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SUMMARY

In this paper we present a new lossless image compression algorithm. To achieve the high compression speed
we use a linear prediction, modified Golomb—-Rice code family, and a very fast prediction error modeling
method. We compare the algorithm experimentally with others for medical and natural continuous tone
grayscale images of depths of up to 16 bits. Its results are especially good for large images, for natural
images of high bit depths, and for noisy images. The average compression speed on Intel Xeon 3.06 GHz
CPU is 47 MB/s. For large images the speed is over 60 MB/s, i.e. the algorithm needs less than 50 CPU cycles
per byte of image. Copyright © 2006 John Wiley & Sons, Ltd.
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1. INTRODUCTION

Lossless image compression algorithms are generally used for images that are documents and
when lossy compression is not applicable. Lossless algorithms are especially important for systems
transmitting and archiving medical data, because lossy compression of medical images used for
diagnostic purposes is, in many countries, forbidden by law. Furthermore, we have to use lossless image
compression when we are unsure whether discarding information contained in the image is applicable
or not. The latter case happens frequently while transmitting images by the system, which is not
aware of the images’ use; for example, while transmitting them directly from the acquisition device or
transmitting over the network images to be processed further. The use of image compression algorithms
could improve the transmission throughput provided that the compression algorithm complexities are
low enough for a specific system. Some systems such as medical computed tomography (CT) scanner
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systems require rapid access to large sets of images or to volumetric data that are further processed,
analyzed or just displayed. In such a system, the images or volume slices are stored in the memory
since mass storage turns out to be too slow—here, the fast lossless image compression algorithm could
virtually increase the memory capacity allowing processing of larger sets of data.

An image may be defined as a rectangular array of pixels. The pixel of a grayscale image is a non-
negative integer interpreted as the intensity (brightness, luminosity) of the image. When image pixel
intensities are in the range [0, 2 — 1], then we say that the image is of N-bit depth, or that it is an
N-bit image. Typical grayscale images are of bit depths from 8 to 16 bits.

Grayscale image compression algorithms are used as a basis for color image compression
algorithms and for algorithms compressing other than image two-dimensional data characterized
by a specific smoothness. These algorithms are also used for volumetric three-dimensional data.
Sometimes such data, as a set of two-dimensional images, is compressed using regular image
compression algorithms. Other possibilities include preprocessing volumetric data before compressing
it as a set of two-dimensional images or using algorithms designed exclusively for volumetric data—the
latter are usually derived from regular image compression algorithms.

We could use a universal algorithm to compress images, i.e. we could simply encode a sequence
of image pixels extracted from an image in the raster scan order. For a universal algorithm, such
a sequence is hard to compress. Universal algorithms are usually designed for alphabet sizes not
exceeding 2% and do not exploit directly the following image data features: images are two-dimensional
data, intensities of neighboring pixels are highly correlated and the images contain noise added to
the image during the acquisition process—the latter feature makes dictionary compression algorithms
perform worse than statistical algorithms for image data [1]. Modern grayscale image compression
algorithms employ techniques used in universal statistical compression algorithms. However, prior to
statistical modeling and entropy coding, the image data is transformed to make it easier to compress.

Many image compression algorithms, including CALIC [2,3], JPEG-LS [4] and SZIP [5], are
predictive, as is the algorithm introduced in this paper. In a predictive algorithm, we use the predictor
function to guess the pixel intensities and then we calculate the prediction errors, i.e. differences
between actual and predicted pixel intensities. Next, we encode the sequence of prediction errors,
which is called the residuum. To calculate the predictor for a specific pixel we usually use the intensities
of a small number of already processed pixels neighboring it. Even using extremely simple predictors,
such as one that predicts that pixel intensity is identical to the one in its left-hand side, results in a
much better compression ratio than without the prediction. For typical grayscale images, the pixel
intensity distribution is close to uniform. The prediction error distribution is close to Laplacian,
i.e. symmetrically exponential [6—8]. Therefore, the entropy of prediction errors is significantly smaller
than the entropy of pixel intensities, making prediction errors easier to compress.

The probability distribution of symbols to be encoded is estimated by the data model. There are
two-pass compression algorithms that read data to be compressed twice. During the first pass the
data are analyzed and the data model is built. During the second pass the data are encoded using
information stored in the model. In a two-pass algorithm we have to include along with the encoded
data the data model itself, or information allowing reconstruction of the model by the decompression
algorithm. In adaptive modeling we do not transmit the model; instead it is built on-line. Using a
model built for all the already processed symbols we encode a specific symbol immediately after
reading it. After encoding the symbol we update the data model. If the model estimates conditional
probabilities, i.e. if the specific symbol’s context is considered in determining the symbol’s probability,
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then it is a context model; otherwise the model is memoryless. As opposed to universal algorithms that
as contexts use symbols directly preceding the current one, contexts in some of the image compression
algorithms are formed by the pixel’s two-dimensional neighborhood. In context determination we use
pixel intensities, prediction errors of neighboring pixels or some other function of pixel intensity.
A high number of intensity levels, especially if the context is formed of several pixels, could result
in a vast number of possible contexts—too high a number considering the model memory complexity
and the cost of adapting the model to actual image characteristics for all contexts or of transmitting
the model to the decompression algorithm. Therefore, in image compression algorithms we group
contexts in collective context buckets and estimate the probability distribution jointly for all the
contexts contained in the bucket. The context buckets were firstly used in the Sunset algorithm that
evolved into Lossless JPEG, the former JPEG committee standard for lossless image compression [9].

After the probability distribution for the symbol’s context is determined by a data model, the
symbol is encoded using the entropy coder. In order to encode the symbol s optimally, we should
use —log,(prob(s)) bits, where prob(s) is the probability assigned to s by the data model [10].
Employing an arithmetic entropy coder we may get arbitrarily close to the above optimum, but
practical implementations of arithmetic coding are relatively slow and not as perfect as theoretically
possible [11]. For entropy coding we also use prefix codes, such as Huffman codes [12], which are
much faster in practice. In this case we encode symbols with binary codewords of integer lengths.
The use of prefix codes may lead to coding results noticeably worse than the above optimum, when
the probability assigned by the data model to the actual symbol is high. In image compression, as
with universal compression algorithms, we use both methods of entropy coding; however, knowing the
probability distribution of symbols allows some improvements. Relatively fast Huffman coding may
be replaced by a faster entropy coder using a parametric family of prefix codes, i.e. the Golomb or
Golomb-Rice (GR) family [13,14].

The algorithms used for comparisons in this paper employ two more methods to improve
compression ratios for images. Some images contain highly compressible smooth (or ‘flat’ [7]) regions.
It appears that modeling algorithms and entropy coders, tuned for typical image characteristics, do not
obtain best results when applied to such regions. Furthermore, if we encode pixels from such a
region using prefix codes, then the resulting code length cannot be less than 1 bit per pixel, even
if the probability estimated for a symbol is close to 1. For the above reasons some compression
algorithms detect smooth regions and encode them in a special way. For example, in the JPEG-LS
algorithm, instead of encoding each pixel separately, we encode, with a single codeword, the number
of consecutive pixels of equal intensity. In the CALIC algorithm, we encode in a special way sequences
of pixels that are of at most two intensity levels—a method aimed not only at smooth regions, but also
for bilevel images encoded as grayscale.

The other method, probably firstly introduced in the CALIC algorithm, actually employs modeling
to improve prediction. This method is called the bias cancellation. The prediction error distribution for
the whole image usually is close to Laplacian with O mean. The mean of the distribution for a specific
context, however, may locally vary with location within the image. To make the distribution centered
at 0 we estimate a local mean of the distribution and subtract it from the prediction error. The contexts,
or context buckets, used for modeling the distribution mean may differ from contexts used for modeling
the distribution of prediction errors after the bias cancellation.

The performance of the predictive algorithm depends on the predictor function used. The predictors
in CALIC and JPEG-LS are nonlinear and can be considered as switching, based on local image
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gradients, among a few simple linear predictors. More sophisticated schemes are used in some recent
algorithms to further improve the compression ratios. For example, in the APC algorithm the predictor
is a linear combination of a set of simple predictors, where the combination coefficients are adaptively
calculated based on the least-mean-square prediction error [15]. Another interesting approach is used
in the EDP algorithm, where the predictor is a linear combination of neighboring pixels and the pixel
coefficients are determined adaptively based on the least-square optimization [16]. To reduce the time
complexity of the EDP algorithm the optimization is performed only for pixels around the edges.
Compared to a CALIC algorithm that, because of its compression speed, is by some authors considered
to be of research use rather than of practical use, the two latter algorithms obtain speeds significantly
lower.

Another method of making the image data easier compressible, independent from the prediction,
is to use two-dimensional image transforms, such as discrete-cosine or wavelet transforms. In transform
algorithms, instead of pixel intensities, we encode a matrix of transform coefficients. The transform is
applied to the whole image, or to an image split into fragments. We use transforms for both lossless
and lossy compression. Transform algorithms are more popular in lossy compression, since for a lossy
algorithm we do not need the inverse transform to be capable of losslessly reconstructing the original
image from transform coefficients encoded with finite precision. The new JPEG committee standard
of lossy and lossless image compression, JPEG2000, is a transform algorithm employing a wavelet
transform [17,18]. Apart from lossy and lossless compressing and decompressing of whole images,
transform algorithms deliver many interesting features (progressive transmission, region of interest
coding, etc.). However, in respect to the lossless compression speed and ratio, better results are obtained
by predictive algorithms.

In this paper, we introduce a simple, fast and adaptive lossless grayscale image compression
algorithm. The algorithm, designed primarily to achieve the high compression speed, is based on
the linear prediction modified GR code family and a very fast prediction error modeling method.
The operation of updating the data model, which is based on the data model known from the FELICS
algorithm [19], although fast compared with many other modeling methods would be the most
complex element of the algorithm. Therefore, we apply the reduced model update frequency method
that increases the overall compression speed by approximately 200% at the cost of worsening the
compression ratio by a fraction of a percent. The algorithm is capable of compressing images of high
bit depths; actual implementation is for images of bit depths up to 16 bits per pixel. The algorithm
originates from an algorithm designed for 8-bit images only [20]. We analyze the algorithm and
compare it with other algorithms for many classes of images. In the experiments, we use natural
continuous tone grayscale images of various depths (up to 16 bits), various sizes (up to about
4 million pixels) and various classes of medical images. The following modalities of medical images
were used: computed radiography (CR), computed tomography (CT), magnetic resonance (MR) and
ultrasonography (US). Nowadays, consumer acquisition devices, such as cameras or scanners, produce
images of evergrowing sizes and high nominal depths, often attaining 16 bits. The quality of the
acquisition process seems to fall behind the growth of acquisition resolution and bit depth—typical
high bit depth images are noisy. Natural images used in research were acquired using a high-quality
film scanner. To analyze the algorithm performance on noisy data, special images with added noise
were prepared. We also generated non-typical easily compressible and incompressible pseudo-images
to estimate the best-case and the worst-case performance of compression algorithms.
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Table 1. Predictors used in the research.

Pred0(X) = 0 Pred3(X) = C Pred6(X) =B + (A — C)/2
Pred1(X) = A Predd(X)=A+ B — C Pred7(X) = (A + B)/2
Pred2(X) = B Pred5(X) = A + (B — C)/2 Pred8(X) = (3A + 3B — 2C) /4

2. METHOD DESCRIPTION
2.1. Overview

Our algorithm is predictive and adaptive; it compresses continuous tone grayscale images. The image
is processed in a raster-scan order. Firstly, we perform prediction using a predictor selected from
a fixed set of nine simple linear predictors. Prediction errors are reordered to obtain the probability
distribution expected by the data model and the entropy coder, and then output as a sequence of
residuum symbols. For encoding residuum symbols we use a family of prefix codes based on the
GR family. For fast and adaptive modeling we use a simple context data model based on a model of
the FELICS algorithm [19] and the method of reduced model update frequency [20]. The algorithm
was designed to be simple and fast. We do not employ methods such as detection of smooth regions or
bias cancellation. Decompression is a simple reversal of the compression process. With respect to both
time and memory complexity the algorithm is symmetric.

The algorithm described herein originates from an algorithm designed for images of 8-bit depth,
which obtained high compression speed but could not be just simply extended to higher bit depths [20].
The most significant differences between these algorithms are reported in Section 2.6.

2.2. Prediction

To predict the intensity of a specific pixel X, we employ fast linear predictors that use up to three
neighboring pixels: the left-hand neighbor (A), the upper neighbor (B) and the upper-left neighbor (C).
We use eight predictors of the lossless JPEG algorithm (Table I, Pred0—Pred7) [9], and slightly more
complex predictor Pred8, which actually returns an average of Pred4 and Pred7. Predictors are
calculated using integer arithmetic. We select a single predictor for the whole image; however,
for pixels of the first row and the first column some predictors cannot be calculated—in this case
we use simpler predictors (e.g. Pred2 for the first column).

If there is a subtraction operation in a calculation of the predictor, then its value may be out
of the nominal range of pixel intensities [0, 2V — 1], where N denotes image bit depth. In such a
case, we take the closest value from the above range. We compress the residuum symbol that is a
difference between the actual (X) and the predicted (Pred(X)) pixel intensity, i.e. R, = X — Pred(X).
Since both X and Pred(X) are in the range [0, 2V — 1], R, is in the range [—2V + 1,2V —1].
To encode such a symbol directly, using the natural binary code, we would need N + 1 bits, i.e. we
would expand the N-bit image data before the actual compression. Fortunately, we may use N-
bit symbols to encode prediction errors since for a specific pixel we have only 2V values of Ry
(range [—Pred(X), 2V — 1 — Pred(X)]). The Pred(X) may be calculated by both the compression and
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Figure 1. Probability distribution of prediction errors: (a) before modulo reduction; (b) after
modulo reduction; (c¢) after reordering.

the decompression algorithm prior to processing the pixel X. Instead of the above-mentioned formula
we use R,, = (X — Pred(X)) mod 2". For decompression we use X = (R,, + Pred(X)) mod 2.

The code family we use to encode the residuum requires residual values to be ordered in a descending
order of probability. For typical images, before a modulo reduction, the distribution is close to
symmetrically exponential (Laplacian); however, after that reduction it no longer descends (Figure 1).
We reorder residual values to get the probability distribution close to exponential by simply picking
symbols: first, last, second, last but one and so on:

2R, for R,, <2N-1
R =
22V —R,) —1 forR, >2N-1

2.3. The code family

The code family used is based on the GR family, i.e. on the infinite family of prefix codes, that
is a subset of a family described by Golomb [13] (Golomb family), rediscovered independently by
Rice [14]. GR codes are optimal for encoding symbols from an infinite alphabet of exponential symbol
probability distribution. Each code in the GR family is characterized by a non-negative integer rank k.
In order to encode the non-negative integer i using the GR code of rank k£ we firstly encode the
codeword prefix |i/2¥] using a unary code, then the suffix i mod 2% using a fixed length k-bit natural
binary code.

Prediction errors are symbols from a finite alphabet. The probability distribution of these symbols
is only close to the exponential. To encode the prediction errors we use a limited codeword length
variant of the GR family [21]. For encoding residuum symbols of image of N-bit depth, that is for
alphabet size 2V, we use a family of N codes. We limit the codeword length to /. > N. For each
code rank 0 < k < N we define the threshold 773 = min((lmax — N)2%, 2V — 2K). We encode the non-
negative integer 0 <i < 2% in the following way: if i < 7; then we use the GR code of rank k; in the
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Table II. The code family for integers in the range [0, 15],
codeword length limited to 8 bits.

Code
Integer

k=0 k=1 k=2 k=3
0 Oe 0e0 0e00  0e000
1 10e Oel 0Oe01  0e001
2 110e 100 Oel10 0e010
3 1110e 10e1 Oell (OeO11
4 11110000 1100 10600  0e100
5 11110001 110e1 10e01  0Oe101
6 11110010 11100 1010  0Oe110
7 111160011  1110e1 10e11  QOelll
8 11110100 11116000 11000 16000
9 11110101 11116001 110601 1001

10 11110110 11116010 110010 1010
11 111160111 11116011 110e11 1e011
12 11111000 1111100 11100 1100
13 11111001 1111101 111601 1101
14 11111010 11116110 111e10 1e110
15 1111e1011  1111el111 111ell 1lelll

opposite case we output a fixed prefix, 73 /2% ones, and then a suffix, i — 7 encoded using fixed length
Mog, (2N — m)7-bit natural binary code.

Sample codewords are presented in Table II. The separator is inserted between prefix and suffix of
the codeword for legibility only. Some codewords are underlined. For a specific code, the underlined
codeword and codewords above it are identical to their equivalents in the GR code.

Use of the code family significantly simplifies the compression algorithm. To encode a certain
residuum symbol we just select a code rank based on the information stored in the data model and
simply output a codeword assigned to this symbol by the code of the selected rank.

Limiting the codeword length is a method used in several other algorithms, including JPEG-LS.
It is introduced to reduce data expansion in case of selecting, in a data model, a code of improper
(too small) rank to encode a symbol of high value in the data model—the coding of images we deal
with here involves alphabet sizes of up to 2!° and the code of rank k = 0 assigns a (i + 1)-bit codeword
to symbol i. Apart from limiting the codeword length, the advantage of the presented family over the
original GR codes is that it contains, as the code of rank k = N — 1, the N-bit natural binary code.
Using natural binary code we may avoid the data expansion even when coding the incompressible
data.

2.4. The data model

The modified data model known from the FELICS algorithm invented by Howard and Vitter [19] is
used. For prediction errors of pixels in the first column of an image the prediction error of the above
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pixel is used as a context; for prediction errors of the remaining pixels the preceding residuum symbol,
i.e. the prediction error of the pixel’s left-hand neighbor, is used as a context.

The method of selecting code rank in the data model of the FELICS algorithm is fast and simple.
For each context we maintain an array of N counters, one counter for each code rank k. Each counter
stores the code length we would have if we used code of rank k to encode all symbols encountered
in the context so far. To encode a specific symbol in a specific context we simply use the rank that in
that context would give the shortest code so far. After coding the symbol we update the counters in the
current context. For each code rank we increase its counter by the length of the codeword assigned to
the encoded symbol by code of this rank. Periodically, when the smallest counter in a specific context
reaches a certain threshold, all the counters in this context are halved, causing the model to assign more
importance to the more recently processed data.

Although only one symbol is used to determine the context we use collective context buckets. In the
FELICS algorithm data model, for each context, at least one symbol has to be encoded before we are
able to estimate the code rank based on actual image data. The first symbol in a given context, or the
first few symbols, may be encoded using an improper code rank. Since we deal with alphabet sizes
up to 2'6, the number of pixels encoded in a non-optimal way may worsen the overall compression
ratio. Furthermore, due to an exponential prediction error probability distribution, some contexts may
appear in the whole image a couple of times only. For the above reasons we group contexts of higher
values in collective context buckets. In our case we maintain a single array of counters for all the
contexts contained in the bucket. The number of contexts contained in the bucket grows exponentially
with respect to the bucket number, starting with the bucket containing the single context. This way we
reduce the FELICS model memory complexity of O (2" 1 to O(N?).

If there are some codes equally good for encoding a specific symbol according to the criterion of
the FELICS data model, then the code of the smallest rank is selected, which may cause an improper
selection of small code ranks and lead to data expansion. To reduce the effects of the improper rank
selection at the beginning of the coding, Howard and Vitter suggest assigning a small initial penalty
to the counters for small ranks. We used a simple method that works not only at the beginning of the
coding, but also when the image data characteristics change during the compression. We avoid the
risk of data expansion by selecting, from among all the equally good codes, the code of the highest
rank [22].

2.5. The reduced model update frequency method

The motivation for introducing the reduced model update frequency method is the observation of
typical image characteristics that change gradually for almost all the image area or are even invariable.
In order to adapt to gradual changes, we may sample the image, i.e. update the data model, less
frequently then every time when the pixel gets coded. Instead we update the model after the coding of
selected pixels only. We could simply pick every ith symbol to update the model, but such a constant
period could interfere with the image structure. Therefore, after updating the model with some symbol,
we select randomly a number of symbols to skip before the next update of the model (Figure 2).
The number of symbols to skip is selected regardless of the actual value of the symbol used to update
the model as well as of its context (the delay variable in the Figure 2 is a global variable). In order
to permit the decoder to select the same number we use a pseudo-random number generator. To just
avoid the interference with an image structure, even the simplest pseudo-random number generator
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delay := 0
while not EOF
read symbol
compress symbol
if delay = 0 then
update model

delay := random(range)
else
delay := delay-1
endif
endwhile

Figure 2. The reduced model update frequency method.

should suffice. We use the fixed pseudo-random number generator seed—in this way we avoid storing
the seed along with the compressed image and we make the compression process deterministic.

By selecting the range of the pseudo-random numbers we may change the model update frequency,
i.e. the probability of updating the model after coding a symbol. In this way we control the speed of
adapting the model and the speed of the compression process. At the beginning of compression, the
data model should adapt to the image data characteristics as quickly as possible. We start compression
using all symbols in data modeling and then we gradually decrease the model update frequency, until
it reaches some minimal value.

The method is expected to vastly improve the compression speed without significantly worsening
the compression ratio. In the case of the algorithm, from which the described algorithm originates,
the method increased the compression speed by about 250% at the cost of worsening the ratio by
about 1% [20]. To a certain extent, a similar approach was used in the EDP algorithm where the
predictor coefficients are determined in an adaptive way by means of relatively complex least-square
optimization. As reported in [16], performing the above optimization only for pixels around the edges
allows a decrease of the time complexity by an order of magnitude at the cost of a negligible worsening
of the compression ratio. Note that, as opposed to the reduced update frequency method, in EDP
location the pixels for which the time-consuming operation is performed (or skipped) depend on the
image contents.

2.6. Differences from the predecessor algorithm

The most significant differences between the described algorithm and the algorithm from which it
originates [20] are the code family and the data model. Actually, the described algorithm is simpler
compared to its predecessor.

The code family used in the previous algorithm was based on the Golomb codes. It was a limited
codeword length family, it contained the natural binary code and ordering of codes in the family was
altered compared to the original Golomb family. Generating codewords from that family was not as
simple as in the case of the family presented in Section 2.3; however, it was not a problem for the
algorithm of 8-bit image compression. As opposed to 16-bit depth, for 8-bit depth the whole family
may be precomputed and stored in the array of a reasonable size.

Copyright © 2006 John Wiley & Sons, Ltd. Softw. Pract. Exper. 2007; 37:65-91
DOI: 10.1002/spe



74  R.STAROSOLSKI SRE

The data model of the predecessor algorithm was also more sophisticated. To aid fast adaptation to
characteristics of the image data at the beginning of the compression, the model used a variable number
of collective context buckets. The compression started with a single bucket (containing all the contexts),
which was subsequently divided into smaller sections. By using this method the compression ratio for
the smallest images was improved by over 1%. For the described algorithm, the use of a variable
number of buckets resulted in worsening of the average compression ratio (by about 0.2%); only in the
case of some small images were the ratios negligibly improved (by less than 0.1%). As opposed to its
predecessor, in the data model of the described algorithm, we select, from among all the equally good
codes, the code of the greatest rank. The above feature, along with using a different code family, seems
to be simpler and more efficient than using the variable number of buckets. Furthermore, giving the
variable number of buckets up we reduce the modeling memory and time complexity.

2.7. Complexity analysis
2.7.1.  Time complexity

The fast adaptive compression algorithms are of linear time complexity; in our case
T(n) =n(cp +cc+cm) =nlcp +cc + pey) = 0(n)

where n is the number of pixels in the image, ¢, denotes prediction complexity (per pixel), c. is the
coding, c,, is the modeling, ¢, is the single model update and p is the update frequency. Prediction and
coding are implemented as short sequences of simple integer operations. The model update is more
complex since to update the model we have to compute lengths of N codewords, where N is the image
bit depth. By updating the model less frequently we accelerate the slowest part of the compression
process.

2.7.2.  Memory complexity

The data model requires O (N?) bytes, where N is the image bit depth, for storing N counters for
each of ¢N buckets, where ¢ = 1. To perform a prediction we need O (w) bytes, where w is the image
width, since for some of the predictor functions we need the pixel’s upper-left neighbor, i.e. memory
for storing at least w + 1 pixels.

Actual implementation is aimed at maximizing the compression speed, rather than at reducing
the memory complexity. Depending on image bit depth and endianness of the CPU it requires from
about 7w + 2000 to about 12w + 4000 bytes.

3. EXPERIMENTAL RESULTS
3.1. Algorithm implementation
The algorithm was implemented in ANSI C language; the implementation may be downloaded

from http://sun.iinf.polsl.gliwice.pl/~rstaros/sfalic/. The algorithm processes the image row by row.
After the row has been inputted, the prediction for the whole row is performed and a resulting row
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of residuum symbols is stored in a memory buffer. The row of residuum symbols is compressed to
another memory buffer and then output. After updating the model, the number of symbols to be skipped
before the next update is selected by picking a pseudo-random number and reducing it modulo 2,
where m is a non-negative integer. Therefore, the following frequencies p = 2/(2" + 1) may be used:
100% (the full update frequency), 66.6%, 40%, 22.2%, 11.8%, 6.06%, 3.08%, 1.55%, 0.778%,
0.390%, 0.195%, etc. We start coding the image with the full update frequency. Then, each time
d pixels are coded, we decrease the frequency until we reach the target update frequency. The number
of buckets in the model, as a function of image bit depth, may also be selected. We tested the three
following model structures (below are numbers of contexts in the consecutive buckets):

(@ 1,1,1,2,2,4,4,8,8,...;
(b) 1,2,4,8,16,...;
() 1,4,16,64,. ...

In an actual implementation, special variants of some functions were prepared for images of depths
up to 8 bits. Optimizations are possible when the alphabet size is small. For example, reordering of
prediction errors or finding a bucket for a specific context may be carried out using single table-lookup
to increase the compression speed; buffers for image rows may be allocated for 8-bit pixels instead of
16-bit pixels to reduce implementation’s memory requirements.

3.2. Procedure

An HP Proliant ML350G3 computer equipped with two Intel Xeon 3.06 GHz (512 KB cache
memory) processors and the Windows 2003 operating system was used to measure the performance
of algorithm implementations. Single-threaded application executables of the described algorithm, and
other algorithms used for comparisons, were compiled using the Intel C++ Compiler, version 8.1.
To minimize the effects of the system load and the input—output subsystem performance on obtained
results the executable was run several times. The time of the first run was ignored and the collective
time of other runs (executed for at least one second, and at least five times) was measured and then
averaged. The time measured was a sum of time spent by the processor in an application code and
in kernel functions called by the application, as reported by the operating system after application
execution. Since we measure the execution time externally we actually include the time of initializing
the program by the operating system into our calculations; this time may be significant for the smallest
images.

The compression speed is reported in megabytes per second (MB/s), where 1 MB = 220 bytes.
Since we used PGM P5 image representation, the pixel size is 2 bytes for an image depth over 8 bits,
1 byte in the opposite case. The compression ratio is in bits per pixel (bpp): 8e/n, where e is the size
in bytes of the compressed image including the header and » is the number of pixels in the image.

3.3. Test image set

A new diverse set of medical and natural continuous tone grayscale test images was prepared to evaluate
the performance of lossless image compression algorithms. The main reason for preparing the new set
was that, to the best of our knowledge, there was no publicly available set of test images containing
large high-quality images that were originally acquired with an actual 16-bit depth. The set contains
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Figure 3. Sample natural images.

natural continuous tone grayscale images of various bit depths (up to 16 bits), various sizes (up to about
4 million pixels) and medical images of various modalities (CR, CT, MR and US). In the set, image
groups were defined to permit performance analysis based on average results for the whole group rather
than on results for single images.

The biggest group, normal, is for evaluating algorithms’ performance in a typical case. A collection
of smaller groups permits us to analyze or compare results with respect to images’ bit depths, sizes or
medical image modality. The set also contains non-typical images, which do not belong to the normal
group. To analyze the algorithms’ performance on noisy data, special images with added noise were
prepared. To estimate the best-case and the worst-case performance of algorithms, easily compressible
and incompressible pseudo-images were also generated. Below, we describe the image groups; details
of individual images are reported in [23]. The set contains about 100 images. It is not as large as, for
example, the set used by Clunie in an extensive study on lossless compression of medical images [24]
that contained over 3600 images but, on the other hand, the moderate size of the set allowed it to be
made publicly available—it may be downloaded from http://sun.iinf.polsl.gliwice.pl/~rstaros/mednat/.

The group of natural continuous tone images, i.e. a group of images acquired from scenes available
for the human eye (photographic images), was constructed as follows. Four images were acquired
from a 36 mm high-quality diapositive film (Fuji Provia/Velvia) using a Minolta Dimage 5400 scanner
(Figure 3). In order to minimize the noise, the acquisition was first performed at the device’s maximum
depth of 16 bits, an optical resolution of 5400 dpi and using multiple sampling of each pixel (16 times
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or four times in the case of the branches image). One image (flower) was softened by setting the
scanner focus too close. Then the images’ resolution was reduced three times. These images formed
a group of 16-bit large images, and were then subject to further resolution reduction (three and nine
times) and to bit depth reduction (to 12 and to 8 bits). The set contains the following groups of natural
images:

natural—36 natural images of various sizes and bit depths;

big—12 natural images of various bit depths and size approximately 4 000 000 pixels;
medium—12 natural images of various bit depths and size approximately 440 000 pixels;
small—12 natural images of various bit depths and size approximately 49 000 pixels;
16bpp—12 natural images of various sizes and 16-bit depth;

12bpp—12 natural images of various sizes and 12-bit depth;

8bpp—12 natural images of various sizes and 8-bit depth.

Groups of medical images were composed of CR, CT, MR and US images of various anatomical
regions, acquired from devices of several vendors. Most of the medical images are from collections of
medical images available on the Internet; the origin of individual images is reported in [23]. In case of
medical CR, CT and MR images we report the nominal bit depth. The actual number of intensity levels
may be smaller than implied by the bit depth, by an order of magnitude or even more. The set contains
the following groups of medical images:

e medical—48 medical CR, CT, MR and US images;
e cr—12 medical CR images, nominal depth of 10 to 16 bits, average size approximately

3500000 pixels;

e ct—12 medical CT images, nominal depth of 12 to 16 bits, average size approximately
260000 pixels;

e mr—12 medical MR images, nominal depth of 16 bits, average size approximately
200000 pixels;

e us—12 medical US images, 8-bit depth, average size approximately 300 000 pixels.

To evaluate algorithms’ performance in a typical case, the normal group was defined. The normal
group contains all 84 natural and medical images. The average results of compressing images from the
normal group are used as a measure of algorithms’ performance for continuous tone grayscale images.
Unless indicated otherwise, we report the average results for this group.

The other groups contained in the set were the non-typical images.

e noise—nine images with added noise, created using the branches image of various bit depths
(8, 12 and 16 bits) and medium size (approximately 440000 pixels). Noise was added using
v1 = vo(l — a) + ra, where vy denotes original pixel intensity, v; is the intensity after adding
noise, r is the random value of the uniform distribution (range [0, 2N _ 1], where N is image bit
depth) and a is the amount of noise. We prepared images using a = 0.1, 0.2, 0.5.

e empty—three pseudo-images, intensity of all pixels equals 0, nominal depth of 8, 12 and 16 bits,
size approximately 440 000 pixels,

e random—three pseudo-images, random intensities of pixels (uniform distribution), bit depth of
8, 12 and 16 bits, size approximately 440 000 pixels.
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The set described above contains no images traditionally used for comparisons of image compression
algorithms. To verify observations made using the above set for traditional 8-bit test images and
to make comparisons to results reported in other studies possible, additional experiments were
performed using the popular Waterloo BragZone GreySet2 set of test images (downloaded from
http://links.uwaterloo.ca/BragZone/GreySet2/).

3.4. Parameter selection for the algorithm

The parameter selection was based on the average compression speed and the average compression
ratio for images from the normal group. The threshold, which triggers the division of all the counters
in a certain context when the smallest counter reaches it, was selected for each update frequency and
for each number of buckets individually as the average best value for predictors 1 to 8. This way we
do not favor any specific update frequency, predictor or model structure. Knowing these parameters,
however, we could simply use a fixed threshold for all the update frequencies. Using for all the update
frequencies the threshold selected for the update frequency and the number of buckets of the default
parameter set listed below would simplify the algorithm and change the compression ratio, for some
image groups only, by less than 0.1%. The remaining algorithm parameters were selected by examining
results of compression using combinations of all p values, all numbers of buckets, all predictors, some
values of d and some code length limits /i 4. Parameter combinations that, compared to some other
combination, resulted in a worsening of both the compression speed and the compression ratio were
rejected. One of the remaining combinations was selected as the default parameter set; its use results in
the compression speed being 20% less than the fastest obtained and the compression ratio worsening
by about 0.5%, compared to the best ratio. The default parameters are:

model update frequency p = 3.08%;

predictor Pred8 ((3A 4+ 3B — 2C)/4);

decreasing the update frequency each d = 2048 pixels;

code length limit /iy, = 26;

doubling model bucket size each bucket (model structure (b)).

Below we describe how these parameters, considered individually, influence compression results.
Figure 4 presents the compression speed and the compression ratio obtained using various update
frequencies. Using the reduced update frequency we may get approximately 200% speed improvement
at the cost of worsening the compression ratio by about 0.5%. Note that decreasing the update
frequency below a certain point prevents further improvement of the modeling speed. The reduced
model update frequency method could probably be applied to other adaptive algorithms, in which
modeling is a considerable factor in an algorithm’s overall time complexity. It could be used as
a mean of adjusting the algorithm speed versus the quality of modeling or, as in our case, it
could be used to improve the speed, to a certain extent, without worsening the modeling quality
significantly.

The selected Pred8 predictor, although the most complex, gives the best average compression ratio.
Use of this predictor and the selected update frequency proves to be better than the use of any simpler
predictor and a greater frequency since the compression ratio improvement is obtained at a relatively
small cost. For a few specific image groups, the use of other predictors results in the compression ratio
improvement (and in the speed improvement by a few percent):
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Figure 4. Compression results for various update frequencies (normal images).

e for the cr and noise images Pred7 improves the ratio by 1.0% and 1.6% respectively;
o for the us images the use of Pred4 gives a 3.6% improvement of the compression ratio.

Gradually decreasing the update frequency each time 2048 pixels get coded, compared with
compressing the whole image using the same frequency, only affects the results for the smallest images.
In this way, for the small group, we get a 1.0% compression ratio improvement and a lower speed by a
few percent.

The code length limit was selected for the normal group. Except for the us group, selecting the limit
for the specific group may improve the compression ratio by less than 0.1%. For the us images we may
obtain a 2.1% compression ratio improvement by limiting the codeword length to 14 bits.

Considering results for the data model structures described earlier, (a), (b) and (c) are almost
identical. By selecting a model structure other than the default we may improve the compression ratio
for some groups by less than 0.1%. We also compared the data model that uses collective context
buckets to two other model structures. Using collective context buckets proves to be superior to
compression with a model of 2V individual contexts resulting in an expansion of 16-bit images and
also to compression with the memoryless model that, for the normal images, results in worsening the
average compression ratio by 6.2%.

3.5. Comparison to other techniques

The algorithm described in this paper, denoted here as ‘SFALIC’, was compared to several other image
compression algorithms. In Tables III and IV we report average compression speeds and average ratios
obtained by the algorithms described below, for normal images. Due to the number of images contained
in the set, results for individual images are not included in this paper; they may be downloaded from
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Table III. The compression speed, normal images (MB/s).

Image group CALIC-A CALIC-H JPEG-LS CCSDS SZIP SFALIC

natural 2.6 7.2 15.0 40.3 43.3
big 34 9.7 18.1 56.0 61.8
medium 2.8 8.0 16.5 44.8 48.1
small 1.7 3.7 10.3 20.0 20.1
16bpp 1.9 6.9 159 40.0 41.3
12bpp 3.0 7.5 17.8 48.4 479
8bpp 3.0 7.0 11.1 324 40.7
medical 3.6 9.6 20.7 50.6 50.1
cr 4.9 11.5 24.8 73.5 70.5
ct 34 9.1 21.6 50.1 49.1
mr 2.7 8.4 20.9 41.6 39.9
us 3.7 9.3 154 37.1 40.8
normal 3.2 8.5 18.2 46.1 47.2

Table IV. The compression ratio, normal images (bpp).

Image group CALIC-A CALIC-H JPEG-LS CCSDS SZIP SFALIC

natural 7.617 7.661 7.687 8.432 7.953
big 6.962 7.059 7.083 7.773 7274
medium 7.623 7.699 7.710 8.403 8.009
small 8.267 8.227 8.269 9.121 8.576
16bpp 11.748 11.622 11.776 12.458 11.867
12bpp 7.491 7.565 7.571 8.407 7.869
8bpp 3.613 3.797 3.715 4.431 4.123
medical 6.651 6.761 6.734 7.396 7.165
cr 6.229 6.324 6.343 6.883 6.662
ct 7.759 7.840 7.838 8.806 8.266
mr 9.975 9.895 10.009 10.599 10.235
us 2.641 2.985 2.748 3.298 3.497
normal 7.065 7.147 7.143 7.840 7.503

http://sun.iinf.polsl.gliwice.pl/~rstaros/sfalic/. After discussing results for the new set we report results
obtained for the well-known images of the University of Waterloo. The results are reported for the
following algorithms.

o CALIC-A—the relatively complex predictive and adaptive image compression algorithm using
an arithmetic entropy coder, which because of the very good compression ratios is commonly
used as a reference for other image compression algorithms [2,3]. In the CALIC algorithm
we use seven neighboring pixels, both to determine context and as arguments of the nonlinear
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predictor function. When pixels in the neighborhood are, at most, of two intensity levels, CALIC
enters into the so-called binary mode. In the binary mode, for consecutive pixels, we encode
information as to whether pixel intensity is equal to brighter neighbors, darker neighbors or
neither of them (in this case we leave the binary mode). CALIC utilizes the bias cancellation
method. We used an implementation by Wu and Memon [25]. Since this implementation is a
binary executable for UltraSparc processors, the compression speed of the CALIC algorithm is
estimated based on the relative speed of this implementation compared to the SFALIC speed on a
different computer system (Sun Fire V440 running Solaris 9, equipped with 1.06 GHz UltraSparc
[IIi processors; both implementations were single-threaded).

e CALIC-H—the variant of the CALIC algorithm using Huffman codes (compression speed
estimated as in the case of CALIC-A).

e JPEG-LS—the standard of the JPEG committee for lossless and near-lossless compression
of still images [4]. The standard describes a low-complexity predictive and adaptive image
compression algorithm with entropy coding using a modified GR family. The algorithm is based
on the LOCO-I algorithm [26,27]. In the JPEG-LS algorithm, we use three neighboring pixels
for nonlinear prediction, and four pixels for modeling. JPEG-LS utilizes the bias cancellation
method; also it detects and encodes in a special way smooth image regions. If the smooth region
is detected we enter the, so-called, run-mode and instead of encoding each pixel separately we
encode, with a single codeword, the number of consecutive pixels of equal intensity. We used the
SPMG/UBC implementation [28]. In this implementation, some code parts are implemented in
two variants: one for images of depths up to 8 bits and the other for image depths of 9—16 bits.

e CCSDS SZIP—the standard of the Consultative Committee for Space Data Systems used
by space agencies for compressing scientific data transmitted from satellites and other space
instruments [5]. CCSDS SZIP is a very fast predictive compression algorithm based on the
extended-Rice algorithm, it uses GR codes for entropy coding, and primarily was developed by
Rice. CCSDS SZIP is often confused with a general-purpose compression utility by Schindler,
which is also called ‘SZIP’. CCSDS SZIP does not employ an adaptive data model. The sequence
of prediction errors is divided into blocks. Each block is compressed using a two-pass algorithm.
In the first pass, we determine the best coding method for the whole block. In the second pass,
we output the marker of the selected coding method as a side information along with prediction
errors encoded using this method. The coding methods include: GR codes of a chosen rank;
unary code for transformed pairs of prediction errors; fixed-length natural binary code if the
block is found to be incompressible; signaling to the decoder empty block if all prediction
errors are zeroes. We used the UNM implementation [29]. It was optimized for the default block
size of 16 symbols. Since the largest images (big and cr) required greater block size, we used
a block size of 20 symbols for all the images. For smaller images, compared to the reported
results, by using the default block size we obtain a higher compression speed by about 10-20%
and the compression ratio from 0.5% worse to 1.2% better, depending on the image group.
A higher compression speed for all the images by an average of 8.5% for the normal group
may be obtained using a block size of 32 symbols; however, this is at the cost of worsening the
compression ratio by 0.9%.

