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ABSTRACT

The perceptual subband image coder (PIC) [1], originally in-
troduced by R. J. Safranek and J. D. Johnston, selects a
noise target level for each subband based on an empirically
derived perceptual masking measure. These noise target
levels are used to set the quantization level in the DPCM
quantizer for every particular subband. It achieves high
quality output at bit rates from 0.1 to 0.9 bits/pizel (bpp)
depending on the complexity of the image. In this paper, we
present an algorithm that locally adapts the quantizer step
size at each pixel according to an estimate of the masking
measure. This estimate is based on the already coded pixels
and predictions of the not yet coded pixels. Compared to
the PIC, the proposed method does not require any addi-
tional side information. In fact, it eliminates the need to
transmit the quantizer step size for each subband. For com-
parable perceptual quality, the proposed method achieves
compression gains up to 40 percent. Typical values are in
the order of 20 to 30 percent, depending on the nature of
the image. Our algorithm has also better performance for
supra-threshold image compression since the perceptual er-
ror is distributed more evenly and is not concentrated in
the most sensitive regions.

1. INTRODUCTION

Perceptual-based compression algorithms attempt to dis-
criminate between signal components which are and are not
detected by the human receiver. They exploit the spatio-
temporal masking properties of the human visual system,
based on psychophysical masking phenomena, to establish
thresholds of just-noticeable distortion (JND) or minimally-
noticeable distortion (MND). The central ideas in percep-
tual coding are: 1) to “hide” coding distortion beneath
spatial and temporal JND thresholds, and 2) to augment
the classical coding paradigm of redundancy removal with
elimination of irrelevant signal information, i.e., discard-
ing those signal components which are imperceptible to the
human receiver. Several researchers [2, 3] suggest that min-
imization of perceptually motivated distortion measures as
opposed to mean-square error (MSE) is critical to the suc-
cessful development of good image coding algorithms at
very low bit rates.
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True perceptual quantization requires the use of image-
dependent, locally varying masking thresholds. The main
problem in using such a quantization strategy, however, is
that these thresholds are needed both for encoding and de-
coding. Transmitting or storing this data as side informa-
tion would result in a significant increase in bit rate defeat-
ing the purpose of compression. Existing perceptual-based
compression schemes [1, 4, 5] attempt to avoid this problem
by giving up or significantly restricting local adaptation.

A recent paper [6] investigates a number of algorithms
and performance criteria for supra-threshold image com-
pression. The authors consider JPEG, perceptual JPEG,
the PIC and the Said-Pearlman algorithm, which is based
on Shapiro’s embedded zero-tree wavelet algorithm. They
determined that the PIC metric, in general, provides the
best correlation with subjective quality evaluations. They
also found that, at very low bit rates, the Said-Pearlman
algorithm and the 8 x 8 subband PIC coder perform best.
As the rate increases, the quality of the output of the PIC
coders improves faster and, at higher bit rates, the 4 x 4
subband PIC coder usually dominates.

In the PIC coder, quantizer levels for each subband are
selected based on the pixel having the minimum available
amount of masking in the subband. We propose an algo-
rithm that locally adapts the quantizer step sizes to the
masking at every pixel in every subband without requir-
ing additional side information. Compared to the PIC, the
perceptual model of our proposed coder incorporates an ad-
ditional term that models intra-band masking. Our coder
adopts the principle of the multidimensional entropy coding
scheme used for the PIC with the difference that both the
dimensionality map and the quantized subband coefficients
are encoded using arithmetic coding.

This paper is organized as follows. In the next section,
we develop the idea of the proposed locally adaptive PIC
(APIC) (perceptual model, prediction, entropy coding). In
Section 3, we demonstrate the coding gains of the locally
adaptive perceptual algorithm. A conclusion of the paper
is given in Section 4.

2. ALGORITHM DESCRIPTION

A block diagram of the new locally-adaptive perceptual im-
age coder is shown in Figure 2. In the proposed scheme,
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Table 1. Subband numbering scheme

0.50 | 1.24 | 8.95 | 6.00
1.39 | 3.50 | 9.00 | 875
9.50 | 9.80 | 10.0 | 10.3
5.60 | 9.25 | 9.25 | 11.0

Table 2. RMS JND base sensitivities tBqse (b)

the input image is decomposed by a generalized quadrature
marror filter-bank (GQMF) into 16 subbands (4 in each di-
rection). Each subband is coded using a DPCM coder with
a variable uniform mid-riser quantizer. It uses a four point
linear predictor optimized for each subband of the input
image. For every subband coefficient, the perceptual model
computes an estimate of the available amount of masking
based on the already quantized data and the predictor out-
put. This estimate is used to control the step size of the
quantizer.

