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ABSTRACT

This paper is devoted to prediction-based lossless/near-lossless
image compression algorithm. Within this framework, there are
three modules, including prediction model, statistical model and
entropy coding. This paper focuses on the former two, and puts
forward two new methods respectively, they are, prediction
model based on backward adaptive recognition of local texture
orientation (BAROLTO), and Poisson statistical model. As far
as we know, BAROLTO is the best predictor in efficiency.
Poisson model is designed to avoid the context dilution to some
extent and make use of iarge neighborhood; therefore, we can
capture more local correlation. Experiments show that our
compression system (BP) based on BAROLTO prediction and
Poisson model outperforms the products of IBM and HP
significantly.

1. INTRODUCTION

The success of JPEG has greatly increased the research interests
in lossless/near-lossless image compression in recent years.
Generally, the first step to compression is decorrelation. There
are many decorrelation schemes such as wavelet, hierarchical
interpolation, and prediction etc. In the context of lossless/near-
lossless image compression, experiments show that there is no
obvious difference between the performance of these methods
[1][2]; but their computational complexities are very different.
Actually, seven out of the nine proposals for JPEG-LS adopted
the prediction method with simplicity in mind [3].

Within the framework of prediction-based compression, there are
three modulies; inciuding prediction model, statisticai modei and
entropy coding. This paper focuses on the former two. In fact, we

put forward two new methods for these two modules respectively;

they are prediction model based on backward adaptive
recognition of local texture orientation (BAROLTO), and
Poisson statistics model. Experiments on JPEG test set show that
these two new methods are very efficient. As far as we know,
BAROLTO is the best predictor. The compression system (BP)
based on BAROLTO prediction and Poisson model significantly
outperforms the Sunset CB9 system of IBM by 4.1%, the LOCO-
I/JPEG-LS system of HP by 5.3%.

Section 2 presents the BAROLTO method. Experimental results
are also listed to show the efficiency of BAROLTO prediction.
Section 3 describes the Poisson statistical model. Section 4 gives
the experimental results of our compression system (BP) based

on BAROLTO prediction and Poisson statistical model.
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2.1 Problem Statement and Idea of BAROLTO

Linear DPCM methods adopted by the lossless model of JPEG
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satisfactory prediction. The key to improve the prediction
accuracy is to take advantage of the orientation of local texture.
This is also the center of all the predictors in the proposals for
JPEG-LS, including the MED (Median Edge Detector) of
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CALIC [3][5] etc. Great improvement on the traditional DPCM
methods has been made. However, a closer study on the above
predictors can find a potential drawback that both the recognition
of edge direction and the generation of prediction value seem to
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accurately and robustly.
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variation of the intensity values might be too complicate to
provide useful deterministic prediction. Moreover, limited by the
raster scan order, it becomes more impracticable to get
satisfactory estimation of the profile and the value of the edges.
In the tangent direction, however, the variation of the intensities
might be relatively smooth, and the nearest pixels in the tangent
direction might be a good enough prediction to the current pixel.
Therefore, the core of BAROLTO is to recognize the orientation
of the local texture accurately and robustly.

2.2 Notation

Consider gray image I[x,y]. Let P[x,y], e[x,y], e[x,y],
i [x,¥]1 be the prediction value, the prediction error, the

quantized prediction error and the reconstruction value
respectively, the formula of which can be found later. Define the
neighborhood of [x,y] as a set Q, as illustrated in Fig. 1.
Define the set of prediction directions 7 ={i|i=0,1,2,3,4}, and
the mapping M : /1> Q, which are illustrated in Fig 2. For
example:

My(0)=x-1,M,(0)=y, Mx()=x+LM,(1)=y-1,

For each prediction direction i € I , define the image of error
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Fig.1 Neighborhood Fig. 2 Prediction directions.

D [x, y) =|T0x, y1-TIM £ (), M ()]
and define the sum of error
S'x,y1= Xalx’,y1-D[x’,y]
¥yl
where afx’,y'] are the weights assigned in the neighborhood Q,
as illustrated in Fig. 1.

2.3 Algorithm of BAROLTO

For every [x,»],

Step 1. Compute the sums of error {S'[x, yl,i € I},

Step 2. Sort the sums of error. Suppose
Sh[x,y]1< 8" [x,¥]<...