JPEG2000, Lossless JPEG Huffman, PNG [30] and FELICS were also examined [23]. We do not
report these results because, for all the image groups, speeds and ratios of these algorithms are worse
than obtained by the JPEG-LS. For other test image sets the JPEG2000 algorithm is reported to obtain
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Figure 5. The compression results for various algorithms (normal images).

ratios, depending on image or image class, a little better or a little worse than JPEG-LS [24,31].
Compared with SFALIC, the algorithms Lossless JPEG Huffman, PNG and FELICS obtain worse
compression ratios for almost all the groups (except for the us group for PNG and FELICS, and the
empty group for PNG) and lower compression speeds for all the groups. JPEG2000 obtains an average
ratio 2.3% better than SFALIC and compression speeds of about 15 times lower. SFALIC was also
compared to the algorithm from which it originates. For 8bpp images, SFALIC’s predecessor obtained
a compression ratio worse by 1.3% and a compression speed lower by 34%.

The SFALIC algorithm is clearly the fastest algorithm among algorithms that use an adaptive data
model. The compression speed of the SFALIC algorithm for normal images (Figure 5) is over 2.5 times
higher than the speed of the second fastest adaptive model algorithm (JPEG-LS) and about
12 times higher than the speed of an algorithm obtaining the best compression ratios (CALIC-A).
The compression speed of SFALIC is almost the same as the speed of the CCSDS SZIP algorithm,
which does not employ adaptive modeling. Actually, SFALIC obtained a speed only slightly higher
than CCSDS SZIP. However, the relative speed difference is negligible. Probably both algorithms
could be optimized to improve the speed a little—CCSDS SZIP by optimizing it for a block size of
20 symbols or by optimizing it for low image bit depths, SFALIC by integrating prediction into loop,
which performs a coding and a modeling. The highest compression speed is achieved for the largest
images (big and cr). A compression speed for these groups is over 60 MB/s, i.e. for the largest images
we need less than 50 CPU cycles per byte of image. The compression speed significantly lower than
the average was obtained for small images. For these images, the time of initializing the compression
implementation executable by the operating system becomes a significant factor in the overall speed
of the compression algorithm. To some extent, similar behavior may be observed for all the algorithms
examined. The SFALIC compression speed depends on the image size rather than on the image bit
depth. Since for depths over 8 bits the image pixel is stored using 2 bytes, the compression speed for

Copyright © 2006 John Wiley & Sons, Ltd. Softw. Pract. Exper. 2007; 37:65-91
DOI: 10.1002/spe



SP E LOSSLESS IMAGE COMPRESSION ALGORITHM 83
&

Figure 6. Sample medical us images.

12bpp images is greater than the speed for 8bpp and 16bpp images. We also notice that, for individual
images of similar bit depth and similar size, there are no significant differences in SFALIC compression
speed. The compression speed of some other algorithms, such as JPEG-LS, depends to a larger extent
on the image contents. Here the greater differences are probably due to the much lower complexity
of the run mode employed by JPEG-LS for smooth areas found in some images, compared with the
complexity of the regular mode used for non-smooth regions.

The average compression ratio of the CALIC-A, CALIC-H and JPEG-LS algorithms is better than
the ratio of SFALIC by 5.8%, 4.7% and 4.8%, respectively. Such a cost of improving the compression
speed is not important in many practical image processing systems, especially when we compress
images to transmit them or to store them temporarily. Compared to the CCSDS SZIP, which is the only
algorithm that obtains speed close to SFALIC, the compression ratio of SFALIC is better by 4.5%.

For compressing some images, other algorithms are much better—the us images are
compressed 24.5% better by CALIC-A. The predictor function and the codeword length limit were
selected for the normal group and are not well suited for the us images, but the main reason for a worse
compression ratio is that SFALIC does not employ any special method of processing smooth image
regions—the us images contain large uniform intensity areas, i.e. black background for the actual
image (Figure 6).

In Figure 7 we compare ratios of SFALIC and JPEG-LS obtained for individual images. The absolute
differences of ratios are moderate; the greatest is about 1 bpp. Note that larger differences occur
for smaller compression ratios so the relative differences of ratios may be, for highly compressible
images, practically important. Therefore, in Figure 8, instead of an absolute ratio we present the
relative compression ratio of JPEG-LS expressed as a percentage of the ratio that SFALIC obtained
for a specific image. We also mark, by the gray background, images that contain a significant amount
of smooth areas. Here, the image is considered to contain a significant amount of smooth areas if at
least 15% of its pixels are encoded by the JPEG-LS using the run mode (actually it is at least 17.6%
for these images and at most 5.6% for the remaining images). We can see that the relative ratio
differences in favor of JPEG-LS are getting much greater as the image compression ratio decreases.
It can also be seen that the JPEG-LS ratio is better than SFALICS’s by up to almost 40% for images
containing significant amount of smooth areas, whereas for other images the JPEG-LS is better by up to
about 16%. the above observation confirms the significance of using the method of efficient encoding
of smooth image areas in the compression algorithm.

Copyright © 2006 John Wiley & Sons, Ltd. Softw. Pract. Exper. 2007; 37:65-91
DOI: 10.1002/spe



84  R.STAROSOLSKI S &E

14.000 *

. .
12.000 é‘w@é i zll?)pp
|
10.000 T o
._i!G A 8hpp

8.000 = oo
6.000 O et
4.000 Hﬁd A mr
2.000 < ﬁoy o us

0.000 T T T T T T
0.000 2.000 4.000 6.000 8.000 10.000 12.000 14.000

JPEG-LS ratio (bpp)

SFALIC compression ratio (bpp)

Figure 7. SFALIC and JPEG-LS ratios for individual images.

105%

$ 100% o o SREGIRS @ ¢ 6bpp
~95% o "!E"!’

% 90 A O [] W [2bpp
5 85% fgor O A Sbpp
]

T 80% 1+ 4@ % Ocr

O

E 75% O% O ct
: 70% A mr
2 65% A

< 60% o O us
o 55% . . . . . .

0.000  2.000 4.000 6.000 8.000 10.000 12.000 14.000
SFALIC compression ratio (bpp)

Figure 8. SFALIC ratio and relative JPEG-LS ratio for individual images.

For natural images, the relative compression ratio of algorithms obtaining better ratios compared
to SFALIC does not depend on image size and significantly depends on image bit depth. For 8bpp
images the compression ratio of CALIC-A is 12.4% better, for 16bpp images it is better by 1.0%.
In general the SFALIC algorithm obtains good compression ratios when the actual number of intensity
levels is high. The medical cr, ct and mr images, which are of 16-bit nominal depth, actually use much
fewer than 2'© levels. Among 24 such images 21 use below 4000 levels and only three cr images

Copyright © 2006 John Wiley & Sons, Ltd. Softw. Pract. Exper. 2007; 37:65-91
DOI: 10.1002/spe



SP E LOSSLESS IMAGE COMPRESSION ALGORITHM 85
&

12.600
12.500 CCSDS - SZIP
12.400
12.300
12.200
12.100

12.000
11.900 SFALIC,

JPEG-LS
11.800 f"M IC-A .
11.700 +cALtE=H
11.600 *
1 1.500 T T T T
0.0 10.0 20.0 30.0 40.0 50.0

Compression ratio (bpp)

Compression speed (MB/s)

Figure 9. The compression results for various algorithms (/6bpp images).

use about 25000 levels. For these three images, the ratio of the CALIC-A algorithm is better than
SFALIC’s ratio by 1.4%.

Most ct and mr images and some cr images are of sparse histograms. Not only are the actual numbers
of levels found in these images much smaller than the nominal number of levels, but the levels are
distributed throughout almost all the entire nominal intensity range as well. Such characteristics are
clearly different from what is expected by a lossless image compression algorithm, both in the case
of predictive and of transform coding. In [32] we reported efficient methods of compressing these
images. Employing the so-called histogram packing technique we may vastly improve the compression
ratios of sparse histogram images. This way the CALIC-A average compression ratios were improved
to 4.485 bpp for ct and to 4.811 bpp for mr images (that is by about 42% and 52%, respectively).
Improvement of the average compression ratio for the cr group was about 15%.

Interesting results were obtained for /6bpp images (Figure 9). For this group the compression
ratio of the arithmetic coding version of CALIC is 1.1% worse than the ratio of the Huffman-coder
version. CALIC-H obtains ratios better than CALIC-A also for small (i.e. the group containing 16-bit
images) and for mr images (of 16-bit nominal depth). The above observations suggest that the small
difference in compression ratio between SFALIC and CALIC for /6bpp images should be attributed to
imperfections of other algorithms, rather than to the especially good performance of SFALIC. There is
probably still a possibility of improving the compression ratio of CALIC for high bit depth images.

The empty pseudo-images (Tables V and VI) are the most easily compressible data for the image
compression algorithm. As one could expect, for empty images the ratio of algorithms that employ
a method of efficient encoding smooth image regions is close to Obpp. For all the algorithms, the
compression speed for the empty group is higher than for any other group; the greatest speedup is
observed for JPEG-LS.

Copyright © 2006 John Wiley & Sons, Ltd. Softw. Pract. Exper. 2007; 37:65-91
DOI: 10.1002/spe



86  R.STAROSOLSKI SRE

Table V. The compression speed for non-typical images (MB/s).

Image group CALIC-A CALIC-H JPEG-LS CCSDS SZIP SFALIC

empty 13.2 39.9 156.1 118.2 79.3
noise 2.0 7.4 14.9 41.4 45.6
random 1.3 6.5 14.7 41.5 37.3

Table VI. The compression ratio for non-typical images (bpp).

Image group CALIC-A CALIC-H JPEG-LS CCSDS SZIP SFALIC

empty 0.001 0.045 0.002 0.027 1.000
noise 10.478 10.690 10.693 11.101 10.842
random 12.375 13.008 12.516 12.370 12.009

For non-typical noisy images the compression speed of all algorithms is similar to the average speed
for the medium group that contains images of similar size. Compression of these images, in the case of
some algorithms even with individual images with 50% noise added, still results in compression ratios
smaller than the image bit depth, although not by much. The random pseudo-images are incompressible
and may be used for estimating the worst-case algorithm compression ratio. However, for a specific
image compression algorithm we can prepare data even harder to compress, i.e. a pseudo-image of
characteristics opposite to what is expected in prediction or modeling. The best method of processing
incompressible image data is to simply encode pixel intensities using N-bit natural binary code, where
N denotes image bit depth—for the random group we would get the compression ratio of 12 bpp.
The SFALIC algorithm actually acts this way; its code family contains the fixed-length natural binary
code that is used in case of processing random images. All the remaining algorithms cause noticeable
data expansion. In the case of the CCSDS SZIP algorithm, natural binary code is also used; however, it
is a two-pass scheme. The data expansion of CCSDS SZIP is solely due to including, in the compressed
data, side information along with each block.

To verify observations made using the new set, additional experiments were performed with the
popular Waterloo BragZone GreySet2 set of 8-bit test images (Tables VII and VIII). In the tables
we report results for individual images, average results for the whole BragZone GreySet2 set and
the average results for 8-bit medium size natural images from the new set, i.e. for images belonging
to the intersection of groups 8bpp and medium (rows labeled ‘Average medium8bpp’). Not all the
BragZone GreySet2 images are typical photographic continuous-tone images. The france image is
computer generated and the library is a compound image. The washsat is an aerial photo image.
Compared to other GreySet2 images, the latter three images contain a significantly greater amount
of smooth areas (Figure 10). JPEG-LS encodes 46.9%, 22.4% and 10.7% of pixels of france, library
and washsat, respectively, using the run-mode, whereas for the remaining images it is at most 2.9%.
In some images dithering-like patterns are visible; these images are probably dithered palette color
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Table VII. The compression speed, BragZone GreySet2 images (MB/s).

Image Pixels = CALIC-A CALIC-H JPEG-LS CCSDSSZIP SFALIC
barb 262 144 1.8 4.2 10.3 28.7 343
boat 262 144 1.9 4.4 10.6 28.7 36.3
france 333312 4.3 10.7 23.1 45.5 40.0
frog 309 258 2.0 53 10.3 30.4 35.8
goldhill 262 144 1.7 4.1 10.3 29.0 354
lena 262 144 1.9 44 10.5 28.8 36.6
library 163328 1.6 4.2 11.0 24.1 274
mandrill 262 144 1.6 4.1 9.5 27.9 33.7
mountain 307 200 1.9 5.1 10.1 28.8 33.6
peppers 262 144 1.8 4.1 10.4 28.5 34.8
washsat 262 144 2.1 4.8 11.5 30.2 36.3
zelda 262 144 2.1 4.6 11.0 29.5 37.1
Average GreySet2 267521 2.1 5.0 11.5 30.0 35.1
Average medium8bpp 440746 3.1 7.7 12.1 36.0 44.1

Table VIII. The compression ratio, BragZone GreySet2 images (bpp).

Image Pixels CALIC-A CALIC-H JPEG-LS CCSDS SZIP SFALIC
barb 262 144 4.453 4.569 4.733 5.775 5.315
boat 262 144 4.151 4.233 4.250 5.153 4.632
france 333312 0.823 1.684 1.411 2.425 3.736
frog 309258 5.853 6.232 6.049 6.657 6.536
goldhill 262 144 4.629 4.719 4.712 5.280 4.870
lena 262 144 4.110 4.184 4.244 5.046 4.567
library 163 328 5.012 5.228 5.101 5.858 6.025
mandrill 262 144 5.875 6.031 6.036 6.374 6.256
mountain 307200 6.265 6.538 6.422 6.717 6.840
peppers 262 144 4.378 4.488 4.489 5.167 4.933
washsat 262 144 3.670 4.107 4.129 4.825 4.526
zelda 262 144 3.862 3.973 4.005 4.838 4.289
Average GreySet2 267521 4.424 4.665 4.632 5.343 5.210
Average medium8bpp 440746 3.630 3.826 3.701 4.400 4.153
Copyright © 2006 John Wiley & Sons, Ltd. Softw. Pract. Exper. 2007; 37:65-91
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Figure 10. BragZone GreySet2 images with smooth areas.

images converted to grayscale. The patterns are most noticeable in library and frog images; also
mandrill, mountain and peppers seem to be dithered. We also note that the images washsat, frog
and mountain are of sparse histograms—the number of pixel intensity levels actually used in these
images is 35, 102 and 110, respectively.

In general, these results adhere to the results obtained for the new set. Average compression speeds
for GreySet2 images are slightly lower than the speeds obtained for medium8bpp images, which are of
slightly greater size. The compression speed for all the photographic images, for a specific algorithm,
does not vary significantly. An increased speed is observed for the france image, which contains
smooth regions and, by all the algorithms, is compressed faster than other images of similar size. In the
case of CALIC and JPEG-LS, the speed is more than doubled compared with other images of similar
size. The library image also contains smooth regions, but this image is smaller than the others—as could
be expected SFALIC compresses this image more slowly compared with the larger images. For some
other algorithms, the presence of smooth regions seems to have a greater impact on compression speed
than the smaller size of the image. The smooth regions in washsat do not influence noticeably the
compression speed. In this image, observed in a raster scan order, runs of pixels (or prediction errors)
are much shorter than in france or in library (and the overall amount of pixels in smooth regions is
smaller). There are no significant differences in compression speed between photographic images with
and without dithering patterns.

The average SFALIC compression ratio for GreySet2 images compared to ratios obtained by
other algorithms is a little worse than in the case of the medium8bpp images—for the GreySet2
CALIC-A obtains a ratio better than SFALIC by 15.1%, whereas for medium8bpp it is better by 12.6%.
The greater differences are due to ratios obtained for two images (france and library) containing
a significant amount of smooth areas. If we exclude these images from the comparison, then the
CALIC-A ratio becomes smaller than SFALIC’s by only 10.5%. For the france image the CALIC-A
obtains a ratio of 0.823 bpp, whereas ratios of other algorithms are from 1.411 bpp (JPEG-LS) to
3.736 bpp (SFALIC). Such large differences cannot be attributed to smooth areas alone. The probable
reasons for large differences among CALIC-A and other algorithms are the CALIC’s binary mode
(capable of encoding sequences of symbols of two intensity levels), the arithmetic coder used (which as
opposed to GR codes is capable of efficiently encoding any probability distribution), the predictors
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used (that in the CALIC and in the JPEG-LS are actually switching between simple predictors in
order to detect edges), the more sophisticated data model used (SFALIC only uses the prediction
error of a single neighbor of the current pixel to determine the pixel’s context) and the algorithms’
ability to adapt quickly to rapid changes of the image characteristics (SFALIC uses the reduced
model update frequency method; SZIP selects the coding method for a whole block of pixels). Note,
however, that france is definitely not a typical continuous tone image and that for such images special
algorithms exist. In [33] a reversible image preprocessing method is proposed, which in the case of the
JPEG-LS algorithm is reported to improve the compression ratio for the france image from 1.411 bpp
to 0.556 bpp. For images of sparse histograms we may get significantly better ratios by applying
the histogram packing technique; in this way the CALIC compression ratio for washsat, frog and
mountain may be improved by 44.5%, 16.8% and 18.9%, respectively (a similar ratio improvement is
reported for the JPEG-LS algorithm) [34]. We also notice that for all the algorithms the average ratios
for photographic images containing visible dithering patterns are noticeably worse than the average
ratios for the remaining photographic images.

4. CONCLUSIONS

The presented predictive and adaptive lossless image compression algorithm was designed to achieve
high compression speed. The prediction errors obtained using a simple linear predictor are encoded
using codes adaptively selected from the modified GR code family. As opposed to the unmodified
GR codes, this family limits the codeword length and allows coding of incompressible data without
expansion. Code selection is performed using a simple data model based on the model known from
the FELICS algorithm. Since updating the data model, although fast when compared with many
other modeling methods, is the most complex element of the algorithm, we apply the reduced model
update frequency method that increases the compression speed by approximately 200% at the cost of
worsening the compression ratio by about 0.5%. This method could probably be used for improving
the speed of other algorithms, in which data modeling is a considerable factor in the overall algorithm
time complexity. The memory complexity is low—the algorithm’s data structures fit into contemporary
CPUs’ cache memory.

The algorithm presented was compared experimentally to several others. For continuous tone natural
and medical images, on average, its compression ratio is 5.8% worse, compared with the best ratio
obtained by CALIC. Its compression speed is over 2.5 times higher than the speed of JPEG-LS.
Compared to the CCSDS SZIP, i.e. to the algorithm that does not employ an adaptive data model,
the presented algorithm obtains similar compression speed, and a 4.5% better compression ratio.

For some images, SFALIC compression ratios are significantly worse than ratios of certain other
schemes. The ratios worse than CALIC by up to about 1 bpp were obtained for images that
contain a significant amount of highly compressible smooth areas, such as medical US images.
For compound and computer-generated images, more sophisticated algorithms may improve ratios
even further. For images having sparse histograms, such as MR and CT medical images, significant
ratio improvement is possible both in the case of SFALIC and the remaining algorithms used for
comparisons in this paper. Finding a fast and efficient method of processing the above types of data is
a potential field of future algorithm improvement.

Another type of data requiring huge amounts of storage, for which a fast algorithm could be
practically useful, is volumetric data. A simple method of extending the described algorithm to exploit
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the three-dimensional characteristics of the data, which is an interesting field of further research, might
be the use of three-dimensional prediction functions.
The described algorithm is especially good for:

e large images, since it compresses them with the very high speed—over 60 MB/s on a 3.06 GHz
CPU, i.e. it needs less than 50 CPU cycles per byte of image;

e natural images of 16-bit depth, since it obtains very good compression ratio for them—its ratio
differs by a couple of percent from the ratio of the CALIC algorithm;

e noisy images, as when compared with the other algorithms it causes almost no data expansion,
even if the image contains nothing but noise.

Due to the above advantages it is ideally suited for lossless compression of data to be transmitted
from modern medical and general-purpose image acquisition devices, which produce images of high
bit depths, large sizes and usually containing a certain amount of noise. The algorithm presented is an
alternative for compressing images to be transmitted over a network—it may improve the transmission
throughput when most other algorithms are too slow. The algorithm could also be used for compressing
and decompressing, on the fly, large sets of images that are stored in memory for rapid access.
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Abstract: Modeling and coding is the most complex part of many adagirapression algorithms;
itis also an inherently serial process. The method of redluncedel update frequency is a modification of
the typical adaptive scheme, which was originally emploiyedrder to improve the speed of modeling at
the cost of a negligible worsening of the modeling qualitytHis paper, we notice that the above method
permits to parallelize the compression process. We finddhnabe Itanium 2 processor the speed of coding
and modeling in a SFALIC image compression algorithm maynfq@roved by about 50% through exploit-
ing the fine-grained parallelism, also the medium-grainadhltelism may be exploited in a significantly
larger extent.

Keywords: Parallel processing; Fine- and medium-grained paraftieliddaptive modelling; Data
compression; Image compression

1. Introduction

Designing compression algorithms, we aim at encoding thenginput sequence of
symbols using the smallest number of bits. In order to entbeesymbol s optimally,
we should use -log{prob(s)) bits, where protx®) is the probability of the symbol s oc-
currence [12]. Employing an arithmetic coder [10] we may @itrarily close to the
above optimum, however practical implementations of thimetic coding are rela-
tively slow. We may also use prefix codes, such afitdan codes [7]. In this case we
encode each symbol from a sequence with a binary codewordegfar length. Prefix
codes may be irfRcient if the probabilities are high, but in practice are mdaster.
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Huffman codes may be used for any probability distribution;elaee also prefix codes
optimal for certain probability distributions, like Goldnj5] or Golomb-Rice [11] fam-
ilies optimal for exponential distribution. Knowing thepky of the distribution permits
faster coding and does not require estimating of the whokmawun distribution — in-
stead we estimate the parameter of a known distribution. prakability distribution
is estimated by the data model. If the model estimates donditprobabilities, i.e., if
the specific symbol’'s context is considered in determiniymgtsol’s probability, then it
is the context model, otherwise the model is memorylesshdratiaptive modeling, the
distribution for specific symbol is estimated based onstieti gathered from the already
processed symbols. This way, as opposed to two-pass schemdse not have to trans-
mit explicitly the data model since the decompression #@lgoris able to reconstruct the
model on-line from already decoded symbols. After encodihtpe symbol we update
the data model (Fig. 1). The coding and modeling processhisramtly serial; before
estimating the probability distribution for the next syrhtand before encoding the next
symbol, we have to update the model with information on tle¥ipus symbol.

loop
read symbol s

estimate coding parameter r for symbol s
encode symbol s using r
update model with symbol s

endloop

Fig. 1. Adaptive modeling and coding

In the SFALIC lossless image compression algorithm [14] ahoe of reduced
model update frequency (RUF) was employed. The motivatioimtroducing the RUF
method is the observation of typical image characterigties change gradually for al-
most all the image area or even are invariable. In order tptaagradual changes,
we may sample the image, i.e., update the data model, lagsefndy than each time
the pixel gets coded. Instead, we update the model aftengadiselected pixels only.
We could simply pick every-th symbol to update the model, but such a constant period
could interfere with the image structure. Therefore eatletiafter updating the model
with some symbol, we select randomly a number of symbols i s&fore the next
update of the model (Fig. 2). In order to permit the decodeselect the same number
we use pseudo-random number generator. By selecting the rHrihe pseudo-random
numbers we may change the model update frequency, i.e.robalglity of updating
the model after coding a symbol. This way we control the spdediapting the model
and the speed of the compression process. At the beginnitlgeafompression, the
data model should adapt to the image data characteristigsieldy as possible, so we
start the compression using all symbols for updating theah@g., we use the update
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frequency of 100%) and then we gradually decrease the medigite frequency, until
it reaches some minimal value. The RUF method allowed sagrifiimprovements of
compression speed at the expense of worsening the conmressio insignificantly.
Using the update frequency of 3.08% (i.e., the default upétaquency of the SFALIC
algorithm) we got 3 times greater compression speed and @&%e compression ratio
compared to the update frequency of 100%.

delay := random(range)
loop
read symbol s
estimate coding parameter r for symbol s
encode symbol s using r
if delay = 0 then
update model with symbol s
delay := random(range)
else
delay :
endif

endloop

delay-1

Fig. 2. The reduced update frequency (RUF) method

Many lossless image compression algorithms, includingl$3€Aare predictive. In
a predictive algorithm we do not encode pixels explicitlystead we use a predictor
function to guess the pixel intensities and then we caleipatdiction errors, i.e., fier-
ences between actual and predicted pixel intensities. , Nexencode the sequence of
symbols, which are prediction errors. To calculate the iptedfor a specific pixel we
usually use intensities of small number of already proakgdeels neighboring it. For
typical grayscale continuous-tone images, the pixel sitgristribution is close to uni-
form. Prediction error distribution is close to Laplaciae,, symmetrically exponential
[3], making prediction errors easier and faster to compress

The detailed description of the SFALIC algorithm exceedsgbope of this paper,
hence we just briefly characterize it here and refer the readd4] for details. It is a
predictive algorithm; for prediction we use a couple of athg-processed neighbors of
a specific pixel. A sequence of prediction errors is encodsagua modified Golomb-
Rice family of limited codeword length. A context data mqdedsed on a model of the
FELICS algorithm [6], is used to adaptively estimate theicggarameter.

The RUF method was introduced in order to improve the conspyesspeed by
means of reducing the time spent, by the compression digaribn updating the data
model. However, we found that this method permits to pdiadidéhe compression pro-
cess. In the fine-grained parallelism or instruction-lgagllelism single CPU performs
in parallel several operations of a single process, whiglossible since contemporary
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CPUs contain multiple execution units capable of paraltletpssing. By an analogy to
multiprocessor systems (for introduction and classificadf parallel processing archi-
tectures see e.g. [4]), we may recognize two types of finewgdaparallelism: MIMD
and SIMD. In the Multiple-Instruction-Multiple-Data (MIR) fine-grained parallelism
several execution units of a single CPU operate in paralkdeh of them executes its
own instruction. In the Single-Instruction-Multiple-2a(SIMD) parallelism we execute
in parallel the same instruction for multiple arguments.ntémporary CPUs contain
special SIMD execution units designed exclusively for atiag on multiple arguments,
actually packed into special, long registers. Obvious whatds for parallelization are
inner loops. In the case of the SIMD processing severaltiters of the loop body are
performed in parallel, this technique is called loop veeadion. We may employ SIMD
processing provided that there are no inter-iteration degecies and that the same se-
quence of operations is executed for each iteration, eagjtilere are no operations per-
formed conditionally. In the MIMD processing the paraltaliion is possible even when
both the above conditions are not met — since for conseciikations we may perform
in parallel separate parts of the loop body (these parts twakie free of inter-iteration
dependencies; the technique is called software pipeliftfjg In the medium-grained
parallelism we execute multiple threads using multipreocesystem.

The reminder of this paper is organized as follows. The idepacallelizing the
adaptive image compression algorithm is introduced in@e@ In section 3 we analyze
experimentally &ects of the fine-grained parallelization of coding and miodein the
SFALIC algorithm and then we estimatffexts of medium-grained parallelization of the
whole compression process. Section 4 summarizes the chsear

2. Idea of parallelization

In the RUF method the model is updated after coding of somebeigronly (re-
call Fig. 2); we will call the sequence of symbols encodedvieen two consecutive
model updates the block of symbols. Since for a block of syathe model is constant,
operations performed using the data model for symbols flmbtock may run in par-
allel. Therefore, in parallel we may find coding parameteiagithe data model as well
as generate codewords. Provided that the length of the ldbsikmbols is sfficient,
parallel processing of pixels within the block should regula speedup of coding and
modeling. The parallelizable variant of the RUF method (RR)Hs presented on the
Fig. 3. The only operation that still has to be performed setjally for each of the
block symbols is outputting the variable length binary eceokels. Storing the gener-
ated codewords might be a problem, because the codeworthéea variable. In the
SFALIC algorithm, however, the codeword length is limitedt bits, so the codewords
may be stored as pairs of integersodeword length, codewordbits>.
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For RUF-P method in the SFALIC algorithm the MIMD processingy be éec-
tive. The steps of coding parameter determination and codkegeneration require just
several simple integer operations (table lookup, AND, GRI, subtract, shift) feasible
for typical CPUs’ execution units, including SIMD units. fdntunately they contain
alternative paths of symbol processing selected dynalyibaked on the symbol value
which makes the body of thearfor loop in Fig. 3 not implementable as a sequence
of SIMD operations (although some operations inside thig lmight be implemented
as SIMD operations). The fine-grained MIMD parallelizatimfrthis loop may be fec-
tive, provided that the CPU containsfBcient resources (non-SIMD execution units and
general-purpose integer registers).

delay := random(range)

loop

read symbols s; .. Sgelay

parfor i:=0 to delay
estimate coding parameter r; for symbol s;
generate codeword cw; of symbol s; using r;

endparfor

output codewords Cwy ... CWgelay
update model with symbol Sgeiay
delay := random(range)

endloop

Fig. 3. The idea of fine-grained parallelization using theFRethod (RUF-P)

The RUF method permits to parallelize operations perforosédg the data model.
The outputting of the already-generated variable lengtlieamrds cannot be parallelized
itself; it must be performed sequentially for all the syntbale compress. Fortunately
it may be performed in parallel to updating of the data modgepmovided that we use
two arrays of generated codewords, in parallel to detertioimaf coding parameters
and generation of codewords for the next group of symbolsn$s part of the com-
pression process may exploit the medium-grained parsatteli

As mentioned above, the model may be updated while outguttia codewords.
Actually almost all of the model update operations may alsgeérformed in parallel
to determination of coding parameters and generation ofwotls. To start updating
the model we need to know the symbol, after encoding of whteh,model should be
updated — this information is available as soon as the nunfi®mmbols to be encoded
before the next model update is known and the symbols are Téeddata model of the
adaptive compression algorithm stores data on charaateri the already processed
symbols, which is needed to select a coding parameter. Inahtext model we store
such data for each context separately. Knowing a symbahgaldth its context, that
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after encoding of the block of symbols should be used to @ptied model, we can
calculate new data describing characteristics for thesowin parallel to encoding of the
block. After encoding, the context data in the model may ketatgd by just overwriting
context data with updated information. Alternatively, foemoryless model, we may
have two models and switch between them. Yet another ptigsiisi natural to the
RUF method. We use the model to find the coding parameter, ibbcge sve do not
update the model each time we retrieve the parameter, itfertie find the parameter
after updating the model and store it, than to find it each tineeparameter is needed.
In the SFALIC’s context data model, an additional structst@res coding parameters
selected for contexts (single integer per context). Ontyuhdating of this additional
structure, i.e., single assignment operation per modehtepdhas to be performed after
determination of parameters for block of symbols.

3. Experimental results and discussion

For experiments we used the unmodified implementation cS#&LIC algorithm,
version 04, as well as its variant modified as in Fig. 3. Actlifierences between these
two implementations were smaller, than it appears from féig@ and 3. Unmodified
implementation (RUF) is optimized and also processes sigribdlocks (Fig. 4). On
the other hand the RUF-P variant is implemented using étlrekeyword, not theparfor
(recall RUF-P variant in Fig. 3), so it's the compiler’s resgibility to parallelize this
loop exploiting CPU’s resources. Among other things, ineordot to favor the RUF-
P variant, we relied solely on compiler abilities to recagnand take advantage of the
parallelizable code, i.e., we did not use explicit pargdlelgramming tools like e.g. MPI.
Both implementations process images in rows: each row ofjénxels is read from
the input file, then the prediction for the whole row is penfied and a resulting row of
residuum symbols is stored in a memonffen Then modeling and coding takes place
resulting in row of residuum symbols being encoded to amatiemory bidfer, which is
written to the output file afterwards.

Most of experiments were performed using an Itanium 2 pmrebecause of its
large number of resources (execution units and regist@ts)This CPU contains 9 in-
teger arithmetic execution units (6 of them being geneuappse ones), 10 multimedia
execution units (capable of SIMD integer processing, 6 efrttgeneral-purpose), and
128 general-purpose 64-bit integer registers. For exmgrisgwe employed a computer
equipped with two Itanium 2 processors (1.4 GHz, 256 kB Lzhea@ MB L3 cache)
running Linux (kernel 2.4). However, in order to evaluate fime-grained parallelism
of a single CPU, the application executables were comp#ezirgle-threaded. We used
Intel optimizing G-+ Compiler 9.0. The implementations used permit to skip certa
stages of the compression process (writing output file, firagland coding, etc.) so we
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were able to measure precisely real execution time of salestages of the compres-
sion process by subtracting results obtained for compmessith certain stage skipped
or left. For experiments we used for a set of 12 big naturaticoous-tone grayscale
images, of depths from 8 to 16 bits per pixel and approximiae &f 4 millions pixels;
images are from a set described in [13] (grobm™). As mentioned in the introduction,
the update frequency is variable; compression procests stith updating the model
after encoding of each symbol, and then the frequency isugtbddecreased until it
reaches specified destination frequency value. In orddsteiroresults for a certain con-
stant update frequency only, we subtracted results olatdoreupper half of the image
from the results for whole image. We also checked that peiifoy measurements just
for whole image would change results by about a percent er(lghich was expected
since modeling frequency stops decreasing after algorttonesses first 12 thousands
of pixels — 0.3% of the whole image). The execution time waasueed by running the
executables several times. The time of the first run was eghand the collective time
of other runs (executed for at least two seconds) was meahamathen averaged. The
time measured was a sum of user and system time, as reported bperating system
after application execution. The results are expresseddrage number of ticks (CPU
clock cycles) per image pixel, or in percents relative totthree of whole compression
process.

delay := random(range)
loop
read symbols s; .. Sdelay
for i:=0 to delay
estimate coding parameter r for symbol s;
generate codeword cw of symbol s; using r
output codeword cw

endfor

update model with symbol Sgeiay

delay := random(range)
endloop

Fig. 4. Actual implementation of the RUF method in the unrfiedi SFALIC implementation

We have compared speeds for the default SFALIC model updegadncy (3.08%).
The parallelized version RUF-P requires on average 28 per pixel to find the cod-
ing parameter, generate the codeword, output the codewartba some pixels only to
update the model. The unmodified version requires 32.9,texkshe speedup is 1.47.
The coding and modeling speed increase by about 50% may bécpily useful, justi-
fying the dfort to alter the implementation sources, especially if wiceahat it is the
speedup of the whole modeling and coding process, not ofthigsparallelizable part
of it.
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On the Fig. 5 we report speedups for various update fregesraiailable in the
implementations. As could be expected, for update fregasrgreater than a certain
threshold (22.2%) the RUF-P variant is slower than the unfieatversion and the RUF-
P variant speedup increases as the update frequency decrégsparently, for update
frequencies greater than 22.2% (which implies very smadissof blocks of symbols that
are processed in parallel — on average 2.5 symbols or lessp#t of parallelization (e.g.
of storing generated codewords in a memoryféruand of retrieving them) is greater
than the savings due to parallel processing of symbols mitieé block. Therefore the
speedup would be greater if we used update frequency srtt@lethe default one, how-
ever, the performance of the lossless image compressionitaly is not judged based
solely on the compression speed; the usual primary chitdsgdhe compression ratio.
For the whole set from which test images were taken, usingid¢fi@ult model update
frequency worsened the average compression ratio by 0.58pa@d to updating the
data model each time a pixel gets coded; below the defauliteddequency ratios start
to worsen much faster so using smaller frequencies for thaithm may in practice be
not justified.
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1
oo 74’/‘/0/
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Speedup (RUF ticks / RUF-P ticks)

100% 66.7% 40.0% 22.2% 11.8% 6.06% 3.08% 1.55% 0.78%

Model update frequency

Fig. 5. Fine-grained coding and modeling speedups for uarippdate frequencies
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Similar experiments were performed for a couple of othetesys described below.

e Sun UltraSparc Illi (1.06 GHz, 1 MB L2 cache, Solaris 9, Sun.Z &mpiler).
This CPU has 3 integer arithmetic execution units, 2 SIMDceken units, and
160 general-purpose 64-bit integer registers (of whichr@zacessible to a given
function) [15].

e AMD Athlon64 3200 in 64-bit mode (2 GHz, 512 kB L2 cache, Lirkexnel 2.6,
Intel C++ 9.0 and GCC 4.0.0 compilers). This CPU has 4 integer ariticnase-
cution units, 3 SIMD execution units, 16 general-purposéibdnteger registers,
8 multimedia 64-bit registers (for SIMD MMX extensions),dah6 multimedia
128-bit registers (for SIMD SSE2 extensions) [1].

¢ Intel Xeon DP 3.06 (3.06GHz, 512kB L2 cache, Linux kernel, 2a6el C++ 9.0
and GCC 3.3.3 compilers). This CPU has 3 integer arithme@cuion units,
3 SIMD execution units, 8 general-purpose 32-bit integgrsters, 8 multimedia
64-bit registers (for SIMD MMX extensions), and 8 multimadi28-bit registers
(for SIMD SSE2 extensions) [8].

e Intel Itanium 2 (1.4 GHz, 256 kB L2 cache, 3 MB L3 cache, Linethel 2.4) —
as already described, except that we used also GCC 3.2.4learijhis CPU has
9 integer arithmetic execution units of which 6 are genprapose ones, 10 mul-
timedia execution units (capable of SIMD integer procagsthof them general-
purpose), and 128 general-purpose 64-bit integer register

It is worth mentioning that UltraSparc, Athlon64, and Xeamntain smaller num-
ber of resources, especially of non-SIMD integer arithmekecution units potentially
useful for fine-grained parallelization, then Itanium 24(8s. 9). The Intel and Sun com-
pilers are able to optimizefleciently code placed in flierent source files; GCC hasn't
got such functionality, but it can be simulated by prepam@ngnodule that includes all
the required files; results reported for GCC are obtainexivtfaly. In case of the Itanium
we did not analyze whether the speedup is due to MIMD proegssi due to SIMD
processing. Although all the examined architectures saphe SIMD processing, for
Itanium and UltraSparc we’'d have to reverse engineer l@aad check whether SIMD
instructions are actually used. For Athlon64 and Xeon Bsess, in case of the code
compiled using Intel compiler we have a choice whether toSIMD extensions, gain-
ing access to additional execution units and registersqimarked “SIMD" in table 1),
or to use basic architecture.

Our idea of fine-grained parallelization improved the cgdand modeling speed
only in the case of ltanium 2 CPU and only for one of the two cibenp tested. Clearly,
the older version of GCC, as opposed to recent Intel compmlldrnot exploit the pos-
sibility of fine-grained parallelization. For all the othgystems, if the speeds of RUF
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and RUF-P variants ffier by more than a couple of percents, then the RUF-P variant
is slower. As mentioned in section 2 the fine-grained pdizditon requires sflicient
CPU resources. Probably the simpler CPUs’ resources aadgirfully exploited by

the RUF variant. Results obtained on Athlon64 and Xeon by3idAD and SIMD are

as expected; access to SIMD execution units does not imphevepeed of the RUF-P
variant.

System CPU Compiler Coding and modeling time
RUF RUF-P speedup
Intel Itanium 2 Intel 9.0 32.9 22.3 1.47
Intel Itanium 2 GCC3.2.2 39.6 45.2 0.88
Sun UltraSparc Illi SunC5.7 32.9 38.1 0.86
AMD Athlon64 Intel 9.0 28.0 33.3 0.84
AMD Athlon64 Intel 9.0 SIMD 26.1 33.6 0.78
AMD Athlon64 GCC4.0.0 27.8 315 0.88
Intel Xeon Intel 9.0 38.4 39.7 0.97
Intel Xeon Intel 9.0 SIMD 38.2 42.2 0.91
Intel Xeon GCC3.3.3 49.5 48.7 1.02

Tab. 1. Coding and modeling time for various systems [tiacksgymbol],
default update frequency (3.06%)

Stage RUF RUF-P
prediction 21% 27%
coding parameter determination and codeword generatjon }53% 20%
outputting codewords 20%
model updating 12% 16%
reminder (file jo, etc.) 14% 17%

Tab. 2. Execution time of stages of the compression process
(time relative to the time of a whole compression process)

As mentioned in section 2, the RUF-P method also permitsicemiedium-grained
parallelizations. We measured the execution time of vargtages of the compression
process. In Table 2 we report the time expressed in percétite time required to per-
form the complete compression process including the/lamnd the prediction. Results
were obtained on the Itanium 2 processor using executablagited by Intel compiler
and for the default 3.08% model update frequency. Excepthidmodel update time,
results were calculated based on measurements of congorgsscess with skipping of
certain stages. Model update time was estimated based gpecimm results for dfer-
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ent model update frequencies; the update time may includehead of initializing the
processing of a block of symbols and thus may be overstatétk atxpense of time of
coding parameters determination and codewords generation

For the RUF variant we assume that the model update may berped in par-
allel to coding parameter determination and codeword gdioer and to outputting of
codewords since actual implementation is as good for it.(Bigas the RUF-P. From
results presented in Table 2, we can expect for the RUF vatfi@nmedium-grained
parallelization speedup of no more than about 2.

