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Edge-Directed Prediction for Lossless Compression
of Natural Images

Xin Li, Member, IEEEand Michael T. Orchardellow, IEEE

Abstract—This paper sheds light on the recent least-square impeded its application into practice. Recently, with more
(LS)-based adaptive prediction schemes for lossless compressiomowerful computing facilities, the method of LS-based adapta-
of natural images. Our analysis shows that the superiority of {jnn hag been rediscovered independently by several research

the LS-based adaptation is due to its edge-directed property, . s : .
which enables the predictor to adapt reasonably well from smooth groups [6], [7], [11]. However, little insight into the superiority

regions to edge areas. Recognizing that LS-based adaptationOf LS-based adaptation has been yielded so far. Here, we pro-
improves the prediction mainly around the edge areas, we pro- vide an interpretation from the viewpoint of its edge-directed
pose a novel approach to reduce its computational complexity property. The dominant role of the pixels around the edge in the
with negligible performance sacrifice. The lossless image coder| g ntimization process makes the predictor adapt reasonably
built upon the new prediction scheme has achieved noticeably - . .
better performance than the state-of-the-art coder CALIC with well from smqoth regions to edge areas. “Il,JStrat_'Ve example is
moderately increased computational complexity. used to explain how the support of the predictor is tuned by the
LS method to match the edge orientation.

Recognizing that the LS-based adaptation method improves
the prediction performance mainly around the edge areas, we
propose a novel way of reducing the overall computational

. INTRODUCTION complexity. Instead of performing the LS optimization on

INEAR prediction is an effective tool for decorrelating sta® Pixel-by-pixel basis, we update the predictor coefficients

tionary Gaussian processes, providing the basis for eff0ly when the magnitude of the prediction error is beyond a
cient lossless coding of such sources. However, natural imagé8-selected threshold. Since the set of the optimal predictors
are characterized by abrupt changes in local statistics and adgp-2n edge belongs to the set of optimal predictors for the
tive approaches to linear prediction are needed to fully expl&00th region, updating the prediction coefficients on an
the dependencies within images. Context-based adaptive (@g€-by-edge basis is enough to achieve the gain offered by
diction schemes [1] have shown significant improvements ovep-Pased adaptation. Therefore we propose to store the pre-
fixed prediction schemes such as lossless JPEG [4]. Their réjftor coefficients optimized for an edge and repeat using them
resentatives include gradient adaptive prediction (GAP) uskftil the scanning reaches the next edge event. By modestly
by the state-of-the-art coder CALIC [3] and median edge délcreasing the memory requirement, we can achieve significant
tector (MED) adopted by the new lossless image compressf@rﬁiUC“O” on the computational complexity. Simulation results
standard JPEG-LS [2]. Context-based adaptive prediction d&#e shown that a typical gray-scale image with the size of
be viewed as the switched prediction that adapts to chang®t@ X 512 can be compressed within seconds on a common
statistics with an experimentally tuned switching function. R&Omputing machine. _ _
cently, a new class of least-square (LS)-based adaptive predicIhe rest of this paper is organized as follows. Section II-A
tion schemes [6]-[11] have demonstrated impressive improdarts from the overview of LS-based adaptive prediction
ments over former context-based adaptive prediction schen@dlemes. We explain the edge-directed property of the LS
In this paper, we want to shed light on the superiority of thPtimization and provide some quantitative analysis using an
LS-based adaptation and present a novel approach to reducllugtrative example in Section II-B. In Section 1I-C, we present
computational complexity. the new approach of redycing the_comput.ational complexity.