The subband numbering is given in Table 1. The upper
left corner of the table corresponds to the low frequency
band. Each subband b consists of a matrix of coefficients
ip(r, c), where r and c represent the row and column num-
bers, respectively. The coefficients i (7, ¢) are scanned row-
wise and are quantized in the order of increasing subband
number b at each location (r,c) (i.e., b varies while fixing r
and c).

2.1. Prediction

The proposed algorithm exploits the correlation between
the transform coefficients in the subbands by using lin-
ear prediction. This reduces the variance (entropy) of the
quantizer inputs and provides estimates for computing the
amount of perceptual masking available at the location of
each transform coefficient. The predictor is a linear, four
point, first order predictor. It uses the causal closest four
neighbors. A set of predictor coefficients is computed for
each subband based on the correlations of the transform
coefficients in this particular subband. The coefficients min-
imize the MSE for the prediction residual. Since the coef-
ficients are image dependent, they need to be transmitted
as side information. For this purpose they are quantized to
5 bits resulting in a very small amount of side information
for every coded subband.

2.2. Perceptual Model

The GQMF decomposition is only a crude approximation
of the multi-channel model of human vision, but it provides
channels with different spatial frequencies and orientations.

For locally-adaptive perceptual quantization, the region
of support for the perceptual model needs to be sufficiently
localized to allow masking threshold computation based
on the already quantized data and the predicted value of
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Figure 1. “Brightness correction” adjustment

the coefficient to be quantized. In our case, the percep-
tual model uses the local mean and variance as well as the
value of the transform coefficient at the considered location
(b,7,¢) to calculate tynp(b,7,c), an estimate of the local
noise tolerance:

tinp(b,r,c) = to(b,r.c) - ac(brc) 1)

The first component, called the contrast sensitivity (detec-
tion) threshold, is computed as

tp(b,r,c) = tiar(b) - ap(m+io(r,c)) . (2)
It is a measure of the smallest contrast that yields a visible
signal over a background of uniform intensity. The value
t127(b) in (2) is called the base sensitivity. It is the detec-
tion threshold for a neutral background of gray level 127.
For each subband b, it was established by psycho-visual de-
tection tests for uniform noise injected in the considered
subband. The base sensitivities for all subbands are con-
tained in Table 2. The variation of the detection threshold
with background intensity is known as luminance masking
or light adaptation [4]. In order to account for luminance
masking, detection thresholds ¢, (b) were measured with
different uniform background intensities m resulting in a
”brightness correction” adjustment

an(b,m) = tm(b)/t127(b), ®3)

which is shown in Figure 1 for subband 0. Since ap(b, m)
varies only little between the subbands, the same bright-
ness correction function ap(m) = ap(0, m) was used for all
bands.

In (1), ac(b, r,c) is called contrast masking adjustment.
It models the reduction in the visibility of one image com-
ponent (the target) by the presence of another one (the
masker). In our case, the target is the quantization noise
and the masker is given by the input image subband compo-
nents. There are two different types of masking, intra-band
masking due to sufficiently large coefficients in the same
subband and inter-band masking provided by large image
components at the same location in the other subbands.
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Figure 2. Block Diagram of the Locally Adaptive Coder

The intra-band masking adjustment acintra(b,7,¢) is
computed as:

1 b=0
aCintra (b, T, ¢) = max { 1, (tﬁb(gri’:)cl)) 0.6} b#0 (4)
D\Y, Ty

where i4(r,c) is the predicted coefficient at the location
(b,r,¢). Equation (4) is derived from a non-linear trans-
ducer model for masking of sinusoidal gratings [7] using a
narrow-band noise approximation.