For the RUF-P variant the figures in Table 2 are relative tosheed already in-
creased by the fine-grained parallelization. Let's esemwatat further speedup can be
achieved by employing medium-grained parallelism. Theligtion stage itself may be
parallelized, e.qg., it may be performed in parallel for leaslof a row of image pixels, so
it does not limit attainable speedups. The speedup is noitelihy outputting of code-
words — the slowest inherently serial part of the comprespiocess. It is also limited
by the coding parameter determination and codeword génerate., the stage that in
the RUF-P variant may run in parallel to outputting of codeigo Note, that this stage
can be performed independently for two halves of a block aflsyls, but in practice
the thread synchronization costs may thwart parallebpadifects since the block size is
small and variable (for the update frequency used, it isérréimge [1, 64], 32.5 on aver-
age). Now, the slowest stages that limit the speedup attgilarough medium-grained
parallelization require about 20% of the time of a whole coespion process. Hence
for the RUF-P variant we can expect the medium-grained ledizztion speedup of no
more than 5.

4. Conclusions

Modeling and coding is the most complex part of many adaptiv@pression al-
gorithms; it is also an inherently serial process. The neibforeduced model update
frequency is a modification of the typical adaptive schemigiclvwas originally em-
ployed in the SFALIC lossless image compression algorithrorder to improve the
speed of modeling at the cost of a negligible worsening ofttlbdeling quality.

In this paper, we notice that the above method permits tollpliza the compres-
sion process. We experimentally evaluate the fine-graiedllplization speedups and
estimate the medium-grained parallelizatidfeets. For the Itanium 2 CPU and a recent
Intel compiler, the fine-grained parallelization improwvad coding and modeling speed
of SFALIC by about 50%. For other architectures and for waioompilers no signifi-
cant speedups were observed indicating that the speedapd#ioned on both the CPU
architecture and the compiler. Reduced update frequentyath@lso allows greater ex-
tent of medium-grained parallelism since it allows spiitiinto two threads, the slowest
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part of the compression process (and accelerates it thridogiyrained parallelism as
well). The presented method may be used for parallelizingesother adaptive algo-
rithms in which it is applicable, provided that we may acogptsening of the modeling

quality.

Acknowledgments

This research was supported by the grant BK/R2®1-22005 from the Institute of
Computer Science, Silesian University of Technology.

References

[1] Advanced Micro Devices: AMD64 Architecture Programraedvianual Volume 1: Appli-
cation Programming. Rev. 3.11, December 2005.

[2] Allan V.H., Jones R.B., Lee R.M., Allan S.J.: Softwarg@®@ining. ACM Computing Sur-
veys, 27(3), 1995, pp. 367-432.

[3] Carpentieri B., Weinberger M.J., Seroussi G.: Losstsspression of Continuous-Tone
Images. Proceedings of the IEEE, 88(11), 2000, pp. 1797-809

[4] Flynn M.J.: Very high-speed computing systems. Progegsiof the IEEE, 54(12), 1966,
pp. 1901-9.

[5] Golomb S.W.: Run-Length Encodings. IEEE Trans. on Infation Theory, IT-12, 1966,
pp. 399-401.

[6] Howard P.G., Vitter J.S.: Fast anflieient lossless image compression. Proceedings DCC
'93 Data Compression Conference, IEEE Comput. Soc. PressAlamitos, CA, 1993,
pp. 351-60.

[7] Huffman S.A.: A method for the construction of minimum-redungesodes. Proceedings
of the Institute of Radio Engineers, 40(9), 1952, pp. 1008-1

[8] Intel: IA-32 Intel Architecture Optimization Refereadlanual. December 2003.

[9] Intel: Intel Itanium 2 Processor Reference Manual Foitgare Development and Opti-
mization. April 2003.

[10] Moftat A., Neal R.M., Witten I.H.: Arithmetic Coding RevisiteACM Transactions on
Information Systems, 16(3), 1998, pp. 256-94.

[11] Rice R.F.: Some practical universal noiseless codéefniques — part Ill. Jet Propulsion
Laboratory tech. report JPL-79-22, 1979.

[12] Shannon C.E.: A Mathematical Theory of Communicat®ell System Technical Journal,
27,1948, pp. 379-423, 623-56.

[13] Starosolski R.: Performance evaluation of losslesslioa and natural continuous tone
image compression algorithms. Proc. SPIE, 5959, 2005, 1§27 .



115

[14] Starosolski R.: Simple Fast and Adaptive Lossless En&@pmpression Algorithm.
Software-Practice and Experience, 37(1), 2007, pp. 65-91.

[15] SUN Microsystems: UltraSPARC 11l Cu User’s Manual. $&em 2.2.1, January 2004.

Zréwnoleglenie adaptacyjnego algorytmu kompresji z uzyiem metody
zmniejszonej czestéci aktualizacji modelu danych

Streszczenie

Modelowanie i kodowanie to najbardziej ztozone elementgluvadaptacyjnych algoryt-
méw kompresji, przy czym sam proces kompresji oparty o nmwahie i kodowanie musi
byt realizowany w sposéb sekwencyjny. Metoda zmniejszonegtcei aktualizacji mod-
elu danych to modyfikacja zastosowana do adaptacyjnegoyaigoe kompresji, aby poprawi
predk&t modelowania kosztem nieznacznego, z praktycznego puwaikizenia, pogorszenia
jakasci modelowania. W niniejszej pracy zauwazono, iz zastasie tej metody umozliwia
zrownoleglenie algorytmu kompresji. Badania eksperymeetwykazaty, ze dzieki wykorzys-
taniu réwnolegt&ci drobnoziarnistej dla procesora Itanium 2 i algorytmASEE metoda zm-
niejszonej czeskri aktualizacji modelu danych pozwala na zwigkszengglpdgci kodowania i
modelowania o okoto 50%. Przeprowadzone szacunki pokazaiynetoda ta pozwala réwniez
na wykorzystanie rownolegéeisrednioziarnistej znacznie wigkszym stopniu.



Compressing High Bit Depth Images of Sparse Histograms
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Abstract. To improve the lossless compression ratios for images having sparse histograms, a method of histogram
packing was introduced. The method was found to be effective for low bit depth images. We investigate effects of
packing histograms of high bit depth images—medical CR, CT, and MR images as well as various natural 16-bit ones.
We analyze an off-line packing method, which requires encoding the original histogram along with the compressed
image. We present several methods of histogram encoding and analyze their usefulness. One of them (RLE+LZ77)
obtains the shortest encoded histogram length for nearly all tested images and in practice is sufficiently good for encoding
histograms of wide range of images. A simpler method (MT) may be useful for medical images. For these images, its use
results in improvements of the compression ratio little worse compared to RLE+LZ77, but decoding of images with
histograms encoded using the MT method is already supported by JPEG-LS and JPEG2000 (part 2) standards. Effects of
histogram packing are examined for the CALIC, JPEG2000, and JPEG-LS algorithms. Histogram packing improves
significantly lossless compression ratios for high bit depth sparse histogram images. The ratio improvement may exceed
a factor of two, as in the case of MR medical images.

Keywords: image coding, lossless image compression, high bit depth images, sparse histogram, histogram packing.
PACS: 07.05.Pj; 42.30.Va; 42.68.Sq; 95.75.Mn

INTRODUCTION

Most single-frame single-band medical images, like CR, CT, and MR, are of a high nominal bit depth, which
usually varies from 12 to 16 bits per pixel. The number of active levels, i.e., intensity levels actually used by image
pixels, may be smaller, than implied by the nominal bit depth, by an order of magnitude or even more. Furthermore,
active levels are distributed throughout almost all the entire nominal intensity range, i.e., the images have sparse
histograms of intensity levels. Also, the continuous tone natural (photographic) images of high bit depths may have
sparse histograms due to acquisition device characteristics or to processing applied to images (like gamma correction
or contrast adjustment). Histograms of some images are inherently sparse. Although this observation probably won’t
lead to improving the compression ratios for such images, we note the obvious fact: regardless of the nominal bit
depth, the number of active levels cannot be greater, than the number of pixels. All in all, sparse histograms occur
frequently in high bit depth images.

Image compression algorithms are based on sophisticated assumptions about images they process. Sparse
histogram is clearly different from what is expected by most lossless image compression algorithms, both in the case
of predictive and of transform coding. The impact of histogram sparseness on compression ratios of low bit depth
sparse histogram images is well known—applying to such images a histogram packing may lead to significant ratio
improvement [1,2]. An off-line histogram packing simply maps all the active levels to the lowest part of the nominal
intensity range (order-preserving one-to-one mapping). The off-line packing requires the information, describing
how to expand the histogram, to be encoded along with the compressed image; i.c., we have to encode the original
histogram. There are also other methods targeted at sparse histogram images (for overview see [3]), however, the
off-line packing has significant practical advantages over others. Several algorithms along with the compressed
image store the “image palette” (PNG [4]) or the level “mapping table” (JPEG-LS [5]). For these algorithms, if we
use off-line packing prior to compression, then the decompression reconstructs image and its original histogram
solely by means of the algorithm (i.e., no additional step of histogram expanding is required after decompression).
To our best knowledge, except for the first stage of the research reported herein [3], the compression of high bit
depth images having sparse histograms has not been investigated. High bit depth images require the histogram to be
encoded efficiently—in this paper we analyze methods of encoding histograms of high bit depth images as well as
effects of histogram packing on compression ratio obtained using CALIC, JPEG2000, and JPEG-LS algorithms.



EFFICIENT ENCODING OF THE HISTOGRAM

The off-line histogram packing method actually is an image transform; we apply it to an image before the
compression. It transforms sparse histogram image into the packed histogram image. The transform is reversible if,
along with the compressed image, we encode the original histogram. For the histogram expanding, it is enough to
encode which of intensity levels are active—we do not need to know how many times the active level was used.

In the case of 8-bit images, we may simply encode binary all the active levels. Following the JPEG-LS
terminology, we call this method of histogram encoding the Mapping Table. For encoding a histogram of an N-bit
image containing L active levels we need (L + 1) N bits. For 16-bit images, in the worst case (all levels active),
we’d need 128 kilobytes.

Instead of encoding the intensity level of each active level, we may encode, for all nominally available levels, the
information whether the specific level is active. Therefore, we need 2" bits to encode the histogram of an N-bit
image, regardless of the number of active levels. This method of histogram encoding was used for 8-bit images in
the EIDAC algorithm starting from its first version [1]. We call a histogram encoded in this manner the Bit-Array of
the histogram. For a 16-bit image, the Bit-array requires 8 kilobytes; for an 8-bit image, 32 bytes only.

Some images, like MR images used for experiments in this paper, use below 1% of all the nominally possible
levels. A histogram of such image, encoded using the Bit-Array method, contains long runs of 0’s separated by
single 1’s. Such histogram could be represented more compactly if we encoded lengths of runs of 0’s. If, on the
other hand, the histogram is not sparse, then it contains long runs (or just one long run) of 1’s. Therefore we encode
the Bit-Array of the histogram using the Run Length Encoding (RLE) variant described in the Table 1. Encoding the
histogram using the RLE method is most efficient when the number of levels is close to 0 or close to 2", In the
worst case, i.e., when every second level is used, we need 2" "? bits for the RLE encoded histogram—32 kilobytes
for the worst case histogram of a 16-bit image.

TABLE 1. Run Length Encoding of histograms of images of bit depths up to 16 bits.
RLE codeword Sequence
0 bg bs by by by by by run of »+ 1 0’s followed by single 1, »=bg ... by, ¥ <126
01111110b7... by run of r+ 127 0’s followed by single 1, »=b; ... by
01111111b5...5b run of r+ 383 0’s followed by single 1, r=bs ... by
1 bg bs by by b, by b run of »+ 1 1’s followed by single 0, » = b ... by, <126
1111111045 ... 5 run of »+ 127 1’s followed by single 0, »=b; ... by
11111111by5... 5y run of »+ 383 1’s followed by single 0, = bys ... by

The Bit-Array is inefficient when the number of active levels is low; the RLE may be inefficient for certain
numbers of intensity levels. Fortunately, both the Bit-Array of the histogram and the RLE encoded histogram may
be further compressed. In the cases, when the above methods are most inefficient, the histograms encoded using
them are likely to contain multiple repetitions of long sequences of symbols (bits or RLE codewords). For
compressing such data we may use a universal compression algorithm capable of capturing long contexts, like the
LZ77 universal dictionary compression algorithm [6].

EXPERIMENTAL RESULTS

In order to evaluate the impact of histogram sparseness on compression ratio for typical medical image of a
certain modality, we used all the CR, CT, and MR medical images from a test image set described in another study
[7]. There were 12 images of each of the modalities; not all the medical images are of 16-bit depth and not every
medical image has sparse histogram. Obviously, for the 10- or 12-bit images the method of histogram encoding gets
less important for the overall compression ratio. Natural continuous tone grayscale images of 16-bit depth were
included in experiments to evaluate effects of histogram packing on various non-medical images. These images
included unprocessed images of various sizes as well as processed ones—for gamma and contrast adjustment we
used Adobe Photoshop 9.0. Following groups of non-medical images were evaluated, each containing 4 images:
natural (photographic) images of 16-bit depth classified in [7] as medium-sized (Medium), Medium images with
contrast increased by 25% (Contrast), Medium images with gamma (value 1.25) correction applied (Gamma), and
small images containing below 2'° pixels, which are reduced size Medium images (Small).

The characteristics of images and the results of encoding histograms are reported in the Table 2 (for brevity we
report averaged results only). To characterize numerically image sparseness, we define the image level utilization
U=L/(Q1+1,-1,), where [, and [, are respectively the lowest and the highest active level, and L is number of



active levels. In the tables, images are characterized by the image name, size (number of pixels), nominal depth (N),
nominal (2") and actual (L) number of intensity levels, and by the level utilization (U). Sizes (in bytes) of encoded
histograms are reported in the Table 2 for the following methods: Mapping Table (MT), Bit-Array (BA), Bit-Array
compressed using LZ77 (BA+LZ77), RLE, and RLE method followed by LZ77 (RLE+LZ77); for the LZ77
compression we used the gzip compression utility (version 1.2.4).

TABLE 2. Comparison of histogram encoding methods (averages for groups).

Images Encoded histogram size [B]

. N BA+ RLE+
Name Pixels N 2 L U MT BA LZ77 RLE LZ77
CR 3527076 12.5 23296 7878 59.5% 15184 2912 285 7071 179
CT 257569 14.7 45056 1951 17.3% 3592 5632 541 1852 219
MR 196608 16.0 65536 1104 1.7% 2210 8192 550 1127 102
Medium 440746 16.0 65536 55839 87.1% 111681 8192 4358 6231 3528
Contrast 440746 16.0 65536 23737 36.4% 47475 8192 1251 23737 909
Gamma 440746 16.0 65536 28076 44.4% 56154 8192 1546 28080 1314
Small 48776 16.0 65536 25174 39.7% 50350 8192 8447 13195 7288

The RLE+LZ77 method appears to be the most efficient, therefore for further evaluating effects of histogram
packing on compression ratios of popular algorithms we use the RLE+LZ77 method. The compression ratios
obtained for images before histogram packing (Norm.), after packing (Pack.), and the ratio improvements due to
histogram packing are reported in the Table 3. The compression ratio is expressed in bits per pixel [bpp]: 8 e¢/n,
where 7 is the number of pixels in the image, e—the size in bytes of the compressed image (including the size of the
histogram encoded using the RLE+LZ77 method in the case of ratio after packing). We performed experiments for
the following image compression algorithms: CALIC [8] (implementation by Wu and Memon), JPEG-LS [5]
(SPMG/UBC implementation version 2.2), and JPEG2000 [9] (JasPer implementation by Adams version 1.700.0).

TABLE 3. Effects of histogram packing on compression ratios of CALIC, JPEG-LS, and JPEG2000; results obtained for
histograms encoded using RLE+LZ77 method (averages for groups).

Images CALIC JPEG-LS JPEG2000
Name U Norm. Pack. Impro- Norm. Pack. Impro- Norm. Pack. Impro-
[bppl [bppl vement [bpp] [bppl vement [bpp] [bpp]  vement
CR 59.5% 6.229 5287  15.1% 6.343 5398  14.9% 6.394 5.426 15.1%
CT 17.3% 7.759 4485 422% 7.838 4.557  41.9% 8.044 4.630 42.4%
MR 1.7% 9.975 4811 51.8% 10.009 4944  50.6% 10.024 4.849 51.6%
Medium 87.1% 11.735 11.760  -02% 11.829 11.844 -0.1% 12.058 12.082 -0.2%
Contrast 36.4% 11.330 10.010 11.6% 11.416 9992  12.5% 11.951 10.558 11.7%
Gamma 44.4% 11.850 10.646  10.2% 11.950 10.676 10.7% 12.183  10.965 10.0%
Small 39.7% 12.547 12939 -3.1% 12414 12.813 -3.2%  12.712  13.180 -3.7%

We notice, that effects of packing histograms on the compression ratios of tested algorithms are, for all
algorithms, very similar (see also Fig. 1.a). As expected, the histogram packing does not improve compression ratios
for Small images. Also the average compression ratio of Medium images, most of which have non-sparse
histograms, gets negligibly worse if we employ histogram packing. Except for the above cases, the histogram
packing improves average compression ratios for high bit depth sparse histogram images. The improvement varies
depending on the image level utilization U, which we use as a measure of the histogram sparseness (see Fig. 1.b).
For U <Y the compression ratio improvement is roughly 50%, i.e., the size of the compressed image gets halved
by applying the histogram packing method. For U = % we get the compression ratio improvement of about 10—
20%; this level of improvement is not negligible for lossless image compression algorithm—the difference in
compression ratio between algorithms obtaining best ratios and algorithms obtaining best speeds usually does not
exceed 10% for the images used [7]. For U > % the histogram packing improves ratios for some images only,
however, it does not deteriorate ratios for the remaining ones.

The greatest improvements are obtained for CT and MR images, yet for these images the use of another
histogram encoding method, namely MT, may be a practical alternative. This way, at the cost of loosing of small
fraction of the ratio improvement obtained (compare Tables 2 and 3) we get possibility to decompress image within
standard algorithms like JPEG-LS (which is included in the DICOM standard [10]) or JPEG2000 (2™ part [11]).
Except that ratio improvement for CR images is smaller than for CT and MR, above conclusion applies to medical



CR images also. Using the off-line histogram packing and the MT method of histogram encoding we may
significantly improve compression ratios of medical images while maintaining compatibility with current standards.
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FIGURE 1. a) Average compression ratio improvement due to histogram packing (RLE+LZ77); b) CALIC compression ratio
improvement of individual images due to histogram packing (RLE+LZ77).

CONCLUSIONS

We introduced and analyzed experimentally a couple of methods of encoding histograms of high bit depth
images. One of the methods (RLE+LZ77) obtains the shortest encoded histogram length for nearly all tested images
and in practice is sufficiently good for encoding histograms of wide range of images. A simpler method (MT) may
be useful for medical images. For these images, its use results in improvements of the compression ratio little worse
compared to RLE+LZ77, but decoding of images with packed histograms encoded using the MT method is already
supported by JPEG-LS and JPEG2000 (part 2) standards. The effects of packing histograms on the compression
ratios of CALIC, JPEG2000, and JPEG-LS are, for all tested algorithms, very similar—histogram packing improves
significantly lossless compression ratios for high bit depth sparse histogram images. The ratio improvement due to
histogram packing may exceed a factor of two, as in the case of MR medical images.
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ABSTRACT

Modern applications of biological microscopy such as high-content screening (HCS), 4D
imaging, and multispectral imaging may involve collection of thousands of images in every
experiment making efficient image-compression techniques necessary. Reversible com-
pression algorithms, when used with biological micrographs, provide only a moderate
compression ratio, while irreversible techniques obtain better ratios at the cost of removing
some information from images and introducing artifacts. We construct a model of noise,
which is a function of signal in the imaging system. In the next step insignificant inten-
sity levels are discarded using intensity binning. The resultant images, characterized by
sparse intensity histograms, are coded reversibly. We evaluate compression efficiency of
combined reversible coding and intensity depth-reduction using single-channel 12-bit light
micrographs of several subcellular structures. We apply local and global measures of inten-
sity distribution to estimate maximum distortions introduced by the proposed algorithm.
We demonstrate that the algorithm provides efficient compression and does not introduce
significant changes to biological micrographs. The algorithm preserves information content
of these images and therefore offers better fidelity than standard irreversible compression
method JPEG2000.

© 2011 Elsevier Ireland Ltd. All rights reserved.

1. Background

may accommodate these data is often limited. Therefore effi-
cient image-compression techniques may be necessary to
mitigate this problem. Several compression routines devel-

Digital imaging based on light microscopy has become an
established technique in basic and applied biological sciences.
Modern applications such as high-content screening (HCS), 4D
imaging, and multispectral imaging may involve collection of
thousands of images in one experiment. On the other hand,
storage space and network transmission bandwidth which

* Corresponding author. Tel.: +48 322372151.

oped for digital photography and film, may be used for this
purpose. Reversible compression algorithms (Deflate, LZW,
RLE, Huffman encoding, etc.) neither introduce distortion to
images [1] nor remove any information from images and there-
fore preserve the data integrity, as defined by 21 CFR part 11
[2]. However, reversible (“lossless”) techniques when used with

E-mail addresses: rstarosolski@polsl.pl, rstaros@gmail.com (R. Starosolski).
0169-2607/$ - see front matter © 2011 Elsevier Ireland Ltd. All rights reserved.
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biological micrographs usually provide only a moderate com-
pression ratio, which does not exceed 3:1. This is caused by the
large dynamic range (4096-65,536 intensity levels per ‘color’
component) of biological micrographs, and the fact that in
a typical case the full extent of the dynamic range is used
and all the intensity levels are populated. Furthermore, no
typical intensity distribution may be constructed for these
images.

More efficient compression can be obtained with irre-
versible (“lossy”) techniques, which use vector quantization
[3,4], discrete cosine transform [5], wavelet transform [6,7]
or fractal coding [3,8]. However, these algorithms by defini-
tion remove some information from images and introduce
artifacts. In the field of digital photography these distor-
tions are considered acceptable as long as the essential
perceptual image quality is not affected [9-12]. In other
words, all intensity differences between pixels are regarded
as significant if they are detectable by human observers
[9]. This approach is established (sometimes mandatory)
in medical applications of brightfield microscopy (includ-
ing pathology, cytology and hematology) owing to massive
amounts of digitized data. For instance, the whole-slide
imaging (WSI), where the entire micrograph area is dig-
itized, may generate daily terabytes of uncompressed
data.

However, procedure of verification of compression integrity
by a panel of experts is time-consuming and may be spe-
cific for different applications (biomedical assays). Thus, the
procedure difficult to standardize and to apply systematically
across a range of specimens and imaging regimes. This prob-
lem hinders use of automated data analysis/interpretation
methods in the context of medical imaging. Therefore, one
might adopt a different approach and focus on the informa-
tion content of the input image data in order to establish
acceptable compression limits and criteria. Owing to the pres-
ence of noise in the microscope images, not all intensity
differences can be considered significant from a statisti-
cal standpoint. Thus, the number of meaningful intensity
levels may be lower than the nominal dynamic range (cor-
responding to 12- or 16-bit precision) provided by the AD
converters of the cameras. Therefore, to establish an irre-
versible yet information-preserving compression mechanism
that does not use perceptual quality as a criterion, one should
first construct a model of noise that is a function of sig-
nal in an imaging system. Then, intensity binning can be
applied to discard insignificant intensity levels. The processed
images are characterized by sparse intensity histograms;
therefore reversible coding and intensity depth-reduction
algorithms should be employed to provide efficient compres-
sion.

Herein we report the design and implementation of a com-
pression pre-processing scheme which takes advantage of the
noisy nature of microscope images by preserving only statisti-
cally significant levels of intensity. We provide results of local
and global measures of intensity distribution to demonstrate
that the alterations introduced by this algorithm to biological
micrographs range from none to minor. We also demonstrate
that the algorithm offers better fidelity than JPEG2000 (a stan-
dard “lossy” compression routine) at the same compression
ratio.

2. Materials and methods
2.1.  Cells and fluorescence labeling

FluoCells prepared slide #2 (Molecular Probes) was used in
all experiments. The slide contained fixed bovine pulmonary
artery endothelial cells in which microtubules were labeled
using mouse anti-bovine a-tubulin monoclonal antibodies in
conjunction with BODIPY FL goat anti-mouse IgG antibody; the
cell nuclei were labeled with DAPI.

2.2.  Microscope imaging

Images of the endothelial cells were collected using a Nikon
E1000 wide-field fluorescence microscope equipped with a
Nikon 40x Fluor oil-immersion objective lens (NA 1.3) and
a 100-W Hg arc lamp. The BODIPY FL fluorescence was reg-
istered using a 475-495-nm excitation filter (band-pass), a
505-nm long-pass dichroic mirror and a 525-565-nm emission
filter (band-pass). A monochrome CCD camera (Retiga 4000R,
Qimaging, Burnaby, Canada) was used for image acquisition.
A 16x neutral density (ND) filter was used to attenuate the
flux of excitation light. The microscope aperture diaphragm
was fully open, whereas the field diaphragm was adjusted to
match the field of view of the objective. Image collection was
carried out at room temperature. The camera was cooled to
25°C below ambient.

A time series of 128 images of stationary (fixed) cells were
collected using full frame (no binning) at 5-s intervals. The
series was registered at three gain settings and for 0.25-s
or 0.75-s acquisition times. Image acquisition was controlled
using ImagePro Plus v 5.1 (Media Cybernetics, Silver Spring,
MD, USA).

2.3. Calculation of noise levels and background signal

Levels of background (dark) and fluorescence signals together
with their respective variances (corresponding to total noise)
were calculated as described elsewhere [13]. Briefly, for every
image pixel the fluorescence intensity changes in time were
modeled with three components: a systematic trend (related
to photobleaching), a periodic component (associated with
fluctuation of the excitation light source), and an irregular
component (representing noise). Following [14] we studied our
system using a simple univariate version of the unobserved
components (UC) model

Ve =Tt + St + et (1)

where t denotes the value of the associated pixel intensity
at the tth time point, y is the observed value, T is the trend
(or low-frequency component), S is the periodic (or “seasonal”
component), and e is the irregular component. All the calcu-
lations were executed on a pixel-by-pixel basis utilizing the
CAPTAIN modeling toolkit operating within the environment
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of Matlab [14]. First, the stochastic trend component was esti-
mated using the integrated random walk (IRW) model:

I =Tt + et (2)
Tt =2Tt 1 —Te2+nt

where [; is registered fluorescence intensity (at the tth time
point), T; is the smoothed intensity at the tth time point, T;_1
and T;_, are values of T; at two previous time points, e; is mea-
surement noise (zero mean, variance ¢2), and ; is the system
disturbance (zero mean, variance 05).

The trend was subtracted from the observed intensity (I;).
The de-trended data were used to isolate periodic components
of intensity changes with the dynamic harmonic regression
(DHR). Subsequently, the IRW and optimal order DHR were
used jointly to fit the trend and periodic component to the ini-
tial fluorescence intensity data (I;). One should note that the
noise variance ratio (03 /0?) was optimized in this step as well
to minimize residual variance globally. The sum of the trend
and periodic components represented the true instantaneous
fluorescence intensity (signal, Si) at every time point. Hence,
the instrumental noise (for a pixel at a given time point) and
its variance (for a signal level) were estimated as:

Ni=|si -1
SO, Sse(N1)? (3)
Vsar = —=———

Zi,taSF
where N is the noise, S is the signal, I is the fluorescence inten-
sity registered at the ith and tth points of the image time.

Estimates of the other two components of a time series
(periodic component and trend) can be further used to charac-
terize the stability of the light source and the photobleaching
rate of the fluorochromes used in the experiment. However,
they were utilized here only to provide an estimate of total sig-
nal level (fluorescence and background) and thus to calculate
the corresponding level of total noise.

In order to estimate the background signal, uniform dark
image regions were identified for each time series. These
regions (represented using binary masks) were comprised of
pixels characterized by fluorescence intensity and local flu-
orescence heterogeneity that were smaller than 10% of the
respective maxima. The heterogeneity was measured using
the algorithm described in [15]. Average intensity (I,) cal-
culated in dim and homogenous regions was taken as the
background (i.e., the pixel value of an image registered in the
absence of fluorescence). The noise variance (V, Eq. (3)) was
plotted against the signal corrected for background (Sc =S — I,).
A quadratic function was fitted to these data in order to char-
acterize signal-noise dependency:

V = A+ PS. + MS2, )

where M, P, and A are estimators of the signal variance associ-
ated with the multiplicative, Poisson (photonic), and additive
noise components. The standard deviation of I}, (/B) was cal-
culated to estimate the background noise.

2.4. Calculation of significant intensity levels and
histogram binning (HB)

Owing to the presence of noise in the images, not all intensity
differences can be considered significant. Thus, the number of
meaningful intensity levels is lower than the nominal dynamic
range provided by the cameras (12 bits, 4096 levels). Hence, the
significant levels were calculated iteratively using the follow-
ing algorithm:

1. Inputly, A, P, M

2. Setk=0
3. Do:
4. Setk=k+1
5. Setlk . =1,
6. Seto(lf )= /(A+E  xP+ I« Ik M)
7. Setly =1k g +196x0(If
8. Setliil = I},
9. Calculate 1 so that &% — IFF1 = 1.96 % o(1*1)

4. Loop while I*'% < 4095

5. Terminate. Output scalar s=k and vector I[=
o, 2 ., B
med med med

ko k-1

The algorithm produces a setof I . for which Ik , —I¢ % =

1.96(o (1% ;) +o(1%-1). I, values smaller than Iy Tepresent
intensity levels significantly different from one another with
95% probability (confidence) in the sense of Student’s t test
(hence the factor of 1.96). The choice of confidence interval
was arbitrary. However, similar calculations can be performed
for every confidence level. The set of values was used to seg-
ment the representative images by setting all pixel intensities
(I;) to the nearest significant level. This operation is hereinafter
referred as histogram binning (HB).

2.5. Simple depth reduction and histogram packing

Reversible image-compression algorithms used on data char-
acterized by sparse intensity histograms (such as those
generated by HB) may exhibit poor performance [16]. To alle-
viate this problem a simple depth reduction (SDR) transform,
first introduced in [17] was used. SDR maps pixel intensity
levels in the following way:

IoS

()

Ispr = —
where Ispr denotes intensity after SDR transform, I is the orig-
inal intensity, s is the number of significant levels, and Iy is
the intensity of the highest significant level.

To perform the inverse SDR transform one needs to know s
and Iyax. The compression ratios were calculated taking into
consideration this necessary overhead (4 bytes).

The performance of reversible image-compression algo-
rithms may also be improved using histogram packing (HP)
[16]. HP maps all the significant levels to the lowest part of the
nominal intensity range using order-preserving one-to-one
mapping. The transform is reversible provided that informa-
tion that permits histogram expansion after decompression
is encoded with compressed images. It is sufficient to encode
significant intensity levels for histogram expansion, and there
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is no need to specify how many times a level was used. An
array of histogram-encoding methods is available [18]. When
the number of significant levels is low, a simple mapping table
(MT) may be used. Briefly, if n significant intensity levels are
found in the image the MT represents sorted intensity values
as contiguous indexes:
MPI)=(p+— 0, I1>1, ..., In1r>n—1) (6)
The compression ratios reported in this work were cal-
culated taking into consideration the size of MTs encoded
according to the JPEG-LS standard. Therefore the MTs
were encoded with 5+2s bytes, where s is the number
of significant levels. This form of histogram packing used
together with histogram binning (HB) is hereinafter referred
as histogram binning/packing (HBP). Note, that instead of
storing original histogram with each compressed image,
one could store it only once for all images that share
the same detector characteristic, or just store the detec-
tor parameters used to perform Histogram Binning. An
implementation illustrating this possibility and allowing to
experiment with the HB and HBP methods has been prepared
(http://sun.aei.polsl.pl/~rstaros/hbp/index.html).

2.6.  Image-compression algorithms

We estimated compression efficiency of two still-image
coding methods: JPEG-LS [19] and JPEG2000 [6], developed by
the JPEG committee. These algorithms are recent coding stan-
dards of ISO/IEC and ITU organizations, and are incorporated
in the DICOM standard of NEMA [20]. JPEG-LS describes a low-
complexity predictive compression algorithm with entropy
coding using a modified Golomb-Rice [21,22] code. The tech-
nique is based on the LOCO-I algorithm [23]. We used the
SPMG/UBC implementation (version 2.2, ftp://ftp.netbsd.org/
pub/NetBSD/packages/distfiles/jpeg ls_v2.2.tar.gz). JPEG2000
is based on wavelet-transform image decomposition and
arithmetic coding [24]. This algorithm provides progres-
sive transmission and region-of-interest coding [25]. We
used JasPer implementation by Adams (version 1.700.0,
http://www.ece.uvic.ca/~mdadams/jasper/). We also tested
the performance of a universal data-compression algorithm
Deflate (RFC 1951 [26]). The algorithm is based on the Ziv-
Lempel dictionary coding LZ77 [27] and is incorporated in the
DICOM standard. We used the gzip implementation (version
1.2.4, http://www.gzip.org/).

All the compression methods were used with default cod-
ing parameters. Compression ratio is defined as U/C, where C
is the size, in bytes, of a compressed image (including header);
U is the size of the original image, defined as U=bn/8, where
b is the image bit depth (12 in our case), and n is number of
pixels in the image. One should note that in practice space
savings may be greater than implied by the compression ratio
since uncompressed image file formats store image pixels on
whole bytes, so each 12-bit pixel actually occupies 16 bits.

One should note that both JPEG2000 and JPEG-LS may
be used for reversible and irreversible coding. While the
reversible compression ratio depends on the image contents,
it may be set in arbitrary manner when the irreversible mode
is used. However, high compression ratio is obtained in that

case at the expense of the fidelity of decompressed image
(micrograph). Typical artifacts include blurring and generation
of spurious image details (Fig. 1).

2.7. Estimation of global changes in fluorescence
intensity distributions

We used the earth mover’s distance (EMD) algorithm in order
to establish whether compression introduced changes in the
total fluorescence intensity distributions [28]. We compared
image histograms of raw images with their counterparts pro-
cessed with SDR, HB, or irreversible JPEG2000. The minimal
average intensity change (per pixel) needed to transform his-
tograms of a compressed image into the respective histogram
of an uncompressed (reference) image was computed for every
such image pair.

2.8.  Alterations of local fluorescence distributions

To verify whether reduction in the number of intensity
levels altered spatial fluorescence intensity distributions,
raw images were compared with their counterparts sub-
jected to HB. The distributions were compared using texture
parameters (features): Haralick features based on the grey-
level co-occurrence matrix (GLCM), gradient-based features,
run-length matrix parameters, and wavelet energy. Detailed
descriptions of these parameters are provided in [29,30].
The GLCMs were calculated at distances from 1 to 9. The
gradient-based features and run-length matrix parameters
were calculated at 0° (horizontal), 45°, 90° (vertical), and
135°. The wavelet energy was calculated at first, second, and
third decomposition levels. Calculations were performed for
the areas where the fluorescence intensity was higher than
background. The texture parameters of images subjected to
histogram binning were divided by the respective values for
their raw counterparts. The total number of 137 normalized
texture parameters was subjected to step-wise linear dis-
criminant analysis. The Mahalanobis distance was used to
establish the parameters characterized by the highest discrim-
inant power. The parameters were added to and removed from
the analysis set using probability of F (0.05 for entry and 0.10
for removal). An identical set of texture parameters was cal-
culated for images processed with SDR and compressed with
irreversible JPEG2000.

3. Results
3.1. CCD noise and background

Square roots of Poisson and additive noise coefficients (Eq.
(4)) were analyzed as a function of gain for the monochrome
(single-channel) images registered Retiga 4000R CCD camera
at 12-bit (4096 levels) precision, as described in detail else-
where [13]. Briefly, the amount of both types of noise depended
linearly on the gain for the CDD, but was not affected by acqui-
sition time (Table 1). On the other hand, the background signal
(see Section 2) increased linearly with acquisition time and
gain [13]. There was no significant difference between the
additive noise (,/A) and background noise (,/B). Hence both
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Fig. 1 - JPEG2000 compression at different ratios. Enlarged fragment of micrograph: raw image (A), for which the reversible
JPEG-LS ratio is 1.75, and images compressed with irreversible JPEG2000 at ratios 10 (B), 25 (C) and 50 (D).

these parameters may be regarded as estimators of the dark
noise. Consequently, dependence between signal and noise for
the CCD may be accurately expressed using Eq. (4) [13].

3.2 Calculation of significant intensity levels and
histogram binning

The CCD cameras registered images with 4096 nominal inten-
sity levels (12-bit digitization). However, owing to the presence
of noise not all differences in intensity between pixels may be
considered significant (see Section 2), and consequently prac-
tical dynamic resolution is lower than nominal. Hence, the

number of significant intensity levels (with 0.95 probabilities)
was calculated at several values of CCD settings (gain, acqui-
sition time and, offset) and are presented in Table 2. These
numbers of levels were used to perform SDR (Eq. (5)). Further-
more, the respective vectors of intensity values corresponding
to significant levels were used to segment series of images
registered at given values of gain, acquisition time, and offset
(see Section 2) by setting all pixel intensities (I;) to the nearest
level (histogram binning, HB). Result of these transformations
is illustrated by a representative image in the Fig. 2. One may
note that no gross image distortions were introduced by this
operation.

Table 1 - Dependence of Poisson and additive noise on CCD gain for the set of 12-bit single-channel images used in

experiments. The respective fit coefficients (,/P, ,/A, Eq. (2)) calculated for the variance (V, Eq. (2)) as the function of gain

are given with their standard errors (for details see [13]).

Acq. time [s]

Slope (SLp)

Intercept (INp) Correlation (r?)

Poisson noise 0.250 0.0948 + 0.007 —0.028 + 0.005 0.98
0.750 0.0986 + 0.006 —0.018 + 0.002 0.99
Additive noise 0.250 2.030 + 0.150 —1.07 £ 0.10 0.98
0.750 2.087 + 0.371 —0.37 £ 0.22 0.99
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Table 2 - Total number of significant (p =0.95) intensity levels of the CCD calculated with histogram binning (HB) for the

detector and acquisition parameters used in experiments. The highest numbers of levels are indicated with asterisks,

the lowest with crosses.

Offset [AU]
0 150 400

Acqg. time [s] Gain HB SDR HB SDR HB SDR
0.250 5 74 66 72 61 70 52
10 36 32 36 32 34 26

15 24 22 24 21 23* 19*
0.750 2 190" 165* 186 146 178 124
5 74 65 72 60 69 55
10 36 32 36 26 34 28

3.3. Coding efficiency of sparse histogram images moderate ratios of compression were obtained by digital pho-

Fluorescence microscopy images characterized by various lev-
els of noise and background were coded reversibly using
JPEG2000, JPEG-LS, and Deflate compressors (Table 3). Only

tography dedicated algorithms such as JPEG2000 and JPEG-LS.
Nonetheless, these ratios were higher than those provided
by the Deflate algorithm (which is not optimized for image
data). Reduction in the number of intensity levels achieved

Fig. 2 - Micrograph of fluorescently (BODIPY) immunostained tubulin in a fibroblast, registered at gain of 10, acquisition
time of 0.75 s, and black level of 150 units. The image is shown using nominal (A) and reduced number of intensity levels,
calculated with histogram binning, HB (B), and simple depth reduction, SDR (C). For comparison a raw image compressed
using irreversible JPEG2000 (with the same ratio as obtained with HBP and reversible JPEG2000 coding) is shown (D). Image
segmentation was performed using HB with p=0.95. Scale bar 10 pm.


dx.doi.org/10.1016/j.cmpb.2011.03.012

COMPUTER METHODS AND PROGRAMS IN BIOMEDICINE 108 (2012) §5I11-5273

517

Table 3 - Compression efficiency of micrographs with full and reduced number of intensity levels. The images were

reversibly coded with JPEG2000, JPEG-LS, and Deflate. Compression ratios are expressed as the average + standard

deviation.
Intensity depth Coding algorithm
reduction method
JPEG 2000 JPEG LS Deflate
None 1.80 £ 0.21 1.79 £ 0.20 1.13 £ 0.08
Histogram binning (HB) 1.94 £0.21 2.87 £0.26 6.46 + 0.52
Histogram binning + packing (HBP) 9.45 + 0.47 9.55 + 0.50 6.53 £+ 0.51
Simple reduction (SDR) 11.44 £ 1.79 11.48 + 1.53 8.29 + 1.08
by HB operation resulted in a slight increase in compression 3.4.2. Alteration of local intensity distribution in
ratio for JPEG-LS, and a large improvement for the Deflate compression

algorithm. These results indicate that HB improved compress-
ibility of microscopic images. However, HB caused deviation
from typical image data characteristics necessary for optimal
performance of standard image compression algorithms. As
expected, application of HBP operation markedly increased
compression ratios of JPEG2000 and JPEG-LS, but did not sig-
nificantly affect the performance of Deflate. The increase
in compression was similar for JPEG2000 and JPEG-LS. The
resultant ratios were better by about 45% comparing with
the Deflate algorithm. Even greater improvement in compres-
sion efficiency was obtained when SDR was used. However,
the standard deviation of the mean compression ratio was
greater in SDR than in HBP, indicating that only some spe-
cific images were compressed more efficiently with SDR than
with HBP.