The idea of LS-based adaptation dates back to [5], which ifsxPeriment results are included in Section Il to support

proves the performance of lossless JPEG by locally optimizi#ige efﬂqency of th? new prediction scheme. We make some
the prediction coefficients. The computational complexity dionclusions in Section IV.
optimizing the predictor through the LS optimization process
on a pixel-by-pixel basis was regarded as prohibitive, which Il. EDGE DIRECTED PREDICTION

Index Terms—Edge-directed prediction, least-square optimiza-
tion, lossless image compression, orientation adaptation.
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Fig. 1. Ordering of the causal neighbors. r

Fig. 2. Training window used to optimize the prediction coefficients.

among the pixels, prediction residues would be mostly decor-

related and become easier to model. The major challenge is'tered = [a(1) - -

development of an accurate predictive model, i.e., how to fulfents.

exploit the information contained in the context to resolve the We can also derive the above result by following the tradi-

uncertainty ofX (n). tional linear prediction theory [14]. It is well-known that the
A reasonable assumption made with the natural-image souMMSE prediction for a stationary Gaussian process is deter-

is the V'th order Markovian property. That is, we only need t#hined by the second-order statistics (covariance) only

consider thelV nearest causal neighbors in the prediction (as

-a(N)]* is the optimized prediction coeffi-

- —1 =
shown in Fig. 1 for the case df = 12) @ = Ryxx 3
N where
X(n)= Z a(k)X(n — k). (D] P =[re-reeoral, i = Cov{X(n)X(n —k)}

k=1
(1<k<N)

Former context-based adaptive prediction schemes such as G

[3] and MED [2] employ the edge-detection based switching

mechanism to achieve reasonable adaptation from smooth ré&xx = [Fal, R = CoviX(n — k)X(n — 1)}

gions to edge areas. However, ad-hoc switching strategies can (1<K I<N).

not effectively handle nontrivially oriented edges and produce ) ) o

large prediction errors around them. Intuitively, an optimal pré2€0metrically, (3) is the projection df (n) onto the subspace

diction scheme would detect the edge event first and then preciBgnned byX (n — 1) - -- X (n — N) in the LS sense. However,

along the edgerientation However, robust edge detection and"® image source often violates the assumption of stationary
orientation estimation in an explicit fashion are difficult prob$aussian process. A practical approach to handle such nonsta-

lems themselves, let alone how to exploit the orientation infoOnary source is to instantaneously estimate the local statistics.
mation during the prediction. If we keep the above deﬂnltu.)n_cgtv andy, the mstantapeously
LS-based adaptive prediction schemes [6]-[11] provide gstimated second-order statistics ( Rxx) can be written as
attractive alternative to achieve orientation adaptation and ap-
proximate the optimal prediction. Instead of detecting the edge
or estimating the orientation explicitly, LS-based approaches

locally optimize the prediction coefficients inside a causal ) ) ) ] o
window (called “training window”). A convenient choice ofP1ugging (4) into (3), we obtain (2) again. To have more insight

the training window is the double-rectangular window, whicit® the method of LS-based adaptation, we provide the inter-
containsM = 27(T + 1) causal neighbors, as shown in Fig. Jpretation from the point of view of its edge-directed property, as

Let us denote the training window byM x 1 column vector W€ shall detail next.
7=[X(n—1)---X(n— M)]*¥. Then the prediction neighbors
of % would form and x N matrix

—

rTx =

1 1
Bxx = MC C, MC Y. (4)

B. Edge-Directed Property
The effectiveness of any adaptive prediction scheme depends

X(n—1-1) X(n—-1-N) on its capability of adapting from smooth regions to edge areas.
= The difficulty of achieving ideal adaptation mainly arises from
- : . the edge areas because the orientation of an edge could be ar-
X(n—M-1) X(n—M—N) bitrary. Though it is easy to imagine that an optimal prediction

whereX (n — j — k) is thekth prediction neighbor aX (n — j).

should always go along the edge orientation, the implementa-
tion of such idea is not trivial. As aforementioned, explicit ap-

The prediction coefficients are solved though LS optimizatigoroaches of doing the edge detection and the orientation estima-

inside the training windowinin |7 — C@||,. It is well-known
that the LS optimization has a closed-form solution

= (CTC)~HCY) 2

tion often have their own limitations (e.g., robustness). In con-
trast, the approach of LS-based adaptation provides an elegant
way of approximating the optimal orientation adaptive predic-
tion due to its edge-directed property.



