptual weights is an attempt to correct for the non-uniform response of the

HVS. Since the mean detection threshold is the smallest change along a color direction that can

be detected, it is reasonable to equate the perceptual weights with this threshold. Higher values

imply a decreased sensitivity of the human visual system. In Eq. (14), the perceptual weights are
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in the denominator. This means that the higher the value of a weight, the more the distortion for

that subband is reduced. Since the total distortion is to be minimized, this implies that fewer bits

will be allocated to a subband if its perceptual weight is high. This corresponds to the subband

not being perceptually important.

4-4.1 Rectangular Subband Configuration

Table 7 contains the center frequencies of the subbands measured radially from the origin and

shows their orientations. These frequencies will be the ones used to determine the perceptual

weights, and they are shown in Figure 7. These center frequencies were converted to cycles/degree

for the given viewing distance, five picture heights, and linear interpolation in the desired color

space was used to obtain the mean threshold values. Since the lowest frequency subimage contains

the baseband information, an average of the horizontal and vertical orientation data was used.

These two orientations provided very similar thresholds for this spatial frequency, justifying the

use of the average. By using this average of horizontal and vertical orientations instead of a

diagonal orientation at the vector sum of them, the lowest frequency subband is given slightly more

importance. Even though subbands 122 and 22 are rectangular in shape, they contain the diagonal

high-frequency information. These two subbands do not make a distinction between the left and

right diagonal orientations so an average of the two was used.

The set of perceptual weights in L*a*b* space, based on a viewing distance of five times the

picture height, is given in Table 8. Since the blue-yellow direction is not a straight line in L*a*b*

space, it was approximated by a straight line at an angle of -59.62° from the a- axis. The weights

for the transitions in the b" direction were obtained by assuming the blue-yellow weights lie on this

line, and projecting this line onto the b" axis. The result is that these weights were multiplied by

cos(30.38°).

The set of perceptual weights in AC1C2 space is given in Table 9, while Table 10 contains the

set of weights in Y J*Q* space. The weights for the Q* direction were obtained by projecting the

weights for the blue-yellow direction in YI*Q* space onto the Q* axis. Since the angle between the

blue-yellow direction and the Q* axis was only 14.40
, the effect of this change was negligible, but

it was done to be consistent with processing in L*a*b* space.

These sets of weighting factors have been used to obtain simulation results for all three cases.

To apply these weighting factors to Case 1, a single value is needed for the higher subbands. We
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Sub band Center Freq. Center Freq. Orientation
cycles / inch cycles / deg.

111 5.333 1.401 1/2 H, 1/2 V
112 16.000 4.203 V
121 16.000 4.203 H
122 22.627 5.944 1/2 L, 1/2 R
12 32.000 8.406 V
21 32.000 8.406 H
22 45.255 11.888 1/2 L, 1/2 R

T.able 7: S.ubband Orientation. Center frequencies in cycles/degree are for a viewing distance of 5
picture heights.

Seven Subband System

Rectangular Configuration

W2~

cycles:
--:

inch ~

~
22

22 32f X

122 16* X

).33l
••••••••1.2,•••• •• ·1·1~· .....i .. ·>E,· ···K··· .......*.·;a·

111E 5 .33 16 32

122 1~1 122

22 11 22

w1

cycleslinch

Figure 7: Spatial Frequency Locations of the Perceptual Weights. The bold numerals are the
numbers of the subbands. The smaller numerals are the spatial frequencies in cycles/inch.

Sub band Weights

L* a* b*

111 0.648 2.820 2.331

112 0.656 4.474 8.570

121 0.689 3.366 8.547

122 1.551 9.813 17.931

12 1.721 9.605 18.292

21 1.131 7.300 19.417

22 4.439 25.284 31.662

Table 8: L*a*b* Perceptual Weights. 5 Times Picture Height.' White point is {34.51 37.36 37.16)T.
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Sub band Weights
A C1 C2

111 0.739 1.391 0.694
112 0.749 2.207 2.552
121 0.786 1.660 2.545
122 1.771 4.841 5.343
12 1.964 4.738 5.450
21 1.290 3.600 5.786
22 5.077 12.505 9.452

Table 9: AC1C2 Perceptual Weights. 5 Times Picture Height.

Sub band Weights
y 1* Q*

111 0.164 0.274 0.175
112 0.166 0.434 0.644
121 0.174 0.327 0.643
122 0.392 0.952 1.355
12 0.435 0.932 1.382
21 0.286 0.708 1.468
22 1.120 2.457 2.421

Table 10: Y I*Q* Perceptual Weights - 5 Times Picture Height.

have used the luminance component for the weight of each of these subbands since the luminance is

more important. This gives slightly too little weight to the chrominance components of the lowest

frequency subband, but the results are visually very good. Further discussion of this point will

occur in the section on experimental results.