3.4. Conservation of image information in histogram
binning and simple depth reduction

3.4.1. Alteration of global intensity distribution in
compression

The intensity histograms of the processed images were
compared quantitatively to the histograms of their raw coun-
terparts. Average EMD values for HB-processed images with
histogram binning (HB) and their raw counterparts (see
Table 4) were small comparing to the average distance between
nearest significant intensity levels (the nominal intensity
range divided by the number of significant levels, see Table 2).
This notion indicates that HB did not introduce gross changes
to global intensity distributions. Greater alterations were
introduced by simple depth reduction (SDR). On the other
hand, compression of raw images with irreversible JPEG2000
(compression ratio was adjusted to match efficiency of HBP
with reversible JPEG2000) produced much smaller histogram
alterations than HB did.

Table 4 - Alterations of fluorescence intensity
distributions (histograms) in irreversible compression,

as measured using EMD. Data are expressed as the
average + standard deviation.

Method EMD
Histogram binning (HB) 19.73 £+ 8.81
Simple depth reduction (SDR) 59.62 + 27.64
JPEG2000 1.14 + 0.60

Local intensity distribution in the images was characterized
using Haralick texture parameters based on GLCM, wavelet
energy, and gray-level runlength (see Section 2). The param-
eters which provided strongest discrimination between raw
and HB-processed images were identified using linear dis-
criminant analysis (LDA). As a result of LDA the following
parameters were studied in detail: wavelet energy (LH and
HH bands), runlength (fraction and short run emphasis),
and Haralick features (contrast, correlation, inverse difference
moment, difference average).

3.4.3. Wavelet energy

Application of HB resulted in a modest increase of wavelet
energy in five out of six decomposition bands (Fig. 3A-E).
No change of energy was observed in the LH band at the
third decomposition level (Fig. 3F). This band corresponded
to details 8-16 pixels in size. A larger increase in the energy
in the former five bands was detectable when SDR was
used (Fig. 3A-E). One should note that this method produced
some distortions detectable at the highest (third) decompo-
sition level (Fig. 3E and F). Furthermore, the dispersion of
the relative energy values was larger with SDR than with
HB, indicating that the effect of image content on the mag-
nitude of the distortion was greater with SDR than with
HB. Compression with irreversible JPEG2000 (with the same
ratio as obtained with HBP and reversible JPEG2000) gen-
erated no significant change of the wavelet energy in the
bands at the third decomposition level corresponding to 8-
pixel (Fig. 3E) and 8-16 pixel (Fig. 3F) details. However, at
the second decomposition level (the HH [4-pixel details] and
LH bands [4-8 pixel details]) the energy change was sim-
ilar in magnitude to that produced by HBP and SDR, but
opposite in sign (Fig. 3C and D). Furthermore, at the first
decomposition level (the HH [2-pixel details] and LH bands
[2—4 pixel details]) irreversible JPEG2000 generated larger dis-
tortions than HPB (Fig. 3A and B). One should note that
significant dispersion (manifested at the 2-pixel detail level,
Fig. 3A) indicates that the distortion was affected by the image
content and was not uniform within images (as describer fur-
ther).

3.4.4. Haralick features

Reduction of the number of intensity levels and coding with
HBP resulted in a moderate increase of GLCM contrast at
the 1-pixel distance (Fig. 4A). HB did not produce changes of
this parameter at 4-pixel (Fig. 4C) and 7-pixel (Fig. 4E) dis-
tances. When compression of raw images (with ratio identical
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Fig. 3 - Change of relative wavelet energy in compression
with HBP, SDR, and irreversible JPEG 2000 (at the same
compression ratio as obtained with HBP). The energy was
calculated in HH (A, C and E) and LH (B, D and F) bands at
first (A and B), second (C and D), and third (E and F) levels of
decomposition. The data boxes represent medians with
75th percentiles, while error bars indicate corresponding
90th percentiles.

to that obtained with HBP) was performed using irreversible
JPEG2000, a decrease in the contrast was detected at the 1-
pixel distance, whereas no changes were observed at larger
distances. One should note that the decrease was similar
in magnitude to the change produced by HBP at the same
distance. Application of SDR resulted in an increase of the
contrast detectable at all pixel distances (Fig. 4A, C and E). The
increase was larger than that generated by HBP. Furthermore,
dispersion of the correlation was greater with SDR than with
HBP. One should note that the former algorithm altered GLCM
correlation at all pixel distances (Fig. 4B, D and F). No such
effect was observed when HBP or irreversible JPEG2000 was
used.

Application of HBP produced a marked increase in inverse
difference moment at distances of 1 pixel (Fig. 5A), 4 pixel
(Fig. 5C) and 7 pixels (Fig. 5E). The magnitude of this increase
was similar at all distances. Only small dispersion of GLCM
inverse difference moment values was observed (at all dis-
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Fig. 4 - Change of relative GLCM contrast (A, C and E) and
correlation (B, D and F) in compression with HBP, SDR, and
irreversible JPEG 2000 (at the same compression ratio as
obtained with HBP). The GLCM parameters were calculated
at 1-pixel (A and B), 4-pixel (C and D) and 7-pixel (E and F)
distances. The data boxes represent medians with 75th
percentiles, while error bars indicate corresponding 90th
percentiles.

tances) when HBP was used. Larger median increase and
dispersion were detected when SDR was applied (Fig. 5A, C
and E). Both these parameters were dependent on pixel dis-
tance when this algorithm was used. On the other hand,
application of irreversible JPEG2000 resulted in increase of the
inverse difference moment only at the 1-pixel distance. Fur-
thermore, the magnitude of this change was smaller (by a
factor of 10) than that generated by HBP. The opposite situa-
tion could be observed when texture alterations were studied
using GLCM difference average. Application of HBP did not
generate any significant changes of this parameter (Fig. 5B,
D and F), whereas irreversible JPEG2000 produced a marked
decrease at the 1-pixel distance and a smaller decrease at
the 4-pixel distance. One should note that large dispersion
of this parameter was detectable at the 1-pixel distance.
This indicates that the distortion was affected by the image
content (as described further). As with HBP, use of SDR did
not result in a significant median change of the correlation.
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Fig. 5 - Change of relative GLCM inverse difference moment
(A, G and E) and difference average (B, D and F) in
compression with HBP, SDR, and irreversible JPEG 2000 (at
the same compression ratio as obtained with HBP). The
GLCM parameters were calculated at 1-pixel (A and B),
4-pixel (C and D) and 7-pixel (E and F) distances. The data
boxes represent medians with 75th percentiles, while error
bars indicate corresponding 90th percentiles.

However, dispersion of this parameter was large at all pixel
distances.

3.4.5. Runlength parameters

Application of HB and SDR resulted in a decrease of run-
length short-length emphasis (Fig. 6). The median decrease
was similar in all directions (compare panels A-D in Fig. 6)
and the dispersion was small in all cases. Compression with
reversible JPEG2000 did not alter median the value of this
parameter. However, dispersion short-length emphasis indi-
cated that changes in texture could be present in some of
the images. Furthermore, the dispersion was detectable only
at 0° (Fig. 6A), and not at 45°, 90°, or 135° (Fig. 6B-D). This
notion indicates directional character of these alterations. Like
the previous parameter the runlength fraction was decreased
when images were compressed using HB and SDR (Fig. 7).
Again the magnitude of the decrease was similar in all direc-
tions and the values exhibited small dispersion. No changes of
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Fig. 6 — Change of relative runlength short-run emphasis in
images compressed with HBP, SDR, and irreversible JPEG
2000 (at the same compression ratio as obtained with HBP
and reversible JPEG2000 coding). The parameter was
calculated at directions corresponding to 0° (A), 45° (B), 90°
(C), and 135° (D). The data boxes represent medians with
75th percentiles, while error bars indicate corresponding
90th percentiles.
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Fig. 7 - Change of relative runlength fraction in images
compressed with HBP, SDR, and irreversible JPEG 2000 (at
the same compression ratio as obtained with HBP). The
parameter was calculated at directions corresponding to 0°
(A), 45° (B), 90° (C), and 135° (D). The data boxes represent
medians with 75th percentiles, while error bars indicate
corresponding 90th percentiles.
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Fig. 8 - Enlarged central region of micrograph of fluorescently immunostained fibroblast (presented in the Fig. 2). The image
is shown with gamma of 1.3 and using nominal (A) and reduced number of intensity levels, calculated with histogram
binning, HB (B), and simple depth reduction, SDR (C). For comparison a raw image compressed using irreversible JPEG2000
(with the same ratio as obtained with HBP and reversible JPEG2000 coding) is shown (D). Image segmentation was

performed using HB with p =0.95. Scale bar 5 pm.

this parameter were detected in the images compressed with
irreversible JPEG2000.

3.4.6. Local us. global image distortion

The presented measures of image distortion deliver one esti-
mate which takes into account all pixels in a studied image.
However, one may hypothesize that the distortions are not dis-
tributed uniformly in images. Closer investigation of images
reveals no such effect in the images compressed with HBP
(Fig. 8B) and SDR (Fig. 8C), where dim and bright image regions
are altered in similar manner. However, in the images com-
pressed with irreversible JPEG2000 pronounced smoothing is
detectable in the dim but not in the bright image regions (com-
pare Fig. 8A and D). Furthermore, texture artifacts (in the form
of crosses) are introduced in the dim image regions when this
algorithm is used. This notion indicates that compression with
irreversible JPEG2000 resulted in both removal of original and
introduction of new texture elements.

4, Discussion

Owing to the heterogeneity of imaged specimens and the
presence of detector noise, typical biological micrographs are
characterized by a large number of intensity levels. Using char-
acteristics of noise as a function of signal one may reduce
the number of levels with intensity-binning (HB) procedure.
The resultant images have sparse histograms, i.e., a small
number of intensity levels distributed throughout the nomi-
nal intensity range. One should note that image-compression
algorithms are not optimized for this type of histograms.
Indeed, the presence of sparse histograms has been reported
to worsen compression ratios of images coded with reversible
algorithms [16]. Therefore, to take advantage of a small num-
ber of intensity levels, histogram-packing techniques should
be used with reversible coding.

This idea is in agreement with the observation that only
a small increase in compression ratios was obtained when
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images with sparse histograms were coded using reversible
algorithms optimized for image data (JPEG-LS and JPEG2000).
On the other hand, compression efficiency was significantly
improved when a universal coding algorithm (such as Deflate)
was used. As expected, the highest compression ratios for
biological fluorescence micrographs were obtained when his-
togram packing (employing HBP or SDR) was combined with
reversible image coding (JPEG-LS and JPEG2000). The ratios
were nearly an order of magnitude higher than those typi-
cally obtained for the reversible coding used with raw data.
One should note that histogram packing did not improve com-
pression efficiency for universal coding. Usually, higher ratios
were obtained with SDR than with HBP. However, this notion
was true for images characterized by high background (i.e.,
registered at high offset values), so it may not be regarded as
a general rule.

Compression pre-processing with HBP does not markedly
affect the global intensity distribution (image histogram) as
estimated with EMD. The average change in pixel inten-
sity was 0.48% of the nominal intensity range (4096 levels).
Greater distortion was observed when SDR was used (1.46%
of the intensity range). However, both these values were
smaller than the average distance between nearest intensity
levels in the images processed with HBP and SDR (2.57%).
Histogram alterations generated by irreversible JPEG2000
were negligible when compared to SDR and HBP (0.03%
respectively).

Processing images with HBP and SDR does significantly
alter local intensity distribution measured with wavelet
energy, regardless of decomposition band. On the other
hand, distortions detectable in the decomposition bands
corresponding to fine details were produced when irre-
versible JPEG2000 was used. One should note that these
distortions were dependent on image content and were not
uniform within images. Irreversible JPEG2000 compression
and HBP/SDR produced changes in Haralick contrast and cor-
relation similar in magnitude but opposite in sign. Larger
dispersion of these values was noted only when SDR was used,
indicating some dependence on image content. Irreversible
JPEG2000 generated no texture changes detectable with GLCM
inverse difference moment, whereas such changes were
observed for HBP and SDR. Conversely, JPEG2000 generated
changes in GLCM correlation at small distances (correspond-
ing to fine details), whereas HBP did not influence this value.
Large dispersion of the correlation values suggests depen-
dence of JPEG2000-generated distortion on image content.
Similar large dispersion was noted for SDR, albeit with smaller
median compared to the respective value for JPEG2000.

HBP and SDR produced large decreases in runlength frac-
tion and short-run emphasis. However, this change was
similar in all the images (as indicated by small dispersion)
and independent of direction. No significant change of median
values of these parameters was introduced by irreversible
JPEG2000. A large dispersion fraction values indicated direc-
tional character of the changes.

It should be emphasized that the texture parameters were
specifically picked to detect changes introduced to the images
by reduction in the number of intensity levels. Therefore the
presented results may be considered to be upper estimates
of image distortions introduced by SDR and HBP. Therefore,

this specific set of texture parameters might not detect all
distortions introduced by irreversible JPEG2000. Nonetheless,
performance of HPB was superior to irreversible JPEG2000 in
the sense of many texture parameters. What is more, the
effects produced by the former were similar within the image
set and uniform within single images. Hence, possible dis-
tortions were introduced in a consistent and non-arbitrary
manner. This is not surprising since reduction of the number
of intensity levels was performed using the detector char-
acteristics but not image-content information. JPEG2000 and
other popular irreversible image-compression algorithms do
not offer these advantages as they are optimized to preserve
perceptual image quality.

Although objective metrics of image fidelity are used in
this work, one may note also that the changes introduced to
images by tested methods could be detected on visual inspec-
tion. These changes were clearly manifested on the large scale
SDR method (Figs. 2 and 8). Similar effects of HBP or JPEG2000
(atratio identical to HBP) could be noticed when pixels become
distinguishable with naked eye (small scale, Figs. 1 and 8).
Since these differences may not always be evident in print
or pdf file (as creating these is an operation of image process-
ing) we provide original (uncompressed bitmap) figures upon
request.

Intensity binning presented in this work was executed so
that the levels were different from one another with 95%
probability (confidence). The choice of confidence interval
was arbitrary. Similar calculations can be performed for every
confidence level. Therefore, one may optimize the statisti-
cal significance of intensity differences to obtain a desired
compression ratio. In other words limited storage space or net-
work transmission bandwidth may be used optimally so as
to accommodate maximum amount of scientific information.
Since such optimization depends only on detector character-
istics and is not affected by image content management of
the storage and bandwidth resources may be facilitated by
intensity binning. This advantage may be especially impor-
tant in the storage systems consisting of separate volumes
connected by a network. Furthermore, image data correspond-
ing to various levels of statistical significance may be encoded
sequentially providing progressive image transmission over a
network. One should note that data may be transmitted in
this scheme in the order of statistical significance (as opposed
to (“visual importance”). This may be an important advan-
tage in the fields of telemicroscopy [31,32] and telemedicine
[32,33].

The proposed HBP algorithm can be used directly with
JPEG2000 and JPEG-LS compressors/decompressors. In fact,
direct support for histogram packing, designed initially for
palette images, is part of the JPEG-LS baseline standard
[19]. Moreover, the 2nd part of the JPEG2000 standard [7]
describes two generic non-linear transformations that may
be applied to decoded pixel intensity levels: the piece-wise
linear function and the gamma-style function. Encoding
packed histogram as a mapping table is a special case of
the latter. Therefore these algorithms are capable of recon-
structing an image and its original histogram employing
their standard functionality (i.e., no additional step of his-
togram expansion is required). Furthermore, the JPEG-LS and
JPEG2000 standards define only the decoding parts of the
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respective algorithms and the format of the compressed data
stream. Provided that histograms are encoded in the required
format, the whole process of applying HBP and core JPEG-
LS/JPEG2000 image-coding routines is compliant with these
standards.

The SDR and HP algorithms, applied in this study for
monochrome images, might also be used with color data. It
should be noted that color channels are usually transformed
(Multi-Component Transform) to remove their mutual cor-
relation. Therefore, if such operation was applied directly
to multi-channel images processed with HB an increase of
the number of levels would be expected. Consequently, the
compression results could be worsened. This problem may
be avoided by applying SDR/HP to individual channels of
color image after subjecting them to HB and prior to Multi-
Component Transform.

The presented algorithms were used with commercial
package for modeling of camera noise. In the next stage open-
source implementation of SDR and HP together with the noise
analysis routine is envisaged.

5. Conclusions

The results presented show that HBP pre-processing provides
significant enhancement in compression efficiency and does
not introduce significant changes to biological micrographs.
The algorithm has better fidelity than irreversible JPEG2000
(at the same compression rate) and can be easily imple-
mented within the context of the current image-compression
standards. This makes the proposed procedure an attractive
enhancement to data-acquisition packages developed for bio-
logical imaging systems.
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We present simple color space transformations for lossless image compression and compare them with
established transformations including RCT, YCoCg-R and with the optimal KLT for 3 sets of test images
and for significantly different compression algorithms: JPEG-LS, JPEG2000 and JPEG XR. One of the
transformations, RDgDb, which requires just 2 integer subtractions per image pixel, on average results
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analog transformations in human vision system, is with respect to complexity and average ratios better
than RCT and YCoCg-R, although worse than RDgDb; for one of the sets it obtains the best ratios.

© 2014 Elsevier Inc. All rights reserved.

1. Introduction

It is known, that red, green, and blue primary color components
of the RGB color space are highly correlated for natural images. The
high correlation indicates that more than one image component
contains the same information, e.g., image area which is bright in
green component usually is also bright in red and blue. Above
usually is true also for computer generated images since artificial
images mostly are made to resemble natural ones, however it
depends on the actual objective of the image’s creator. The most
common approach to RGB color image compression is to compress
independently the image components obtained using a transfor-
mation from RGB to some less correlated color space. Without
the transformation we would unnecessarily compress the same
information more than once.

For a specific image, using on it the Principal Component Anal-
ysis (PCA) we may obtain the image-dependent Karhunen-Loéve
transformation (KLT), which optimally decorrelates the image [1].
Since PCA/KLT is practically too time complex to be computed each
time an image gets compressed, fixed transformations are
constructed by performing PCA on a representative set of images.
Then it is assumed that the obtained KLT transformation will
match individual images from and outside of the used set.

E-mail addresses: rstarosolski@polsl.pl, rstaros@gmail.com

http://dx.doi.org/10.1016/j.jvcir.2014.03.003
1047-3203/© 2014 Elsevier Inc. All rights reserved.

However note, that optimal decorrelation of color space of the
set of images may not lead to the best compression ratios of
individual images — since, among other things, actual inter-
component dependencies may be different in various images or
even in various regions of the same image; also the transformation
while removing inter-component correlation may transfer incom-
pressible noise from one component to another. Many transforma-
tions were constructed based on KLT; recently different
approaches allowing adaptation of the color space transformation
to a given image were proposed. In [2] an adaptive selection of
transformation, from a large family of simple transformations, is
done at the cost of slight increase of the color image transforma-
tion process complexity. Significantly more complex, yet simpler
than computing PCA/KLT for the whole image, Singular Value
Decomposition based, image adaptive method of constructing
color space transformation for the lossy compression is presented
in [3]. Decades ago a PCA/KLT transformation constructed for video
data with additional requirement to obtain one component that
approximates the intensity perception of the human vision system,
was used to construct the YCbCr color space [4]. The YCbCr color
space is up to today used in various television systems and in lossy
compression algorithms. Several variants of the space and of
transformations from RGB to YCbCr exist. One of them (ICT), used
in JPEG2000 [5] for lossy compression, is presented below with its
inverse (Eq. (1)).
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0.299 0.587 0.114 R
[—0 16875 -0.33126 0.5 G| =
-0.41869 -0.08131] | B
R 1 1.402 Y
Gl=|(1 -0 34413 -0.71414 | | Cb (1)
| B 1 1.772 0 Cr

Following [4], to distinguish between actual perception and it’s
computer representation, we use the term luma for the color space
component representing image intensity perception (actual lumi-
nance), and term chroma for remaining components responsible
for image chrominance.

It is an interesting fact, that analog color space transformation
resulting in single luminance and 2 chrominance components is
performed by the human vision system. Three types of cone cells
in our retinas are most sensitive to three light wavelengths, these
are L-cones (long wavelength with sensitivity peak in yellow),
M-cones (middle, peak in green) and S-cones (short, peak in violet).
Note, that the popular opinion, according to which cones simply
respond to red (L-), green (M-) and blue (S-cones) light, is wrong
— not only because cone sensitivity peaks are outside of red and
blue wavelengths, but also since M- and L-cones are sensitive to
the full visible spectrum; S-cones to colors ranging from violet to
green. However, the highest reaction to blue color, among all cone
types, is indeed shown by S-cones, to green by M-cones, and to red
by L-cones. The cone response is then transformed and three calcu-
lated components are transmitted to the brain via the optic nerve:

o the luminance being a sum of L- and M-cones response,

e the red minus green color component (a difference between
responses of L- and M-cones),

e and the blue minus yellow color component (a difference
between response of S-cones and a sum of L- and M-cones
responses; it may also be seen as difference between response
of S-cones and the luminance).

We mentioned only certain aspects of human color vision
reduced to essentials, for thorough description the Reader is
referred to [6].

In case of lossless color image compression, the color space
transformation has to be reversible considering that transformed
components are stored using integers (it has to be integer-
reversible). The transformation to the YCbCr color space could be
used for that purpose at the cost of a dynamic range expansion
of all the transformed color space components by 2 bits [7]. Here,
the dynamic range of a component is defined as a number of bits
required to store pixel intensities of this component. Since trans-
formations designed for the lossless compression result in better
lossless ratios as well as in smaller dynamic range expansion and
are of smaller computational complexities, they are used instead.
There are several established and standard such transformations,
usually being variants of an irreversible transformation. In
JPEG2000 for lossless coding the reversible RCT transformation is
used [5], it is defined as a series of integer-reversible steps:

Cv=R-G G=Y - |(Cu+Cuv)/4]
Cu=B-G <= R=Cv+G (2)
Y =G+ |(Cu+Cv)/4) B=Cu+G

mCv = (R — G) smod 2" G=(my -

mCu = (B— G) smod 2" —
mY = (G + |(mCu +mCv)/4]) mod 2" B=

where the floor symbol |x| denotes the greatest integer not exceed-
ing x.

The RCT transformation is computationally simple. Floor of
division by integer power of 2 may be calculated using single
bit-shift, so both forward and inverse transformations require 5
simple integer operations (add, subtract, bit-shift) per image pixel.
The dynamic range of the luma component Y is the same as of RGB
components, chroma Cu and Cv components are 1 bit greater.

The RCT transformation was obtained using a lifting scheme [8]
for factorization of the below transformation matrix (Eq. (3)) into
lifting steps. Hence the below matrix, without additional assump-
tions, is a close approximation of the RCT transformation only.

Y 1/4 1/2 1/47 [R Rl [1 -1/4 3/47[Y
Cul~| 0 -1 1]||G|<|G|~|1 -1/4 —1/4]|]|Cu
Cv 1 -1 0]|B B| |1 3/4 -1/4]|cv

3)

The necessary and sufficient condition for such factorization is
that the determinant of the transformation matrix is 1 or —1 [9].
Therefore linear transformations may be made reversible using
the lifting scheme with additional scaling of transformation matrix
rows if necessary. Notice, that the forward RCT transformation ma-
trix is an approximation of the ICT matrix with scaled chroma
rows.

Another such transformation (YCoCg-R) is included in the
JPEG XR recent standard [10]. It is a variant of the irreversible
transformation (YCoCg), which was obtained based on the KLT
transformation constructed for a Kodak set of images (the set is de-
scribed in Section 3.2) [4]. YCoCg-R is performed in following steps:

Co=R-B —|Cg/2]

t=B+[Co/2| G=Cg+t @)
Cg=G-t B=t—-|Co/2|

Y=t+[Cg/2] R=B+Co

Both forward and inverse transformations require 6 simple
integer operations per image pixel. The dynamic range of the luma
component Y is the same as of RGB components, chroma Co and Cg
components are 1 bit greater. The YCoCg-R transformation approx-
imate forward and inverse matrix equivalents are presented in be-
low Eq. (5).

Y 1/4 1/2 1/4 ][R R 1 12 -1)2][Y
Col~| 1 0o -1 G|l |G|~]|1 O 1/2 Co
Cg -1/2 1 -1/2||B B 1 -1/2 -1/2| |Cg

)

Sometimes the dynamic range expansion is not allowed or
undesirable. Expansion may be not allowed if implementation
we use limits the bit-depth of processed data — some implementa-
tions allow bit depths not exceeding 8 or 16 bits. Such expansion is
undesirable if it involves extra cost, e.g., certain implementations
are optimized for 8-bit components, which are processed faster
and requiring less memory, than while compressing components
of 9-16 bit depth. Expansion may be avoided by means of the
modular-arithmetic, the transformation included in the JPEG-LS
extended standard (mRCT) is a modular-arithmetic version of the
RCT [11]:

|(mCu + mCv)/4]) mod 2"
R = (mCv+ G) mod 2"
(mCu + G) mod 2~
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where N is the dynamic range of components of RGB image ex-
pressed in bits per pixel, e.g., for N bit dynamic range the allowable
R, G, and B pixel values are in the range [0...2" — 1]; a mod 2V is
the positive reminder of the division of a by 2", or practically the
N least significant bits of a, which is in range [0...2N — 1]; a smod
b is the symmetrical modulo in the range [-b/2...b/2-1], a smod
b=((a+b/2) mod b) — b/2. We assume that both mod and smod
are of a similar complexity as, e.g., integer addition. Actually the
mod may be simpler (especially for 8 and 16 bit data, where it is
just a 1 or 2 Byte memory read). The smod requires two additions,
or less, e.g., if pixels are stored as unsigned integers (we may skip
subtracting the half of the range). Notice, that not all operations are
performed using modular arithmetic, (mCu + mCv)/4 is computed
in regular arithmetic. The smod is used for chroma components
since chroma pixel value, being a difference between primary
RGB colors, is most often close to 0. Due to modulo clipping the
regular mod would result in creation of greater number of sharp
edges in the transformed chroma components. Such edges result
from mod on neighboring chroma component pixels close to 0 (be-
tween ones smaller than 0 and ones greater or equal 0), while after
smod two less frequent cases introduce edges: pixels close to 2V~!
and close to —(2V~1). Since luma (mY) is calculated using trans-
formed chroma components, also this component contains extra
edges (see Fig. 1). The dynamic range of all the transformed com-
ponents is the same as of RGB components. Both forward and in-
verse mRCT transformations require 8 simple integer operations
per image pixel.

Using the lifting technique the integer-reversible variants of
other linear transformations may be obtained, including the KLT.
Method presented in [9,12] decomposes the KLT transformation
matrix into a series of Triangular or Single-row Elementary Revers-
ible Matrixes, which are then used for integer-reversible KLT trans-
formation (RKLT). In a general case, for 3 component image pixel
both forward and inverse RKLT transformations require 8 addi-
tions, 8 multiplications and 4 to 5 roundings. Note, that the above
complexity does not include the process of computing the KLT
transformation matrix and of decomposing it. The KLT dynamic
range expansion is image-dependant, for typical RGB images the
first component gets expanded by up to 2 bits, while remaining
ones are not expanded.

In this paper we present a couple of new color space transfor-
mations for lossless image compression. Our primary aim was to
find transformations simpler than the established ones, while not
being practically inferior in terms of obtainable compression ratios
or the dynamic range expansion. New transformations are con-
structed based on observations of compression effects of individual
transformed color components rather than on approximations of

KLT transformation; some of them are inspired by the analog cal-
culations taking place in the human vision system.

The reminder of this paper is organized as follows. In Section 2,
supported by preliminary experiments, we propose new transfor-
mations. In Section 3 we compare experimentally new transforma-
tions with others, including the reversible variant of the optimal
KLT. Experiments are performed for 3 sets of test images and for
3 significantly different standard compression algorithms:
JPEG-LS, JPEG2000 and JPEG XR. We analyze complexities of
transformations, compression ratios obtained for the transformed
images and correlation of transformed components. Section 5
summarizes the research.

2. Proposed transformations
2.1. Giving the luminance up

Luma calculated from all components is used in lossy compres-
sion as it is a good representation of perceptual luminance, to
which human vision is more sensitive than to chrominance; luma
typically is encoded with higher quality than chroma, a common
practice in lossy compression is to subsample chroma components.
In lossless compression we usually compress an image in order just
to then decompress the entire image. In such a case a good direct
approximation of the luminance is not necessary in the trans-
formed image color space. Replacing the luma component with
something else may simplify the color space transformation —
since, e.g., calculation of the Y component in RCT is more complex
than calculation of remaining components. Furthermore, luma cal-
culated based on all components contains a fraction of the noise
from all components. As opposed to lossy algorithms that filter
out the noise, lossless algorithms preserve all the information con-
tained in the component, including the incompressible noise. Most
reversible transformations for lossless compression are based on
irreversible transformations for lossy compression, but maybe a
different criteria should be applied when constructing transforma-
tion for lossless and for lossy compression? Preliminary
experiments (Table 1) showed, that for the Waterloo set of test
images and the JPEG2000 algorithm in the lossless mode
(sets, algorithms and experimental procedure are described in
Section 3.2) the untransformed R component, indeed, is more com-
pressible than Y component of the RCT color space, which in turn
compresses better, than untransformed components G and B. Note
that only certain combinations of three transformed single compo-
nent formulas from Table 1 constitute the reversible color space
transformation (the transformation matrix determinant should
be 1 or —1), and that certain transformations are defined using

Fig. 1. Luma components of the “peppers” image after RCT (left) and mRCT (right) transformations.
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Table 1

Average JPEG2000 lossless compression ratios of individual transformed components of images from Waterloo set (algorithms and test images described in Section 3.2).
Description Formula Ratio (bpp) Formula Ratio (bpp) Formula Ratio (bpp)
Untransformed R 4.2562 G 4.3954 B 4.3456
RCT Y variants (2R+G +B)j4 42786 (R+2G+B)j4 4.3205 (R+G+2B)j4 43114
Two primary color difference R-G 3.4148 G-B 3.4718 B—R 3.6532
Negated difference G-R 3.4043 B-G 3.4784 R-B 3.6506
Average of two primary colors (R+G)[2 43112 (G+B)2 43533 (B+R)[2 4.2867
B — L variants R—(G+B)J2 3.4515 G- (R+B)2 3.2453 B—(R+G)2 3.4937

lifting steps, so the actual ratio of Y of RCT may slightly differ from Ya7 00 1 R

the ratio reported for component formula (R + 2G + B)/4. Uz =10 1 -11|G (11)

RCT chroma components seem to be a good choice, since their Vo 10 -1|1B

calculation is done in only one integer subtraction per component
pixel and they compress significantly better than Y or untrans-
formed primary color components. It is better to subtract primary
colors of closer wavelengths (R — G and G — B), then the most
distant ones (B — R). Therefore in the color space named RDgDb
(Egs. (7) and (8)) we use the R component of the RGB space instead
of luminance and, similarly to RCT, use differences of primary
colors as chroma components:

R 1 0 O07[R
Dgl=|1 -1 o]]|c
Db 0 1 -1||8

R 1 0 O R
= [G|=[1 -1 O Dg
B 1 -1 -1||Db

Forward and inverse transformations require 2 integer subtrac-
tions only:

R=R R=R
Dg=R-G<+= G=R-Dg (8)
Db=G-B B=G-Db

The dynamic range of Dg and Db chroma components is by 1 bit
greater, than the dynamic range of RGB components. As opposed to
most established color space transformations, where matrix repre-
sentation is an approximation of actual transformation performed
in a series of lifting steps, in case of the RDgDb the matrix is an
equivalent definition of the transformation.

Our Db component is a negation of RCT Cu component. We sub-
tract shorter wavelength primary color from one of longer wave-
length, while in RCT always the green is subtracted from the
other one. The difference is practically not important (negating
chroma components would change average ratios by about
0.01 bpp or less), may be of opposite sign for other images or for
other algorithms; the formula used clearly suggests how to extend
the RDgDDb color space to multispectral images.

Transformations close to RDgDb have been recently investi-
gated in [2] — among others, 3 transformations were proposed
(A2, A6 and A7), in which a primary color is used instead of lumi-
nance while both chroma components are differences in which the
primary color replacing luminance is used as subtrahend. Below
we present forward transformations A2 (Eq. (9)), A6 (Eq. (10))
and A7 (Eq. (11)).

Y 0 1 O0][R
Upl|l=10 -1 1]]|C 9)
| Vaz |1 -1 0] |B]
Y6 [1 0 O0][R]
Us|=1-1 0 1||G (10)
| Vs -1 1 0] |B]

Among them the best results were reported for A2, where G is used
instead of luminance. However, results presented in the Table 1
indicate, that it is better to use R instead of luminance, while out
of two chroma components, both being primary color differences,
only in one the component R replacing luminance should be used.
Complexity and dynamic range expansion of A2, A5 and A7 is the
same as of RDgDb.

2.2. Human vision inspired transformations

If we expect that the luma component may be decompressed
without decompressing image chroma components, then a rea-
sonably good approximation of luminance is needed. May the
luminance approximation be better than a single primary color,
but simpler to compute then the luma component in RCT? The
affirmative answer to the above question is in our (human) vi-
sion system, where luminance is a sum of responses of two cone
cell types: L- and M-cones. Therefore in LDgEb space the luma
is, as luminance in humans, a sum of two longer wavelength
components, but multiplied by the smallest factor that permits
transformation reversibility L=(R+ G)/2. Following the human
vision also for chroma components leads to chroma formulas
Dg=R — G and Eb=B — L (Eb is the excess of blue over the lumi-
nance). The approximate matrix definition of the LDgEb transfor-
mation is:

L 12 1/2 0][R R 112 0][L
Dgl~| 1 -1 0||G|<|G|~|1 -1/2 0||Dg
Eb -1/2 -12 1| |B B 1 0 1||Eb

(12)

The integer reversible transformation is defined as a following
sequence of steps:

Dg=R-G R=L+ |Dg/2|
L=R-|Dg/2| « G=R-Dg (13)
Eb=B-1L B=Eb+L

Alternatively we may use “human vision” luma, but define
chroma components as in RDgDb — obtaining transformation
named LDgDb (Eq. (15)). Based on the Table 1 we may expect good
compression ratios from both LDgEb and LDgDb transformations.
LDgDb actually differs from LDgEb in calculation of one component
only:

L 1/21/2 07[R Rl [1 1/2 07JL
Dg|~| 1 -1 0]|G|<|G|~]|1-1/2 0 ||Dg
Db 0o 1 -1||B B| |1 -1/2 —1||Db

(14)
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Dg=R-G R=L+|Dg/2|
L=R-|Dg/2] <= G=R-Dg (15)
Db=G-B B=G-Db

Both LDgEb and LDgDb forward and inverse transformations re-
quire 4 simple integer operations only. The dynamic range of chro-
ma components is by 1 bit greater, than the dynamic range of RGB
components, luma component is not expanded.

2.3. Modular arithmetic transformations

Since avoiding the expansion may be required in practical appli-
cations, we define modular-arithmetic versions of RDgDDb
(mRDgDb), LDgEb (mLDgEb), and of LDgDb (mLDgDb); mRDgDb
is performed in following reversible steps:

R=R R=R
mDg = (R — G) smod 2" « G = (R — mDg) mod 2" (16)
mDb = (G — B) smod 2" B = (G — mDb) mod 2"

where N is a dynamic range of RGB and of transformed mRDgDb
components. Forward and inverse mRDgDb transformations require
4 simple integer operations only, while mLDgEb and mLDgDb (also
forward and inverse) avoid expansion at a cost of 7 such operations;
mLDgED is performed in following steps:

mDg = (R — G) smod 2" R = (mL+ |mDg/2|) mod 2"
mL = (R — |[mDg/2]) mod 2" < G = (R — mDg) mod 2"
mEb = (B — mL) smod 2" B = (mEb+mL) mod 2"

(17)

3. Experimental results and discussion
3.1. Examined transformations

Properties of the examined transformations are presented in the
Table 2. In the comparison we included RCT, YCoCg-R, and mRCT
transformations being both simple and standard. We do not in-
clude other transformations, that may approximate YCbCr or KLT
better, than the above mentioned ones. Instead, as a benchmark
for simple transformations and to check how the optimal decorre-
lation of color space affects compression ratios we report results
obtained using the irreversible KLT (not listed in Table 2) and the
reversible KLT (RKLT) — in both cases the transformation was
constructed for each image individually. Software developed by
Janczur within his MSc thesis [13] was used to construct and to
apply the RKLT to the tested images. Other transformations where
applied using a prepared free software, which may be downloaded
from http://sun.aei.polsl.pl/~rstaros/imgtransf/index.html. ~We
report results for the A2, RDgDb, LDgEb, LDgDb as well as their
modular-arithmetic variants. mA2 — the modular arithmetic
variant of A2 was constructed analogically to mRDgDb, mLDgDb
variant of LDgDDb analogically to mLDgEb. We also check compres-
sion performance of variants of A2, RDgDb, LDgEb, and LDgDb
obtained by the use of different primary colors for luma and if
necessary for chroma calculation.

3.2. Procedure

Based on preliminary estimation, performed for the popular
Waterloo set of color test images and the JPEG2000 algorithm in
the lossless mode, we proposed RDgDb and LDgEDb reversible color
space transformations as well as a couple of their variants. The
evaluation of transformations proposed was performed for the
following sets of 8-bit RGB test images:

Table 2

Properties of the reversible color space transformations. Complexities reported in
simple integer operations per image pixel, except for RKLT (floating-point operations,
not including the cost of computing KLT matrix and decomposing it into lifting steps);
component dynamic range expansion is the maximum possible, except for RKLT
(typical for natural images).

Transformation Complexity Componentrange Remarks
expansion
Luma/ Chroma/
first others
RKLT 20 2 0 See Refs. [7,10]
RCT 5 0 1 Eq. (2), from JPEG2000
standard [3]
YCoCg-R 6 0 1 Eq. (4), from JPEG XR
standard [8]
A2 2 0 1 Eq. (9), see Ref. [11]
RDgDb 2 0 1 Eq. (7) and (8)
LDgEb 4 0 1 Eq. (13)
LDgDb 4 0 1 Eq. (15)
mRCT 8 0 0 Eq. (6), from JPEG-LS
Extended standard [9]
mA2 4 0 0 Modular arithmetic
variant of A2
mRDgDb 4 0 0 Eq. (16)
mLDgEDb 7 0 0 Eq. (17)
mLDgDb 7 0 0 Modular arithmetic

variant of LDgDb

e Waterloo — the already mentioned set of color images from the
University of Waterloo, Fractal Coding and Analysis Group
repository, used for a long time in image processing research.
The set contains 8 natural photographic and artificial images,
among them the well-known “lena” and “peppers”, image sizes
vary from 512 x 512 to 1118 x 1105. It is available from http://
links.uwaterloo.ca/Repository.html.

o Kodak — a set of 24 photographic images released by the Kodak
corporation, the set is frequently used in color image compres-
sion research. All images are of size 768 x 512, downloaded
from http://www.cipr.rpi.edu/resource/stills/kodak.html.

e EPFL — a recent set of 10 high resolution images used at the
Ecole polytechnique fédérale de Lausanne for evaluation of sub-
jective quality of JPEG XR [14]. Image sizes from 1280 x 1506 to
1280 x 1600, downloaded from http://documents.epfl.ch/
groups/g/gr/gr-eb-unit/www/IQA/Original.zip.

