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Fig. 1. Interpolation approach. (a) Polyphase components. (b) The samples
zoo(n) (marked withe) are found by simple subsampling ofn). (c) The process(ye.or(n). {Fx00(n). 11 (n)}. Qria)
sampleszoo(n) are used to interpolate (predict) the value of the samples in e - - )
x11(n) (marked withm). (d) The samples ofqo(n) andx11(n) combined process{yeo(n)- {Feoo (). Fen ()} Qrez)
are used to interpolate (predict) the valuesagfi(n) and z10(n) (both =[+2
marked x). Note that the interpolation step in {eXd) is similar to the
interpolation step in (b):(c) if we just tilt (c) by 45. end
Notes:
o — Yo Fpopoo(n) = (Ego(n). &g (0}, & q0(n). Fpy 1 (n))
g = > ya,m(“) @ is the quantization operator
= E g E > Y0
. %: e Z = >y, Fig. 3. Algorithm for the pyramidal decomposition.
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Fig. 2. Generation of a multiresolution pyramid. @@@(}OO@O@@@@@@@@ 7®)(7
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outperformed by the proposed nonlinear coder. Besides, since no %%%%%%%%%%%%%%%%%%%
. . . . . 3 fJ \E INEF
dedicated lossless mode is required, the coder is also convenient for 28D EDE DO BB DO DENDO D
nearly lossless coding. (DDOEODIDENVDEDIDEONYDDE)
(DO ® @@@@@@@@@@@@@@@
. . . . . IO II(NNIG) VI ‘67676@\67/
Perfe“ct recon.:,tructj:ttl)on. (PR). in crlgiglly dectllrr:waft.id systﬁems t|s D DET2DeNIDEDRDETNDDE
generally gL_Jaran ge Yy Ir_’ﬂpOSIl’]g conaitions on the I. f?l’ coe |C|en_s. @@@@@@@@@@@@@@@6 /@@@
When dealing with nonlinear filters, general conditions are still 5D@TETANDDDEDDTNED@
unknowq .[4]. For this reason, nonlinear filterbanks were restricted GOINOINGING HBIBGOINOIID KOl
to noncritically decimated cases [5], [6]. Recently, a new approach @@@@@@@@@@@@@@@@@@@

for critically decimated nonlinear filter banks has been introduced OO TODODODO® DO

[7], [8], where PR is obtained by imposing restrictions on the fllter

structureinstead of on the filtecoefficients However, the structure 7'9- 4. lllustration of a 3-stage decomposition. Samples labele¢t 1
are transformed by computing the interpolation error using the four nearest

in [7], [8] ha§ been used beforg with linear fi!ters [9]_—[13]-_ samples among those labeled “1” through™We can also group the samples
Let the picture elements (pixels or pels) in the input image heto blocks, as indicated.

denoted byc(n1, n2) = z(n). The two-dimensional (2-D) polyphase
components of the signal (4-channels) are giverifyn) = (2m+ . ) .
i), for i = [io, i1]7, iz € 0. 1 as shown in Fig. 1. Using the sametomponents (synthesis). The relative spatial arrangement between the
notation for the transformed signain), the decomposition (analysis) WO rectangular gridsioo and1; is the same as that between the
for one pyramid level can be described as two quincunx gridseoo, 11 and o, 10. The difference is a rotation

of 45°. Therefore,F; can be essentlally the same Bs We further

yoo(n) = zoo(n) (1) extend the notation to define
y11(n) =z11(n) — Fo[zeo(n)] ) Ts,igiy (Mo, n1) = x(2°no + 2571i0, 2°n1 + 2571i1). (4)
yo1,10(n) =2x01,10(n) — Fi[zoo(n), 211 (n)] (3)