5 Experimental Results

The results of the computer simulations presented in this section attempt to answer three questions.

The first one is how much improvement in reconstructed image quality can be obtained by the use

of a perceptually optimal bit allocation. The use of perceptual weights in the Marginal Analysis bit

allocation method is compared to the use of uniform weights. For conciseness, we refer to these as

the perceptual method and the uniform method, respectively. The second question is to determine

how well the three different vector quantizer cases compare for a number of different compression

ratios. To answer this, the results will emphasize coding in L*a*b* space. The third question

addresses the advantages and disadvantages of coding in the three different color spaces.

The first set of experiments examine the differences between coding with the uniform weights
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Case 1 Case 2
Subband YI*Q* L*a*b* AC1C2 YI*Q* Ltarb" AC1C2

bits/pix bits/pix bits/pix bits/pix bits/pix bits/pix
111 7,6,6 6,5,5 6,5,4 7,6,6 6,5,6 7,6,4
112 6 5 5 9,9,5 5,8,4 9,9,3
121 6 3 4 9,0,0 6,5,0 8,3,0
122 1 0 0 0,0,0 0,0,0 0,0,0
12 ° 2 2 0,5,0 0,6,2 0,7,0
21 ° 0 0 0,0,0 0,0,0 0,0,0
22 0 0 0 0,0,0 0,0,0 0,0,0

Table 11: Bit Allocation - Uniform. Weighting. 12:1 Compression Ratio.

and the perceptual weights. At compression ratios of 4:1 and 8:1, the visual differences between

the two methods is very small. Both methods provide enough bits to the lowest frequency sub ..

band; the allocation of enough bits to this subband is essential for high quality reproduction. The

luminance component receives at least six bits/pixel, and this is enough to prevent contouring.

The chrominance components each receive at least five bits/pixel. At a compression ratio of 8:1,

the differences in bit allocations between the two weighting methods is apparent for Case 1. In

L*a*b* space, the uniform weighting gives the lowest frequency luminance component six bits/pixel

compared to seven for the perceptual weighting. There is a slight bit of contouring in the GIRL

image for the former method. Both methods yield high quality results for Case 2.

The differences between the two methods can be more easily seen at compression ratios of

12:1 and higher. For this compression ratio, the uniform weighting bit allocations are given in

Table 11, and the corresponding bit allocations using perceptual weighting are in Table 12. The

Case 1 allocations for the two methods are similar. The perceptual method adds slightly more bits

to the lower frequency subbands at the expense of the higher frequency subbands. Because of the

extra degrees of freedom in Case 2, the bit allocations are more different. By reducing the number

of bits given to the three highest frequency subbands, the perceptual method can allocate more

bits to all three color components of the four lower frequency subbands.

A close examination of the Case 2 images at a compression ratio of 12:1 shows a noticeable

improvement in the perceptually weighted images. This is especially true for the GrnL image,

where the mottled appearance of the forehead is significantly smoothed. Table 13 contains the

average ti.E errors for the uniform method and Table 14 contains the errors for the perceptual

method. While the use of this statistic does not correlate very well with the subjective quality, it

still shows that the errors using the perceptual method are less. These differences are accentuated
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Case 1 Case 2
Sub band YI*Q* L*a*b* AC1C2 YI*Q· L*a*b* AC1C2

bits/pix bits/pix bits/pix bits/pix bits/pix bits/pix
111 7,6,6 6,5,5 7,5,5 8,6,7 7,6,6 7,6,5
112 7 7 7 9,7,3 9,9,3 9,9,3
121 6 5 4 9,8,0 9,6,0 9,2,0
122 ° ° ° 0,0,0 0,0,0 0,0,0
12 ° 1 1 0,2,0 0,4,0 0,6,0
21 0 ° ° 0,0,0 0,0,0 0,0,0
22 0 ° 0 0,0,0 0,0,0 0,0,0

Table 12: Bit Allocation - Perceptual Weighting. 12:1 Compression Ratio. 5 Times Picture Height.

Color Space Case Image ~ E (ave) O'dE

YI*Q* 1 GIRL 4.083 4.169
1 DOLL 4.412 3.964

L*a*b* 1 GIRL 2.920 2.448
1 DOLL 3.022 2.159

AC1C2 1 GIRL 3.518 2.428
1 DOLL 3.798 2.580

YI*Q* 2 GIRL 3.319 2.957
2 DOLL 3.783 3.285

L*a*b* 2 GIRL 2.450 1.776
2 DOLL 2.723 1.860

AC1C2 2 GIRL 3.052 2.002

2 DOLL 3.488 2.361

Table 13: Distortion - Uniform Weighting. 12:1 Compression Ratio.

at a compression ratio of 16:1. Figures 10 and 11, at the end of this paper, show the reconstructed

GIRL and DOLL images after coding in L*a*b* space. Each figure contains photographs of the

images resulting from the two different methods of bit allocation. The uniform method images are

clearly degraded, while the perceptual ones do not look much different for those at compression

ratios of 8:1 and 12:1. There is a slight loss of high frequency detail noticeable when compared to

the original.