Lossless compression ratios obtained for the transformed
images were analyzed for the following standard algorithms:

e JPEG-LS — a standard of the JPEG committee for primarily loss-
less compression of still images. The baseline standard
describes low-complexity predictive image compression algo-
rithm with entropy coding using modified Golomb-Rice code
family, standard extensions include the mRCT transformation
[11,15].

e JPEG2000 — a JPEG committee image compression standard
describing algorithm based on discrete wavelet transformation
image decomposition and arithmetic coding, the standard
includes the RCT color space transformation [5]. Apart from
lossy and lossless compressing and decompressing of whole
images JPEG2000 delivers many interesting features (progres-
sive transmission, region of interest coding, etc.).

e JPEG XR — a recent JPEG committee standard describing algo-
rithm designed primarily for high quality, high dynamic range
photographic images; it is based on discrete cosine transforma-
tion image decomposition and adaptive Huffman coding; it
defines the YCoCg-R color space transformation [10]. The stan-
dard supports lossy and lossless coding and certain additional
features, like random access to parts of the encoded image.
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Above algorithms process images in significantly different
ways. First step of color image compression is similar: using
the color space transformation we obtain 3 components, that
are then compressed independently. In a predictive algorithm
the next step for each component is to use the predictor function
to guess the pixel intensities and then the sequence of prediction
errors, being differences between actual and predicted pixel
intensities, is encoded. Even using extremely simple predictors,
such as one that predicts that pixel intensity is identical to the
one on its left-hand side, results in a much better compression
ratio, than without the prediction. JPEG-LS employs nonlinear
edge-detecting predictor calculated using 4 neighbors of given
pixel. In transformation algorithms, instead of pixel intensities,
we encode a matrix of transformation coefficients. The transfor-
mation is applied to a whole image component (optional in
JPEG2000), or to the component split into fragments, which
may be big (default fragment size for JPEG2000 is 256 x 256
pixels), or even very small — JPEG XR applies transformation to
blocks of size 4 x 4 pixels (2 x 2 in case of lossy chroma compo-
nent coding). Transformation for lossless coding has to be
integer-reversible, which for JPEG2000 and JPEG XR is accom-
plished with use of the lifting scheme.

All algorithms were used to compress individual transformed
components, one component at a time. Due to requirements of em-
ployed file formats and standard implementations, all transformed
components were stored using nonnegative integers obtained by
subtracting the minimum nominally possible value from the pixel
component. For example, if primary colors were in nominal range
[0,255], then Dg =R — G, which would normally be in the range
[-255,255], was actually stored as Dg' = R — G + 255. The compres-
sion ratio, expressed in bits per pixel (bpp), is calculated as 8e/n,
where n is the number of pixels in the image, e is the total size
in Bytes of the individually and independently compressed 3
components of the transformed image, including compressed file
format headers; hence smaller ratios mean better compression.
We also report average absolute correlation of image components
after transformation, which is calculated as (|r(C;,C)| + [1(Ca, C3)| +
[r(Cs,C1)|)/3, where Cy, G, and Cs; are components of the trans-
formed image, r is Pearson product moment correlation coefficient,
and |x| is the absolute value of x.

3.3. Lossless compression ratios

Lossless compression ratios for transformed images are
reported in Tables 3 (for JPEG-LS), 4 (JPEG2000) and 5 (JPEG XR).
The best transformation result, for a given set and for average of
3 sets, is marked in bold; underlined are results not worse by more
than 0.1 bpp then the best. Except for the transformations listed in
the Table 2, we include results for irreversible KLT (irrevKLT).

Looking at the results of RKLT and irrevKLT transformations we
can see, that optimal decorrelation of the image color space, even
in its irreversible variant, does not lead to the best lossless ratios.
Compared to the oldest reversible transformation RCT, for all the
algorithms and all the sets, the RKLT and irrevKLT transformations
resulted in ratios worse by at least about 0.5 bpp and 0.3 bpp
respectively.

Among modular-arithmetic transformations, the best ratios for
all the sets and for all the algorithms were obtained using the
mRDgDb, except for the Kodak set in case of JPEG-LS (where the
mLDgEDb is by 0.06 bpp better). Modular-arithmetic transforma-
tions, as compared to their regular variants, may improve the com-
pression ratios only in the case of JPEG-LS — ratios are improved for
mRDgDb and mA2 in case of all the sets, and for all the transforma-
tions in case of the Kodak set; for JPEG2000 and JPEG XR ratios are
consistently worsened. The improvement over regular variant

always is the greatest in case of mRDgDb and mAz2, also for these
transformations the ratio worsening due to modulo arithmetic
for JPEG2000 and JPEG XR is the smallest. Probable reason of the
above advantage of the simplest among modular transformations
over others is that all image components after other transforma-
tions contain edges introduced by modulo clipping, while after
mRDgDb and mA2 only chroma components contain extra edges.
Since JPEG-LS obtains better lossless ratios than other two algo-
rithms, the overall best average ratios were obtained using
mRDgDb and JPEG-LS.

The best ratios average for 3 sets, among all the transformations
in case of JPEG2000 and JPEG XR as well as among non-modular
transformations in case of JPEG-LS, are obtained using the simplest
RDgDb. Non-modular transformations using human vision inspired
luma component formula obtain ratios worse by up to 0.04 bpp, A2
is worse by 0.08 to 0.09 bpp, standard transformations RCT and
YCoCg-R are worse by 0.05 to 0.15 bpp. RDgDb is most often the
best transformation for a specific set. However, in case of the JPEG
XR algorithm the YCoCg-R is better for Waterloo and Kodak sets
(for Waterloo it obtains the best ratio). For the Kodak set in case
of all the algorithms either LDgEb or LDgDDb is the best non-modu-
lar transformation, the other one is the second best — notice that
worse ratios were obtained by YCoCg-R based on KLT constructed
for this set, the worst by KLT variants constructed for each image
individually.

Since the proposed color spaces were constructed based on esti-
mation of ratios for Waterloo set and JPEG2000 algorithm only, for
all the sets and algorithms we checked their additional variants as
well as variants of A2 transformation. For transformations which
replace luminance with a primary color and require only 2 simple
integer operations per pixel: RDgDb and A2, there are 9 possible
variants not counting cases when given component is calculated
as difference or negated difference. There are 3 variants of A2 (hav-
ing following components: a primary color as luma and two differ-
ences between another primary colors and luma) and 6 variants of
RDgDb (components: a primary color as luma, difference between
luma and another primary color, difference between two primary
colors other than luma). Out of these 9 variants the best for a spe-
cific set and on average was RDgDb, except for the Waterloo set,
where for all the algorithms ratios better by less than 0.02 bpp
were obtained when green color replaced luminance. Among vari-
ants of transformations requiring 4 operations: LDgEb (3 variants)
and LDgDD (6 variants) either LDgEb or LDgDb was the best, except
for the Waterloo set in case of JPEG2000 and JPEG XR, where LDgEb
variant using R and B primary colors in luma calculation was better
than LDgEDb by about 0.04 bpp.

In practice, small differences in average compression ratios may
not be the most important property of the color space transforma-
tion. Properties like dynamic range expansion, computational com-
plexity, quality of luminance approximation, and existence of the
standard describing the transformation may play practical role.
In Tables 3-5 the ratios within 0.1 bpp from the best one are
underlined. The selection of the 0.1 threshold was arbitrary, but
observing when the ratios are within 0.1 bpp from the best gener-
ally confirms earlier observations: consistently outside of that
range on average and for all the sets are modular-arithmetic
transformations in case of JPEG2000 and JPEG XR, as well as KLT
variants in all cases. For JPEG-LS the non-modular RCT and
YCoCg-R are always outside. For all the sets the 3 proposed non-
modular transformations are in 0.1 bpp range in case of JPEG2000
and JPEG XR compression. Other cases when for all the sets given
transformation is within 0.1 bpp from the best one are RCT for JPEG
XR, and mRDgDb for JPEG-LS. Looking at the average ratios, the
proposed non-modular transformations are in the range for all
the algorithms, while other transformations are for some only or
for none.
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Table 3
Average JPEG-LS compression ratios (bpp). Best ratio for a set and on average is
marked in bold, ratios within 0.1 bpp from the best are underlined.

Transformation Set

Waterloo Kodak EPFL Average
No (RGB) 10.3764 13.0948 12.3369 11.9360
RKLT 9.5987 10.4365 11.0722 10.3691
irrevkKLT 9.4989 10.1976 10.8014 10.1659
RCT 8.9625 9.5734 10.4660 9.6673
YCoCg-R 9.0232 9.6044 10.6125 9.7467
A2 8.9914 9.5502 10.4930 9.6782
RDgDb 8.8653 9.5673 10.3383 9.5903
LDgEb 8.9589 94335 10.4421 9.6115
LDgDb 8.9309 9.5476 10.4181 9.6322
mRCT 9.0017 9.4805 10.5079 9.6633
mA2 8.9546 9.4387 104719 9.6217
mRDgDb 8.8285 9.4559 10.3172 9.5338
mLDgEDb 9.1277 9.3985 10.4992 9.6751
mLDgDb 8.9880 9.4580 10.4338 9.6266

Table 4

Average JPEG2000 compression ratios (bpp). Best ratio for a set and on average
marked in bold, ratios within 0.1 bpp from the best are underlined.

S

Transformation Set

Waterloo Kodak EPFL Average
No (RGB) 12.9972 13.4256 12.8244 13.0824
RKLT 11.8353 10.5579 11.3968 11.2634
irrevKLT 11.7252 10.3329 11.1456 11.0679
RCT 11.2141 9.5062 10.8356 10.5186
YCoCg-R 11.2125 9.4876 10.9776 10.5593
A2 11.2819 9.4686 10.8655 10.5387
RDgDb 11.1428 9.4754 10.7240 10.4474
LDgEb 11.2178 9.4231 10.8054 104821
LDgDb 11.1969 9.4590 10.7839 10.4799
mRCT 11.6473 9.6107 11.0823 10.7801
mA2 11.5023 9.5375 10.9883 10.6760
mRDgDb 11.3631 9.5443 10.8468 10.5848
mLDgEDb 11.8572 9.5766 11.0409 10.8249
mLDgDb 11.6436 9.5652 10.9711 10.7266

Table 5

Average JPEG XR compression ratios (bpp). Best ratio for a set and on average
marked in bold, ratios within 0.1 bpp from the best are underlined.

S

Transformation Set

Waterloo Kodak EPFL Average
No (RGB) 14.9604 14.1331 13.6662 14.2532
RKLT 13.8199 11.6542 12.3010 12.5917
irrevKLT 13.7459 11.5089 12.1505 12.4684
RCT 13.3211 10.9196 11.7629 12.0012
YCoCg-R 13.2655 10.8552 11.8987 12.0065
A2 13.4243 10.8565 11.7911 12.0240
RDgDb 13.2978 10.8725 11.6723 11.9476
LDgEb 13.2982 10.8531 11.7402 11.9638
LDgDb 13.3108 10.8484 11.7154 11.9582
mRCT 14.2161 11.1797 12.2143 12.5367
mA2 13.9917 11.0834 12.0583 12.3778
mRDgDb 13.8652 11.0995 11.9395 12.3014
mLDgEDb 14.5268 11.1971 12.1715 12.6318
mLDgDb 14.2450 11.1296 12.0795 12.4847

3.4. Component correlation

The average absolute correlation of image components, in RGB
color space and after the examined transformations, is reported
in Table 6. We can see, that both the irreversible KLT and its inte-
ger-reversible lifting approximation decorrelate image color space
almost perfectly, which confirms observation that decorrelation of

Table 6

Average absolute correlation of transformed image components.
Transformation Set

Waterloo Kodak EPFL Average

No (RGB) 0.6311 0.8435 0.8002 0.7583
RKLT 0.0005 0.0019 0.0009 0.0011
irrevkKLT 0.0024 0.0053 0.0046 0.0041
RCT 0.3187 0.3100 0.3058 0.3115
YCoCg-R 0.2616 0.3374 0.3507 0.3165
A2 0.3978 0.3451 0.3095 0.3508
RDgDb 0.4006 0.3496 0.3455 0.3652
LDgEb 0.3746 0.3899 0.3972 0.3872
LDgDb 0.3633 0.3269 0.2980 0.3294
mRCT 0.1974 0.2870 0.2944 0.2596
mA2 0.1932 0.2972 0.2741 0.2548
mRDgDb 0.2288 0.3074 0.3120 0.2827
mLDgEDb 0.2894 0.3587 0.3443 0.3308
mLDgDb 0.2075 0.2953 0.2715 0.2581

the color space is not a proper objective of the color space transfor-
mation for lossless compression. The opposite may be true — great-
er correlation of image components may potentially allow for
better compression in algorithms that during compression of given
component exploit other, already processed ones. There are algo-
rithms, which instead of component transformation, exploit during
coding the inter-component dependencies, e.g., the relatively time
complex Interband CALIC [16]; low complexity algorithms were
also proposed, e.g., SICLIC [ 17] or recent LMMIC [18]. Interband CA-
LIC uses the inter-component predictor instead of regular (intra-
component) one if in the neighborhood of the pixel being predicted
the correlation between components is high. For such an
algorithm, out of two transformations which would result in equal
ratios for independently compressed components, probably better
is the transformation decorrelating worse. However checking
whether is it better than not to transform and leave all the correa-
lation in components requires further investigation.

Interestingly, while the compression ratio of irrevKLT is better
than of RKLT, the correlation of components is little greater in case
of irrevKLT. Probably irrevKLT due to rounding removes fraction of
noise contained in the image. Presence of noise on the one hand
worsens compression ratios, on the other one decreases correlation
of components.

Among non-modular transformations, ones being approxima-
tions of KLT (i.e., RCT and YCoCg-R) on average decorrelate better,
than transformations constructed based on different criteria (A2,
RDgDb, LDgEb, and LDgDb), however for a specific set it may not
be true. In all cases modular-arithmetic transformations decrease
correlation more, than corresponding regular variants. On average
LDgEb decorrelates worstly, for a specific set — LDgEb or RDgDb.

4. Conclusions

We have proposed RDgDb and LDgEb simple color space trans-
formations for lossless image compression and a couple of their
variants. We departed from a traditional method of constructing
transformation for lossless image compression based on transfor-
mation for lossy compression, which in turn is based on PCA/KLT
for specific image set. RDgDb was proposed based on observation
of actual lossless ratios of individual image components obtained
with simple transformations or untransformed, while LDgEb
originates from the human vision system. These transformations
were evaluated and compared with established transformations
including RCT, YCoCg-R and the optimal KLT for 3 sets of test
images and for significantly different compression algorithms: pre-
dictive JPEG-LS, Discrete Wavelet Transformation based JPEG2000
and Discrete Cosine Transformation based JPEG XR.
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The RDgDb transformation has the minimum computational
complexity, equal to complexity of the simplest known so far A2
transformation, it requires just 2 integer subtractions per image
pixel. RDgDb and A2 have certain disadvantages: the dynamic
range of chroma components is expanded by 1 bit, the luminance
is replaced by a primary color. However in a typical case of lossless
compression, when an image is compressed just to be then decom-
pressed as a whole, RDgDb seems to be the most universal — de-
spite of being so simple, on average it results in the best ratios
for JPEG2000 and JPEG XR, while for a specific set or in case of
JPEG-LS its compression ratios are either the best or within
0.1 bpp from the best.

The overall best lossless ratios were obtained using the JPEG-LS
algorithm and the modular-arithmetic variant of RDgDb, named
mRDgDb, which requires 2 integer subtractions and 2 symmetrical
modulo operations. Here RDgDb resulted in second best average
ratio, worse by about 0.06 bpp. In practice such a little ratio
improvement may not justify the increased complexity of the
transformation. As all modular arithmetic transformations the
mRDgDb avoids the dynamic range expansion of image compo-
nents; compared to them it is of the lowest complexity and results
in the best average ratios for all the algorithms. It will be practi-
cally useful in cases where the dynamic range expansion is not al-
lowed or undesirable.

Sometimes a reasonably good perceptual luminance approxi-
mation in a transformed image may be useful, since it allows
retrieving the luminance from compressed image by decompress-
ing of one component only. We proposed LDgEb and LDgDb trans-
formations inspired by analog calculations performed in human
vision system, which in the above case may be useful for natural
images. Compared to RDgDDb these transformations are more com-
plex and result in little worse average ratios, but compared to RCT
and YCoCg they are simpler and result in better ratios. The most
interesting is LDgED, since it is closest to transformations in human
vision system and for one of the test image sets it obtains the best
ratios (its modular arithmetic variant in case of JPEG-LS).

We also notice that optimal color space decorrelation per-
formed with KLT, despite of constructing the KLT for each image
individually and even giving up the integer reversibility, does not
lead to good lossless ratios. Color space decorrelation is not a prop-
er aim of transformation for lossless compression, controversially
poor decorrelation may allow for better compression in algorithms
exploiting inter-plane correlation. In the case of tested transforma-
tions, the greatest correlation of transformed image components is
observed for LDgEb and RDgDb.

Color space components after the LDgEb transformation are clo-
ser to components transmitted to the human brain via the optic
nerve, than components of spaces traditionally used in color image
digital transmission, like YCbCr or untransformed RGB. On the
other hand, YCbCr and RGB spaces are used directly in various
algorithms that generally are aimed at mimicking effects of image
processing and analysis conducted by the human vision system
(e.g., image retrieval and recognition). Checking whether by
employing LDgEDb the results of such algorithms will get closer to
results we expect from experience with our own visual system is
an interesting field of future research. Naturally, for above applica-
tions we do not need integer reversibility of the transformation, so
LDgEb chroma components may be scaled down by a factor of 2
making the transformed color space components dynamic range
equal to the range of untransformed components. Other potential
fields of further research are: extending RDgDb to multispectral

data and applying LDgEb, or it's above-mentionedvariant with
scaled chroma rows, to lossy compression.
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Abstract. The lifting step of a reversible color space transform
employed during image compression may increase the total amount of
noise that has to be encoded. Previously, to alleviate this problem in
the case of a simple color space transform RDgDb, we replaced trans-
form lifting steps with reversible denoising and lifting steps (RDLS),
which are lifting steps integrated with denoising filters. In this study,
we apply RDLS to more complex color space transforms LDgEb and
RCT and evaluate RDLS effects on bitrates of lossless JPEG-LS, JPEG
2000, and JPEG XR coding for a diverse image test-set. We find that
RDLS effects differ among transforms, yet are similar for different algo-
rithms; for the employed denoising filter selection method, on average
the bitrate improvements of RDLS-modified LDgEb and RCT are not as
high as of the simpler transform. The RDLS applicability reaches beyond
image data storage; due to its general nature it may be exploited in other
lifting-based transforms, e.g., during the image analysis for data mining.

Keywords: Image processing - Lossless image compression -+ Lifting
technique + Denoising * Reversible denoising and lifting step - RDgDb -
LDgEb - RCT - JPEG-LS - JPEG 2000 - JPEG XR

1 Introduction

Most color image compression algorithms independently compress the image
components; since components in the RGB space are correlated, the compres-
sion is performed after transforming image data to a less correlated color space.
For the lossless compression, the reversible color space transforms are employed,
that are built using lifting steps [6]. In [9], we noticed that such step may increase
the total amount of noise that must be encoded during compression. We replaced
lifting steps with reversible denoising and lifting steps (RDLS), which are lifting
steps integrated with denoising filters. We applied RDLS to a simple RDgDb [11]
transform (also known as A ; [14]) and found that RDLS improved bitrates of
images in optical resolutions of acquisition devices. Experiments were performed
for 3 significantly different standard image compression algorithms in lossless
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mode (LOCO-I/JPEG-LS! [16], JPEG 20007 [15], and HD-Photo/JPEG XR3
[4,8]) and for a simple denoising filter. We found that the memoryless entropy of
the component prediction error obtained with the nonlinear edge-detecting pre-
dictor MED [7,16] was a very efficient estimator of image component transform
effects, suitable for selecting a filter for given image component. In this study, we
apply RDLS to more complex color space transforms LDgEDb [11] (denoted Ay4 10
n [14]) and RCT (among others, used in JPEG 2000 standard) and evaluate
RDLS effects using the same denoising filters, compression algorithms, and test
images, as previously. Entropy estimation employing MED is used for selecting
the denoising filter and deciding whether to exploit denoising.

The remainder of this paper is organized as follows. In Sect. 2 we briefly char-
acterize RDLS, present the proposed RDLS-modified transforms along with the
filter selection method and the denoising filters used, and describe the imple-
mentations and test data. Results are presented and discussed in Sect. 3; Sect. 4
summarizes the research.

2 DMaterials and Methods

2.1 RDLS

In [9] we proposed to replace color space transform lifting steps (Eq.1) with
RDLS (Eq.2):
Cp — Co®1f(Cy,...,Cr1,Cri1,...,Ch) (1)

C, — C,®f(CY,...,Ce_,04,,....CH (2)

where C; is the i-th component of the pixel, C, is the component which is
modified by the step, C¢ is the denoised i-th component of the pixel, n is the
number of components, and the operation @ is reversible. Different denoising
filters may be used for different components. For denoising of arguments of func-
tion f we may use any component of any pixel, but the C'; of the pixel to which
the RDLS is being applied; in this study for denoising of C; of specific pixel
we use C; of this pixel and of its neighbors. RDLS, like the lifting step it origi-
nates from, is trivially and perfectly invertible and may be computed in-place.
However note, that denoising exploited in RDLS is irreversible and it is not an
in-place operation—computing the function f argument C{ does not alter C;.
For more detailed characteristics of RDLS and examples of its application we
refer the Reader to [9,12] and to the next subsection.

! Information technology-Lossless and near-lossless compression of continuous-tone
still images—Baseline, ISO/IEC International Standard 14495-1 and ITU-T Recom-
mendation T.87 (2006).

2 Information technology-JPEG 2000 image coding system: Core coding system,
ISO/IEC International Standard 15444-1 and ITU-T Recommendation T.800 (2004).

3 Information technology-JPEG XR image coding system-Image coding specification,
ISO/IEC International Standard 29199-2 and ITU-T Recommendation T.832 (2012).
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2.2 RDLS-Modified Transforms

Here we show the application of RDLS to RDgDb and, for brevity, present
only the RDLS-modified variants of LDgEb and RCT. Equation3 shows the
RDgDb transform, as it was presented in [11], where the definitions of other
unmodified transforms may also be found. To obtain RDLS-modified RDgDb
(RDLS-RDgDb) we first rewrite RDgDb using the notation as in Eqgs.1 and 2,
where the same symbol denotes the pixel’s component both before and after
modifying its value by the lifting step or by the RDLS. Equation4 persents
RDgDb (both forward [left-hand side] and inverse) as a sequence of lifting steps;
generally, the steps must be performed in a specified order. C;, C3, and Cs
denote R, G, and B components of the untransformed image, respectively, and
R, Dg, and Db components of the transformed image, respectively. Next, we
simply replace lifting steps (Eq. 1) in Eq. 4 with RDLS (Eq. 2) constructed based
on them and obtain RDLS-RDgDb (Eq.5). The employed denoising filters and
method of selecting the filter for a given image component is described in the
following subsection.

R=R R=R

Dg=R-G < G=R-Dyg (3)

Db=G—-B B=G-Db
step 1: C3 «— —C3+ Co step 1: Cp «— C}
step 2: Cy «— —Cy+C7 <= step 2: Cy «— —Cy + C4 (4)
step 3: Cy «— Cq step 3: C3 «— —C3 + Cy
step 1: C3 — —C3+ Cg step 1: Cp «— C}
step 2: Oy « —Cy +Cf <= step 2: Oy « —Cy + Cf (5)
step 3: Cy «+— C} step 3: C3 « —C3 + CF

The RDLS-RDgDb transform (Eq.5) may be presented using component
symbols like in standard definitions of color space transforms (Eq.6). Note,
that the same symbols denote components of regular transform and its RDLS-
modified variant.

step 1: Db= —B + G“ stepl: R=R
step 2: Dg=—G + R? <= step 2: G =—Dg+ R? (6)
step3: R=R step 3: B = —Db+ G*

In Eq. 7 we present the RDLS-LDgED transform and in Eq. 8 the RDLS-RCT
transform, that were obtained from LDgEb and RCT, respectively. The floor of
division by integer power of 2 is computed using the arithmetic right shift.

step 1: Dg=—G + R? step 1: B = Eb+ L¢
step 2: L =R—|Dg?/2] <= step2: R= L+ |Dg?/2| (7)
step 3: Eb=B — L¢ step 3: G = —Dg+ R
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step 1: Cv =R —G? step 1: G =Y — |(Cv?+ Cud)/4]
step 2: Cu= B — G¢ <= step 2: B =Cu+ G?
step 3: Y =G+ |(Cv? + Cud) /4] step 3: R=Cv+ G?

(8)

It is worth noting, that components of RDLS-LDgEb and RDLS-RCT, as

opposed to RDLS-RDgDb, may require greater bit depths, than their non-RDLS

equivalents. In research reported herein, we used increased component depth

only when component pixels actually exceeded original depth; in all such cases
extending the depth by 1 bit was sufficient.

2.3 Denoising Filters and Filter Selection

For denoising we employed 11 low-pass linear averaging filters (smoothing filters)
with 3 x 3 pixel windows. The filtered pixel component C¢ was calculated as a
weighted arithmetic mean of the C; components of pixels from the window. The
weight of the window center point was different for different filters—from 1 to
1024 (integer powers of 2 only), while its neighbors’ weights were fixed to 1.

In each RDLS-modified forward transform step s for all pixels of a given
image a filter was selected individually for each component requiring denoising.
E.g., in step 3 of forward RDLS-RCT (Eq. 8), 2 filters were selected for denoising
of Cv and C'u and applied to all image pixels. All filter combinations were tested
and we also allowed to not use the filtering. The combination resulting in the best
estimated bitrate of the component being modified by the step s was used for
actual compression. Thus we performed an exhaustive search of filters in a given
step, however only step 3 of RDLS-RCT requires denoising of 2 components.
Filter(s) selection for a given step was not revised based on compression effects
of components transformed in other steps, therefore even assuming the perfect
estimation of compression algorithm bitrate, modifying this way transform with
RDLS may result in bitrate worsening. Filter selection must be passed to the
decoder along with the compressed data, but its cost is negligible.

The memoryless entropy of the component prediction error obtained using
MED predictor was used as an estimator of compressed component bitrate,
overall 3-component image bitrate was estimated as sum of computed this way
entropies of 3 components. We denote this estimation method as HO_pMED. The
compression ratio or bitrate r, expressed in bits per pixel (bpp), is calculated
as r = 8]/m, where m is the number of pixels in the image component, [ is
the length in Bytes of the file containing the compressed component, including
compressed file header; smaller r denotes better compression. The memoryless
entropy of the image component Hy = — Zfigl p; log, pi, where N is the alpha-
bet size and p; is the probability of occurrence of pixel component value 7 in the
image component, is also expressed in bpp.
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2.4 Implementations and Test Data Used
We used the following sets of images:

— Waterloo—Set (“Colour set”) of images from the University of Waterloo?;
Kodak—Image set from the Kodak corporation®;

— EPFL—Image set from the Ecole polytechnique fédérale de Lausanne® [3];
Al, A2, and A3—Image sets from the Silesian University of Technology”;

— Al-red.3, A2-red.3, and A3-red.3—reduced size (3x) sets Al, A2, and A3.

Sets A1, A2, and A3 contain unprocessed photographic images in optical res-
olutions of acquisition devices, or (A3) as close to such resolution, as possible
without interpolation of all components. Except for Waterloo, all images may be
characterized as continuous-tone photographic. The most widely-known Waterloo
set contains both photographic and artificial images; some of them are dithered,
sharpened, have sparse histograms of intensity levels [10], are computer-generated
or composed of others. The same image sets were used for experiments in the pre-
vious study, their detailed characteristics may be found in [9].

We used the Signal Processing and Multimedia Group, Univ. of British
Columbia JPEG-LS implementation, version 2.2%, JasPer implementation of
JPEG 2000 by M. Adams, version 1.900° [1], and JPEG XR standard refer-

ence software!?.

3 Results and Discussion

In Tables 1, 2, and 3, for RDLS-RDgDb, RDLS-LDgEb, and RDLS-RCT, respec-
tively, we report average entropies obtained using HO_pMED estimator and aver-
age bitrates for JPEG-LS, JPEG 2000, and JPEG XR compression algorithms in
lossless mode, summed for all 3 image components. Entropy and bitrate changes
due to RDLS with respect to non-RDLS transform variants are also reported—in
columns labeled AH( for HO_pMED and Ar for compression algorithms. Figure 1
for the examined transforms presents average entropy and bitrate changes due
to RDLS of individual transformed components and of the 3-component image;
in electronic version of the paper components are presented using colors of RGB
components from which they were transformed.

We examined RDLS effects for several transforms, compression algorithms,
and test image sets. In majority of cases, the RDLS-RDgDb obtains the best
bitrates among all RDLS-modified transforms. For all these transforms, the

* http://links.uwaterloo.ca/Repository.html.
5 http://www.cipr.rpi.edu/resource/stills /kodak.html.
6 http://documents.epfl.ch/groups/g/gr/gr-eb-unit /www/IQA /Original.zip.
" http://sun.aei.polsl.pl/~rstaros/optres/.
8 http://www.stat.columbia.edu/~jakulin/jpeg-1s/mirror.htm.
9 http://www.ece.uvic.ca/~mdadams/jasper/.
10 Information technology-JPEG XR image coding system-Reference software,
ISO/IEC International Standard 29199-5 and ITU-T Recommendation T.835 (2012).


http://links.uwaterloo.ca/Repository.html
http://www.cipr.rpi.edu/resource/stills/kodak.html
http://documents.epfl.ch/groups/g/gr/gr-eb-unit/www/IQA/Original.zip
http://sun.aei.polsl.pl/{~}rstaros/optres/
http://www.stat.columbia.edu/{~}jakulin/jpeg-ls/mirror.htm
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Fig. 1. Average entropy and bitrate changes due to RDLS for RDgDb (left-hand
panels), LDgEb (middle panels), and RCT (right-hand panels) (Colour figure online).
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Table 1. Effects of the RDLS-RDgDb transform and comparison to RDgDb
Images | HO_pMED JPEG-LS JPEG 2000 JPEG XR
Hy AHy r Ar r Ar r Ar
Waterloo | 8.9014| —0.13% | 8.8498  —0.18% | 11.1299 | —0.12% | 13.2834 | —0.11 %
Kodak 10.2876| 0.00% | 9.5676| 0.00% | 9.4755| 0.00%|10.8725| 0.00%
EPFL 11.1806 | —0.51 % | 10.2746 | —0.62 % | 10.6515 | —0.68 % | 11.6264 | —0.39 %
Al 6.7779 | —1.73% | 6.2722 | —1.80% | 6.2938 | —1.54% | 8.1445|—0.99 %
A2 14.6469 | —5.35 % | 14.0353 | —5.34 % | 14.2550 | —5.19 % | 14.6526 | —4.94 %
A3 15.1662 | —5.98 % | 14.5854 | —5.85 % | 14.7919 | —5.65 % | 15.3186 | —5.34 %
Al-red.3 | 9.0112| —0.81% | 8.2770| —0.76 % | 8.4625|—0.65% | 9.5931|—0.49%
A2-red.3 | 14.0530 | —2.01 % | 13.4235 | —1.99 % | 13.8597 | —1.98 % | 14.5830 | —1.77 %
A3-red.3 | 13.3956 | —2.82% | 12.7130 | —2.80 % | 13.0802 | —2.76 % | 14.0082 | —2.46 %
Table 2. Effects of the RDLS-LDgED transform and comparison to LDgEb
Images | HO_pMED JPEG-LS JPEG 2000 JPEG XR
Hy AHy r Ar r Ar r Ar
Waterloo | 9.0756| 0.28% | 8.9888 | 0.33%|11.2588| 0.35%13.3249| 0.21%
Kodak 10.1512| 0.05% | 9.4370| 0.06% | 9.4282| 0.06% |10.8499|—0.04%
EPFL 11.3739 | 0.54% | 10.4858 | 0.49% | 10.8297 | 0.29%|11.7821 | 0.41%
Al 6.9416 | 0.73% | 6.4348 | 0.87% | 6.4421| 0.80% | 8.2329| 0.13%
A2 14.6249 | —1.44 % | 14.0454 | —1.30 % | 14.2524 | —1.25 % | 14.6502 | —1.19 %
A3 15.3025 | —2.63 % | 14.7217 | —2.24 % | 14.9125 | —2.12% | 15.4212 | —2.08 %
Al-red.3 | 9.2698| 1.17% | 8.5435| 1.44% | 8.7113| 1.23% | 9.8088 | 1.05%
A2-red.3 | 14.1779 | —0.23 % | 13.5386 | —0.10 % | 13.9815 | —0.11 % | 14.7211 | —0.05 %
A3-red.3 | 13.6814 | —0.67 % | 12.9811 | —0.46 % | 13.3597 | —0.54 % | 14.2952 | —0.53 %
Table 3. Effects of the RDLS-RCT transform and comparison to RCT
Images | HO_pMED JPEG-LS JPEG 2000 JPEG XR
Hy AHy r Ar r Ar r Ar
Waterloo | 8.9756 | —0.48 % | 8.9236 | —0.43% | 11.1792 | —0.31 % | 13.2790 | —0.31 %
Kodak |10.2758 | —0.14% | 9.5577|—0.18% | 9.4893| —0.19% | 10.9110 | —0.09 %
EPFL 11.2681 | —0.65 % | 10.3995 | —0.63 % | 10.7430 | —0.84 % | 11.6942 | —0.57 %
Al 6.9397| 0.19% | 6.4536| 0.15% | 6.4821| 0.42% | 8.2503 | —0.07 %
A2 14.6337 | —2.19% | 14.0611 | —2.10 % | 14.2587 | —1.98 % | 14.6532 | —1.93 %
A3 15.2361 | —0.43 % | 14.6042 | —0.17 % | 14.7557 | —0.19 % | 15.2918 | —0.27 %
Al-red.3 | 9.1002 | —1.18% | 8.4063 | —1.33%  8.5820 | —1.17% | 9.6624 | —0.78 %
A2-red.3 | 14.0771 | —0.25% | 13.4646 | —0.15%  13.8917 | —0.11 % | 14.6175 | —0.08 %
A3-red.3 | 13.2992 | —0.40 % | 12.5899 | —0.32 % | 12.9520 | —0.41 % | 13.9179 | —0.37%
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obtained bitrates significantly differ among the compression algorithms. Con-
stantly, except for the Kodak set, JPEG-LS obtains the best bitrates and JPEG-
XR the worst; for Kodak the JPEG 2000 is the best. However, the bitrate
improvements due to RDLS are similar for different compression algorithms and
entropy estimated bitrate.

On average, RDLS improves bitrates of all the examined transforms. The
bitrate improvements of RDLS-modified LDgEb and RCT are not as high as in
the case of the simpler RDgDb transform and for the former transforms RDLS
sometimes results in bitrate worsening of 3-component image and, to a greater
extent, of individual components. For these transforms we did not find any objec-
tive image feature allowing to predict RDLS effectiveness—as opposed to RDgDb,
that is the most effective for images in optical resolutions of acquisition devices.

LDgEb and RCT transforms contain steps, during which a given component
C; is modified based on another one C, which has already been modified based
on C; (see step 2 of LDgED and step 3 of RCT). For example, let’s look at steps 1
and 2 of forward LDgED (its RDLS version is presented in Eq. 7). Step 1 modifies
the G component, that from this moment is denoted as Dg, step 2 modifies R,
that is then denoted as L. Step 2 of the regular lifting transform may decrease
in L the amount of information which was originally present in R, that is of
both noise and of the noise-free signal, and insert to L a fraction of information
originally present in G (also consisting of noise and noise-free signal). Actually,
as the transform is reversible, the information from R is beforehand (in step
1) propagated to Dg, and then in step 2 a part of it (as a fraction of Dg) is
subtracted from L. In step 1 components are subtracted—the use of the noise-
free signal from R is supposed to result in decreasing the correlation between
R and Dg whereas noise from R adds to noise in Dg. When we employ RDLS,
step 2 applied to R reduces the noise-free signal originally contained in it, but
not the noise (noise from R is not present in Dg because filtering during step
1 prohibited propagating it); on the other hand RDLS avoids transferring to L
the noise originally present in G. In the case of our images the former effect,
complemented by component distortions introduced by imperfect denoising we
use, has greater impact on the component bitrate, than the later—see component
L (and Y for RDLS-RCT) in Fig. 1. Also the Eb component bitrate is worsened
for some sets, which may be attributed to using for its calculation the denoised
component L, bitrates of which are for some sets worsened by RDLS.

The filter selection method we use may be responsible for worse RDLS effects in
the case of more complicated transforms. Since we select the best filters for a given
step by analyzing filtering effects on bitrate of the component C; being modified by
this step only, the selection may not be optimal if C; is then used in calculation of
components modified in further steps. Better bitrates of such components and of
overall 3-component image could be obtained by selecting filters based on overall
3-component image bitrate. Checking all filter combinations for all the steps would
be too complex in practice, but employing a heuristics that would search for the
best filters in a given step based on compression effects estimated for the entire
image (similarly to [12]) seems worthwhile. We also note, that the selection process
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complexity might be substantially reduced by using only a certain number of image
pixels for transform effect estimation—in [13,14] such optimization applied to a
similar problem resulted in a close to optimum estimation.

4 Conclusions

RDLS effects differ among transforms, yet are similar for JPEG-LS, JPEG 2000,
and JPEG XR algorithms as well as for entropy of the component prediction
errors obtained using MED. On average, RDLS improves bitrates of all the exam-
ined transforms. The bitrate improvements of RDLS-modified LDgEb and RCT
are not as high as in the case of the simpler RDgDb transform and for the former
transforms RDLS sometimes results in bitrate worsening; both effects may be
attributed to the employed method of selecting the denoising filters. As opposed
to RDgDb, we did not identify an objective image feature to which the RDLS
bitrate improvement could be linked. As the RDLS effects clearly depend on
denoising filters used, we expect that the application of better filters may further
improve bitrates of the RDLS-modified color space transforms. For some images
the denoising filter parameters might be determined directly from the acquisition
process parameters [2]. The bitrate improvements we obtained for some of the
test-sets are useful from practical standpoint. In the ongoing research, we inves-
tigate other filters and filter selection methods as well as simplified compression
effect estimators, that jointly are expected to result in greater bitrate improve-
ments obtained at a significantly lower filter selection cost. RDLS recently was
found effective for a much more complex, involving more interdependent steps,
multi-level 2D DWT transform in lossless JPEG 2000 compression [12], however,
its applicability reaches beyond image data storage. Due to its general nature
it may be exploited in other lifting-based transforms, e.g., during the image
analysis for data mining and skin segmentation [5].

Acknowledgments. This work was supported by BK-263/RAU2/2015 grant from
the Institute of Informatics, Silesian University of Technology.
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Abstract. Reversible denoising and lifting steps (RDLS) are lifting steps integrated with denoising filters in such
a way that, despite the inherently irreversible nature of denoising, they are perfectly reversible. We investigated
the application of RDLS to reversible color space transforms: RCT, YCoCg-R, RDgDb, and LDgEDb. In order to
improve RDLS effects, we propose a heuristic for image-adaptive denoising filter selection, a fast estimator of the
compressed image bitrate, and a special filter that may result in skipping of the steps. We analyzed the properties
of the presented methods, paying special attention to their usefulness from a practical standpoint. For a diverse
image test-set and lossless JPEG-LS, JPEG 2000, and JPEG XR algorithms, RDLS improves the bitrates of
all the examined transforms. The most interesting results were obtained for an estimation-based heuristic filter
selection out of a set of seven filters; the cost of this variant was similar to or lower than the transform cost, and it
improved the average lossless JPEG 2000 bitrates by 2.65% for RDgDb and by over 1% for other transforms;
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1 Introduction

Most color image compression algorithms independently
compress the image components; since components in the
RGB space are correlated, the compression is performed
after transforming image data to a less correlated color
space. For the lossless compression, reversible color space
transforms are employed, which are built using lifting
steps.”” In Ref. 3, it was noticed that such a step might
increase the total amount of noise that had to be encoded
during compression. To remove correlation without increas-
ing noise, lifting steps were replaced with reversible
denoising and lifting steps (RDLS), which are lifting steps
integrated with denoising filters. The step is modified in
such a way that, despite involving the inherently irreversible
denoising, it is perfectly reversible. RDLS was applied to
a simple RDgDb* transform (also known as Azyls) and it
was found that RDLS improved bitrates of images in optical
resolutions of acquisition devices. Experiments were per-
formed for three significantly different standard image
compression algorithms in the lossless mode (JPEG-LS,°
JPEG 2000,” and JPEG XR®) and for simple linear denoising
filters (“smoothing” filters). The memoryless entropy of
the component prediction error obtained with the MED
predictor’ was a very efficient estimator of image component
transform effects that was found suitable for selecting a filter
for a given image component independently of the image
compression algorithm.