As in the wavelet and pyramid transforms [1], [2], one can connect
where F; is any linear or nonlinear function aneh;, 0(n) is the the lowpass output of a stage directly to the input of another stage
quincunx grid formed byroi(n) andz10(n). It is clear thatz(n) as shown in Fig. 2.
can be perfectly reconstructed since we can always findn) In image coding applications, the subbands are quantized. We can
as a function ofy;;(n) and of previously reconstructed polyphasevoid excessive accumulation of quantization error across subbands
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and a subtraction). The four input pixels are compared in parallel generating
00 ‘ 11 ; six output bits, which are fed into a simple logic unit that decodes the
‘ addresses of the two intermediary samples (medians). Such addresses are
used to multiplex the numbers and feed them to the arithmetic unit which will
average them and subtract the pixel which is to be interpolated.

v ——— - Yo(m)
éa QUANT >
T D

-, TN
. L) |
P Ll possible\

FLJ'] . \ quantizer N
choices \
MUX 0 (ﬂ FILTER |— \

Fig. 6. The structure to generate the filterbank. DEMUX is a 2-D demul-
tiplexer separating input into polyphase components. MUX is a multiplexer
to group the components. The branches are labeled to show their respective
polyphase components.

‘ Fig. 7. Implementation of the transform for each pixel (nonlinear filtering

py gsing a. feedback loop (local Teconstruction) similar to that used target T(;ssléss ﬁ

in differential pulse code modulation (DPCM) systems. Furthermore, rate point

F; should be a good interpolator in order to reduce the information

sent along the subbands. The description of the analysis proceskids8. Recursive procedure for JPEG quantizer table design. We start ata the

given in Fig. 3, where),, represents the quantization process at tH@inimum distortion point and change the quantizers in an organized manner
e n in several trials. The new set of quantizers is chosen for the set corresponding

nth step. For example, for uniform quantizers with step sie, 1o a new(R, D) point whose variatiof AR, AD) yields lower inclination.
Q. {t} = round(t/A,) andQ; ' {t} = tA,. ForS = 3 (a depth-3 The process is continued until the desired rate or distortion is reached. It is

decomposition), an example of the sequence of pixels used is givigightforward to change the algorithm to start from the point of maximum
in Fig, 4. In this figure, samples labeled “1” through™are used to Jistortion.
interpolate samples labeled+ 1.” This pyramid is similar to the

one proposed by Endoh and Yamazaki [9)]. B The median interpolator is convenient for three main reasons. First, it
Note that we can group the samples ito x 2” blocks (as the will likely discard uncommon pixels, e.g., an impulse coinciding with
8 x 8 block in Fig. 4) to replace traditional block transforms.  the sampling grid (a linear filter would blur the impulse). Second, it

The choice of the filters boils down to the choice of an interpolatiogi|| perfectly interpolate sharp edges present in the image, whenever
method. In Fig. 5, samples in the grid marked dyre available to the edge is horizontal, vertical or at 4%nclination. Last but not
interpolate the sample marked with. Typical support regions use |east, it has low computational complexity. It can be implemented
four or 16 neighbors. Simple nonlinear interpolation has been showsing only four comparisons, one addition and one division by two
capable of producing better results than much more complex lingae., a shift).
filters [14]. Instead of exploring a complead hocdesign for the  The complexity of the transform in per-pixel basis is the com-
filter, we decided to settle on the median filter, which is one of thelexity of the interpolation plus a subtraction to find the interpolation
simplest designs. For four input samples it is defineddisgarding error. This is because all subbands are calculated essentially using
the minimum and maximum values and averaging the remaining twloe same method but involving different pixels. Besides the low-
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TABLE |
PREDETERMINED QUANTIZER STEP SIZE SETS
pictorial graphical
A Ay Ay A Ay Ay A AT Ay Ay AL Ay Ay Ay
1 1 1 1 1 1 1 1 1 1 1 1 1 1
2 2 2 2 2 2 2 1 2 2 3 3 1 5
3 3 3 3 4 4 5 1 2 4 4 6 6 6
3 1 4 5 5 6 9 1 4 7 7 9 10 13
4 4 5 6 7 9 11 1 4 10 11 12 12 13
4 5 6 7 9 11 15 2 6 12 12 11 15 18
4 5 T 8 10 13 19 3 12 28 31 31 53 84
b} 6 7 10 11 16 26 b} 15 35 35 42 42 100
> 6 9 12 15 20 40 12 47 83 83 150 235 2535
6 8 10 15 19 27 56 255 255 255 2b5 255 255 255
6 11 13 17 23 35 62
8 13 18 26 36 56 105
10 16 30 13 61 105 255
255 255 255 235 255 235 255
42 40
40 38
38 36
o = 34
- 36 m
2 3 z
% 7 30
g, 32 2 23
3
0 o 261/
281 Lena 241 7 Baby
26 22
0 0.5 1 1.5 0 0.5 1 1.5
Rate(bits/pel) Rate(bits/pel)
38 60
36 55
34 50
o 32 ~ 45
2 S 0
QZ:' 30 E
5 28 Z. 35
& 2 ~ 30
24 Cameraman 25 Graphics
22 20 .
0 0.5 1 15 0 02 04 06 08 1 1.2
Rate(bits/pel) Rate(bits/pel)

