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4.3 Coding Of The Model Parameters

In the previous section, a method is introducedextract the model parameters
(IL,CL,Cr,W,WR) by capturing the edge profile’ (c) and P,(c;). The parameters
are modeled by polynomials and polynomial coeffitseare coded. There are many
advantages of coding with polynomials :

* Since parameters extracted from neighboring @dgets are very similar and
exhibit high correlation, it is therefore reasomatd use polynomials for exploiting
the redundancy. Also, coding of all model paranseiea bit-consuming operation.

¢ Fitting polynomials to the parameters by minimgieast mean square error
results in smoothing of the parameters. This may almooth the error due to the
parameter extraction process.

* |t gives the ability of changing the compressratio while allowing small

amount of degradation. Lower the order of the poigrals, higher the compression

ratio is.

* |t is computationally easy to fit a polynomialdaurve.

In this section, curve fitting with polynomials éxplained, then we proceed with the

image reconstruction from model parameters by kiybniergy functional.

4.3.1 Curve Fitting with Polynomials

In curve fitting, we are given n points with pai{r)s,y1), ... , (s Yn) and we want to

determine a function f(x) such thégx,)C y;, j=1,...,n. The type of function may be

suggested by the nature of the problem. We offéynpmials of order n due to the
reasons explained above. A widely used proceduiafe fitting is the method of

least squares.

Let P,(x) be the A order polynomial with the coefficientg,,c,...c,) as given in
(4.7)
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P.(X)=c, +¢, X' +C,x* +...+C X" (4.7)

M data pair is given in the forr(y,.y,,...y,). We want such a polynomial with the

coefficients(c,,c,,...c,) that it minimizes the quantity MSE denoted by Q :
3 2
QZZ[P(Xi)_yi] *.8
i=1

A necessary condition for MSE to be minimum is

92Q _p,i=0,..n (4.9)

Ja

where P(x)= chx" . We definex, asx, =i for simplicity. In order to have a matrix
k=0

form, we will define the following matrices

Sﬁixik?iik (410
Mﬁi&kyi =iikyi (4.11)

Solution of equation (4.9) becomes the solutiontled following linear matrix

equation
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[s][A]=[m] (4.12)
where
S S Sia
S=| 2

CO M 0

C M
A= :1 and M =| !

Cn M n-1

Note that this system is symmetric. To solve (4fb2)unknowns(c,,c,,...C,), first

the matrix S is transformed into a tridiagonal fooy Householder's method [36].

An algorithm for the curve fitting by polynomials given in Table 4.1.

4.3.2 Image Reconstruction By Using The Hybridddlo

The following processes are applied to the imaggvan order at the transmitter

I. Edge map is obtained by generalized edge detector,

Il. The edge map with the image is used to extraatnibeel parameters,

[1l.The extracted parameters are modeled by polyatsm

IV.Polynomial coefficients are quantized and sernthwhe edge map coded by
differential chain code followed by Huffman coding.

Receiver constructs two images which are

1. Edge map which is a binary image,
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2. Intensity image is obtained from model parametgr&€i(,Cr,W,Wr) Which are
constructed easily by evaluating the polynomiatieadt each edge point.

Since both images are sparse, we use hybrid eriergyional to span a surface

through these points. Hybrid energy functionalstrie find such a function f(x,y)

which minimizes

E(F) =) (FO0y) —d(x,y)? + A [@-1)(F 2+ £2) + 7(F,2+2f 2 + £ 2)] dxdly
(4.13)

Q
whereA controls the smoothness of the surface mdntrols the continuity of the

surface. In the functional, first term on the righand side is a measure of the
closeness of the solutid(x,y) to the datal(x,y), and the second and the third terms
are stabilizers on the solution as the first antbsd order derivatives. The Euler-

Lagrange equation associated with this hybrid fonet is

AT [Foo #2F0y + £ ] —AQ-T) [fo + f,1+f =d (4.14)

XYy YYYYy

Properties of the hybrid model ahd-space can be found in [2]. The minimization
problem can be solved by discretizing the partidflecential equation (4.14) or
directly discretizing the hybrid energy functiondly using finite difference

approximation of derivatives.

Hmmﬂ=22ﬁﬁm-%f+
ZZAT ((U|J _ql])2+(q] _q}l) )+
ZZerMmﬁu-iu)+

(ui,j+1 U, _2uiJ) +2(M+1;+1 Ui Ui ‘Ujﬂ)z)
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An iterative solution to (4.15) is obtained by tiseiccessive-Over Relaxation

iterations as

g =y - WEQW) (4.16)
T o*Uiyj
JE(u n
d,l( ) ==p;* di,j +[:Bi,j +4A(+41)] % ui(,j)
ij
—AQ+TOMUET +ulfY Ul +uf] (4.17)
+21 T[U,(lei + ul(r;_ji)l + ui(fij-l + ui(fl),j+1]

(n+1) (n+1) (n) (n)
+AT[U) + UL UL U]

i+

wheres; handles the sparseness of data and it is equaif ata is available at the

point (i,j), and O otherwise. In Figure 4.3,4.4,4¢) and (d) represent§; and

d;.The iterations terminate when the conditibﬂ*“ -y

< & is satisfied for a

prespecifiede. The iteration given by (4.16) is an interpolatiby iterative over
relaxation governed by the heat diffusion equatf®uch iterative solutions require
long convergence time. Theoretically, the numbeiteshtions for convergence i N
. One way to accelerate the convergence is to usignd technique [41]. Recently,
Salembier et al. [30] has presented a new intenpoteased on morphological
operations such as dilation and erosions which alorequire any multiplication.
They have reported 13 iterations equivalent to B&&tions of multigrid diffusion

and 2980 iterations of linear diffusion.