*Address all correspondence to: Roman Starosolski, E-mail: roman.
starosolski@polsl.pl
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An intermediate stage of the research reported herein was
presented in Ref. 10, where RDLS was applied to more
complex color space transforms LDgEb* (denoted Ay in
Ref. 5) and RCT (among others, used in JPEG 2000).
RDLS effects were evaluated using the same denoising fil-
ters, compression algorithms, and test images, as in Ref. 3.
Entropy estimation employing MED was used for selecting
the denoising filter and deciding whether to exploit denois-
ing. The selection of filters for a given transform step was
based only on the estimated filtering effects on a bitrate
of component modified by this step. As a result, the filtering
might, for RCT and LDgED, result in worsening of the over-
all image bitrate even if assuming the perfect estimation.

In Ref. 3, it was also observed that, although RDgDb or
its RDLS-modified variant improves bitrates in the average
case, for some color images, the best ratios were obtained
when untransformed components were compressed. In
Ref. 11, RDLS was applied to discrete wavelet transform
(DWT) in lossless JPEG 2000 compression of grayscale
images. The noise filtering was the most effective when
applied only to some steps. Some images were compressed
better when the DWT stage of this algorithm was skipped,
although in the average case, RDLS improved bitrates. Thus,
it was suspected that the optimum might be in-between
skipping and applying the transform, i.e., that better bitrates
may be obtained by skipping only some of the steps of the
transform.

The new contributions of this study are mainly motivated
by conclusions from earlier works and are aimed at proper-
ties of RDLS-modified color space transforms that are worth-
while from a practical standpoint. Since sometimes it is
better to compress an untransformed image, we propose
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employing a special filter, named “null,” which may make
the RDLS-modified color space transform skip all or
some of its steps. We also propose an image-adaptive denois-
ing filter selection heuristic that, as compared to the heuristic
exploited in Ref. 10, avoids worsening of the image bitrate
and for more complex transforms is faster. As the heuristic
cost (i.e., its computational time complexity) may still be
too high for practical applications, we propose the limited
complexity estimator of compression effects HO_pMED
(10k:100), which is based on a fast estimator from Ref. 5.
The cost of the latter, however, significantly increased if
RDLS was employed. The evaluation of the effects of the
above contributions is performed using the same transforms,
compression algorithms, and test images, as in Ref. 10.
Additionally, we apply RDLS to the YCoCg-R transform,'
test the heuristic against an exhaustive filter search, and the
estimators against the actual bitrates of lossless image com-
pression algorithms.

The remainder of this paper is organized as follows. In
Sec. 2, first, the reversible color space transforms and the
RDLS method are briefly described. Next, in Sec. 2.3, we
present the RDLS-modified transforms including the new
RDLS-YCoCg-R and compare their dynamic ranges and
bit-depths to the non-RDLS counterparts. In Sec. 2.4, we
demonstrate the transform reversibility in a step-by-step
example and present sample effects that RDLS may have
on the transformed components of a noisy image. In
Sec. 2.5, we describe the denoising filters used in the
research including the proposed null filter. Then we intro-
duce the filter selection heuristic (Sec. 2.6) along with the
compression effect estimators including the proposed
HO_pMED(10k:100) (Sec. 2.7) and report their complexities
for various transforms. We also describe the compression
algorithms, implementations, and test data (Sec. 2.8).
Results are presented and discussed in Sec. 3. We start
from analyzing the effects of contributions that are aimed
at the bitrate improvement (i.e., the new heuristic and the
null filter) and comparing them to the previously known
methods. Next (Sec. 3.2), we reduce the cost of the bitrate
improvement by limiting the number of denoising filters and
iterations of the heuristic and by applying HO_pMED
(10k:100). We also perform certain additional experiments
(Sec. 3.3), among others, to check how far from optimal
are our heuristic and estimation method. Finally, the exten-
sive summary is followed by a brief conclusion.

2 Materials and Methods

2.1 Lifting-Based Reversible Color Space Transforms

Reversible color space transforms investigated in this study
are sequences of lifting steps. Below, we characterize them
briefly and refer the reader to Refs. 1, 4, and 5 for more
detailed descriptions and comparisons among them. In
each lifting step of a transform, a single pixel component
is modified by adding to it a linear combination of other
components of the same pixel; the sum may be negated.
Up to three steps are needed to transform an RGB pixel
to any of the spaces discussed in this section. A transform
realized as a sequence of lifting steps has advantageous prop-
erties: it may be computed in-place, it is reversible when
transformed components are stored using integers (it is inte-
ger-reversible), and it is easily and perfectly invertible. To
obtain an inverse transform, the inverses of lifting steps
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should be applied in an order exactly opposite to the order
employed by the forward transform. However, transforms
are usually presented using different symbols for compo-
nents before and after applying lifting steps to them, lifting
equations are simplified, or a lifting sequence is transformed
in order to present an optimized method of transform imple-
mentation. Thus, it may not be obvious which component is
modified in a given step or how to inverse the step. In this
section, we follow the usual way of presentation; for trans-
forms presented as sequences of lifting steps, see Sec. 2.3.
Probably the most frequently used reversible color space
transform is the RCT transform employed in JPEG 2000
for lossless compression, which is an approximation of an
irreversible ICT transform used in JPEG 2000 for lossy com-
pression, that in turn may be seen as an approximation of an
irreversible YCbCr color space transform.’” Equation (1)
presents forward (left-hand side) and inverse RCT:

Yr=|[(R+2G+ B)/4]
Ur=R-G
Vi=B-G

G=Yr-|(Ur+Vr)/4]
& R=Ur+G ,
B=Vr+G

6]

where the |i/27] is the floor of i /27; i.e., the greatest integer
not exceeding /29, that for integer i and positive integer g
may be simply computed as the arithmetic right shift of i by
q bits. RCT transforms RGB primary color components R,
G, and B to component Yr representing pixel luminance
and two chrominance components Ur and Vr. Note that
compared to primary color and luminance components,
the dynamic range of chrominance components and conse-
quently their bit-depths are greater—which is also true for
other transforms presented in this section.

Another standard transform, among others used in JPEG
XR, is YCoCg-R. In Eq. (2), it is presented as it was
originally proposed in Ref. 12, i.e., as a sequence of steps
involving storing an intermediate result in a temporary
variable #; Y represents pixel luminance, whereas Co and
Cg are chrominance components:

Co=R-B t=Y—|Cg/2|

t=B+[Co/2] & G=Cg+t 2
Cg=G-t B=1t—-[Co/2|"

Y =1t+[Cg/2] R =B+ Co

In Ref. 3, RDLS was applied to the RDgDb transform
[Eq. (3)],* which is also known as A, ;.” RDgDb was chosen
because of its simplicity and good performance. It requires
only two simple integer operations (add or subtract) per
pixel, which for the three-component RGB color space is
possible because we do not transform all the components.
There are two transformed chrominance components Dg
and Db, but instead of luminance, the untransformed pri-
mary color R is used:

R= R=R
Dg=R-G & G=R-Dg. 3)
Db=G-B B=G-Db

In this research, we also include the LDgEb transform
[Eq. (4)]* (denoted A, ;o in Ref. 5). Like typical transforms,
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it results in a luminance (L) and two chrominance (Dg and
Eb) components; interestingly, the component formulas are
based on actual analog transforms from the human visual
system:

Dg=R-G R=L+ |Dg/2|
L=R-|Dg/2] © G=R-Dyg . 4)
Eb=B-L B=FEb+L

2.2 Reversible Denoising and Lifting Step

A lifting step in a reversible color space transform may
propagate the noise to the component it modifies from
other components. In Ref. 3, integrating denoising into lift-
ing steps was proposed in order to avoid noise propagation
while preserving other transform properties (i.e., reversibil-
ity, in-place operation, and removing correlation). The
method was based on the generalized lifting step of a color
space transform:
Cx(_cxEBf(Cls"-vi—19Cx+1»"'sCm)v (5)
where C,, is the n’th component of the pixel, C, is the com-
ponent which is modified by the step, m is the number of
components, f is a deterministic function, and the operation
@ is reversible, i.e., an inverse operation ® exists, such
tht c=adbsa=c®Db.

By denoising of arguments of function fin the generalized
lifting step [Eq. (5)], a reversible denoising and lifting step
[RDLS, Eq. (6)] was constructed:

|

Cr—Cy @ f(CY,...,Ch ..

G-t G (©)
where C¢ is the denoised n’th component of the pixel.
Different denoising filters may be employed for different
components and in different steps. For denoising of argu-
ments of function f, any component of any pixel may be
used except the C, of the pixel to which the RDLS is
being applied. Denoising is not an in-place operation, com-
puting the function f argument C¢ does not alter C,,. In this
study, for denoising of C, of a specific pixel, we use C,, of
this pixel and of its neighbors.

Despite the inherently lossy nature of denoising, RDLS
exploiting denoising is perfectly and easily invertible. An
inverse of an RDLS-modified color space transform is
obtained by applying inverses of RDLS:
C,C,®f(Cd,...,Ce_,,C?

» Y x=12 x+l""’Ci)’ (7)
in an order opposite to one employed by the forward
transform—see examples in the following two sections.
Naturally, the same denoising filters must be used for the
same components in inverse RDLS, as they were applied
during forward RDLS.

2.3 Reversible Denoising and Lifting Steps-Modified
Transforms

In Eq. (8), the RCT transform is defined as a sequence of
lifting steps—both the forward RCT transform (left-hand
side) and inverse:

stepl: C«C,—C, stepl: Cr<C,—|(C| + C3)/4]
step2: Cz<C3—C, & step2: C3<C3+C, . ®)
step3:  Cr<C, + |(C) + C3)/4] step3: C,<C,+C,

We use the notation as in Egs. (5)—(7), where the same
symbol denotes the pixel’s component before and after
modifying it by the lifting step or the RDLS. For all
the transforms presented in this section, Cy, C,, and C;
denote the R, G, and B components of the untransformed

image, respectively. For RCT, the Cy, C,, and C; denote
|

[
also the Ur, Yr, and Vr components of the transformed
image, respectively. Generally, the steps must be per-
formed in a specified order.

The RDLS-modified RCT [RDLS-RCT, Eq. (9)] is obtained
by simply replacing the RCT [Eq. (8)] lifting steps [Eq. (5)]
with the RDLS [Eq. (6)] constructed based on them:

stepl: C;«C,—C§ stepl:  Cy«C, — [(CY+ CS)/4]
step2:  Cy3<Cs — C4 & step2: C3<C;+C§ ) )
step3:  Cy<C, + [(C{ + C9)/4] step3: C;<C, +C{

We use the same symbols to denote components of regular
transforms and of their RDLS-modified counterparts;
thus, C;, C,, and C; denote the Ur, Yr, and Vr compo-
nents of the RDLS-RCT transformed image, respectively.
The regular lifting transform is a special case of the
RDLS-modified transform; the lifting transform may be
obtained by using a denoising filter, for which C¢ = C,,.
We call such a filter the “none” filter.

The dynamic range of RDLS-RCT components differs
from RCT components’ range in the case of the C, compo-
nent. We assume that denoising of the pixel component C,
may result in any integer within the dynamic range of
the image component C,. Note that the “component” term
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[
may refer to a pixel and to an image; in the latter case,
the image component C,, is an image consisting of C,, com-
ponents of all pixels of a color image. In RDLS-RCT, for the
[0,2° — 1] range of untransformed RGB components, the
range of C; and Cj before performing the forward step 3
is [-2” +1,2° — 1]. Due to denoising, step 3 of RDLS-
RCT adds to C,, a floor of a quarter of a sum of two values,
each of which may be any integer from the [-2° 4 1,2% — 1]
range. Thus, the range of the RDLS-RCT transformed C,
is [-20-1,3 . 26-1 7).

As noted in Ref. 3, a lifting-based color space transform
may be performed for each pixel independently of others.
The RDLS sequence, constructed based on a color space
transform, is a transform of the whole image components.
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It is not a color space transform, since denoising of a specific
pixel’s component C,, requires to access the C, of (at least)
neighboring pixels. The lifting-based color space transform of
an image may be performed in a pixel-by-pixel regime,
i.e., we apply all transform steps to a pixel, then we proceed
to the next pixel, or step-by-step, i.e., we apply a lifting step to
all pixels, and then we proceed to the next step; these regimes
are equivalent. Also for the RDLS-modified transform, both
regimes may be exploited, but they are not equivalent as
filters depend on the regime. In this study, we employ the

|

step-by-step regime. In this regime, for each image compo-
nent, except for the component being modified in the current
step, either all pixels are transformed or all are untransformed.
Assuming that each untransformed and each transformed
image component has invariant characteristics, the same filter
may be selected for all image pixels in a given RDLS-
modified transform step for denoising of a given component.

Presented below are the RDLS-modified variants of
YCoCg-R [RDLS-YCoCg-R, Eq. (10)], RDgDb [RDLS-
RDgDb, Eq. (11)], and LDgEb [RDLS-LDgEb, Eq. (12)]:

stepl: C;«C,—CY¢ stepl:  Cy«C, + [C4/2]
step2: Cy<—C3—|C¢/2] +C§ & step2: Ci3«—Cy—[C{/2| +C4, (10)
step3:  Cy<C, — [C4/2] step3: C;«<C, +C¢
[
stepl: Cy —Cs + Cd stepl: Cp<C, (L and Eb) may require greater bit-depths than their non-
step2: Coee—Cr+C! & step2: Cree—Cy + C1 RDLS counterparts. In such cases, the range of the non-
3: C2 c 20 3: C2 C2 C‘I” RDLS transformed component is placed approximately in
step i GGy step3: 3= =03+ C3 the center of the corresponding RDLS transformed compo-
(11) nent range. The dynamic range expansion with respect to the
non-RDLS transform is the greatest for the RDLS-YCoCg-R
transform, which needs 2 bits more than YCoCg-R for
stepl: Gy« —Cy+C¢ stepl: C3«C3+C{ encoding the ¥ component. &
step2: C,«C,—[C4/2] & step2: C;<C,+|C§/2].
tep3: C3<C;—C¢ tep3: Cr<—C,+C¢ . . o
Siep T Sep 2 2 ('12) 2.4 Example of a Reversible Denoising and Lifting

By applying to the RDLS-modified transforms the none
filter, the non-RDLS variants may be obtained in a form
of sequences of lifting steps. Note that in Eq. (10),
the [Cg/Z] is the smallest integer greater or equal to
C4/2. Names of the transformed components are, for
each transform, listed in Table 1.

Table 1 also presents dynamic ranges and bit-depths
of components of all transforms investigated in this study.
As opposed to RDLS-RDgDb, some components of RDLS-
RCT (Yr), RDLS-YCoCg-R (Y and Cg), and RDLS-LDgEb

Steps-Modified Color Space Transform

In this section, using the RDLS-RCT as an example, we dem-
onstrate how an RDLS-modified transform processes an
image and how the transform reversibility is maintained
despite involving the inherently irreversible denoising. Next,
we present sample effects that RDLS may have on the trans-
formed components.

The diagram in Fig. 1 presents operations performed by
consecutive steps of forward and inverse RDLS-RCT. Effects
of these operations on components of a sample noisy image
are presented in Fig. 2; letters surrounded by dashed lines in
Fig. 1 denote the panels in Fig. 2 that contain the current

Table1 Names, dynamic ranges and bit-depths of components of lifting transforms and their RDLS counterparts; b, bit-depth of the untransformed

RGB components, b > 1.

C, C, Cs

Transform Name range depth name range depth name range depth
RGB R [0,20 — 1] b G [0,20 —1] b B 0,20 — 1] b

RCT Ur (20 41,20 — 1] b+1 Yr (0,20 —1] b vr (<20 41,20 — 1] b+1
RDLS-RCT ur [~20 41,20 — 1] b+1 Yr  [=2b1,3.20-1_2]  p41 Vr [-20 41,20 — 1] b+1
YCoCg-R Co [-20 41,20 — 1] b+1 Y [0,20 —1] b Cg [-2b 41,20 —1] b+1
RDLS-YCoCg-R  Co [-20 41,20 — 1] b+1 Y [-8.2027.202_2] py2 Cg [-3-201423.20-1_1] p42
RDgDb R (0,20 —1] b Dg [-20 +1,20 —1] b+1 Db [-2P + 1,20 —1] b+1
RDLS-RDgDb R [0,20 —1) b Dg [-2b 41,20 —1] b+1 Db [-2b 41,20 —1] b+1
LDgEb L (0,20 — 1] b  Dg [20+1,2°-1]  b+1 Eb [~20 41,20 — 1] b+1
RDLS-LDgEb L [-2b-1+1,3.20-1—1] b+41 Dg [-20 41,20 —1] b+1 Eb [-3-20-141,3.20-1_2] p+2
Journal of Electronic Imaging 043025-4 Jul/Aug 2016 « Vol. 25(4)
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Fig. 1 Example of forward and inverse RDLS-RCT. }_, weighted
arithmetic mean of components; d, denoising of a component; dashed
lines surround labels of Fig. 2 panels with the transformed component
of a sample image.

appearance of the component. In this example, we use the
same denoising filter in all transform steps for all compo-
nents requiring denoising and employ the step-by-step
regime.

Step 1 of forward RDLS-RCT applied to all image pixels
transforms Cy, C,, and C5 components of the untransformed
image (i.e., R, G, and B primary color components, respec-
tively) by modifying only the C; component. The latter is
modified by subtracting from it the temporarily created com-
ponent obtained by denoising of the C, component. In step 2,
we modify in an analogical way the C3 component. Step 3
(Cy<—Cy + | (C¢ + €9)/4]) is more complicated. For brev-
ity in Fig. 1, we ignore computing of the floor. In this step,
we add to the C, component the quarter of the sum of the
temporary denoised components C; and C;, which are
obtained based on the components already transformed in
earlier steps. To C, of each pixel, we add the quarter of
the sum of the temporary denoised components C; and
C; of the same pixel. After step 3, we have the RDLS-
RCT transformed C;, C,, and Cs; components, i.e., Ur,
Yr, and Vr, respectively.

Inverse transform simply applies inverses of the forward
transform steps in a reversed order. Step 1 of the inverse
transform (C,<—C, — |(C; + C3)/4]) is an inverse of the
forward step 3. These two steps modify the C, component
only. Other components are not changed by them but are
used in a read-only manner to obtain temporary denoised
components. Thus, components C; and C; before inverse
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transform step 1 are exactly the same as before forward
step 3. Inverse transform step 1 subtracts from C, the quarter
of the sum of the denoised components C; and C;—sub-
tracts from C, of each pixel exactly the same value that
was added to it in forward step 3. The reversibility is main-
tained because, based on the same C; and Cj; as in forward
step 3, we obtained the same temporary denoised compo-
nents. Therefore, the denoising filter must be deterministic
but does not have to be reversible, or invertible; we perform
“forward” denoising in both the forward and the inverse
RDLS-modified color space transform. In this example,
we use the same denoising filter for all the components.
However, in a general case, for denoising of a given compo-
nent in the inverse of a certain forward step, we must use the
same denoising filter that was used for this component in
the forward step. As a result of inverse step 1, we obtain
the untransformed C,, i.e., the G primary color component,
that is then used in inverse transform steps 2 and 3 to obtain
the temporary denoised untransformed C,. The latter was in
forward transform subtracted from the untransformed C; and
Cj3; in inverse transform, we add it to the transformed C3 and
Cy, reconstructing the untransformed C; and C;—the pri-
mary color components B and R.

In Fig. 2, we compare effects of RCT and RDLS-RCT for
a noisy image. Components of an original untransformed
image [Figs. 2(a)-2(c)] are contaminated with impulse
noise (10% of white pixels were replaced by black ones).
Impulse noise is not a typical distortion found in real-life
images; we use it because it is easy to observe and, in
most cases, may be efficiently removed by using a simple
median denoising filter. Hence, in this example, for denois-
ing, within all RDLS steps of RDLS-RCT we employ the
median denoising filter with 3 X 3 pixels window. This filter
may fail to remove noise from components of our image, or
introduce distortions, only at the edges between areas of
different brightness [in Fig. 2, compare panels (d), (e), and
(f) with (g), (b), and (i), respectively]. Figure 2 also reports
the component bit-depths and bitrates of a lossless image
compression algorithm (estimated using the HO_pMED
estimator, which is described in Sec. 2.7).

Looking at the effects of RCT [Figs. 2(j)-2(1)], we see that
the transformed components contain noise from all the com-
ponents used to calculate them. When we compress these
components independently, then we encode the information
on noise from the untransformed components twice (noise
from the C; and C5 components) or three times (noise from
C,). The most pronounced effect of RDLS [Figs. 2(g)-2(1)]
is that the transformed components contain noise only from
their untransformed counterparts.

A more subtle difference between RDLS-based and lift-
ing-based transform effects may be noticed for components
that, during transform, are modified based on themselves.
For example, the component C, in step 3 is modified
based on components C; and Cj that have already been
modified based on C, in earlier steps 1 and 2, respectively.
Basically, step 3 of the lifting-based RCT transform makes
C, contain a weighted arithmetic mean of the untransformed
C,, C,, and C3 components. Therefore, it decreases in C, the
amplitude of the signal originally present in this component,
that is, of both the ideal noise-free image and noise contami-
nating it. On the other hand, assuming the perfect denoising,
the RDLS modifies a component based only on the ideal

Jul/Aug 2016 « Vol. 25(4)



Starosolski: Application of reversible denoising and lifting steps with step skipping to color space transforms. ..

(a) Untransformed C (R) (b) Untransformed C> (G)

(€) Untransformed C3 (B)

depth = 8 b, HO_.pMED = 0.5287 bpp depth = 8 b, HO_pMED = 0.5290 bpp depth = 8 b, HO_pMED = 0.5221 bpp

(d) Temporary denoised RDLS-RCT  (€) Temporary denoised (f) Temporary denoised RDLS-RCT
transformed C [from panel (g)] untransformed C3 [from panel (b)] transformed C3 [from panel (i)]

(9) RDLS-RCT transformed C; (Ur) (h) RDLS-RCT transformed Cz (Yr) (i) RDLS-RCT transformed Cs (V'r)

depth = 9 b, HO_pMED = 0.5980 bpp depth = 9 b, HO_pMED = 0.9318 bpp depth = 9 b, HO_pMED = 0.5904 bpp

() RCT transformed Cy (Ur) (k) RCT transformed Cs (Yr) () RCT transformed C5 (V1)

depth = 9 b, HO_.pMED = 0.8519 bpp depth = 8 b, HO_.pMED = 1.5106 bpp depth = 9 b, HO pMED = 0.8530 bpp

Fig. 2 Effects of RCT and RDLS-RCT on components of a noisy image. (a—c) Untransformed compo-
nents of the original image, (d-f) temporary denoised components created while computing RDLS-RCT,
(g-i) RDLS-RCT transformed components, and (j-I) RCT transformed components; image sizes are
74 x 71 pixels, transformed components are presented normalized to the dynamic range of original
ones, for denoising the median filter with 3 x 3 pixels window was used; HO_pMED, estimated bitrate
of the component (see Sec. 2.7).

Journal of Electronic Imaging 043025-6 Jul/Aug 2016 « Vol. 25(4)



Starosolski: Application of reversible denoising and lifting steps with step skipping to color space transforms. ..

noise-free images contained in other components. Thus, the
ideal noise-free image is transformed differently than noise.
The former is transformed as in a regular lifting-based trans-
form, while the latter does not get propagated to other com-
ponents and cannot be “weighted” using its copy from other
components. The RDLS-RCT transformed C, contains a
weighted arithmetic mean of ideal noise-free images from
the C;, C», and C5 components and unmodified noise origi-
nally present in C,. Therefore, the amplitude of noise from
unmodified C, in transformed C, is greater after RDLS-RCT
than after RCT. The above effect may be hard to notice on
Fig. 2. The pixels affected by noise from untransformed
C, appear similarly dark in C, transformed by RCT
[Fig. 2(k)] and RDLS-RCT [Fig. 2(h)] because all compo-
nents in Fig. 2 are presented normalized to the dynamic
range of untransformed primary colors, so the actual
dynamic range of C, in the case of RDLS-RCT was reduced
twice, whereas for RCT, it was not changed.

It is worth noting that the actual denoising is not perfect,
which may affect bitrates of RDLS-modified color space
transforms. For our example image, the effects of the imper-
fect denoising we applied are rough edges between areas of
different brightness (noticeable in all RDLS-RCT trans-
formed components) and additional noisy pixels in trans-
formed C, (of intensity different to pixels that were noisy
in untransformed C,).

The estimated bitrates of RDLS-RCT components are sig-
nificantly lower than bitrates of RCT components. Interest-
ingly, bitrates of untransformed components are even better,
which suggests that for some images, the untransformed
components should be compressed. In the next section,
we propose a special case of a denoising filter for RDLS,
which may result in skipping of the RDLS-modified color
space transform.

2.5 Denoising Filters

For denoising, we employed simple low-pass linear averag-
ing filters (smoothing filters) with 3 X 3 pixels windows;
these filters were previously found effective for RDLS-
RDgDb, RDLS-LDgEb, and RDLS-RCT.*!* The filtered
pixel component C¢ was calculated as a weighted arithmetic
mean of the C,, components of pixels from the window. The
weight of the window center point varied for different filters,
while its neighbors’ weights were fixed to 1. We tested 11
smoothing filters with window center point weights from
1 to 1024 (integer powers of 2 only).

The filter set contains the none filter for which C¢ = C,,.
The none filter turns RDLS into a regular lifting step if it is
applied to all arguments of function f [see Eqgs. (5) and (6)].
The heuristic we employ for an image-adaptive filter selec-
tion (see the next section) requires this filter to be present in
the filter set.

We also used the null special filter case, for which
C? = 0. For the examined RDLS-modified color space trans-
forms, the null filter may result in step skipping. If it is
applied to all arguments of function f, then RDLS becomes
C.<«C, or C,<— — C, and negating the image component
does not change its entropy and has virtually no effect on
its compression ratio.

It is noteworthy that the none and null filters may turn the
RDLS-modified transform into a lifting transform or cause
skipping it as a whole or partially—because different filters
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may be selected for different steps by the filter selection
heuristic we employ. On the other hand, the specific RDLS
may be only partially affected if its function f has more
than one argument.

2.6 Filter Selection Heuristic

We used a simple and greedy denoising filter selection heu-
ristic based on one applied in Ref. 11 for the RDLS-modified
DWT transform. It consists of the below described steps:
A and B.

A. Transform the image using the none filter in all steps for
all arguments of function f. Store the estimated bitrates
of the transformed components and, for each component
in each step, assign the none filter.

B. In each transform step s (starting from step 1) for each
function f argument C, (analyzed in the Ci,...,Cy
order), try to find a better denoising filter by checking
for each filter (except for the one already selected),
the overall estimated bitrate obtained by using in step
s this filter for denoising of component C, for all
image pixels, while the filters selected so far are used
for other components and in other steps.

Step B of the heuristic may be repeated for a given num-
ber of iterations. This step of the heuristic in each RDLS-
modified forward transform step for each component requir-
ing denoising greedily selects the denoising filter to be
applied to all image pixels. For example, in step 3 of forward
RDLS-RCT [Eq. (9)], first, a filter for C; is selected for
denoising of all the image pixels and then a filter for C;
is also selected for all pixels.

To obtain the estimated overall image bitrate after chang-
ing a filter, it may be sufficient to estimate bitrates of some
components only—depending on the transform and the
step, the changing of a denoising filter may not affect
all components. Table 2 presents computational time com-
plexities of the filter selection heuristic that take into
account the above-mentioned property. Complexities are,
for the investigated RDLS-modified transforms, expressed
using the cost of operations on a single image component.
For comparison, the complexities of compression using
these transforms with the already selected filters and com-
pression with the non-RDLS transforms are also reported.
We assumed that all image pixels are used in bitrate estima-
tion. Using for this purpose only some of the pixels allows
lowering the complexity, which is discussed in the next
section.

These estimations are rough, among others because the
complexity of denoising may differ significantly for different
filters and because different lifting steps are not equally com-
plex (we took into account that step 3 of forward RDgDb is
done at no cost and that no actual denoising is applied in step
A of the heuristic). However, they allow making certain gen-
eral observations. The complexity of the heuristic depends
linearly on the number of iterations of step B, the number
of filters, and on complexities of bitrate estimation, lifting,
and denoising. It also depends on the RDLS-modified
transform it selects filters for; it is the smallest for RDLS-
RDgDb, whereas for others, it is about three (for RDLS-
RCT and RDLS-LDgEb) or four (RDLS-YCoCg-R) times
greater.
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Table 2 Complexities of the heuristic and the compression exploiting transforms.

Transform Heuristic Compression (RDLS transform) Compression (non-RDLS transform)
RDLS-RCT 6h(f —1)(ce + ¢+ C4) + 3Ce + 3¢ 3¢, + 3¢, +4cy 3c. + 3¢
RDLS-YCoCg-R 8h(f —1)(Ce+ ¢/ + Ccy4) +3ce + 3¢y 3¢ + 3¢ +4cy 3¢, + 3¢
RDLS-RDgDb 2h(f —1)(ce + ¢/ + C4) + 3Ce + 2¢; 3¢, +2¢; +2¢4 3c. +2¢
RDLS-LDgEb 6h(f —1)(Ce + ¢/ + C4) +3ce + 3¢y 3¢, + 3¢, + 3¢y 3¢, + 3¢

Note: ¢4, cost of denoising of an image component; ¢,, cost of modifying an image component by applying a lifting step to all image pixels; c,, cost
of estimating the bitrate for the component; ¢, cost of actual compression of a component; f, number of denoising filters; h, number of iterations of

step B of the heuristic.

Assuming the perfect bitrate estimation, the step-by-step
regime, and that for denoising of C,, of a specific pixel only
C,, of this and of other pixels are used, the results obtained
after a single iteration of step B of the heuristic are optimal in
the case of the RDLS-RDgDb transform. In this transform, a
component modified in a given step is modified based on
only one other component and is not used in the next steps.
Therefore, the filter selected for this step affects the bitrate of
the component modified by it only.

The selected filters have to be passed to the decoder
along with the compressed data. In this research, we initially
used up to 13 filters (described in Sec. 2.5) and from two
to four filters must be selected for an image depending on
the applied transform. The cost of encoding the filter selec-
tion using a fixed-length binary code is at most 20 bits per
image—it is negligible.

|

I’Illn( La—l.h]’ La.h—l]) if CLa—l,h—l]
MED(C"") = { max(cie="), cleb=1) it oot

clet oy cleb=t _ et Giherwise
where CL”’b] is the component C, of the image pixel in

column a and row b and MED (CLa'b]) is its predicted
value. For the top image row, we used Cé " asa predic-
tor; for the leftmost column, we used CZ’b_l; and 0 was
a predictor for the top left image pixel.

We also examined limited-complexity estimation meth-
ods, where for each transformed image component, instead
of entropy of prediction errors of all the pixels, we used:

¢ the memoryless entropy of 10,000 pseudorandomly
selected pixels’ component prediction errors, this esti-
mator is denoted HO_pMED(10k:1), and

¢ the memoryless entropy of 10,000 component pre-
diction errors from 100 pseudorandomly selected
nonoverlapping 10 X 10 pixels rectangles, denoted
HO_pMED(10k:100).

For the selection of pixels in HO_pMED(10k:1) and HO_
PMED(10k:100), we reinitialized the pseudorandom number
generator each time the image component bitrate was
estimated. Thus, from all components of an image, in all
steps and iterations of the heuristic, the same pixels were
used for estimation.

Journal of Electronic Imaging

2
<

043025-8

2.7 Estimation of Component Compression Effects

As the primary estimator of the image component compres-
sion effects, denoted HO_pMED, we used the memoryless
entropy of the component residual image, i.e., of a single-
component image consisting of prediction errors calculated
as differences between actual and predicted component pix-
els. The bitrate of the three-component image was estimated
as a sum of the estimated bitrates of its three components.
The memoryless entropy of a single-component image
(a residual image in this case) is Hy = — Y ' p;log, p;,
where N is the alphabet size and p; is the probability of
occurrence of pixel value i in the image. For prediction,
we used the nonlinear edge-detecting predictor MED
[Eq. (13)],° which originates from the median adaptive pre-
diction coding of video data:'*!*

max( ’[1a—l.h] 7 La,b—l] )
min(Cl¢™", ¢ty (13)

HO_pMED(10k:1) was found by Strutz to be a sufficient
estimator for a close to the optimum color space transform
selection.’ For typical image sizes, compared to using for all
image pixels, a simpler predictor or to computing the entropy
of the image component instead of the component prediction
error, it allows a greater reduction of the computational time
complexity of the compression effects estimation for the lift-
ing-based transforms."”” Computing HO_pMED(10k:1) for
the three-component image transformed with non-RDLS
transform is of low complexity; in order to obtain 30,000
component prediction errors (10,000 in each component),
we have to transform 40,000 pixels and compute the
MED predictor 30,000 times, whereas the smallest image
used in this study contained 262,144 pixels. In the case of
the RDLS-modified transform, however, there appears the
large extra cost of denoising operations necessary to obtain
the prediction errors of individual pixels; denoising opera-
tions are the most important factor of the complexity of
the heuristic employing HO_pMED(10k:1).

For example, 72 pixel components must be denoised
in order to obtain the prediction errors of the single pixel
components computed by RDLS-YCoCg-R, which was
calculated as follows. We assumed that neighborhoods of
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individual pixels whose prediction errors are selected for
bitrate estimation are not overlapping or an accidental over-
lapping is not exploited to reduce the estimation cost and
that we use denoising filters with 3 X 3 pixels windows. To
obtain the MED prediction error of a transformed C, com-
ponent of a pixel, which is computed in step 3 of RDLS-
YCoCg-R [Eq. (10)], we need C, of this pixel and of its
neighbors (upper, left-hand, and upper-left)—a 2 X 2 pixels
rectangle area; these pixels are computed in step 3 based on
a 2 x 2 pixels rectangle of C¢ components (requiring four
denoising operations). To obtain a 2 X 2 pixels rectangle
of C{ components, we use a 4 X 4 pixels rectangle of trans-
formed C3 components that are computed in step 2. In step 2,
to obtain a 4 X 4 pixels rectangle of C3, we use 4 X 4 pixels
rectangles of C¢ and C¢ (32 denoisings); C, in this step is an
untransformed G primary color component, but C; is com-
puted in step 1. To obtain a 4 x 4 pixels rectangle of C¢, we
need a 6 X 6 pixels rectangle of transformed C}, that, in step
1, is computed using a 6 X 6 pixels rectangle of Cg’l (36
denoisings). While computing the C, prediction error, we
obtained data sufficient for computing prediction errors of
the remaining components. All in all, we have to perform
the pixel’s component denoising 72 times per pixel and
720,000 times to get the HO_pMED(10k:1) estimation of
the image compression ratio.

For RDLS-YCoCg-R and the smallest images used in
this research, the number of denoising operations required
by HO_pMED(10k:1) is not much smaller compared to
HO_pMED, which requires four denoising operations per
image pixel. To reduce the estimation cost, we proposed
the HO_pMED(10k:100) estimator that requires 68,400
denoising operations to obtain the bitrate estimation of
an RDLS-YCoCg-R transformed image (assuming the
3 x 3 pixels window of denoising filter and that the neigh-
borhoods of the 10 X 10 pixels rectangles selected for bitrate
estimation are not overlapping or that an accidental overlap-
ping is not exploited to reduce the estimation cost).

As already noted, the heuristic does not require perform-
ing all of the transform steps after each filter change and not
all components’ bitrates must be estimated each time an
overall image bitrate is estimated, which allows certain opti-
mizations. Taking them into account, we present in Table 3
the cost of the heuristic for various RDLS-modified trans-
forms, expressed as a number of denoisings of a component
of a single pixel. The cost is calculated assuming that in step
A of the heuristic, no actual denoising is used, but each time

we estimate the bitrate in step B, we do it as if all filters used
a 3 x 3 pixels window. In the cases when the heuristic cost
for HO_pMED(10k:1) is the highest (i.e., for RDLS-YCoCg-
R and RDLS-LDgEb), employing HO_pMED(10k:100)
decreases it over eight times.

We also note that the filtering operation may be opti-
mized. For example, computing the smoothing filter with
a 3 x 3 pixels window and center point weight 1 for an indi-
vidual pixel [which is needed for the HO_pMED(10k:1) esti-
mator] requires nine arithmetic operations; for pixels inside a
contiguous rectangular area [for HO_pMED and HO_pMED
(10k:100)], the cost of this filter drops to five arithmetic
operations. Having computed the smoothing filter with a
certain center point weight, computing it for some other
weight requires just three arithmetic operations.

2.8 Test Data, Implementations, and Procedure

The evaluation was performed for the sets of 8-bit RGB test
images listed below.

e Waterloo—a set of eight color images from the
University of Waterloo, image sizes range from 512 X
512 to 1118 x 1105 pixels;'®

¢ Kodak—a set of 23 images released by the Kodak cor-
poration, all images are of size 768 x 512 pixels;'’

* EPFL—a set of 10 images used at the Ecole polytech-
nique fédérale de Lausanne for subjective JPEG XR
quality evaluation,'® images sizes: 1280 x 1506 to
1280 x 1600 pixels;"”

¢ Al—aset of three large images scanned from a 36-mm
high quality diapositive film, image sizes range from
7376 x 4832 to 7424 x 4864 pixels;*’

e A2—a set of 17 images acquired from 36 mm

negatives, image sizes are from 1620 x 1128 to
1740 x 1164 pixels;*

* A3—a set of 116 images acquired using a camera
equipped with a Bayer-pattern RGGB color filter
array, all images are of size 1992 X 1493 pixels;*

e Al-red.3, A2-red.3, and A3-red.3—sets of reduced
size (3x) images from sets Al, A2, and A3,
respectively.

The sets Al, A2, and A3 contain unprocessed photo-
graphic images in optical resolutions of acquisition devices,
or (A3) as close to such resolution as possible without

Table 3 The cost of the heuristic for various bitrate estimation methods and the cost of the actual RDLS transforms, expressed in number of
denoising operations of a pixel's component. The heuristic complexity is reported for denoising filters using up to 3 x 3 pixels windows.

Heuristic cost

Transform HO_pMED HO_pMED(10k:1) HO_pMED(10k:100) Transform cost
RDLS-RCT 6t(f —1)h 480000(f — 1)h 82200(f — 1)h 4t
RDLS-YCoCg-R 8t(f—1)h 1000000(f — 1)h 121600(f — 1)h 4t
RDLS-RDgDb 2t(f—1)h 80000(f — 1)h 24200(f - 1)h 2t
RDLS-LDgEb 6t(f—1)h 800000(f — 1)h 92600(f — 1)h 3t

Note: t, number of pixels in the image; f, number of denoising filters; h, number of iterations of step B of the heuristic.
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interpolation of all components. Except for Waterloo, all
images may be characterized as continuous-tone photo-
graphic. The most widely known Waterloo set contains
both photographic and artificial images; some of them are
dithered, sharpened, computer-generated, composed of
others, or have globally or locally highly sparse histograms
of intensity levels.”!> The same image sets were used for
experiments in Ref. 3, where their more detailed character-
istics may be found.

RDLS effects on bitrates were analyzed for three signifi-
cantly different standard image compression algorithms in
the lossless mode: the predictive JPEG-LS,*’ the DWT-
based JPEG 2000,”** and the JPEG XR employing the dis-
crete cosine transform.****> We used the Signal Processing
and Multimedia Group, Univ. of British Columbia JPEG-LS
implementation, version 2.2,%® the JasPer implementation of
JPEG 2000 by M. Adams, version 1.900,"** and the JPEG
XR reference software.”’

