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Abstract: Predictive methods of image compression traditionally visit the pixels to bgssed in raster scan order, making a
prediction for that pixel and storing the difference between the pixeliEngrediction. We introduce a new predictive lossless
compression method in which the order in which the pixels are visited is denusing a predictor based on previously known
pixel values. This makes it possible to reconstruct the image without gttig path. In our tests on standard benchmark images; we
show that our approach gives a significant improvement to row wis@fisne or two dimensional predictors and gives results similar
to or better than standard compression algorithms like median compressial*G 2000.
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1 Introduction Huffman, Rice or arithmetic. In this approach, the idea is
to predict the value of a pixel using previously visited
Since computers have been used for presentingieighbors. JPG-LS implements the LOCO-I algorithm, in
multimedia, image compression has been widely used an#hich the prediction is based on three neighboring points
researched. The two main directions of this researchand context modeling which is used for recognizing local
where lossy and lossless compression. Although the lossgctivity like smoothness and texture patterns. CALIC uses
approach gives significantly greater compression ratios, ia more complex context based adaptive method which
does not give acceptable results for applications likeuses a large number of modeling states to condition a
medical imaging, image archiving,and remote sensingnonlinear predictor and adapt the predictors to varying
which require or desire lossless compression. source statistics. TMW extends this approach by adding
The purpose of this article is to introduce a new animage analysis stage which extracts some global image
approach to lossless image compression. Although weénformation that is used to improve the quality of the
describe and test it on images, it could also be used fopredictions. EDP uses an edge direct prediction approach
data on irregular grids as long as there is informationusing a large number of neighboring points.
available on the proximity of the data points. All of the previously mentioned methods improve
A wide range of algorithms for image compression their compression ratios by using more complex formulas
have been developed. Today the most commonly usedbr predicting the value of image pixels. These algorithms
formats are JPG LS1], and JPEG20002], due to it's  have in common that they go through image in raster scan
speed and sufficiently good compression ratios.order, that is row by row. The PNG (Portable Network
Significantly, more complex algorithms like CALIG3]] Graphics) §] image format uses Adam?7, an interlacing
TMW][5] and EDP H] have been developed for improved algorithm which changes the order in which the pixels are
compression ratios. Except for JPEG2000 which uses aisited. However, this changed order is not used to
wavelet transform, all the other methods mentioned use @mprove compression but to make it possible to view the
prediction approach. This means making a prediction forimage even when not all of the data has been transferred
the pixel to be compressed and storing the differencedy the network (progressive scan).
between the pixel and its prediction (the error), and later In this article we present a novel approach in which we
compressing them using some encoding method likeuse a simple nearest neighbor predictor, but we increase
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the compression ratio by the order in which we visit the previously predicted pixels. Otherwise the compressed
pixels of the image or in other words selecting a differentvalues cannot be decompressed.
path for our predictions. One way to get around this is to store the order in
Our method consists of three parts. The first is awhich the pixels are compressed as well as the direction
predictor for the value of a pixel which could potentially from which the prediction came. Even in the case of only
be compressed. The second is a predictor for the error thdbur possible directions (up, down, left and right), we
would be made by using the value predictor. The errorhave two extra bits for each pixel.
predictor is applied to all pixels whose error can be In our algorithm, instead of storing the path we have
predicted from already compressed pixels. The third is arused to compress the image, we use a predictor for
optimization: compress that pixel for which the absolute calculating the error between an uncompressed pixel and
value of the predicted error is the smallest among alla neighboring compressed pixel. This heuristic is based
pixels to which the error predictor can be applied. on only already compressed pixels. Then, at each step of
We show in our results, that the use of this algorithmthe algorithm, we look for that pixel with the smallest
greatly improves the compression ratios achieved by thesstimated error in some direction and compress that pixel.
simple use of a one dimensional predictor and storing the  In this article we use the following notatioi: for the
differences. We show that it gives results similar to image being compressexl,; corresponds to the value of
JPEG2000, and even has better results in the case of grafie pixel an positiori, j). We useD = (Dx, Dy) to denote

scale 16 bit images. a direction. The four possible directions up, down, left and
This paper is organized as follows. In Sectidnwe right are the vectors (1,0), (-1,0), (0,1) and (0,-1).
present our algorithm for path creation. In Sect®rwe The simplest method of compressing the pixels of an

focus on the implementation details of our algorithm. Inimage in raster scan order is to take the difference
Section5, we analyze and compare the results obtainedbetween the current pixel and the previous one (except for
by using our compression method to previously mentionedhe first pixel in a row). If the current pixel ig ; that
methods on standard benchmark images. neighboring pixel will be denoted bM(xi j) = Xi—1,j—1.