We examine how the quality of reconstructed imageasing the hybrid model is

affected by the order of the polynomial and theckll@ngth in terms of nmse. It is
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Table 4.1 Curve fitting by polynomials

e Construction of S and M matrices

for k:=1toM
fori:=0ton
for j:=0ton
begin
Silli] = Silli] + power (k,i+j)
MIi] = power(k,i) * y[i] ;
end

e Solution of linear matrix equation [S] [A] ¥M]|

Symmetric linear system [S] [A] = [M] is tradosmed into tridiagonal form 4

Householder's method. Then unknows can easily fasibllows

for i:==0ton-2
forj:=i+1lton-1
begin
pivot :=-Ji[j]/ S[I][I] ;
i1 =0
for k:=j+1ton-1
Sil[k] = SjIIK] + pivot x S[I][k] ;
M[j] = pivotx MJi]
end

A[n-1] :=M[n-1] / §n-1][n-1] ;
for k:=n-2to 0
begin
A[K] := M[K]
fori:z=n-1tok+1
A[K] := A[K] - S[i] x A[i] ;
end

y
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evident that the nmse increases as the order desremd block length increases.
Besides that, we have also observed that theré axisrder and a block length such
that nmse of the reconstructed image starts toireadmost constant. Quality of the
reconstructed image is affected by the order of ghlynomial for intensity and

contrast much more than the one for width.

Reconstructed images by the centipede model witliinga polynomial order are
given in Figure 4.6. For Lenna image and its edge given in Figure 4.6 (a) and (b)
when the block length is equal to 10. Since nmssanes the same for higher order
approximations at about 37, the polynomial order Erdekontrast

Ordefntensity Ordeniain)=(3,4,1) enough to represent the model parameters.

Quality of the reconstructed images by the cengpmddel with varying block length
is given in Table 4.2 for Lenna image. It has bebeserved that nmse for block

length of 12 is still close to the nmse’s for skotilock lengths.
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Figure4.6 (a) Original Lenna Image
(b) Edges detected by GED fdr(.5,1=0.5)
(c) Reconstructed Lenna Image for (1,1,1)
nmse=41.34, snr=17.66, psnr=49.35
(d) Reconstructed Lenna Image for (2,2,1)
nmse=39.15, snr=18.75, psnr=50.44
(e) Reconstructed Lenna Image for (3,4,1)
nmse=38.83, snr=19.17, psnr=50.86
() Reconstructed Lenna Image for (4,5,2)
nmse=37.09, snr=19.40, psnr=51.09
where (Ordgfirast Ordefensiny Ordeliam) Stands for polynomial orders
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Table 4.2 Quality of Image Reconstructed by Centipede Modih respect to
Block Length

Block Length NMSE SNR (dB) PSNR
1 29.53 24.39 56.08
2 33.67 21.70 53.45
4 36.43 20.19 51.88
6 37.96 19.36 50.05
8 39.03 18.81 50.50
10 39.36 18.64 50.33
12 40.41 18.12 49.80
Contour Length 48.04 14.66 46.35

4.4 Experimental Results

We have used two methods to increase the qudlitheoreconstructed image
while decreasing the compression ratio little:
» Adaptively varying the order of polynomial in a blowith a
constant length,

* Mean coding.

Different contours need different order of approaimon for the same error measure.
By adaptively changing the order of the polynomidl,is possible that the
reconstructed image will have higher quality foe ttame compression ratio. The

results from the previous section also suggesttimslusion.
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Since the surface reconstruction does not guarah&tghe mean of the image will
be preserved. In mean coding, the mean of the inmageblock of size W is coded
and sent to the receiver. Receiver side uses thanmeformation in the
reconstruction level in such a way that the meathefreconstructed image is closer
to the received mean in that block. Sending themnaéshe image in a block does not
only increase the quality of the reconstructed ienlagt also speed the reconstruction

process up.

Compression results are given in Figure 4.7 withithprovements stated above. We
have applied the centipede model on various typaeages from artificial images to
real images having completely different featurebe Tesults are summarized in
Table 4.3.

Table 4.3 Compression Results for various type of images
(CR stands for Compression Ratio)

Image Size CR CR CR | NMSE | SNR
(bytes) | Differential | Polynomial (dB)
Chain Code | Coefficients
che.hips 16465 210:1 230:1 | 157:1| 14.56 | 63.26
bars.hips 16465 160:1 606:1 | 127:1| 10.28 | 65.73
mouse.hips| 250149 186:1 251:1 | 107:1| 16.25 | 36.33
house.hips 65104 86:1 107:1 | 48:1 | 38.56 | 19.05
camera.hipg 262225 70:1 140:1 43:1 | 36.29 | 20.26
lena.hips 86561 48:1 123:1 | 35:1 | 35.95 | 20.45
brain.hips 30706 23:1 30:1 13:1 | 46.27 | 1541