All algorithms were used to compress individual trans-
formed components, one component at a time. Due to
requirements of employed file formats and implementations,
all components were stored using non-negative integers.
Components transformed with the lifting transforms were
stored using the nominal component bit-depths. See
Table 1 for nominal depths of components of all the exam-
ined, lifting-based and RDLS-modified transforms. Since in
initial tests, the greater nominal depth of the RDLS-modified
transform was rarely needed, for these transforms, we used
the bit-depth of the lifting counterpart or, only if pixels of an
actual transformed image component exceeded this depth,
we increased the component bit-depth up to the nominal
depth of the RDLS-modified transform component. The
implementation used for applying transforms and the heuris-
tic is freely available.® The compression ratio or bitrate 7,
expressed in bits per pixel (bpp), is calculated based on
the total size in bytes of the individually and independently
compressed three components of the transformed image,
including compressed file format headers; smaller r denotes
better compression.

3 Results and Discussion

3.1 Reversible Denoising and Lifting Steps Effects
on Color Space Transforms

In Fig. 3, we present the RDLS effects on the bitrates of
individual RDLS-RCT transformed components and on
the overall image bitrates of each of the examined trans-
forms. Bitrates for non-RDLS and RDLS-modified trans-
forms, obtained using denoising filters selected based on
HO_pMED estimator in three iterations of step B of the heu-
ristic, were averaged for each set. For easier comparison of
RDLS effects, in figures we show the bitrate changes due to
RDLS expressed as the percentages of the bitrates obtained
with a non-RDLS transform, whereas the absolute bitrates of
selected variants of transforms are presented in tables. We
also report an average for all sets, however, calculated
using average of set-averages, not the direct average of all
images. The A3 and A3-red.3x sets contain many more
images (116 in each) than all other sets (81 images); there-
fore, a simple average would be biased toward the A3 and
A3-red.3x.

Figures 3(a)-3(c) show that for RDLS-RCT, the overall
bitrate improvement due to RDLS is, in many cases, a result
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of improved bitrates of chrominance components and
worsened bitrates of luminance. The above is also true for
RDLS-YCoCg-R and RDLS-LDgEb (not shown in Fig. 3).
The overall three-component improvements for the RDLS-
RCT transform [Fig. 3(d)] result from both employing the
actual denoising filters [Fig. 3(e)] and the step skipping
by applying the null filter to RDLS [Fig. 3(f)]. Looking at
the RDLS effects for other transforms [Fig. 3(g)-3(i)], we
see that the greatest bitrate improvements of over 2% on
average for all sets were obtained for RDLS-RDgDb. For
this transform, the improvements for chrominance compo-
nents are not accompanied by a worsened bitrate of the
third component (i.e., the unmodified primary color R).
Generally, the bitrate improvements due to application of
RDLS to a color space transform may significantly differ
for different sets and for different transforms in the case
of a specific set, but are similar for different compression
algorithms. Similarity among compression algorithms is
stronger when we do not use the null filter. RDLS effects
are less pronounced for the JPEG XR algorithm, especially
in the case of Waterloo images.

We examined the RDLS effects on color space transforms
using several compression algorithms and test image sets.
For brevity, we focus on results of the most popular JPEG
2000 algorithm, averaged for all sets. In Table 4, for various
transform variants, we report both the bitrates obtained by
the RDLS-modified transforms and the bitrate improvements
with respect to the non-RDLS transform. To provide a single
measure allowing comparisons of variants, we also report the
RDLS bitrate change averaged for all the transforms (column
labeled “All”’). Employing only the transform step skipping,
implemented as a special case of the RDLS [i.e., using
a null filter and not using smoothing filters, row “RDLS
(no smoothing)”], allows bitrate improvements comparable
to those obtained by RDLS with the typical denoising and
without the step skipping [row “RDLS (no null)”’]—better
for RCT and YCoCg-R, worse for RDgDb and LDgEb.
Step skipping results are better than results obtained by sim-
ply deciding, based on the estimated bitrate, whether to per-
form unmodified transform or to skip it [row “min(RGB,
non-RDLS)”], although for YCoCg-R, the simpler method
is better. Finally, employing both the step skipping and typ-
ical denoising filters allows significantly larger RDLS bitrate
improvements, than those obtained when using only the typ-
ical denoising filters (compare the two last rows in Table 4).
Compared to the filter selection heuristic from Ref. 10 (row
“RDLS (Ref. 10, no null)”), for the same filter set, the heu-
ristic we propose in this study results in greater bitrate
improvements [row “RDLS (no null)’] and it is of signifi-
cantly lower complexity in the case of RCT and YCoCg-R.

The average level of improvement of over 1% that we
obtained for RCT, YCoCg-R, and LDgEb by using all the
denoising filters described in Sec. 2.5 selected based on
the HO_pMED estimator in three iterations of the heuristic
step B is not negligible as for lossless image compression.
However, the heuristic cost may be too high for practical
applications.  Significantly larger improvements were
obtained for specific sets and in the case of RDgDb. In
the next section, we reduce the heuristic cost without sacri-
ficing most of the bitrate improvements.

For the above variant, we checked the actual bit-depth
expansion of the transformed components. For each
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Fig. 3 (a—c) Average JPEG 2000 bitrate changes due to RDLS, for the individual RDLS-RCT compo-
nents, and (d-i) the overall for examined transforms, obtained using denoising filters described in
Sec. 2.5 (all, unless indicated otherwise) selected in three iterations of step B of the heuristic based
on bitrates estimated with HO_pMED.

Table 4 Comparison of the RDLS and non-RDLS transform variants. Unless indicated otherwise, denoising filters were selected in three iterations
of heuristic step B from all filters described in Sec. 2.5; HO_pMED was employed for the RDLS filter selection and in min(RGB, non-RDLS)
non-RDLS variant for choosing between performing unmodified transform or skipping it; RDLS (Ref. 10, no null), filters selected as in Ref. 10.

RCT YCoCg-R RDgDb LDgEb All
Transform variant r Ar r Ar r Ar r Ar r Ar
non-RDLS transform 11.4374 0.00% 11.4977 0.00% 11.6173 0.00% 11.5039 0.00% 11.5141 0.00%
min(RGB, non-RDLS) 11.3890 -0.42% 11.3921 —0.92% 11.4460 -1.47% 11.4637 —0.35% 11.4227 -0.79%
RDLS (no smoothing) 11.3452 -0.81% 11.4174 —0.70% 11.4067 -1.81% 11.4113 -0.81% 11.3951 -1.03%
RDLS (Ref. 10, no null)  11.3704  -0.59%  11.5184 0.18% 11.3333 —2.44% 114640 -0.35% 114215 -0.80%
RDLS (no null) 11.3568 —-0.71% 114345 -0.55% 11.3333 -2.44% 114000 -0.90% 11.3812 -1.15%
RDLS 11.3004 -1.20% 11.3635 —-1.17% 11.2995 -2.74% 11.3531 -1.31% 11.3291 -1.61%
Note: —JPEG 2000 bitrate, average for all sets (bpp); Ar—bitrate change with respect to the non-RDLS transform.
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transform that may result in a component bit depth greater
than the non-RDLS counterpart (RDLS-RCT, RDLS-
YCoCg-R, and RDLS-LDgEDb), such expansion happened
for about two thirds of the images in the case of the lumi-
nance component, which each time was expanded by 1 bit.

3.2 Reducing the Complexity of the Filter Selection

As shown in Sec. 2.6, the heuristic complexity is proportional
to the number of iterations of its step B and to the number of
denoising filters. Therefore, we investigated decreasing the
iterations number and smaller filter sets. For RDLS-RDgDb,
a single iteration of heuristic step B results in the optimal
filter selection; bitrate improvements due to RDLS obtained
for other transforms in 1, 2, and 3 iterations are presented in
Fig. 4. In practice, two iterations seem sufficient; the average
bitrates for all sets, obtained in two and three iterations, do
not differ noticeably and for individual sets only in three
cases the bitrate differs by more than 0.1 percentage points
(for the Al.red.3 set in the case of RDLS-RCT and RDLS-
YCoCg-R and for Al in the case of the former transform).
On the other hand, by using only one iteration, as compared
to two iterations, average bitrates for all sets get over 0.1
percentage point worse for RDLS-YCoCg-R and RDLS-
LDgEb, whereas for individual sets, one iteration may be
worse by over 1 percentage point. Thus, remembering that
in the case of RDLS-RDgDb, the single iteration is optimal,
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we use two iterations as a starting point for testing other
options of the complexity reduction.

In Table 5, we report the JPEG 2000 bitrate changes for
a couple of reduced complexity filter selection variants. As
previously, we also report the RDLS bitrate change averaged
for all the transforms in the column labeled “All.” Among
others, we examined reducing the number of denoising
filters by rejecting of some of the smoothing filters. By using
filters with center point weights being even powers of 2 in
range from 1 to 256 (row labeled “2 iterations, 7 filters,
HO_pMED”), instead of integer powers in range from 1 to
1024, we decrease the complexity of the heuristic about
two times (as the filter number drops from 13 to 7) at the
acceptable cost of a smaller compression ratio improvement
by below 0.05 percentage points on average for all trans-
forms. Further reducing the set by using only three smooth-
ing filters (row “2 iterations, 5 filters, HO_pMED”) results in
a smaller complexity decrease and a greater cost. Therefore,
for the former variant, we applied the simplified compression
effect estimation methods.

The differences between effects of HO_pMED and
HO_pMED(10k:1) estimators are negligible. On average
for all transforms, they are below 0.005 percentage points.
Interestingly, the case of the RDLS-LDgEb transform the
HO_pMED(10k:1) estimator results in a better average
bitrate for all sets than HO_pMED (better by 0.02 percentage
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Fig. 4 Average JPEG 2000 bitrate changes due to RDLS obtained using denoising filters selectedin 1, 2,
and 3 iterations of the heuristic step B out of all filters described in Sec. 2.5. (a) RDLS-RCT, (b) RDLS-

YCoCg-R, and (c) RDLS-LDgEb.

Table 5 Reduced complexity RDLS filter selection variants. The JPEG 2000 bitrate changes with respect to non-RDLS transforms are reported.
Denoising filters were selected from all or some of the filters described in Sec. 2.5 (13—all; 7—none, null, and smoothing with center point weights
1, 4, 16, 64, and 256; 5—none, null, and smoothing with center point weights 1, 16, and 256).

Filter selection variant RDLS-RCT RDLS-YCoCg-R RDLS-RDgDb RDLS-LDgEb All

3 iterations, 13 filters, HO_pMED -1.20% -1.17% —2.74% -1.31% -1.61%
2 iterations, 13 filters, HO_pMED -1.17% -1.13% —2.74% -1.30% —-1.59%
2 iterations, 7 filters, HO_pMED -1.13% -1.11% —2.68% -1.27% -1.55%
2 iterations, 5 filters, HO_pMED -1.08% —0.98% -2.57% -1.19% -1.46%
2 iterations, 7 filters, HO_pMED(10k:1) -1.13% -1.10% —2.68% -1.29% -1.55%
2 iterations, 7 filters, HO_pMED(10k:100) -1.02% -1.09% —2.65% -1.26% -1.51%
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points). Our results show that the close to the optimum per-
formance of HO_pMED(10k:1), first observed by Strutz for
lifting color space transforms, is a more general property of
this estimator. Note that by the optimum performance, we
mean estimation effects obtained using HO_pMED; in the
next section, we check, among others, how good HO_pMED
estimation is compared to the actual bitrate of the actual
compression algorithm.

The HO_pMED(10k:100) estimator we proposed in order
to lower the bitrate estimation cost results in bitrates little
worse than HO_pMED(10k:1); on average, for all trans-
forms, it is by 0.04 percentage points worse, for the
RDLS-RCT (the worst case) by 0.11 percentage points.
The HO_pMED(10k:100) appears to be the most interesting
general purpose estimator from a practical standpoint—it
allows fast heuristic filter selection that results in bitrates
that are close to the bitrates obtained using the most complex
variant examined so far (using HO_pMED, three iterations,
and all filters described in Sec. 2.5). Compared to the latter,
we get bitrates worse by 0.1 percentage points on average for
all transforms and sets in the case of the JPEG 2000 coding.

We do not report the actual filter search time of the heu-
ristic or the time of transforming the image with RDLS-
modified transforms because our research implementation
was not optimized; among others, we did not exploit the
possibility of partial estimation of the image bitrate after
changing a single filter by the heuristic and each time
before outputting a transformed image, the transform revers-
ibility was verified by performing an inverse transform.
However, knowing the parameters of the heuristic, its cost
may be compared to the cost of the transform it selects filter

Table 6 The cost of the heuristic for the HO_pMED(10k:100) estima-
tor and the cost of the actual RDLS transforms, calculated for the
smallest images (262144 pixels) and expressed in number of pixel
component denoisings. Denoising filters were selected in 2 iterations
of the heuristic step B out of the set of 7 filters using up to 3 x 3 pixels
windows.

Transform Heuristic cost Transform cost
RDLS-RCT 986,400 1,048,576
RDLS-YCoCg-R 1,459,200 1,048,576
RDLS-RDgDb 288,240 524,288
RDLS-LDgEb 1,111,200 786,432

for. For the smallest images we used (containing 262,144 pix-
els), with respect to the number of denoising operations (that
is to the most expensive part of the heuristic). In Table 6, we
report the transform cost and the heuristic cost. The heuristic
cost is reported for the HO_pMED(10k:100)-based selection
of filters done in two iterations of step B from the set of
seven filters using up to 3 X 3 pixels windows. The heuristic
cost is generally close to the transform cost. It is by 6%
lower in the case of RDLS-RCT, for RDLS-YCoCg-R
and RDLS-LDgEDb, it is by about 40% higher, and for
RDLS-RDgDb, it is two times lower. Note that for the latter
transform, we may use only one iteration as it will not affect
the filter selection and further decrease the cost two times.
For this transform also, the HO_pMED(10k:1) estimator is
practically acceptable, as for one iteration of step B, it requires
480,000 denoisings, i.e., 92% of the number of denoisings
required by the RDLS-RDgDb transform. For larger images,
the cost of the heuristic exploiting HO_pMED(10k:100) or
HO_pMED(10k:1) remains constant, whereas the transform
cost grows in direct proportion to the number of pixels in
the image.

To verify how the modifications we selected based on the
RDLS effects on JPEG 2000 coding affect other algorithms,
in Table 7, we report bitrates and bitrate changes obtained
for different compression algorithms. Simplifying the estima-
tion method and reducing the size of the filter set and the number
of iterations did not change the general way RDLS affects
bitrates in the case of different algorithms and color space
transforms. RDLS effects for JPEG-LS and JPEG 2000 are
close to each other, whereas for the JPEG XR algorithm, the
improvements are smaller. The bitrate improvement due to
RDLS is the greatest in the case of RDgDb (2.15% for JPEG
XR, 2.65% or more for JPEG-LS and JPEG 2000), whereas
the bitrates of more complex transforms were improved by
over 1% in the case of JPEG-LS and JPEG 2000, and by
over 0.5% for JPEG XR. In Fig. 5, the bitrate changes for indi-
vidual sets are presented and compared to a variant employing
HO_pMED estimation, three iterations and a larger set of
denoising filters. The greatest differences in effects for these
variants may be noticed for RDLS-RCT and RDLS-YCoCg-
R in the case of some sets only. In a single case of the former
transform for Waterloo images and the JPEG XR algorithm, the
simplified filter selection results in about 1.2% worse bitrates
than the non-RDLS transform; for this algorithm, images, and
transform, the more complex filter selection variant resulted in
bitrate worsening (by below 0.1%). For RDLS-RDgDb and
RDLS-LDgED, the results of the simplified filter selection

Table 7 Effects of the HO_pMED(10k:100)-based filter selection variant on JPEG-LS, JPEG 2000, and JPEG XR bitrates. Reported are: the
bitrates for the RDLS-modified transforms (r) and the bitrate changes with respect to the non-RDLS transform (Ar), average for all sets and
all sets and transforms (All). The denoising filters were selected in two iterations of the heuristic step B out of: none, null, and smoothing filters

with center point weights 1, 4, 16, 64, and 256.

RDLS-RCT RDLS-YCoCg-R RDLS-RDgDb RDLS-LDgEb All
Algorithm r Ar r Ar r Ar r Ar r Ar
JPEG-LS 10.8840 -1.13% 10.9616 -1.10% 10.8621 -2.82% 10.9075 -1.35% 10.9038 -1.60%
JPEG 2000 11.3208 -1.02% 11.3726 -1.09% 11.3089 —2.65% 11.3594 -1.26% 11.3404 —-1.51%
JPEG XR 12.4776 -0.51% 12.5078 —0.66% 12.4494 -2.15% 12.5056 —-0.83% 12.4851 -1.04%
Journal of Electronic Imaging 043025-13 Jul/Aug 2016 « Vol. 25(4)
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Fig. 5 Average JPEG-LS, JPEG 2000, and JPEG XR bitrate changes due to RDLS with respect to the
non-RDLS transform. The denoising filters were selected using the HO_pMED(10k:100) estimator in two
iterations of the heuristic step B out of: none, null, and smoothing filters with center point weights 1, 4, 16,
64, and 256, or using HO_pMED in three iterations of the heuristic step B out of all filters described in
Sec. 2.5. (a) RDLS-RCT, (b) RDLS-YCoCg-R, (c) RDLS-RDgDb, and (d) RDLS-LDgEb.

for individual sets are similarly close to effects of the more
complex variant as on average for all sets.

Looking at the absolute bitrates (Table 7), we notice that
differences between compression algorithms for a specific
transform are much larger than differences between trans-
forms for a given algorithm. JPEG-LS is consistently the
best, JPEG XR the worst. RDLS-RDgDb obtains the best
average bitrates for each algorithm which is an effect of
the greatest bitrate improvement due to RDLS. In the case
of unmodified transforms (recall Table 4), on average for
all sets we used in this research, RCT was the best. The
bitrate improvements that we attained at a reduced cost
appear worthwhile from a practical standpoint. For example,
for the lossless JPEG 2000, the bitrates were improved
on average for all sets and all transforms by about 1.5%.
This improvement is not small if we consider that the best
unmodified transform we evaluated (RCT) obtained an
average bitrate better than the worst one (RDgDb) by about
1.2% only.
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3.3 Additional Experiments

We started experiments using the HO_pMED estimator that
was found effective for a non-RDLS color space transform
selection™! as well as for the selection of denoising filters
for some of the RDLS-modified color space transforms
investigated in this study.>!® We found that by using
HO_pMED(10k:100), the estimation complexity may be sig-
nificantly reduced without sacrificing the RDLS bitrate
improvement. But how far from perfect is the HO_pMED
or HO_pMED(10k:100) estimation in the case of the inves-
tigated RDLS-modified transforms? To check it, we com-
pared the estimation effects to using in the filter selection
heuristic the actual image compression algorithm instead
of estimating its results (see top three rows in Table 8).
The estimation effects are very good from a practical
standpoint. Using the actual compressor results in bitrate
improvements better than estimation-based by less than
0.1 percentage point on average for all transforms; the great-
est difference is for RDLS-RCT, where the HO_pMED
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Table 8 RDLS effects for additional filter selection variants. Reported are the average JPEG 2000 bitrate improvements with respect to the non-
RDLS transform. The filter set contained the following seven filters: none, null, and smoothing with center point weights 1, 4, 16, 64, and 256.
exhaustive, using exhaustive filter search instead of the heuristic; r JPEG_2000, using for filter selection the actual JPEG 2000 bitrate instead of

the estimated one.

Filter selection variant RDLS-RCT RDLS-YCoCg-R RDLS-RDgDb RDLS-LDgEb All

2 iterations, 7 filters, HO_pMED(10k:100) -1.02% -1.09% —2.65% -1.26% -1.51%
2 iterations, 7 filters, HO_pMED -1.13% -1.11% —2.68% -1.27% -1.55%
2 iterations, 7 filters, r JPEG_2000 —-1.22% —-1.06% —2.72% -1.35% —-1.59%
exhaustive, 7 filters, rrJPEG_2000 -1.32% —1.48% —-2.72% -1.39% -1.73%

(10k:100)-based bitrate is by 0.2 percentage point worse.
Interestingly, for RDLS-YCoCg-R, the use of actual com-
pressor results in bitrates that are worse than estimation-
based. Results of the heuristic may not be optimal even
when we use the perfect estimation.

The heuristic finds optimal filters for the RDLS-RDgDb
transform and for this transform, we obtained the greatest
bitrate improvement with respect to the non-RDLS trans-
form. Should the RDLS effects on RDgDb be attributed
to the imperfect heuristic filter selection in the case of
more complex transforms, or is RDLS the most effective
for the simplest transform also when for all transforms we
employ optimal filters? We performed the exhaustive filter
search and selected for each image and transform the optimal
filters out of the set of seven denoising filters. For seven
filters, such a search is impractical but realizable, as for
the most complex transforms, RDLS-RCT and RDLS-
YCoCg-R, it involves testing 2401 filter combinations per
image. In Table 8 (row labeled “exhaustive,...”) we report
the effects of the RDLS-modified transforms for the optimal
filter selection based on the actual JPEG 2000 compression
bitrate. Let us compare the effects of the heuristic when
employing two iterations of step B and actual compression
instead of bitrate estimation, to optimal filter selection. The
effects of the heuristic significantly vary for different trans-
forms. Indeed, for RDLS-RDgDb, the heuristic filter selec-
tion is optimal. For the RDLS-RCT and RDLS-LDgEDb, the
heuristic is by 0.1 and 0.04 percentage points, respectively,
worse than the optimum. However, for RDLS-YCoCg-R, the
heuristic result is worse by about 1/4 than the bitrate
improvement obtainable for this transform with optimal filter
selection. A heuristic based on a different filter search strat-
egy might be better in the case of RDLS-YCoCg-R. Also in
the case of the optimal filter selection for all transforms, the
largest improvement due to RDLS is for RDgDb—also for
the optimal filter selection, RDLS is the most effective
for RDgDb.

RDLS recently was found effective for a transform that is
much more complex then a color space transform and
involves more interdependent steps, i.e., for the multilevel
2-D DWT transform in lossless JPEG 2000 compression.'!
The bitrate improvements exceeding 13% were observed for
grayscale images of nonphotographic content when the non-
linear denoising filters were applied. We checked if those
filters could be used to further improve the effects of the
RDLS-modified color space transforms. We tested all the
additional filters from Ref. 11 that were not already used
in this study:
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¢ Smoothing filters, with 5 X 5 pixels windows, employ-
ing the same weights of the window center point, as
before (11 filters).

* Median—two median filters (3 X3 and 5 X 5 pixels
windows), the median 5 X5 pixels filter was the
strongest (the most harsh) filter used in Ref. 11 and
it was found the most effective in the bitrate
improvement.

* RCRS-1—two filters (3 x3 and 5 X5 pixels win-
dows), which belong to a general family of rank-
conditioned rank selection (RCRS) filters.’’ RCRS-1
filters replace a sample with the window median if
the sample is greater than or smaller than all other sam-
ples in the window.

* RCRS-2—two filters (3 X 3and 5 X 5 pixels windows)
that replace a sample with the second greatest window
sample value if the sample is greater than the median
and the greatest; or, if it is smaller than the median and
the smallest, they replace a sample with the second
smallest window sample value.

Since only the Waterloo set contains nonphotographic
images, in Table 9, we report the effects of extending the
filter set for RDLS-modified color space transforms with
the above filters for both the Waterloo set and average for
all the sets. Unfortunately, such a naive approach did not
result in practically useful bitrate improvements, especially
if we consider the increased complexity of selecting the
filters from the set of 30 denoising filters containing filters
with larger windows.

RDLS improvements differ for various sets, thus it could
be expected that by finding filters better matching the actual
image characteristics, greater bitrate improvements due to
RDLS could be obtained. Instead of basing on an estimated
component bitrate, the noise parameters might be estimated
and the denoising filters might be selected based directly on
the analysis of the component to be denoised. For a specific
acquisition device, the device model may be constructed that
allows determining the denoising filters based directly on the
acquisition process parameters (e.g., see Refs. 32 and 33).
The former approach has an additional advantage. The com-
ponent that is available as the function f argument for filters
selection in RDLS in forward transform [Eq. (6)], is also
available for inverse RDLS in inverse transform [Eq. (7)].
Signaling the filter selection (or parameters of a more sophis-
ticated filter) to the decoder might be avoided at the cost of
increased decoder complexity, as the same filters, or filter
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Table 9 RDLS effects for a larger set of denoising filters. The JPEG 2000 bitrate improvements with respect to the non-RDLS transform are
reported, average for all sets and for the Waterloo set. All the filters described in Sec. 2.5 (13) or these filters and the additional filters described
in Sec. 3.3 (total 30) were selected using HO_pMED in three iterations of the heuristic step B.

Filters Sets RDLS-RCT RDLS-YCoCg-R RDLS-RDgDb RDLS-LDgEb All

13 All sets -1.20% -1.17% —2.74% -1.31% -1.61%
30 All sets -1.22% -1.23% —2.78% —1.34% —1.65%
13 Waterloo only -1.07% -1.04% -0.81% -1.33% -1.06%
30 Waterloo only —-1.08% -1.03% —-0.83% -1.34% -1.07%

parameters, can be found by the decoder based on analysis of
the same data. On the other hand, in Ref. 10, we used a heu-
ristic that performed an exhaustive search of filters in a given
step based on the estimated bitrate of the component modi-
fied by this step only and in the case of RDLS-RCT and
RDLS-LDgEDb, it resulted in significant worsening of bitrates
of some images. Therefore, it may be expected that selecting
a filter for the data to be denoised based on this data may be
effective for the simplest RDLS-RDgDb transform and not
necessarily for others, which is an interesting topic that we
leave for future research.

4 Summary

In this study, we examined the application of RDLS to the
RCT, YCoCg-R, RDgDb, and LDgEb color space trans-
forms; the RDLS-modified transforms are named RDLS-
RCT, RDLS-YCoCg-R, RDLS-RDgDb, and RDLS-LDgEb,
respectively. For the image-adaptive denoising filter selec-
tion, we proposed a simple and greedy heuristic consisting
of steps A and B, where step B may be performed for a given
number of iterations. In the heuristic, we used compression
algorithm independent estimators of the filter selection
effects on the transformed image bitrate. Initially, we used
an estimator based on the memoryless entropy of the trans-
formed image MED prediction errors of all pixels of each
component (HO_pMED). We also employed a simplified,
limited computational time complexity estimator that uses
10,000 pseudorandomly selected pixels [HO_pMED(10k:1)].
To further decrease the complexity of bitrate estimation, we
proposed the HO_pMED(10k:100) estimator that also uses
10,000 pixels, but due to grouping them, in the case of
the most complex RDLS-modified color space transforms,
its complexity is over eight times lower compared to the
HO_pMED(10k:1). Beside typical denoising filters (11 linear
smoothing filters with 3 X 3 pixels windows) and the none
filter, that may turn RDLS into the regular lifting step, we
proposed the special filter case named the null filter. For
the null filter, the denoised sample equals 0, which may
result in the step skipping. In the experiments, we used sev-
eral test image sets and significantly different standard image
compression algorithms in the lossless mode: JPEG-LS,
JPEG 2000, and JPEG XR.

We found that generally, the RDLS effects significantly
differ for different image sets and for different transforms
in the case of a specific set. They are similar for different
compression algorithms, but they are less pronounced in
the case of the JPEG XR algorithm. The largest average
bitrate improvements were obtained for the simplest trans-
form RDLS-RDgDb and improvements for others were
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roughly two times smaller. The overall bitrate improvements
due to RDLS result from employing of both the actual
denoising filters and the null filter. Although a certain
level of bitrate improvement might be obtained by simply
checking the estimated effects of skipping the entire color
space transform, greater improvements were obtained by
employing the null filter that may result in a partial transform
skipping. The initial number of smoothing filters could be
reduced without sacrificing the bitrate improvements.
Assuming the perfect bitrate estimation, due to properties
of RDLS-RDgDb, the proposed heuristic in one iteration of
step B finds optimal filters for this transform. For other trans-
forms, performing two iterations of step B is justified as using
more iterations does not improve RDLS effects noticeably.

The most expensive element of the computational time
complexity of the heuristic is the denoising of pixel compo-
nents. This cost may be limited and reduced by employing
simplified compression effect estimators. When using the
HO_pMED(10k:100) estimator, the heuristic cost (for two
iterations of its step B and seven denoising filters) gets
close to the transform cost for RDLS-RCT, RDLS-YCoCg-
R, and RDLS-LDgEb transforms. The heuristic cost for
RDLS-RDgDb is four times lower than the transform cost
(here, one iteration suffices) and for this transform, the
cost of the more expensive HO_pMED(10k: 1) estimator is still
lower than the transform cost. For larger images, the cost of
the heuristic exploiting HO_pMED(10k:100) or HO_pMED
(10k:1) remains constant, whereas the transform cost (and
the cost of the heuristic exploiting HO_pMED) grows in
direct proportion to the number of pixels in the image. The
HO_pMED(10k:100)-based heuristic filter selection results
in at least about three fourths of the bitrate improvement
obtainable with RDLS for the optimal filter selection based
on the actual bitrate of the compression algorithm.

All in all, the most interesting results from a practical
standpoint were obtained for an image-adaptive heuristic
filter selection from the set of seven filters (none, null,
and smoothing with center point weights 1, 4, 16, 64, and
256) using the simplified estimator of compression effects
HO_pMED(10k:100), which is independent of the actually
employed compression algorithm. On average, the bitrate
improvement due to RDLS is the greatest in the case of
RDLS-RDgDb (2.65% or more for JPEG-LS and JPEG
2000, 2.15% for JPEG XR), while the bitrates of more com-
plex transforms were improved by over 1% in the case of
JPEG-LS and JPEG 2000, and by over 0.5% for JPEG
XR. For some sets, the improvements due to RDLS-RDgDb
exceed 5%. Also, with respect to the absolute bitrate, this
transform was the best for all the image compression
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algorithms investigated in this study. In addition to the better
average bitrates and bitrate improvements as well as the
lower filter selection cost, another advantage of this trans-
form is that its dynamic range is not increased compared
to the non-RDLS counterpart.

We suppose that by finding filters better matching the
actual image characteristics greater bitrate improvements
due to RDLS could be obtained. For a given acquisition
device, the denoising filters may probably be selected
based on the acquisition process parameters rather than by
using the heuristic employing estimated compression ratio
of the denoised component. For RDLS-RDgDb, they may
be selected or constructed directly based on the component
being denoised, thus avoiding the need to signal to the
decoder the filter selection.

5 Conclusion

RDLS applied to color space transforms allows the improve-
ment of the bitrates of lossless image compression algo-
rithms, however, RDLS effects depend on selecting proper
denoising filters for the image being compressed. By exploit-
ing the new contributions of this study, i.e., the filter-selec-
tion heuristic and the special filter case (the null filter),
we attained bitrate improvements that on average are about
two times higher than those obtained using the previously
reported methods. Another new contribution, the HO_
pMED(10k:100) compression effect estimator, reduced the
cost of the filter selection process without sacrificing the
majority of the bitrate improvement. The filter selection cost
gets this way close to or lower than the transform cost, while
on average for all the investigated transforms and images, the
lossless JPEG 2000 bitrates are improved by about 1.5%;
bitrates of certain images are improved to a significantly
greater extent. All in all, the RDLS-modified color space
transforms appear worthwhile from a practical standpoint.
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ABSTRACT

In a previous study, we noticed that the lifting step of a color space transform might
increase the amount of noise that must be encoded during compression of an image. To
alleviate this problem, we proposed the replacement of lifting steps with reversible
denoising and lifting steps (RDLS), which are basically lifting steps integrated with
denoising filters. We found the approach effective for some of the tested images. In this
study, we apply RDLS to discrete wavelet transform (DWT) in JPEG 2000 lossless coding.
We evaluate RDLS effects on bitrates using various denoising filters and a large number of
diverse images. We employ a heuristic for image-adaptive RDLS filter selection; based on
its empirical outcomes, we also propose a fixed filter selection variant. We find that RDLS
significantly improves bitrates of non-photographic images and of images with impulse
noise added, while bitrates of photographic images are improved by below 1% on average.
Considering that the DWT stage may worsen bitrates of some images, we propose a couple
of practical compression schemes based on JPEG 2000 and RDLS. For non-photographic
images, we obtain an average bitrate improvement of about 12% for fixed filter selection
and about 14% for image-adaptive selection.

© 2015 Elsevier B.V. All rights reserved.

1. Introduction
1.1. Overview

Advantageous properties of a lifting scheme [1] (e.g., per-
fect reconstruction and in-place operation) made it useful to
construct significant transforms for the lossless image com-
pression domain, including discrete wavelet transform (DWT)
and various color space transforms [2]. The scheme decom-
poses a transform into a series of lifting steps that are rever-
sible even if implemented using finite precision integer
numbers.

In a previous study [3], we noticed that the lifting step of a
color space transform might increase the amount of noise
that must be encoded during compression of an image. It is

*Tel.: +48 322372151.
E-mail addresses: rstarosolski@polsl.pl, rstaros@gmail.com

http://dx.doi.org/10.1016/j.image.2015.09.013
0923-5965/© 2015 Elsevier B.V. All rights reserved.

known that Red, Green, and Blue primary color components
of the RGB color space are highly correlated for natural images
[2]. A common approach to RGB color image compression is
to independently compress the image components obtained
using a color space transform from the RGB to a less corre-
lated color space. An unwanted side effect of color space
transform performed using lifting steps is that removing
correlation contaminates the transformed components with
noise from other components. Although such transform does
not change the overall image information content, the
amount of noise in a component considered individually is
increased. Because of the independent compression of
transformed image components, the overall amount of noise
that has to be encoded increases. To remove correlation
without increasing noise in components, we proposed the
replacement of lifting steps with reversible denoising and
lifting steps (RDLS); basically, the new steps are lifting steps
integrated with denoising filters. We found the approach to
be effective for some of the tested images. In this study, we
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apply RDLS to DWT in lossless JPEG 2000 coding [4-6],
evaluate RDLS effects on bitrates of various types of images,
and show practical compression schemes exploiting RDLS.

The remainder of this paper is organized as follows. In
Sections 1.2 and 1.3, we briefly characterize the DWT used
in lossless JPEG 2000 and the RDLS. The main contribution
of this study is described in Section 2, where a new RDLS-
DWT transform obtained by the application of RDLS to
DWT is introduced along with a heuristic for selecting
denoising filters for RDLS-DWT. We evaluate RDLS-DWT
on classic test images, images with impulse or Gaussian
noise added, and a recent, large, and diverse set of images.
Section 3 describes the experimental procedure and the
test data used. Section 4 presents the results and discus-
sion. Section 5 summarizes the research.

1.2. Discrete wavelet transform in reversible JPEG 2000
coding

For brevity, we describe here only the lifting-based
5 x 3 kernel DWT that is used in lossless JPEG 2000 com-
pression of grayscale images, reduced to essentials. For
further details as well as for more general characteristics of
DWT, JPEG 2000, and the lifting scheme, the reader is
referred to [1,4-6].

Using the lifting scheme [1], the one-dimensional DWT
(1D DWT) transforms in-place a discrete signal S=sg S1 S»
... §;_1 of finite length [ into two subbands:

® a low-pass filtered signal L representing the original
signal’s low-frequency features; and

® 3 high-pass filtered signal H containing high-frequency
features that, along with the low-pass signal, allows the
perfect reconstruction of the original signal.

S is transformed in 3 steps. First, in the prediction step,
we perform the high-pass filtering of odd samples (here-
after, the parity of sample or pixel is determined by its
location and not its value) by applying the lifting step Eq.
(1) to each of them:

Sx‘_sx_L(sx—l'f'Serl)/zJ, (1)

where the floor symbol |v] denotes the greatest integer
not exceeding v. Note that the amount by which the value
of the odd sample is changed depends only on even
samples. Another lifting step is then applied to each even
sample (update step):

Here, even samples are updated based directly on the
already transformed odd samples. Finally, in the reorder
step, we reposition even samples to the lower half of the
original signal, preserving their ordering (sample sy is
moved to S|x/2) ), and odd samples are moved to the upper
half. We obtain separate subbands L and H, respectively.
The two-dimensional DWT (2D DWT) transform of an
image is obtained by first applying 1D DWT to each image
column, which results in L and H subbands of the image.
Then by applying 1D DWT to each row, we obtain the 1-
level DWT transform, consisting of LL and HL subbands
(transformed from L subband) and LH and HH subbands
(from H subband); see Fig. 1A-C. Higher-level DWT
transforms that provide multiresolution image repre-
sentation are obtained by Mallat decomposition [7]. The
t+1-level transform is obtained by applying the 1-level
transform to the LL subband of the t-level transform
(Fig. 1D).

In lossless JPEG 2000, the transformed image is enco-
ded in a complex and flexible manner [4-6]. For the
remainder of this study, it is noteworthy that each sub-
band is compressed independently of the others using a
context-adaptive entropy coder.

1.3. Reversible denoising and lifting step

The lifting technique is also used in other domains; for
example, the reversible color space transforms are built as
sequences of lifting steps [2]. Such transforms remove
correlations among color image pixel components, but, as
a consequence, a transformed component is contaminated
with noise from more than one original component. In [3],
we integrated denoising into lifting steps to avoid noise
propagation while preserving other transform properties
(i.e., reversibility and removing correlation). The lifting
step that was modified was generalized as the following:

,Cm), 3)

where ¢, is the n-th component of the pixel and m is the
number of components. The step is reversible provided
that the function f is deterministic and the operation @ is
reversible, that is, an inverse operation ® exists such that
C:G@b@d:(‘@ b.

Based on the lifting step (Eq. (3)), we constructed a
reversible denoising and lifting step (RDLS, Eq. (4)) by
simply denoising arguments of function f:

). 4

where ¢ is the denoised n-th component of the pixel,
which is obtained by using a denoising filter, and different
filters may be used for different components. Eq. (3)
implies that the function f may use any arguments, except
for cy. In Eq. (4), we denoise these arguments. For

Cx—Cx & f(c1, ... ,Cx_1,Cx41, -

d d
e @ f(ed, ol g,

Sx =S+ [(Sx—1+Sx1+2)/4]. @) denoising them we may use any component of any pixel,
A B C D
L LL |HL| H
H LH |\HH

Fig. 1. 1-level 2D DWT of an image (A-C) and 3-level 2D DWT (D).
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except for ¢, of the pixel to which the RDLS-modified
lifting step is being applied; otherwise, this c, would be
indirectly used by f. Obviously, the denoising filter must be
deterministic. A color space transform may be performed
for each pixel independently of other pixels. The RDLS
sequence, constructed based on a color space transform, is
a transform of whole image components, not of the color
space, since denoising of a pixel’s component requires
access to the same component of (at least) neighboring
pixels. For the RDgDb color space transform [8] (also
known as A1 [9]) and a very simple denoising filter (linear
smoothing filter), we found that the proposed method was
effective for images in optical resolutions of acquisition
devices. As noted in [3], the RDLS method is general in
nature and is applicable to other lifting-based transforms;
in this study, we apply it to DWT in lossless JPEG 2000.
An example of RDLS application to DWT is presented in
Section 2.2.

2. Proposed approach
2.1. RDLS-modified DWT

The application of RDLS to the 5 x 3 kernel 2D DWT is
straightforward when we notice the analogy between a
color space transform applied to a color image and a DWT
of a grayscale image. In the former case, we apply a color
space transform as a sequence of lifting steps to pixels
consisting of color space components; all pixels constitute
a color image. In the latter, we first apply a 1D DWT
transform (many equivalent sequences of lifting steps are
possible) to image columns consisting of pixels; all col-
umns constitute a grayscale image. Then we repeat the
process for the obtained rows. Thus, in order to obtain a
RDLS-modified DWT transform (RDLS-DWT), we simply
replace the DWT lifting steps with RDLS constructed based
on them. The RDLS-modified prediction lifting step (Eq.
(1)) becomes

sxesx—{(sf(’_1+sf+l)/zj, 5)

where s¢ is a denoised sample s, and the RDLS-update is
the following:

Seesct |8y sty +2)/4). (6)

But how do we select the denoising filter? Naturally, the
filter should be matched to the noise characteristics of the
data being filtered. We assume that the noise characteristics
of the original image as well as of each of its subbands
(including those that are temporarily created and then further
transformed - see Fig. 1B), are invariant, i.e. the same
denoising filter may be used while computing all samples of a
specific subband. For example, when computing H subband
by applying Eq. (5) for each odd sample in each column of the
original image, we use the same filter for denoising all even
samples. However, the noise characteristics of different sub-
bands differ, so a different filter may be used when computing
the HL subband.