The neighboring pixel from directioD is

2 The Idea of the Algorithm NE(xi,j, D) = Xi—pxi-py @)

: - : The basic idea of our algorithm is that at each step we
As previously mentioned, all of the widely adopted . . . ; ;

L : . . redict the pixel with the smallest possible error ugitg,
pred|ct|on. based compression a!gorlthms for |magep hich is thgsame as finding that; IOand thatD for which
compression go through the image in raster scan order, q\fy ]

Xi,j — NE(x;,j,D)| is minimal.

In_other words row by row. The advantage of this The smallest error can only be determined if we know
approach is that only a small of number of pixels needs to . y . S
be buffered and, as a consequence of this, a relativel € yalugs of pixels that can be predmted, which is not

' ' ossible in the phase of decompression. Instead we use a

small amount of memory is needed. euristic approach in which the error of predicti
We present a new approach to data compression i PPro: o P g,
0m X_px,j—Dy iS replaced by predicting _py j—py from

which we do r)o'g mcreasg our compression .rat|q by u.smg:g(| Thus we replace the search for that pixg|
a better prediction function, but by choosing in which anéDéljrechtronD for which x.; — NE(x,;.D)| is mlnlmgl

order the pixel values will be compressed. Predictive b .
methods achieve compression because the diﬁerencx' the.searcrll\lfé)r Fhat P'Xedﬂbanfsd:;eiﬁitr'ﬁ:? fﬁgghﬁgt
between pixel values and their predictions are generally,’/=D*i—by — (Xi—Dxj—Dx; D) :

smaller numbers than the pixel values themselves ang‘E(xi‘Dx=i‘Dx’D) = Xi—2Dxj—20y- There is no eror in

is replacement if the image intensities are linear in the
irectionD for the pixels involved.

Finally, oncex;; and D have been determined, the
d|fferencex. i —NE(x,j, D) is computed and encoded.

This type of heuristic is defined for a positid?,
tirection of predictiorD and its value ise — NE(xp,D).
It can be used for predictive compression only if the
pixels xi_px j—px and Xi_opx j—2py have already been

therefore need less space to store. If when going from on
compressed pixel to the next, we have the freedom whic
of its neighbors will be compressed next, we can chose
that neighbor for which the difference between pixel
value and predictor is the smallest. Thus the idea is that
at each step of the algorithm, we predict the pixel with the
smallest possible error of all the possible directionssThi
is a similar concept to Prim’s algorithm to finding the
minimal spanning tree of a weighted graph - the Weightscompressed_. - . . .
being the absolute values of the errors - using a depth first We consider a prediction available if p|x_els at positions
search 7). It is not quite the same, since in our approach \);"\/‘Dévj¥.'3y arr:d)f(“HZDXvJ—Zny have been previously visited.
we implicitly determine a spanning tree via a breadth first € define the following function
search on a weighted graph whose weights could change
during the course of the calculations. a(P.D) =xp —NE(xp, D) @)
Due to the nature of predictive compression, a  For simplicity we shall defind as a set of pairs of
prediction must be calculated using only the values ofposition and directio{P,D), which defines a prediction
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Fig. 1: A) Initialization: storing 4 values from the top left corner, B) First step:ving from (1,0) left to (2,0) storing the value
X2,0 — X1,0, C) Second step: moving from (0,1) down to (0,2) storing the vadye- X 1, D) Third step: moving from (1,1) left to (2,1)
storing the valueo 1 —X11

and extendx to this set. Now we can more precisely say  An iteration step can be divided into two stages, first
that at each stefx of our algorithm we wish to use removing the element with the best value of heurigtic
predictiong € My, whereMy C E, is a set of all available from theWaitList. We use it to predict the corresponding

predictions at ste, with the smallest value af (&) elementx, if it is not already covered, and store the error
of prediction to the output arrayd. The second is

NextPrediction = arg min a(e) (3) updating theWaitList. We add the new predictions that

& €Mk can be made usinge and its neighboring points to

appropriate positions in the sort&tlaitList. We finally

updateCovered. An example of this algorithm can bee
3 Basic Version of the Algorithm seen in Figurd.