Fig. 9. Plot of PSNR versus bit rate for several images. Dashed line is for regular DCT-based JPEG. Solid line is for recursively designed quantizers.
(*) are results found using quantizers from the pictorial set. (+) are results found using quantizers from the graphical set. In all cases, apffirmézed H
codes were used. Image cameraman has 25856 pixels while the others have 522 512 pixels.

complexity software implementation, the proposed pyramid can bee input signal. Therefore, the complexity per pixel is far below its
easily implemented in hardware. A block diagram for one stadi@ear counterparts such as the cosine and the wavelet transforms.
is given in Fig. 6. The samples are demultiplexed into ponphaseThe pyramid lies in the intersection of hierarchical filterbanks and
components, making memory management easier. Fig. 7 showdtgrpolative predictive systems. It can be viewed as a nonlinear
simple scheme to implement the nonlinear filter, which also compuiiterbank pyramid, being a particular association of building blocks

the interpolation error. This diagram demands only four stages of véﬂfsemeq i [4]. Howeyer, 'f[ can qlso be viewed as a h|erarch|c.al
. . . . . . . interpolative DPCM, since it applies the same concept used in
simple logic units. It is suitable for hardware implementation (e'i[lo]—[ls]
through ASIC or FPGA) for a fast pixel throughput rate because '

most operations can be parallelized or piped. A key feature of Ill. JPEG-BaseD CODING

this interpolator is that, unlike most linear transforms, it can be \We embedded the proposed transform into JPEG. The idea is to
implemented using fixed point arithmetic in software or hardwareplace the DCT coefficients by our pyramid samples. This has been
with B-bit precision, whereB is the number of bits per pixel of done before by replacing the DCT by the discrete wavelet transform
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TABLE I
PERFORMANCE (INB/PIXEL) OF SOME L0SSLESSCOMPRESSORS FOR
LossLEsSIPEG WE ALWAYS SELECTED THE BEST PREDICTOR

Coders Lenna | Camer. | Graphics | Baby
NLP-JPEG 4.50 5.23 1.56 4.94
Lossless-JPEG | 1.70 5.37 1.94 5.07
S+P Huffman 4.38 5.29 2.51 4.86
G7Z1P 6.80 6.33 1.19 6.91

(DWT) and using the rest of the JPEG coder [15], [16]. Here, we
follow the same principle: using three stagés=£ 3) and grouping
the pyramid samples into blocks as shown in Fig. 4. We, therefore,
refer to our coder as NLP-JPEG.

The image is transformed using the nonlinear pyramid with quan-
tizer feedback, wher2S + 1 = 7 step sizes are selected for uniform

guantizers. The lowpass samples are encoded using a 2-D DPCM as (@)
1
#5,00(n) = 5 (#5,00(n — [o]) + #5,00 (n — [1])) 5)
?15,00(11) 23757,(110(11)—575,00(?) (6) THE SEMICONDUCTOR MARKET
gs,00(n) = Q1 {Q1{ys,00(n)}} (7) VIDLUME 1N VARIQUS PRICE GROUPS
Zs,00(n) =9gs, 00(n) + s, 00(n) 8)

t Lt

where we encode the value @i{ys oo(n)}. The transformed md =" .";:
samples are grouped into blocks »f x 2° = 8 x 8 samples as - ::
in Fig. 4. For each block, the quantized samples are reorganized - — 4

- 1=

into a vector. The samples are scanned from those labeled “1” to
those labeled “7” in Fig. 4. The quantized samples are encoded using
standard JPEG entropy coding based on Huffman codes.