LI AND ORCHARD: EDGE-DIRECTED PREDICTION FOR LOSSLESS COMPRESSION OF NATURAL IMAGES 815

p p 49 49 4 Equation (7) shows that the predictor support is ideally
plp P ¢ q 4qlg aligned along the edge orientation (the vertical direction). The
case of a horizontal edge can be justified in a similar fashion.

When the edge is nontrivially oriented and the predictor order is

p|p P % q 49|49 . L .

! (2) more than two, mathematical derivation becomes complicated.

plp p=<tq However, our experiments with synthetic images [11] have ver-
A1) "\ ified that the LS optimization is capable of tuning the predictor

X(n) support to match an arbitrarily oriented edge. We have also
compared the prediction residue images given by the different
adaptive prediction schemes for the real-world images. Fig. 4
shows the amplitude images of prediction residues given by
Edge-directed property refers to the dominant role play®dED, GAP and a tenth-order EDP for the “Lennagrey” image.
by the pixels around an edge in the LS optimization processcan be clearly seen that EDP produces much smaller errors
which gives the name “edge-directed prediction” (EDP). Intaround the edge areas than both MED and GAP.
itively, the causal neighbors in the training window can be clas-
sified into two classes: thedgeneighbors (around the edge) and
the nonedgeneighbors (away from the edge). For the nonedge. Computational Complexity
neighbors, the matrig’ is often not full-ranked and the LS op-
timization does not have a unique solution. In fact, the set of The principle drawback with the edge-directed prediction is
optimal predictors for the nonedge neighbors lies in a hypefs prohibitive computational complexity. The bottleneck of the
planey;_, a(k) = 1 in the N-dimensional space. While for LS optimization is the computation of the covariance matrix
the edge neighbors, the matiiXis usually full-ranked and the C7'C in (4). In [5] and [6], conventional “inclusion-and-exclu-
LS optimization does have a unique solution. Itis easy to see tegin” techniques are employed to more efficiently update the
the set of optimal predictors for the edge neighbors is a subsetgtimated covariance matrix. They are based on the observation
the hyperplang_,_, a(k) = 1. Consequently, the edge neighthat the overlapping of the adjacent training windows can be
bors would dominate the LS optimization process. used to speed up the implementation. In this section, we present
The LS optimization over the whole training window offersx novel approach of reducing the computational complexity of
a convenient way of finding the optimal prediction coefficientghe edge-directed prediction while maintaining its performance.
for the edge neighbors without the necessity of edge detectiqihe computation savings are achieved by performing the LS op-
Moreover, the predictor coefficients optimized for the edggmization only for a fraction of the pixels in the image.

neighbors of X(n) are also suitable for¥(n) because it  rhe motivation behind our approach is based on the following
belongs to the same edge. Therefore, no explicit estimatigl, ohservations with the edge-directed prediction: one is that
of the edge orientation is necessary. In order to incorporgig, prediction coefficients optimized for a pixel around an edge
enough edge neighbors into the training window, the windoye often also suitable for its neighbors along the same edge;
sizeT is chosen to benin(X, 7). Empirical studies show that the gther is that the set of optimal predictors for an edge is the
the window size larger than seven does not further improve thgnset of the set of optimal predictors for the smooth regions.
prediction performance. _ Therefore, the prediction coefficients optimized for an edge can
To strengthen our arguments on the edge-directed propef¥.stored and repeatedly used until the scanning reaches the next
we use a simple illustrative example to quantitatively analy@jge event. In other words, we want to perform the LS optimiza-

the relationship between the predictor support and the edge @di on an edge-by-edge basis rather than on a pixel-by-pixel
entation. Fig. 3 shows the example in which the current pixgh;s.

Fig. 3. Example of a vertical edge.