The heuristic functiono does not have any kind of

To implement the idea explained in the previous sectionedge detection, which is a significant weakness. We
we need to define several structures. First we defirress  improve the the quality oér for predicting pointx from
the outputarray in which we store differences between point p with directionD by taking into account how good
the predictions and original values. We will also need athe prediction of neighboring points of in the same
structure that stores possible predictioass E with direction D. The neighboring pointsNP) that are taken
corresponding values ofr which we shall denote as into account can be seen from Figi:elo do this we first
WaitList. WaitList should be a an ordered list sorted by define an extension af
o. We shall also need a structu@overed that tracks
which pixels have previously been predicted. The ao(P,D) = Covered(P,D) o (P,D) (4)
algorithm is divided into the initialization, and iteratio
steps. In the initialization step we take the top left2  In Equation4, Covered(P,D) is 1 if the prediction fronP
square write those values to the output ary and in directionD can be made, and O if not. We ueg to
calculate predictions for the 4 neighboring points, sortdeclare a function that defines the influence of
them by difference and add WaitList(see FigurelA). neighboring points ofx to the heuristic value. We can
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Fig. 22 Example of in the improved heuristic.
predicted in the down direction

The pixel X is

define the improved heuristic functian

q(p,D) =1+ % (Covered(i,])=a ) (5)
E
~a(PD)+ 3 jenp(ao(i, ,D))

In Equation 5, & ; is the coefficient at appropriate
position which can be seen from Figu2e We used the
following valuesag = 1, a5 = 0.75 anda, = 0.5. The use
of the new heuristic functioror; changes the algorithm

In the decompression algorithm, the initialization is done
using the first 4 elements frodd for the known starting
position. The second correction is that instead of
calculating the prediction error using the original image,
we load it from the current position of the input buffer.
Using the new value we advance to the new position and
use it to reconstruct the pixel that is predictedeoyvhen
adding new elements to the wait list, only covered points
are used.

4 Implementation

In this section, we clarify some details of the
implementation. First we wish to mention that we did not
use signed integer numbers for storing the errors but
unsigned integer values. We have done this conversion
through the prediction error mapping function as
explained in 8]. We encode the prediction error with the
SZIP compression algorithmO] which implements an
enhanced version of Rice encoding.

As mentioned in the previous sectiowaitLig is a
sorted doubly connected list. Adding elements to a sorted
list is time consuming and in general has a complexity
asymptotically equal to its length In our algorithm, the
list is used only in two ways: removing the first element,
and adding new elements to appropriate positions. When
adding a new element with an error that is equal to some

slightly due to the fact that when we take an element fromelements that already exist in the list, we use the first in

the WaitLigt, it is possible that the value of; has

last out (FILO) approach. We have decided to use FILO

changed because new points have been covered. Thestead of first in first out (FIFO) because in a large

algorithm changes in the following way: wheris taken
from theWaitList, we first check if the value ofi;(e) has
changed and if it has increased, we retamith the new
value of a; to the WaitList at the appropriate position.
This algorithm has the following pseudo code

Delta.Reset();
mWaitList.Initialize(Image);

while Not(mWaitList.Empty())do

e = mWaitList. TakeFirstElement();
nHeuristic = CalculateHeuristic(e);

if (nHeuristic> e.Heuristic)then
e.Heuristic = nHeuristic;
mWaitList. AddNewElementLIFO(tElement);
else
NewPos = e.PredictionPosition
if Not(Covered(NewPos}hen
Error = e.PredictionError(Image);
Delta.AddToPath(Error);
mWaitList. AddExtraElements(NewPos,
Covered,Image);

number of tests we have conducted, it gave a greater
compression ratio after encoding. Because of the way the
list is used, and knowing that all the possible values are
bounded, made it possible to add elements in nearly
constant time, or more precisely bounded by a constant
independent of the size of the image being compressed.
We have done this by adding an extra array that can hold
all the possible values of errors. Each array element is a
pair of the first element with the appropriate ersbart

and the last onend. Adding a new element with erroiis
know equivalent to setting it as the start of i-th array
element and performing the necessary reconnections of
list elements.

The complexity of the calculations is asymptotically
equivalent to the size of image Each pixel is predicted
only once, but in the worst case scenario up to 4
predictions can be added to tiésitlist. The predictions
that are not used can easily be disregarded due to the
tracking of covered pixels and do not significantly effect
the over all calculation time. The calculation of tbeis
optimized by storing the values af. The repeated storing
of predictions to thaVaitList, in the worst case, can be
done up to 3 times, which doesnt change the
asymptotical calculation time. The storage complexity of

end if the algorithm is equivalent to. We need to have memory
end if for holding the image X and for tracking the covered
end while pixels for which we need need times a constant. The
@© 2014 NSP
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Fig. 3: Example of predictions being used in the improved heuristic. Small predieti@rs are shown as dark, and high errors are
shown as bright