The inter-band masking adjustment is computed as

aCinter(bv T, C) =

max {1, (wMTF(O) . var{fo(k,l)}
(k,1) € S(ryc)

. 0.035
+ Z’U)MTF(“) : 22(7", C)) } (5)

In (5), 7 denotes either the quantized (if already re-
ceived) or the predicted subband coefficient, and the values
wyrr are the Human Visual System (HVS) modulation
transfer function (MTF) weights for the GQMF decompo-
sition. In order to allow prediction, we use

S(T‘,C) = {(’l"—l,c—1),(T—1,C),(T‘—1,C+1),

(Tac - 1)) (Ta C)}

as the region of support support for the variance estimate.
The total contrast masking adjustment becomes
ac (bv T, C) = GQCintra (ba Ty C) * QCinter (b: Ty C)' (6)
Finally, the step size of the uniform quantizer is com-
puted as

sb,r,e) = 23 tinp(b,rc). (7

2.3. Entropy Coding

In the entropy coding stage, each subband b is processed in-
dividually using multidimensional arithmetic codes specifi-
cally designed for this band. The use of multidimensional
symbols is motivated by the spatial correlation of the quan-
tizer output magnitudes within the subbands. The spatial
correlation of zero (and small) coefficients allows for multi-
dimensional symbols in regions having small magnitudes
without generating a large source alphabet for practical
compression purposes.

Each subband is partitioned into 2 x 2 blocks, By (b,, bc).
A code dimension map consisting of the code dimension for
each block, Dy(b,,b.), is determined based on the magni-
tude of the largest quantizer coefficient within each block
My (by,be). There are four symbols in the dimension map.
No information is sent if My(b,,b.) = 0. The block is en-
coded as one 4 x 4 symbol if My(b,,b.) < 4, as two 2 x 1
symbols if My (by, be) < 25, and as four 1 x 1 otherwise. The
thresholds were chosen to generate multidimensional codes
having alphabet sizes suitable for the constraints encoun-
tered in image compression.

When encoding the dimension map for a subband, three
values N1, N> and Ny are computed, where N; is the num-
ber of blocks being coded as i-dimensional symbol. If Ny =
Ny = N1 = 0, then the subband does not contain infor-
mation and a single zero bit is sent encoding the whole
subband. If at least one of the IV; is nonzero, a single bit
one is sent followed by N4, N, and N;. Then, an arith-
metic code is designed based on the relative frequencies of
the dimension map entries. (At this point all information
needed to generate the code, e.g. subband size, N1, Ny and
Ny, has already been sent.) The dimension map is scanned
line by line, arithmetically encoded, and ny, the number of
bits in the arithmetic code is counted. A single bit zero
is sent followed by the ny bits of the arithmetically coded
dimension map if there are fewer bits in the arithmetically
encoded dimension map than needed when directly send-
ing the block indices. In the other case the indices (b, bc)
are sent for all blocks with Dy (b,,b.) = 4 followed by the
indices for all blocks with Dy(b,,b.) = 2 followed by the
indices of all blocks with code dimension 1.



original image

PIC at 0.614 bpp

APIC at 0.354 bpp

Figure 3. Coding Example

bit rate
image standard PIC | locally adaptive PIC
baboon 0.875 0.763
indian 0.614 0.354
leena 0.464 0.339
lighthouse 0.588 0.402

Table 3. Bit Rates for the PIC and APIC Coders

Finally, after the dimension map has been transmitted,
all blocks are coded according to their code dimension.

The entropy coding uses a set of three arithmetic codes
for each subband, resulting in a total number of 48 arith-
metic codes. The codes used in this paper were generated
based on relative symbol frequencies computed over a train-
ing set of 40 images. For this purpose all 40 images were
quantized and their code dimension maps computed. Then,
the code symbols for each quantized image subband were
generated according to the dimension maps for the individ-
ual images. It was made sure that the codes are complete
(i.e. do not contain symbols with zero relative frequency)
by simply adding one to the absolute frequencies of symbols
that did not occur in the training set.

3. RESULTS

In our tests, the combination of adaptive quantization and
addition of intra-band masking to the Safranek-Johnston
model resulted in coding gains ranging from 18 to 44 per-
cent depending on the dynamic range of the available mask-
ing and the complexity of the images, with typical values
between 20 and 30 percent. When coding using the step
size derived from the predicted masking, this coding gain
was accompanied by virtually no change in perceived im-
age quality. Coding results are presented in Figure 3 and
Table 3.

. CONCLUSION

In this paper, we presented an extension of the PIC coder by
allowing local adaption of the quantizer step size according

to the amount of masking available at each transform coeffi-
cient. Exploiting the smoothness of the available amount of
masking in natural images, the algorithm predicts the JND
noise tolerance level from the already transmitted informa-
tion and does not require any additional side information.
The presented coding scheme achieves excellent compres-
sions gains compared with the traditional PIC coder.
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