X(n) is along a sharp vertical edgfp (- g| > 0). For sim- 15 jmplement the above idea, we propose the following
plicity, we only consider the second-order predictotn) =  switching strategy: only if the amplitude of the prediction
a(1)X (n—1)+a(2)X(n—2) = a(1)p+a(2)g, inwhichcase resiquec(n) = X(n) — X(n) is beyond a pre-selected
the training window has 12 elements. By some simple deriviresholdth, the LS optimization is activated to update the
tion, we obtain the estimated covariances from (2) prediction coefficients; otherwise we employ the stored co-
5 5 5 5 efficients to predict the next pixel. An implementation in the
Ry = [ 8p” +4g 0p” +2pq +4q (5) Pseudo-C code in the one-dimensional (1-D) case is shown
6p* + 2pq + 4¢° 6p? + 64 in Fig. 5. For two-dimensional (2-D) images, we can use
and the stored prediction coefficients of the nearest four causal

607+ 2pg + 47 neighbors to generate four prediction values and take their
* 7 6p? + 6¢2 ’ average as the final prediction result. As an example, Fig. 6
shows the locations where the LS optimization is performed

Then itis straightforward to verify that the optimized predictiom the “Lennagrey” image wheth is set to be eight. Overall,

=P

(6)

coefficients are given by less than 10% of pixels activate the LS optimization, which
means the computation savings by an order of the magnitude.
a(1) 10 ) Meanwhile, the performance sacrifice brought by the above
a(2) 1 switching strategy is negligible.
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Fig. 4. Residue images of Lennagrey after different prediction schemes.
MED(H = 4.56 bpp), (b) GAPH = 4.39 bpp), and (c) EDP{ = 4.22

bpp).

I1l. EXPERIMENTAL RESULTS

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 10, NO. 6, JUNE 2001

initialze
lag=0;a save (i)=1/N(i=1~N)
main loop
hile(scanning unfinished)

A0 h a0

)

if(flag==0)
P=Xa save (i)X(n-1i);
else
{solve a by LS optimization;
P=Xa (i) X{(n-1i);
a save(i)=a(i) (i=1~N);
}
e(n)=X(n)-p;
if(le(n) |<T)
flag=0;
else
flag=1l;

Fig. 5. Pseudo-C implementation of switching strategy in the 1-D scenario.

Fig. 6. Pixels in Lennagrey image where LS optimization is performed (the
total number is 25 870).

the performance achieved by EDP for lossless image compres-
sion. To have a fair comparison, we download eight gray-scale
(8-bit) images from Bernie’s TMWO0.51 home page [12] as our
test set. Their entropy values are relatively large because they all
contain plenty of edges. Such choice of the test set makes it easier
toobservethe gainbroughtby LS-based adaptationaround edges.
To compare the performance of the different adaptive predic-
tion schemes, we use the first-order entropy of the prediction
residue image as the objective measure. EDP is compared with
two of the very best context-based adaptive prediction schemes:
MED [2] and GAP [3]. Since the performance of EDP depends
on the prediction orde¥, we change it from low (4) to high (10)
te)observe the evolution of the entropy values. For any giVen
the size of the training windoW’ is chosen to benin[N, 7].
From Table I, we can make the following conclusions: 1) the
gain of EDP over MED and GAP quickly saturates as the predic-
tion orderV increases. For most images, a sixth-order predictor
almost exploits all the gain offered by LS-based adaptation and
2) the gain isimage-dependent. For the images containing abun-
dant strong edges such as “barb,” EDP significantly outperforms

In this section, we shall use extensive experiment resultsMED and GAP.
demonstrate 1) the performance of EDP with the different predic-We have also developed a complete lossless image coder

tionorderV and 2) the tradeoffbetweenthe complexityand

and compared it with the current state-of-the-art coders such as
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TABLE | [2] M.Weinberger, G. Seroussi, and G. Sapiro, “The LOCO-I lossless image
FIRST-ORDER ENTROPY (BPP) G®MPARISON AMONGMED, GAP AND EDP compression algorithm: Principles and standardization into JPEG-LS,”
IEEE Trans. Image Processingol. 9, pp. 1309-1324, Aug. 2000.
EDP [3] X.Wuand N. Memon, “Context-based adaptive lossless image coding,”
image MED | GAP | N=4 | N=6 | N=8 | N=10 IEEE Trans. Communvol. 45, pp. 437—-444, Apr. 1997.
baboon §98 622 | 6.04 | 6.0L | 6.00 | 599 [4] W. Pennebaker and J. MitchellPEG: Still Image Data Compression