WaitList only holds the border elements of the covered compression database web sit#2]] The JPEG2000
region, because of which it is always smaller timan plugin for Adobe PhotoShop was used to get the values
for 16 bit JPG2000 compression in Tak?e We have
implemented our algorithm using Microsoft Visual Studio
5 Results 2008 and have written the code in C#. The values for one
dimensional, two dimensional and median predictors are
We compare the effectiveness of our algorithm tocalculated by our own software using the well know
compression ratios achieved by one or two dimensionaformulas and using the same SZIP for encoding. The
linear extrapolation as predictions and the median edgeesults in tablesl, 2 show the compression in bits per
detection predictor 0] using raster scan (row by row) pixel for each of the methods.
order. We also compare our results with JPG2000 as a
standard in image compression. We have conducted our The results in Tablé for 8 bit images were computed
experiments using the standard Kodak images for 8 bitas follows. 1D is a one dimensional predictor, which runs
grey scale, which we downloaded from the Rich Franzenthrough the image in raster scan order from top to bottom
web site [L1]. We have also done tests on 16 bit grey scaleand uses the previous pixel as a prediction for the next
benchmark images which we have taken from thepixel. The 2D predictor runs through the image the same
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Table 1: Comparison of compression ratio for 8 bit grey scale images in bits pef pix

File X*Y 1D 2D MED JP2 AD

kodim01 768*512 5.86 5.63 5.36 5.45 5.45
kodim02 768*512 4.51 4.53 4.24 4.19 4.20
kodim03 768*512 3.94 4.03 3.75 3.56 3.68
kodim04 512*768 4.78 4.60 4.33 4.20 4.38
kodim05 768*512 5.86 5.70 5.52 5.32 5.33
kodim06 768*512 4.79 5.10 481 4.69 4.78
kodim07 768*512 4.29 4.16 3.93 3.77 3.86
kodim08 768*512 6.14 5.65 5.41 5.54 5.48
kodim09 512*768 4.59 4.52 4.20 4.02 4.17
kodim10 512*768 4.69 4.52 4.23 4.10 4.20

4.95 4.84 4.58 4.48 4.55

Table 2: Comparison of compression ratio for 16 bit grey scale images in bitsixar p

File X*Y 1D 2D MED JP2 HO
crrtg.jb 612*746 11.54 11.31 11.06 11.22 11.07
im_branches  819*536 14.03 14.02 13.77 14.17 13.66
im_flower 819*536 10.56 10.30 10.15 10.11 10.01
im_town 821*536 12.41 12.52 12.29 12.52 12.12
im_kid 824*540 12.40 11.65 11.54 11.67 11.48
mr_2321 512*512 11.88 11.47 11.43 11.31 11.45
12.14 11.88 11.71 11.83 11.63

way and predicts the next pixel value by a linear A second factor is that our algorithm tends to group first
extrapolation from the neighboring pixels to the West, to areas with small prediction errors and later areas with
the Northwest and to the North of the pixel to be high errors. This makes the data better prepared for the
compressed. MED is the median predictor which uses thencoding stage. We can see the order in which the pixels
same pixels as the 2D predictor, but uses a formula whichare visited in Figure.

takes into account possible edges (sH&)[ Our method

is denoted AD. We believe that the proposed algorithm can be greatly
improved if the predictors used for selecting the order in
fwhich pixels are visited for compression were of better
quality. This opinion is supported by the following
comparison. In Figured, 5 and6, we compare the errors
obtained when running through the image in raster scan
order, using our approach and the optimal one acquired
using the exact errors for determining the order in which
pixels are visited for the image "cameraman”. The
compression ratio viewed as the needed number of bits
per pixel for storing the image for these methods was
4.97, 4.48 and 3.64 respectively. The compression factors

standard compression JPEG 2000. We have to mentioFﬁr the optimal next pixel choice are substantially better

that the results used for JPG2000 are slightly worse thagnan when our approach is used. But of course, it cannot

they could have been due existence of an additionalOe used since It uses qurma}mn not ava||ab|_e for
header in the compressed files. decompression. Decompression is no longer possible. If

one wanted to use the exact optimal directions in the

compression, one would have to store the order in which
In the case of 16 bit images we have similar results,the pixels were compressed in addition to the errors.

with our algorithm giving results that are slightly better

that JPG2000. We believe that increased compression

ratio of our simple one dimensional predictor is due to the

adaptability of using predictions in the X or Y direction.

We see that by using a different order and direction o
the 1D predictor we get a significant decrease of 10% in
bits needed to store the image. Our algorithm gives
similar, slightly better results than the use of the median
predictor. This is unexpected due to the fact that the
median changes it's predictor function from one
dimensional in X,Y directions if an edge is expected, and
a two dimensional otherwise, whereas our algorithm only
uses one dimensional predictions. Our algorithm
performs similar slightly to, but slightly worse, than the
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We believe that the algorithm can be improved by
using a better method for selecting the predictor for the
direction of the next pixel to be compressed. This is
illustrated by Figures 4, 5 and 6.
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