Step 3. Generate the prediction value
1 - 1
Plx,yl= X wlj1- 1IM (i), M, (i))] | 2 wlj]
J=0 J=0

where w[0]= S"[x, y], w{l]=S"[x,y].
Step 4. Generate prediction error
elx,y]=1I[x,y]- P[x, 5]

3lx,y] = l(e[x, 1+ 9)/2q+ 1)} if e[x,y]20
= eyl A2g+ D) if elx,y]<0

Step 5. Reconstruct value I[x,y1= P[x,y]1+€[x ],
Step 6. Generate the image of error {D'[x,y],iel}.
Remark: 1). S i[x, y] is the locally statistical result of the errors

of prediction value provided merely by the direction i. S Hx ]
reflects the fitness of the prediction direction locally. The best
prediction direction is recognized as the first candidate for the
orientation of the local texture. The algorithm selects the best two
directions and produces the actual prediction value by a linear
combination of the prediction values provided by these two
directions; the weights of the combination are also related to the
performance of the direction. 2). The recognition of the
orientation of local texture is backward adaptive and localized.
#Q is selected for the accuracy and robustness of the
recognition. 3) We only describe the encoder actually. The
decoder is omitted because the algorithm is fairly symmetric. 4)
The algorithm can be generalized. The set of prediction
directions can be replaced by a set of predictors. As a matter of
fact, similar method can be found in [6]. However, such
generalization losses the important concept of direction.

2.4 Experimental Result

A. Recognition of Local Texture Orientation

Fig 3(a) is the original Lena. Fig 3(b)(c)(d) illustrate the top 3
candidates for the orientation of local texture among the direction
set. Gray level 0, 192, 255, 128, 64 correspond to the direction
value 0, 1, 2, 3, 4 respectively. e.g. the brightest points in Fig 3(b)
indicate that the corresponding direction value is 2, hence, the
first candidate for the local texture orientation at the position is 2.
The brightest points in Fig 3(c) indicate that the direction value
is 2, hence, the second candidate is 2. Fig 4 lists the values of the
first candidate for the local texture orientation corresponding to
the marked area in the original Lena.

(c) Second candidate.

(d) Third candidate
Fig. 3 Recognition of local texture orientation.

This experiment shows that the recognition of the local texture
orientation is accurate and robust.

B. Prediction Performance of BAROLTO

We compare the prediction performance of BAROLTO with that
of other famous predictors in Tab. 1. The values of zero-order
entropy of the prediction error on JPEG test set are listed. The
data in column 2 to 6 are from [1][2]. BJPEG is the best one of
the seven DPCM predictors of JPEG. MAP, OLP, HINT and
SCAN are all famous prediction methods, in which MAP is
actually adopted by LOCO-I. We can see that our method
consistently outperforms all the other predictors by a large
margin.

The predictor of CALIC, GAP, is not included in this table
because of the absence of data. According to [3], the
performance of GAP might be approximately the same as that of
MAP.
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Fig. 4 The values of the first candidate of the marked area

3. POISSON STATISTICAL MODEL

3.1 Problem Statement

The statistical model in lossless/near-lossless compression can be
briefly described as follows. For current symbol s,, the

neighborhood of s, defined to be a vector (s, s;,...,5¢), iS an

ordered set of the past & symbols. & is called the degree of the
model. The context of s, is defined as a mapping

(51,5555 ). The goal of the statistical model is to estimate
the probability under the conditional of the context,

P(so |f(S1,S2,...,Sk ))

e.g. in the case f(sy, 53,554 ) =(81,52,...,5; ) , which means the
context does nothing on the neighborhood of s,, the output of
the statistical model is the k-order conditional probability. The
cost of the model is S*, where S is the size of the alphabet of
the input symbols.

The main problem on the statistical model is “Context Dilution”
[71(8]. Theoretically, the higher the degree, the higher the
efficiency. But, in practice, with a high degree, the data must be
spread over too many contexts. Consequently, the model can not
converge to an acceptable precision. The proposals for JPEG-LS
suffer a lot from the context dilution.

In this paper, Poisson statistical model is put forward to avoid the
context dilution problem to some extent. So we can make use of
large neighborhood and capture more local correlation.

3.2 Algorithm of Poisson Model

Actually, statistical model deals with the quantized prediction
error €[x,y]. For easy writing, we omit the coordinates, and

denote e by e .
Step 1. Quantize {e| to be ||, |€le{0},..,n}, 7 is a small
integer number, e.g. 7 =3.