The second set of experiments examine the three cases to determine the range of compression

ratios where they yield good quality images. Perceptual weighting was used in all three cases.

Figures 8 and 9 show the plots of the average D.E distortion as a function of compression ratio

for the GIRL and DOLL images coded in L*a*b* space, respectively. One can see that the image

quality slowly degrades as the compression ratio is increased. This change in quality is fairly

constant over a wide range of compression ratios. Cases 1 and 2 yield similar quality images for
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Color Space Case Image ~ E (ave) O't.,E

YI*Q* 1 GmL 3.820 3.651
1 DOLL 4.190 3.599

L*a*b* 1 GmL 3.206 2.720
1 DOLL 3.239 2.469

AC1C2 1 GmL 4.183 2.806
1 DOLL 4.083 2.816

YI*Q* 2 GmL 3.579 3.440
2 DOLL 4.188 3.747

L*a*b* 2 GmL 2.633 2.147
2 DOLL 2.857 2.042

AC1C2 2 GmL 2.840 1.974
2 DOLL 3.276 2.284

Table 14: Distortion - Perceptual Weighting. 12:1 Compression Ratio. 5 Times Picture Height.

the lower compression ratios, but Case 2 provides better results at and above a compression ratio

of 12:1. At still higher compression ratios, i.e. 20:1 and greater, almost all of the bits are allocated

to the lowest frequency subband. Cases 1 and 2 become the same, since both cases scalar quantize

the lowest frequency subband.

In Case 3, the chrominance components of the lowest frequency subband are vector quantized.

The maximum. number of bits allowed for the chrominance components of this sub band is set at

12. This is done for two reasons. The first is to limit the computational complexity of the coding

system. The second reason was that at 11 and 12 bits/vector, the LBG algorithm did not use the

entire number of codevectors allowed. This is mainly due to the size of the training sequence, and to

the value of the perturbation used in the splitting. Therefore, Case 3 was only run for compression

ratios of 16:1 and greater. Even at 16:1, the bit allocation algorithm gave all 12 bits/vector to each

chrominance component. For the GIRL image, Figure 8 shows that Case 3 provides better results

than Case 2. This was most visible at a compression ratio of 20:1. The DOLL image contains many

saturated colors. Limiting the number of bits/vector lessened the effectiveness of Case 3 for this

image. Even so, the results were still slightly better than for Case 2.

The last question to be answered is which color space should be used for processing. YIQ packs

most of the energy in the luminance component. The perceptual weights ensure that sufficient bits

are given to this component to eliminate contouring. In this respect, this color space is better than

the other two. However, for highly saturated colors, the color errors are higher in this space. This

is seen both in the higher average ilE errors for this space, and by examining the reconstructed

images. Both L*a*b· and AC1C2 space provide better color fidelity.
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Figure 8: Average ~E Distortion of the GIRL Image in Lr a'b" Space versus Compression Ratio.
The dotted line is Case 1, the solid line is Case 2, and the dot-dashed line is Case 3.
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Figure 9: Average !i.E Distortion of the DOLL Image in L*a*b* Space versus Compression Ratio.
The dotted line is Case 1, the solid line is Case 2, and the dot-dashed line is Case 3.
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6 Conclusions

The combination of subband coding with vector quantization can yield images of very high quality

while providing compression ratios exceeding 10:1. The use of a perceptually optimal bit allocation

algorithm is integral. to achieving these results at the higher compression ratios. Vector quantizing

the color components separately adds extra degrees of freedom and leads to an increased perfor

mance. For compression ratios of 20:1 and greater, the chrominance components of the lowest

frequency component should also be vector quantized. Further improvements can be obtained by

increasing the size of the vectors used in the higher frequency subbands.

The use of a perceptually uniform color space yields better color reproduction, but can also

lead to larger color artifacts in localized areas. For moderate compression ratios, the color artifacts

are small enough that coding should be done in a perceptually nniform color space. Of the two

examined, L*a*b* space has fewer areas of large color errors than AC1C2 space. The latter space has

an exponential in the inverse transformation; color errors caused by the quantization are enhanced

more in this space than in the former. If some error in the average colors of objects can be tolerated,

YIQ space provides reconstructed images containing little contouring.
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