Standard London, U.K.: Chapman & Hall, 1992.
[5] N. Kuroki et al, “Lossless image compression by two-dimensional
linear prediction with variable coefficients|EICE Trans. Fund.vol.

lena 490 | 475 | 464 | 460 | 459 | 4.58
lennagrey | 4.56 | 4.40 | 432 | 4.26 | 4.24 | 4.22

peppers 4.95 | 4.78 | 455 | 452 | 451 | 4.50 E75-A, no. 7, pp. 882-889, 1992.
barb 5.21 5.15 | 4.67 | 4.44 | 4.40 4.35 [6] X. Wu and K. Barthel, “Piesewise 2D autoregression for predictive
barb? 519 | 5.06 | 493 | 480 | 4.79 | 4.78 image coding,” inProc. Int. Conf. Image Processingol. 3, Oct. 1998,
boats 431 1 429 | 420 | 414 | 4.12 | 410 [71 I‘\)/Ip.lfv%r:gecgil “Lossless image coder with context-based minimizing
goldhill 4.72 470 | 4.64 | 460 | 4.59 | 4.58 MSE prediction and entropy coding,” PProc. Int. Symp. Circuits Sys-
average 5.02 4.92 4.75 4.67 4.66 4.64 tems vol. 4, 1999Y pp. 479-482.
[8] G. Mottaet al, “Adaptive linear prediction lossless image coding,” in
TABLE I Proc. Data Compression ConiMar. 1999, pp. 491-500.
COMPARISON PERFORMANCE (BPP) GMPARISON AMONG CALIC, TMW, AND [9] H. Ye, G. Deng, and J. Devlin, “Least squares approach for lossless
EDP. THE LAST COLUMN INCLUDES THE RUNNING TIME OF EDPON A image coding,” inProc. 5th Int. Symp. Signal Processing Applications
CELERON 500 M MACHINE vol. 1, 1999, pp. 63-66.
[10] B. Aiazzi et al, “Lossless image compression based on an enhanced
image | CALIC | TMW | EDP || seconds fuzzy regression prediction,” iRroc. Int. Conf. Image Processingol.
baboon 5.88 3.7 5.81 14.11 1, Oct. 1999, pp. 435-439.
lena 448 430 4.40 417 [11] X. Liand M. Orchard, “Edge directed prediction for lossless compres-
lennagrey 111 301 1.02 302 sion of natural images,” ifProc. Int. Conf. Image Processingol. 4,

Oct. 1999, pp. 58-62.

Deppers 142 4.25 4.35 3.62 [12] B. Meyer and P. Tischer, “TMW—A new method for lossless image
barb 4.32 4.08 4.11 6.21 compression,” irProc. Picture Coding SympOct. 1997.
barb2 4.53 4.38 | 4.52 9.83 [13] X. Liand M. Orchard, “Novel sequential error concealment techniques
boats 3.83 3.61 3.80 4.56 using orientation adaptive interpolation,” Rroc. Visual Communica-
goldhill 4.39 4.97 4.39 714 tions Image Processimg_an. 200_1, pp. 30—40. o
average 1.50 1.32 140 N [14] N. Jayant and P. NolDigital Coding of Wavefor_ms: Prlnmples and Ap-
plications to Speech and VideoEnglewood Cliffs, NJ: Prentice-Hall,
1984.

CALIC [3] and TMW [12]. Our coder is built on a 6th order
EDP and employs ad-hoc context modeling techniques for
the prediction residues. The coding context is the quantiz
local variance in the prediction residue domain and we borrc
similar bias cancellation techniques from CALIC [1]. As show
in Table I, we have achieved noticeably better performan:
than CALIC with moderately increased complexity. Thoug
TMW still outperforms EDP, the complexity of our EDP code
is much lower than that of the TMW coder (seconds versi _ _ ) :

Rours). Other researchers have shown that the gap be e ool s vt
EDP and TMW can be further reduced by more sophisticateé@nference of Visual Communications and Image Processing, San Jose, CA, in
modeling and coding techniques [9]. January 2001.
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