Step 2. Denote the histogram of| € | inQ as {¢[0],¢[1],..,c[n]},

where ¢[i]is the count of |€|=iin Q.Y c[i]=#Q, ¢[i120.
1=0

Tab. 1 Zero-order entropy of prediction errors

Images |BJPEG| MAP OLP | HINT |SCAN[BAROLTO
Baloon.y| 3.17 | 3.16 | 3.19 | 3.29 § 3.01 2.94
Barbl.y| 5.29 [ 522 [ 526 | 541 | 5.06 4.86
Barb2.y| 523 | 521 [ 525 [ 547 | 5.08 4.95
Board.y| 4.18 | 397 | 415 | 421 | 3.87 3.72
Boats.y | 446 | 433 | 440 | 459 | 432 4.19
Girly | 426 | 423 | 430 | 443 | 417 3.94
Gold.y | 485 | 474 | 475 | 490 | 4.71 4.67
Hotel.y | 493 [ 475 | 487 | 5.04 | 4.68 4.55
Zelday | 4.15 | 4.14 | 4.12 | 413 | 4.00 3.87
Average| 4.50 | 442 | 448 | 4.61 | 4.32 4.19

Step 3. Quantize the histogram to be {Z[0],{1],...¢[#]}, such

that Z[i] € {O,1,..., 7} . 7 is a small integer number, e.g. 7 =3 .

Step 4. Let {2[0],[1],...c[#]} be the context of e .

Remark: 1) As far as we know, Q is the largest neighborhood in
the statistical model in the reported papers. 2) The context is not
from the values of the prediction errors or the gradients, instead,
the context is from the fuzzy histogram of the quantized error. 3)
Large as the neighborhood is, it has no structure. We don’t care
the position of large error; instead, we care the frequency of the
large error. Many author put emphasis on the relative positions of
large errors to obtain the two-dimensional structure information
of the image [9], which brings about the context dilution
unavoidably. However, we observe that it is fairly impracticable
to get useful estimation about the two-dimensional structure of
the image from just a small and incomplete neighborhood. The
incompleteness is caused by the raster scan; such incomplete

neighborhood is called 180° type [8].

3.3 Optimization of Poisson Model

There is two-time quantizations in Poisson model, which
generate some equivalence classes in the (error, count) plane.
Thus optimizing the Poisson model is equal to optimizing the
quantizers. Let us formalize the optimization briefly.

Count Count ||

Model —
—_—

Error Error

Fig. 5 Quantization of Poisson model

For easy writing, in this section we denote the error by x, denote
the count value by y. The distribution of x is approximated by
generalized Gaussian density (GDD),

plx) = [%;—/‘%] exp(lgv o) | 51D

For detail information about GDD, we refer to [10].

Hence, the probability of error x is



x+05
pe= [p(t)ds
x-05
The count value of x, denoted by y,, is approximated by
Poisson distribution with parameter A(x) = p,#Q,

1o A)F
) = A A
p(yx - k) =e 1
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The quantizaion of x, denoted by gy , and the quantization of y,

denoted by ¢ , can be formalized as
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qr(x)=i, if y'sy<y™
The computation of Poisson model can be writthen

1). Quantize x: g5 (Q) = (q7 (%), g5 (¥3) 95 (¥402))

2). Countx: #qy () =(¥os Y15 Vn)
3). Quantize count value:

gy #qy () =(qy o)y (1)qy (V)
Now, we can write the entropy of Poisson model as

H(qZ.qp) = = X p(x, X, X40) 108, P(x | (g} Vo)s--- 4y (V)

x,x,

H(qy.q, ) is a functional with respect to quantization methods
gy and gy, and it can be simplified to be a multi-variables

function with respect to the thresholds {x',i=12,.,n} and

{y',i=12,..,m}. Thus, the optimization model of Poisson
statistical can be written

min  H(gy,qy)
{x' =12, m)
(' a=12, m)

4. EXPERIMENTAL RESULT

Based on BAROLTO prediction, Poisson statistical model and
arithmetic coding [11], we realized a lossless/near-lossless
compression system (BP). Tab. 2 is the experimental results with
maximum allowable absolute error being 1. The second column
is the results of the Sunset CB9 system of IBM [12][13]. The
third is of the executables of LOCO-I/JPEG-LS (V.0.90N) [14].
Our BP system consistently provides the best compression on the
entire test set and outperforms the product of IBM and HP by
4.1% and 5.3%, which is a significant improvement.

Remark: 1). The famous system CALIC is not included in this
table since we failed to find the data. 2). The BP system is far
from being optimized. Actually, the LOCO-IJPEG-LS system
runs almost 5 times faster than BP currently. 3). We don’t
employ error feedback mechanism [3] in the BP system since we
believe that Poisson model has captured as much high-order
dependencies as possible.

Tab. 2 Experiments on original JPEG image test set (bits/pixel)

Images IBM HP BP
Baloon.y 1.45 1.65 1.48
Barbl.y 3.10 3.15 2.88
Barb2.y 3.17 3.17 3.06
Board.y 222 2.20 2.09
Boats.y 2.48 248 2.39
Girly 2.38 245 2.28
Goid.y 3.06 3.00 2.92
Hotel.y 2.94 2.87 2.75
Zelda y 2.26 2.38 2.25
Ave./Comp. [2.56/4.1%{2.59/5.3%] 2.46
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