The DCT-JPEG employs 64 uniform quantizers (one for each DCT
coefficient), while the proposed one uses only seven for three stages.
We propose two approaches for step size selection. We can either |
select from a predefined set of quantizer steps or design them using e
image-dependent recursive algorithms. 9

When compression time is not crucial, we can apply a recursive
optimizationalgorithm to find the quantizer steps for a given bit rate.
We use a variation of Wu and Gersho'’s algorithm [17], which is
based on a rate-distortion criteria and was developed for DCT-JPEG
[17]. The original approach is too complex, but for the NLP-JPEG
it is a practical solution. The difference is because the NLP-JPEG
runs faster than DCT-JPEG and because the search in 7-dimensional
space is more manageable than in a 64-dimensional one. The iterative
procedure is illustrated in Fig. 8. Because of the nonlinearity of the
transform and because of its recursive nature (quantizer feedback),
better results are obtained if we constrain the step sizes to be
nondecreasing. On a SPARCStation 20 the quantizer steps for a 512
x 512-pels image (Lena) are found in 1 min 30 s for 1 b/pel. It takes
3 min 30 s to obtain the quantizer steps for 0.5 b/pel and 6 min for 0.3
b/pel. For decompression, the quantizer design method is irrelevant.
If compression time is crucial we recommend using the predefined
guantizer sets given in Table I, in which case the NLP-JPEG would
run about twice as fast as DCT-JPEG. The predefined quantizer tables
are divided into sets of graphical and pictorial data in order to better
suit to different image classes. The quantizer sets presented are basic
anchor points and, whenever desired, one nmagrpolate between
guantizer step values in order to achieve the desired bit rate.

MILLIONE OF DOLLARS

(b)

Fig. 10. Test images: (a) Baby (522 512 pels). (b) Graphics (512 512
IV. CODER PERFORMANCE pels). (c) Cameraman (258 256 pels).

Since A,, = 1 leads to lossless coding, we compared the peHuffman-based Said—Pearlman lossless coder [18]; and 3) GnuZIP,
formance of the NLP-JPEG for lossless compression against theeleich is a popular LZW-based compressor. Results are shown in
dedicated lossless coders: 1) non-DCT lossless JPEG coder;Table Il.
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Fig. 11. Baby image encoded at 0.45 b/pixel. (a) NLP-JPEG (PSNR0.04 dB). (b) DCT-JPEG (PSNR- 29.22 dB). Graphics image encoded at

0.44 bipixel. (c) NLP-JPEG (PSNR 35.35 dB). (d) DCT-JPEG (PSNR 32.70 dB). Cameraman image. () NLP-JPEG (PSNR32.48 dB at 0.907
bipixel). () DCT-JPEG (PSNR= 30.26 dB at 0.914 bipixel).
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Tests were carried to compare the performances of NLP- and DCT+uture research directions point to giving up some of the simplicity
JPEG. Fig. 9 shows peak signal-to-noise ratio (PSNR) values faherent in the NLP-JPEG for an increase in performance. This can
typical images. Resolution is 256& 256-pels for the cameramanbe done by applying adaptive classification methods and by using
image and 512x 512 pels for the others. In these plots, we usedntropy-constrained TCQ [13] to the quincunx pyramid described in
optimized Huffman codes in JPEG for both the DCT and NLP bas&kction Il
schemes. We used three sets of quantizers for the NLP-JPEG: 1)
optimized quantizers found by recursive methods; 2) quantizers in
the pictorial set; 3) quantizers in the graphical set. If we replace the REFERENCES
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PSNR results, they generate images that look radically different in ~ Cliffs, NJ: Prentice-Hall, 1993.
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