In this study, for the denoising of a sample of a specific
parity, we use samples of the same parity only. In the

above case of computing the H subband, for denoising a
particular even sample of a particular column, we may use
all even samples of all columns. Generally, during com-
putation of a specific subband, we perform the denoising
based on samples not belonging to this subband. For the
process to be reversible, as noted in Section 1.3, while
applying the RDLS to a specific sample s,, we may use all
signal samples for denoising, except the sy. However, cer-
tain practical problems would arise if we used samples
from the subband being computed. We assume that the
subband characteristics are invariant; this assumption
applies to the already computed subbands and to the ori-
ginal signal. Obviously, it cannot be valid for a subband
during its computation, as during the computation only
some subband samples are already transformed. Thus, for
the denoising, we should either only use untransformed
samples from this subband, or we should employ a
sophisticated denoising filter that is able to take advantage
of both transformed and untransformed samples. Second,
actual JPEG 2000 implementations apply the lifting steps
to a given subband in the same order when performing the
inverse transform, as is applied during a forward trans-
form; if we used samples from the subband being com-
puted, then the orders should be exactly the opposite.

A special case of the denoising filter is the filter that
does not alter the sample being denoised, denoted here as
the None filter. Using the None filter in RDLS makes it a
regular lifting step. Since samples may be noise-free, when
performing the filter selection, we should be able to select
the None filter.

For the t-level RDLS-DWT, we need to select denoising
filters for 6t subbands. One of the possibilities explored in this
study is to define a set of filters from which we select the
filter for each subband individually, based on actual image
compression effects. Subbands are encoded independently
but are interdependent. For instance, selecting a filter for
some subband that results in a worse bitrate of that subband
may help to find a better filter for another subband and
therefore may result in an overall better bitrate. Since testing
the compression effects of all the combinations of denoising
filters would be too complex even for just a few filters con-
sidered, we employ a filter selection heuristic, as described in
Section 2.3. The resulting filter selection should be trans-
mitted to the decoder as side information along with the
compressed image.

In this study, we apply RDLS to the 5 x 3 kernel DWT
because this is the wavelet used in lossless JPEG 2000
coding. DWT with different kernels, as well as other
transforms that are implemented using lifting steps, may
be modified in a similar way, i.e., by replacing lifting steps
(Eq. (3)) with RDLSs (Eq. (4)). However, finding denoising
filters for other transforms may be more complicated. For
example, for the t-level 9 x 7 kernel transform, we would
have to select 12t filters, since 1-level 9 x 7 kernel 1D DWT
is done using 4 steps involving lifting (as opposed to
2 such steps in case of 5 x 3 kernel).

2.2. RDLS-DWT example

Assume that while computing the level 1 of unmodified
2D DWT, we perform the prediction step for image rows by
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applying 1D DWT to each of them. The input signal is an
image that contains a smoothly changing background and
salt-and-pepper noise (Fig. 2A). We start the forward trans-
form from the 3rd sample in the 1st image row ss3 ;, and while
reconstructing the image, we apply inverses of the lifting
steps in reverse order as compared to forward transform. In
contrast, an actual JPEG 2000 codec would start from s ; and
use the same order for forward and inverse transform. The
prediction lifting step (Eq. (1)) for s3; is s31<S31—
[(S21+541)/2], so s31 becomes 28 (Fig. 2B). When recon-
structing ss 1, the signal contents will be identical to just after
performing a forward lifting step for this sample (Fig. 2B).
Lifting steps are trivially invertible, the inverse of Eq. (1) is
Sx < Sx+ [(s,(,1+sx+1)/2J, and in our case S3q<«S31+
[(S2,1+54,1)/2], 50 537 is reconstructed to 55.

For RDLS-DWT, we use a median filter with a 3 x3
sample window. The RDLS-modified prediction lifting step
(Eq. (5)) applied to s3; is s31«S31— (s§w1+sf’m)/2J, and
s31 becomes 1 (Fig. 2C). Note that denoising of a sample is
performed using samples of the same parity only, so for
denoising s, ; and s4; during a step performed for image
rows, we use only samples from even columns (Fig. 2D)
and obtain s§,=54 and s§,=55. During the inverse
transform, we apply the inverse of Eq. (5), that is,
SxSx+[(s¢_;+59,1)/2]. To s31, we apply s31+S31+

(s94 +s§{’1)/2J, where the same s3; and s§; are obtained
as during the forward transform, since they are results of
denoising of exactly the same samples (Figs. 2C and 2D).
Thus, s3; is reconstructed to 55.

A o 1 2 3 4 5 6
0 51 52 0 54 55 56 57
11 100 53 54 55 0 57 | 100
2 53 54 55 56 57 0 59

B o 1 2 3 4 5 6
0 51 52 0 54 55 56 57
1| 100 53 54| 28 0 57 | 100
2 53 54 55 56 57 0 59
C o 1 2 3 4 5 6
0 51 52 0 54 55 56 57
1] 100 53 54 1 0 57 | 100
2 53 54 55 56 57 0 59
D o 1 2 3 4 5 6
0 ] [ Im| [ Im| m]
1 | | | _Im| | Im| O
2 | | | _Im| | _Im| O

Fig. 2. Example of DWT and RDLS-DWT. A - original signal, B - signal
after applying the prediction lifting step to sample s3 1, C - signal after
applying the RDLS-modified prediction lifting step to sample s5;, D —
locations of samples used for denoising of s, 1(®) and s4 (o).

It is worth noting that in the above example, RDLS
reduced the effect of noise on the quality of prediction.
Without noise, if s4; was 56, the regular prediction would
result in setting s3; to 0; contaminating s4; with impulse
noise resulted in a much greater change for unmodified
DWT than for RDLS-DWT due to efficient denoising of s4;
exploited by the latter.

2.3. Filter selection heuristic

Our filter selection heuristic consists of the greedy
steps described below, in which step B may be repeated
certain number of iterations. With a slight abuse of ter-
minology, we also use the term JPEG 2000 compression for
JPEG 2000 with DWT replaced by RDLS-DWT, even though
it is not compliant with the JPEG 2000 standard.

(A) For each of the filters, perform JPEG 2000 compression
of an image, using this filter in RDLS steps for all
subbands at all levels. Then for all subbands at all
transform levels, select the filter that resulted in the
best overall bitrate.

(B) For each transform level a (starting from level 1) and
for each subband b (at specific level analyzed in the H,
L, HL, HH, LL, and LH order), try to find a better
denoising filter by checking for each filter (except for
the one already selected) the bitrate obtained using
this filter for subband b at level a, while the filters
selected so far are used for other subbands.

It is noteworthy that the heuristic selects a filter instead of
the one already selected only if such a change improves
the overall bitrate. The None filter that turns RDLS into a
regular lifting step may be selected in step A for all sub-
bands; thus, the bitrate cannot be worsened by the heur-
istic compared to unmodified DWT.

The heuristic is quite time-consuming. The RDLS-DWT
computational time complexity alone is higher than that of
the unmodified DWT due to the noise filtering employed.
However, subbands are encoded independently; thus, for
example, changing the denoising filter for the level-2
subband neither affects the compression results of level-
1 subbands LH, HL, and HH nor requires their repeated
denoising. There are two main elements of heuristic
computational time complexity: RDLS-DWT subband
transforms and encoding of transformed samples. The
number of symbols that need to be encoded during a
single iteration of step B of the heuristic for the t-level
transform is

4-4""H¢-1p, 7

where f is the number of denoising filters, and p is the
number of pixels in the image. The number of RDLS per
single iteration of step B is

86 15 o, 43,1 2
(9 B R () ®)

Note that the t-level DWT (or RDLS-DWT if the filters
for the latter are already selected) is done using the
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following number of lifting steps (or RDLS):

8 1.3 o
<§—§2 >P~ 9

To allow straightforward comparison of the complex-
ities of various variants of the heuristic and of compression
schemes involving the heuristic and the unmodified JPEG
2000, we express the heuristic computational time com-
plexity as relative to unmodified JPEG 2000. A few sim-
plifications are necessary to this aim. Increasing the
transform level, except for a couple of lowest levels, does
not influence the heuristic or transform complexity sig-
nificantly. Assuming the infinite transform level, Eq. (7)
becomes 4(f—1)p; thus, a single iteration of step B
requires encoding of roughly 4(f — 1) times more symbols
than the unmodified JPEG 2000. By dividing Eq. (8) by Eq.
(9), we find that the number of RDLS per iteration of
heuristic step B is greater than the number of lifting steps
per unmodified DWT (43/12)(f—1) times, which we
approximate with 4(f—1). All in all, the estimated com-
plexity of the heuristic (step A and i iterations of step B) is
roughly

f+4( -1 (10)

times greater than the complexity of the JPEG 2000 com-
pression with additional subband denoising due to repla-
cing lifting steps with RDLS.

3. Materials and methods
3.1. Denoising methods and denoising filters

In the research, the following denoising methods and
filters were used:

® None - No denoising. RDLS becomes a regular
lifting step.

® Smoothing — We used 12 simple low-pass linear aver-
aging filters with 3 x 3 and 5 x 5 sample windows. The
filtered sample was calculated as a weighted arithmetic
mean of samples from the window. The number of
samples used was smaller than the window size at the
image edges. The weight of the window center point
ranged between 1 and 1024 (even powers of 2 only),
while the others’ weights were fixed to 1. Smoothing
filters (3 x 3 sample window) were found to be effective
for the RDLS-modified color space transform and certain
natural images [3].

® Median - Two median filters were used with 3 x 3 and
5 x 5 windows. The Median filter and other nonlinear
filters described below are effective at removing
impulse noise.

® RCRS-1 - Two filters (3 x 3 and 5 x 5 windows), which
belong to a general family of rank-conditioned rank
selection (RCRS) filters [10]. RCRS-1 filters replace a
sample with the window median if the sample is
greater than or smaller than all other samples in the
window.

® RCRS-2 - Two filters (3 x3 and 5 x5 windows) that
replace a sample with the second greatest window

sample value if the sample is greater than the median
and the greatest; or, if it is smaller than the median and
the smallest, they replace a sample with the second
smallest window sample value. A practical advantage of
this filter, as opposed to the Median and RCRS-1, is that
it may be computed without sorting the window
samples.

The effects of applying the above filters to a sample
image are presented in Fig. 3; for examining filtering
methods on the Reader’s own images, a free imple-
mentation was prepared [11].

3.2. Test data

We used two diverse, publicly available datasets and
additional sets of noisy images; all images were of 8-bit
precision.

® GS2 - This is the classic and still commonly used set
(“Grayscale Set 2”) of 12 images from the University of
Waterloo Fractal Coding and Analysis Group [12] (Fig. 4).
The set contains grayscale, natural photographic images
(among others, “lena” and “peppers”) as well as others
(computer generated, mixed-content, dithered, and
satellite); image sizes vary from 464 x 352 to 672 x 496.

® (CT2g - This set contains images that are green compo-
nents of images from a “CT2” set [13]. The CT2 is a
recent, large set of color images, which was used in the
research on reversible color space transforms [9,14]. It
contains 746 images taken from different sources;
image sizes vary from 180 x 117 to 6600 x 5100. The
set was divided into subsets: Photo with 499 photo-
graphs and No-photo with 247 non-photographic, com-
puter-generated, or mixed-content images. The latter
were further divided into images that were better
compressed by JPEG 2000 without DWT (No-photo (a)
- 81 images) and with the unmodified DWT (No-photo
(b) - 166 images). The Photo images were not divided
this way since for only one Photo image it would be
better to skip the DWT stage of JPEG 2000.

e SP001_GS2, SP002_GS2, SP005_GS2, SP010_GS2, and
SP020_GS2 - These are sets of GS2 images with salt-
and-pepper impulse noise added; 1%, 2%, 5%, 10%, and
20% of image pixels, respectively, were replaced by
black or white pixels (Fig. 5).

e WG002_GS2, WG005_GS2, WG010_GS2, WG020_GS2,
and WG050_GS2 - These are sets of GS2 images with
added white Gaussian noise with standard deviations 2,
5,10, 20, and 50, respectively (Fig. 5).

3.3. Experimental procedure and implementations

We used the IRIS-JP3D JPEG 2000 part 10 (JP3D) [15]
reference software developed by Tim Bruylants from Vrije
Universiteit Brussel (VUB) and the Interdisciplinary Insti-
tute for BroadBand Technology (IBBT), version 1.1.1 [16],
which is downward compatible with the basic JPEG 2000
standard. In this codec, it was relatively easy to implement
RDLS. In the experiments, except for replacing JPEG 2000
lifting steps with RDLS and setting the transform level, we
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Original

Smoothing 5x5, cw=1

Smoothing 3x3, cw=1

Smoothing 5x5, cw=4

Median 3x3

RCRS-1 3x3

RCRS-2 3x3

Median 5x5

RCRS-1 5x5

RCRS-2 5x5

Fig. 3. Effects of filtering a sample image (top left panel); image sizes were 32x30 pixels, and cw is the weight of the window center point of the Smoothing

filter.

used the default codec settings. Particularly, a whole image
was compressed as a single tile. As the 3-level DWT
transform results in bitrates close to the default 5-level, we
used the 3-level decomposition. To switch off the DWT
transform stage in JPEG 2000 coding, we invoked the
codec with the 0-level DWT setting.

For comparison, we also used JPEG-LS [17,18] and HEVC
(H.265) [19,20] compression algorithms. JPEG-LS is a standard
of the JPEG committee for primarily lossless compression of
still images, and it originates from the LOCO-I algorithm. We
used the SPMG/UBC JPEG-LS implementation, version 2.2
[21], with default codec settings. HEVC is the most recent
video compression standard developed by MPEG and VCEG

committees, and it allows lossless compression of individual
still images. We used the HEVC Test Model (HM) refe-
rence software, version 16.6 [22], with the following
set of encoder options: InputChromaFormat=400, Frame
Rate=1, FramesToBeEncoded=1, Profile=monochrome,
IntraPeriod=1, QuadtreeTULog2MaxSize=5, Transquant-
BypassEnableFlag=1, CUTransquantBypassFlagForce=1, and
ConformanceWindowMode=1.

Groups of noisy images were created using pgmtool,
version 0.72 [11].

The compression ratio, or bitrate r, expressed in bits per
pixel (bpp) is calculated as r=_8e/p, where p is the number
of pixels in the image, and e is the total size in Bytes of the
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Fig. 4. The GS2 set.

compressed image, including the compressed file format
header. Hence, smaller r means better compression.

We introduced modifications to JPEG 2000, and then we
evaluated the modification effects by analyzing bitrate chan-
ges with respect to the bitrate of the reference method, that
is, of unmodified JPEG 2000, expressed in percentages of the
reference method bitrate. Due to the number of test-sets and
to the size of the greatest one (CT2g), except for initial
observations using GS2 set, we report averaged bitrate
changes for a set or for its specific subset rather than results
for individual images. Instead of averaged bitrate changes, we
could use other common measures. However, the 2 popular
ones described below seem inadequate for CT2g images. We
could measure how many times the bitrate obtained using

the proposed method would be smaller than the bitrate of the
reference method. However, the results would be biased
toward effects obtained for non-photographic images that
were better compressed without the DWT stage, as the
bitrates of some of them were 2 to nearly 5 times smaller
than the reference method bitrates (which we express as 50%
to 80% improvement). Instead of calculating the average of
bitrate changes, the average absolute bitrate could be calcu-
lated and then compared to the reference method average
bitrate. This would result in virtually ignoring the effects
obtained for images compressed by the unmodified JPEG
2000 really well and would result in a bias toward effects on
poorly compressible images. The unmodified JPEG 2000 bit-
rate of many non-photographic images was below 1 bpp;
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Fig. 5. Fragment (128x128 pixels) of the “lena” image from the GS2 set with added white Gaussian noise (middle row, wg - noise standard deviation) and
with added salt-and-pepper impulse noise (bottom row, sp - percentage of image pixels replaced by black or white pixels).

improving this by 50% would affect the averaged bitrate less
than improving the bitrate of the image that was compressed
to 6 bpp by 10%.

4. Results and discussion
4.1. Initial observations

When the 3 iterations of step B and all the filters pre-
sented in Section 3.1 were used, the filter selection heuristic
time complexity was roughly 235 times greater than the
complexity of JPEG 2000 with subband denoising. Therefore,
we initially focused on RDLS effects for the small GS2 set and
also analyzed the results for individual images as well as for
GS2 images with impulse and Gaussian noise added. Apart
from observing RDLS effects on lossless JPEG 2000 bitrates of
various types of images, the aim was to check if all the filters
are necessary and if the number of iterations may be lowered,
thus speeding up further evaluation using the large CT2g set.
Results for individual GS2 images as well as averaged results
for GS2 set and for sets of noisy images are presented in

Table 1. We report lossless JPEG 2000 bitrates obtained for the
3-level unmodified DWT and bitrate changes relative to it
obtained for no DWT and for RDLS-DWT with filters selected
by up to 3 iterations of step B of the heuristic. For 0 iterations,
that is, applying the same filter for all subbands, in case of
individual images, we also report the selected filter.

Let’s focus on cases when the RDLS bitrate improvement
may be practically useful. Since the filter selection heuristic
allows only the bitrate improvement, and we start with a
large number of filters, a small bitrate improvement might be
to some extent accidental. We assume that the bitrate
improvement below 1% is unjustified in practical applications
when obtained at the cost of a large increase in compression
process complexity. Fig. 6 presents cases from Table 1 when
the improvement exceeds 1%. For the GS2 images, the
improvement exceeds 1% for 4 images (actually, RDLS-DWT is
for them at least 3.18% better than DWT). These images are
not continuous tone photographic images—“france” is a
computer slide containing sharp lines and filled with gra-
dient, “frog” is a dithered photo, “library” is composed of
images and text, and finally, “washsat” is a satellite image of a
highly sparse histogram [23]. Other images seem
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photographic, except for “mountain,” which is probably a
dithered photo. For images with Gaussian noise added, the
improvement is small, which for photographic images and
small noise standard deviation could be expected from the
GS2 results, since unaltered natural images contain such noise
[24]. Interestingly, adding Gaussian noise to images, bitrates of
which were significantly improved by RDLS, considerably
decreases RDLS improvements—only for “france” for the
2 lowest levels of noise added and for “library” with the
lowest level of noise the RDLS improvement exceeds 1%.
Probably, the nonlinear denoising filters used ceased to be
effective in the presence of Gaussian noise. We see that all
groups of impulse noise images (actually, all such images) are
compressed significantly better with RDLS. Section 4.3
explains the poor DWT performance on images containing
impulse noise or sharp lines. Except for the highest noise
level, the RDLS improvement is generally greater when the
impulse noise level is higher, while for Gaussian noise, no
such dependency can be observed. Moreover, for some GS2
images, it is better not to use DWT; in such cases, RDLS-DWT
results in bitrates between bitrates of JPEG 2000 without
DWT and with DWT. There are only 3 such images, and the
opposite case may be observed for individual images with
impulse noise added. If skipping DWT improves the JPEG
2000 bitrate of these images, then in most cases, applying
RDLS-DWT results in greater improvement. We take advan-
tage of these observations in Sections 4.4 and 4.5.

4.2. Selection of heuristic parameters

Table 1 shows for individual images, that if a single filter,
used for all subbands in RDLS-DWT, significantly improves
the GS2 image bitrate, then it is the Median filter. However,

Table 1

greater improvements were obtained when different filters
were applied in different RDLS-DWT steps. To reduce the
heuristic complexity while preserving high bitrate improve-
ments, for GS2 and noisy images we analyzed which filters
were used when the RDLS bitrate improvement was over 1%.
The 4 most frequently used were Median 5 x 5 (for 49.7% of
all RDLS-DWT steps), Median 3 x 3 (21.3%), RCRS-2 3 x 3
(18.7%), and RCRS-1 3 x 3 (4.8%). It is noteworthy that the
Median 5 x 5 filter was used in nearly three-fourths of the
RDLS-DWT update steps (74.3%). For the remainder of this
study, we decided to keep these 4 filters along with the None
filter. Even though the None filter was rarely used (0.2%), the
heuristic could result in bitrate worsening without it.
Smoothing filters were used in 0.0% to 1.1% of the RDLS-DWT
steps, RCRS-1 5 x 5 in 0.2% of steps, RCRS-2 5 x 5 in 2.6%. We
also limited the number of heuristic step B iterations to 2.
Although compared to a single iteration, only the “france”
image from the GS2 set is noticeably better compressed when
we allow 2 iterations, more such cases may happen for the
CT2g set with over 700 images. The heuristic complexity for
2 iterations and 5 filters is roughly 37 times greater than the
complexity of JPEG 2000 with subband denoising. Table 2
presents the results for the reduced set of filters and
2 iterations.

In cases when the RDLS bitrate improvement obtained
using the set of 19 filters is high, the reduction of the filter set
to 5 filters has almost no influence on RDLS performance.
Both for such individual GS2 images and for averaged
improvements for groups of images with impulse noise
added, due to simplifying the heuristic, the RDLS improve-
ment is worsened by no more than 0.05 percentage points.
The negligible performance drop when reducing the number
of filters to 5 suggests that further reduction of the filter set

RDLS effects on lossless JPEG 2000 bitrates of individual GS2 images and averaged effects for GS2 set and sets of noisy images.

Image(s) pwt ATNO-DWT (%) Step A filter ATRpLs(19,0) (%) ATrpLs(19,1) (%) ATRpLs(19,2) (%) ATRpLs(19,3) (%)
barb 4.6586 19.59 None 0.00 -0.25 -0.25 -0.25
boat 4.4041 17.39 None 0.00 —-0.09 —-0.09 -0.10
france 2.0294 41.30 Median 3 x 3 —-7.04 —-23.32 —25.30 —-25.30
frog 6.2546 —-17.35 Median 5 x 5 —2.87 —-3.18 -3.18 —-3.18
goldhill 4.8338 12.05 Smoothing 3 x 3, 210 —0.02 -0.13 -0.13 -0.13
lena 43137 17.65 Smoothing 3 x 3, 210 0.00 —-0.09 —-0.09 -0.09
library 5.6892 —-8.90 Median 5 x 5 —3.87 -5.10 -511 -51
mandrill 6.1075 3.71 None 0.00 -0.11 -0.12 —-0.12
mountain 6.6983 —5.62 Smoothing 3 x 3, 21° —0.02 —0.10 —0.10 —0.10
peppers 4.6158 15.74 None 0.00 -0.07 -0.08 —0.08
washsat 4.4308 6.77 Median 5 x 5 —-0.87 —-5.89 -5.90 —-5.90
zelda 3.9951 26.99 Smoothing 3 x 3, 210 —-0.01 -0.29 -0.29 -0.29
GS2 4.8359 10.78 -1.22 —3.22 -3.39 -3.39
SP001_GS2 5.4584 —-1.31 -9.71 —11.22 —11.26 —-11.26
SP002_GS2 5.8882 —-6.93 -13.74 —15.03 —15.13 -15.13
SP005_GS2 6.7766 —14.73 —18.95 —20.57 —20.63 —20.63
SP010_GS2 7.5945 —18.44 —21.83 —22.77 —22.78 —22.79
SP020_GS2 8.3557 —18.58 —2047 -21.11 —-21.13 —-21.13
WG002_GS2 5.2614 8.43 -0.26 —-0.55 —-0.55 -0.56
WG005_GS2 5.7360 5.03 —-0.09 -0.19 -0.19 -0.19
WG010_GS2 6.3022 217 —-0.03 -0.12 -0.12 -0.13
WG020_GS2 7.0183 0.39 —0.04 -0.14 -0.15 —-0.15
WG050_GS2 8.0824 -1.90 -0.31 -0.35 -0.35 -0.35

rowr — JPEG 2000 bitrate for 3-level unmodified DWT, Arno-pwr — bitrate change obtained by skipping the DWT stage of JPEG 2000, Argpis(19,i) — bitrate
change obtained by using RDLS-DWT and all denoising filters presented in Section 3.1, adaptively selected in i iterations of heuristic step B. For Argprs(19,0),
in case of individual images we report the filter selected in step A of the heuristic.
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Fig. 6. RDLS effects on lossless JPEG 2000 bitrates of individual GS2
images and averaged effects for the GS2 set and sets of noisy images in
cases when the bitrate improvement exceeds 1%. Arrprs — bitrate change
or average bitrate change due to RDLS as compared to lossless JPEG 2000
bitrate for 3-level unmodified DWT.

may result in still good RDLS bitrate improvements. Therefore,
in subsection 4.5, we additionally consider using only the
None filter and the Median 5 x 5 filter. Interestingly, in one
case of the SP005_GS2 images, we obtained greater bitrate
improvement (by 0.01 percentage points), which shows that
heuristic results are not optimal.

4.3. RDILS effect on impulse noise and sharp lines

Fig. 7 shows that in an image with impulse noise added,
a single noisy pixel results in the distortion of all subbands
of the DWT transformed image. Furthermore, the noisy
pixel's neighborhood, originally unaffected by noise, is
now altered in all or most subbands, depending on the
noisy pixel position in the original image.

The neighborhood is affected since both 1D DWT lifting
steps—prediction (Eq. (1)) and update (Eq. (2))—alter the
sample based on its neighborhood of opposite parity. Since
the update is performed after the prediction, regardless of
whether the noisy sample is even or odd (and will end up as
part of L or H subband, respectively), both subbands are
contaminated. JPEG 2000 encodes subbands independently,
so the information on noise appearance has to be encoded
4 times for the 1-level 2D DWT or more for higher levels,
increasing the bitrate. Sharp lines affect the DWT similarly,
resulting in altered line neighborhoods due to the way 2D
DWT is built by using 1D DWTs. For instance, the horizontal
line in an image affects the 1D DWT done for the image
column the same way as the single impulse noise pixel. The
DWT is generally expected to decompose an image into
subbands that contain low- and high-frequency image fea-
tures. For impulse noise and sharp lines, the low- and high-
frequency image features are duplicated rather than sepa-
rated into subbands.

The RDLS-DWT also fails to decompose low- and high-
frequency features (Fig. 7, right-hand column). Noisy pix-
els during prediction and update are just left where they
were, and then during the reorder step of transform, they
are placed in subbands that correspond to their parities.

However, due to denoising, it almost completely avoids
generating the unnecessary low-frequency information on
noise and propagating the noise into all subbands, allow-
ing improvement of the bitrate.

4.4. RDILS effect on bitrates of typical images

Table 3 reports lossless JPEG 2000 bitrates obtained for the
3-level unmodified DWT and bitrate changes relative to it
obtained for no DWT and for RDLS-DWT with a reduced set
of 5 filters selected by up to 2 iterations of step B of the
heuristic. The results are reported for the CT2g set and its
subsets. Fig. 8 presents the results for individual images.

The overall lossless JPEG 2000 bitrate improvement of
CT2g images due to RDLS-DWT is significant (roughly 4.8%);
it mainly results from RDLS effects on bitrates of non-
photographic images, as photographic image bitrates are
improved by less than 1% on average. The bitrate improve-
ment for non-photographic images is 13.29% on average, and
greater improvements are observed for images that are better
compressed with the skipped DWT stage of JPEG 2000. In
such cases, RDLS-DWT results in average bitrates that are
better than those of JPEG 2000 compression with both
unmodified DWT and without DWT.

A single iteration of step B of the parameter selection
heuristic results in bitrate improvements close to the
improvements obtained with 2 iterations (worse by up to
0.12 percentage points for one of the subsets) and much
better than those obtained after step A only (by up to 4.48
percentage points). The increased complexity of parameter
selection by using 2 iterations seems practically unjusti-
fied: for 2 iterations, it is roughly 37 times greater than the
complexity of JPEG 2000 with subband denoising, while
for 1 iteration, it is 21 times. The initial selection of
denoising filters was arbitrary; the number of filters was
reduced based on the results obtained for other images.
We could probably obtain larger improvements without
such increase in complexity by finding better denoising
filters.

The definitely best denoising filter among the exam-
ined ones is Median 5 x5, which outperformed more
sophisticated filters and the Median filter with a smaller
window. It is the strongest among the nonlinear filters
used, which suggests that a stronger denoising might
further improve bitrates. Note also that we did not test
larger windows or windows of different shapes. Since
when computing H and L subbands during 2D DWT by
applying 1D DWT to image columns, we perform denois-
ing based on samples of a specific parity only in a vertical
direction and on all samples in a horizontal direction; the
actual area corresponding to the denoising filter window
in the original image is rectangular. Since the correlation of
pixels is proportional to the distance between them, the
window should instead be circular or square.

4.5. Practical observations

Up to this point, we evaluated RDLS effects on DWT
transform in lossless JPEG 2000 coding. In practice, we would
be interested in the bitrate achievable by an algorithm. To
improve it, we may consider the observation that for some
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Table 2

Effects of RDLS with the reduced set of filters on lossless JPEG 2000
bitrates of individual GS2 images and averaged effects for GS2 set and
sets of noisy images.

Image(s) TpwT ATgprs(19,3) (%) Argprs(s.2) (%)
Barb 4.6586 -0.25 -0.21
Boat 4.4041 -0.10 0.00
France 2.0294 —25.30 —25.30
Frog 6.2546 —-3.18 —3.18
Goldhill 4.8338 -0.13 —-0.02
Lena 43137 -0.09 —0.01
Library 5.6892 -511 —-512
Mandrill 6.1075 -0.12 —0.06
Mountain 6.6983 -0.10 —0.02
Peppers 4.6158 —0.08 —0.01
Washsat 4.4308 -5.90 -5.90
Zelda 3.9951 -0.29 -0.13
GS2 48359 -3.39 —-333
SP001_GS2 5.4584 —11.26 —11.21
SP002_GS2 5.8882 —15.13 —-15.13
SP005_GS2 6.7766 —20.63 —20.65
SP010_GS2 7.5945 —-22.79 —22.79
SP020_GS2 8.3557 —-21.13 -21.13
WG002_GS2 5.2614 —0.56 —-0.50
WG005_GS2 5.7360 -0.19 —-0.12
WG010_GS2 6.3022 -0.13 —0.04
WG020_GS2 7.0183 -0.15 —-0.02
WG050_GS2 8.0824 -0.35 —0.09

rpwr — JPEG 2000 bitrate for 3-level unmodified DWT, Argpys(s;) — bitrate
change or average bitrate change obtained by using RDLS-DWT and f
denoising filters, adaptively selected in i iterations of heuristic step B out
of (f=19) all filters from Section 3.1 or (f=5) Median 5 x 5, Median 3 x 3,
RCRS-2 3 x 3, RCRS-1 3 x 3, and None.

individual images, it is better to skip the DWT or RDLS-DWT
stage of JPEG 2000. The cost of the bitrate improvement is
also important. Therefore, we tested a couple more variants of
compression, including allowing the DWT stage of JPEG 2000
to be skipped at the cost of a single extra execution of the
compression process, using the most frequently selected
Median 5 x 5 filter and None filter only, and replacing the
heuristic with a fixed assignment of denoising filters to RDLS
steps. In the latter case, we used the Median 5 x 5 filter for
update steps and the None filter for prediction steps. Table 4
presents the results.

The application of RDLS to DWT transform in lossless JPEG
2000 coding results in significant bitrate improvements for
non-photographic images. In most cases, these improvements
are obtained at the cost of image-adaptive selecting of
denoising filters using the heuristic. The only extra cost dur-
ing decompression is due to denoising.

First, let's examine the results obtained without using the
filter selection heuristic (last 3 rows in Table 4). Using the
Median 5 x 5 filter for all RDLS-modified DWT update steps
and leaving prediction lifting steps unmodified (row
ATrpLs Fixep), We improved the bitrates of non-photographic
images by 8.64% on average. Since some images were better
compressed when the RDLS-DWT stage was skipped, at the
cost of an additional execution of the compression process,
we may obtain greater improvement of 11.64% for non-
photographic images (Arrpis mixep, No-pwr)- However, this
improvement should be compared to another improvement,
which is obtained at the same cost of a double compression
process execution. When for each image we pick a better

bitrate out of those obtained by using the unmodified DWT
and by skipping the DWT stage (Arno-pwt, pwt), the average
improvement is 7.43%. Both of these cases of RDLS application
worsen the bitrates of photographic images by about 0.5%. We
may avoid the bitrate increase either by employing the filter
selection heuristic that allows selecting the None filter or by
directly checking the unmodified DWT bitrate. In the latter
case, at the cost of 3 executions (ATrprs FIXED, NO-DWT, DWT), WE
obtain a compression scheme that is useful for practical
applications. It significantly improves the bitrates of non-
photographic images by almost 12% on average and does not
worsen the bitrate of any image. In [3,9], it was shown that by
using the entropy of prediction error of a transformed color
image component, we might efficiently select the color space
transform or the denoising filter for RDLS-modified color
space transform without executing the compression process
and independently of the actual image compression algo-
rithm (JPEG 2000, JPEG-LS, and HD Photo/JPEG-XR [25,26]
were used in these studies). In [9], only a small subset of
image pixels (up to 10000) was found sufficient for close to
optimum transform selection. Finding a similar estimator of
DWT variants, including RDLS-DWT, unmodified DWT, and
skipped DWT is an interesting field of future research.

The image-adaptive selection of denoising filter for
each RDLS-DWT step allows greater bitrate improvements
at a greater cost. Since for non-photographic images,
supplementing the RDLS denoising filter selection heur-
istic with checking the effect of the compression with the
skipped DWT stage results in noticeably greater improve-
ments (by over 1 percentage point), we focus on results
obtained this way. Using only the Median 5 x 5 denoising
filter and the None filter at the cost of more than two times
greater complexity (Arrpisi21), No-pwt), We obtain an
average improvement of 14%, i.e., better by over 2 percen-
tage points, than without using the heuristic (Arrprs_rixep,
No-DWT, bwT)- The improvement is mainly due to larger
improvements for images that are better compressed with
the skipped DWT. Adding 3 adaptively selected denoising
filters further increases the complexity three-fold, but the
bitrate is further improved by below 0.5 percentage points
only (ATrprs(s1), No-pwrt)- Such cost may be too high for
practical applications, but a fast estimation of RDLS-DWT
effects could make the adaptive application of many filters
useful.

4.6. Comparison to other algorithms

Table 5 compares average bitrate changes relative to
bitrates of unmodified lossless JPEG 2000 obtained by one
of the practical variants that exploit RDLS discussed in the
previous subsection (RDLS(2,1), NO-DWT) and obtained by
JPEG-LS and HEVC algorithms. It can be seen that JPEG-LS
is the best for the CT2g set as well as for its subsets. The
recent HEVC is in-between JPEG-LS and our RDLS variant
for non-photographic images. By applying RDLS to DWT in
lossless JPEG 2000 and by allowing to skip the DWT stage
we obtained a compression scheme, results of which for
No-photo images are closer to JPEG-LS than to unmodified
JPEG 2000. However, JPEG-LS is better by roughly 7.5 per-
centage points, indicating that the further improvement of
lossless JPEG 2000 bitrates should be possible in case of
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Fig. 7. Effects of impulse noise and sharp lines on 1-level 2D DWT. Left-hand column - original images (32x32 pixels), middle column - DWT transformed
images, right-hand column - RDLS-DWT transformed images (Median 3x3 filter used); transformed images are normalized to dynamic range of

original ones.

Table 3
Averaged RDLS effects on lossless JPEG 2000 bitrates of CT2g images.

Images Count TowT Arno-pwr (%) ATroLs(s,0) (%) Arrors(s.1y (%) ATRpLs(5,2) (%)
Photo 499 3.9975 25.6 -0.02 -0.62 -0.64
No-—photo 247 2.9162 18.8 -9.09 —13.18 —-13.29
No—photo (a) 81 3.2882 —-226 —23.89 —28.37 —2845
No— photo (b) 166 27348 390 ~1.87 ~577 ~5389
All 746 3.6395 233 -3.02 —4.78 —4.83

rpwr — JPEG 2000 bitrate for 3-level unmodified DWT; Arno-pwr — bitrate change obtained by skipping the DWT stage of JPEG 2000; Argpis(s,i) — bitrate
change obtained by using RDLS-DWT and 5 denoising filters (Median 5 x 5, Median 3 x 3, RCRS-2 3 x 3, RCRS-1 3 x 3, and None), adaptively selected in i

iterations of step B of the heuristic.

non-photographic images. The improvement of the RDLS
variant is much greater for No-photo (a) images than for
No-photo (b), both as percentage of unmodified JPEG 2000
bitrate and as compared to improvement obtained by
JPEG-LS. Interesting observations may be made for Photo
images. Here we obtain only a small fraction of improve-
ment possible by use of JPEG-LS. Generally, our method
gives only small improvements for photographic images,
which probably could be improved, since we were select-
ing filters for non-photographic and noisy images. It may
be also noted, that HEVC bitrates are for Photo images
significantly worse than those of unmodified JPEG 2000.

The HEVC settings we applied might not be optimal;
however, in [27] for lossless coding of video sequences, the
HEVC bitrates were worse than bitrates of JPEG-LS by
about 11%, which complies with our results.

5. Conclusions and future work

In this study, we applied RDLS, which is basically the
integration of lifting steps with denoising filters, to DWT in
JPEG 2000 lossless coding and evaluated RDLS effects on
bitrates of various types of images. The RDLS application is
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Fig. 8. RDLS effects on lossless JPEG 2000 bitrates of CT2g images. rpwr —
JPEG 2000 bitrate for 3-level unmodified DWT, Argpissz2) — bitrate
change obtained by using RDLS-DWT with 5 denoising filters (Median
5x5, Median 3x3, RCRS-2 3x3, RCRS-1 3x3, and None), adaptively selected
by 2 iterations of step B of the heuristic. Top panel — photographic ima-
ges; bottom panel - non-photographic images.

Table 4

straightforward, as there is an analogy between the DWT of a
grayscale image and a transform for which the RDLS techni-
que was originally proposed—the color space transform of a
color image. However, assuming that the DWT subbands’
characteristics are invariant, we must find proper denoising
filters for each RDLS-modified DWT (RDLS-DWT) subband,
that is, 6t filters for t decomposition levels. Subbands are
interdependent, so we proposed a filter selection heuristic
consisting of greedy steps A and B, where step B may be
repeated given a number of iterations. The heuristic requires
multiple executions of the JPEG 2000 compression process
that may involve subband denoising.

In the experiments, we used simple low-pass linear
averaging filters (Smoothing filters) that were effective in
the RDLS-modified color space transform and nonlinear
filters (including the Median filter) that were effective in
removing impulse noise; 3 x 3 and 5 x 5 sample windows
were used for both types of filters. First, for classic grays-
cale images (Waterloo GraySet2) and for images with
impulse or Gaussian noise added, we found that practically
useful bitrate improvements with RDLS were obtained for
non-photographic images and for images with impulse
noise added. In these cases, reducing the set of denoising
filters to the 4 filters most frequently selected by the
heuristic along with the None filter that turns RDLS into a
regular lifting step and using 2 iterations of step B of the
heuristic has almost no influence on bitrate improvements
due to RDLS as compared to using all 19 filters and a
greater number of iterations. All of the 4 most frequently
selected filters are nonlinear, and the most frequently
selected filter is the Median 5 x 5 filter. We also observed
that some images are better compressed by JPEG 2000 if
we skip the DWT stage of the algorithm; the unmodified
DWT increases the amount of information that has to be

Averaged effects of various compression variants on lossless JPEG 2000 bitrates of CT2g images.

Compression variants Complexity Photo No-photo No-photo (a) No-photo (b) All

T pwr 1 3.9975 2.9162 3.2882 2.7348 3.6395
ATNO-DWT 1 25.59% 18.77% —22.65% 38.98% 23.33%
ATNO-DWT, DWT 2 —0.01% —7.43% —22.65% 0.00% —247%
ATRDLS(5.0) 5 —0.02% —9.09% —23.89% —-1.87% —3.02%
ATRDLS(5.0), NO-DWT 6 —0.03% -11.11% —30.05% -1.87% —3.70%
ATRDLS(5.1) 21 —0.62% —13.18% —28.37% —5.77% —4.78%
ATRDLS(5.1), NO-DWT 22 —0.63% —14.34% —31.90% —5.77% —5.17%
ATRDLS(5.2) 37 —0.64% -13.29% —28.45% —5.89% —4.83%
ATRDLS(5.2). NO-DWT 38 —0.65% —14.43% —31.92% —5.89% —5.21%
ATRpLS(2.1) 6 —0.56% —12.61% —27.13% —5.53% —4.55%
ATRDLS(2.1), NO-DWT 7 —0.57% —14.00% —31.37% —5.53% —5.02%
ATRDLS_FIXED 1 0.53% —8.64% —17.29% —4.42% —2.51%
ATRDLS_FIXED, NO-DWT 2 0.52% —11.64% —26.42% —4.42% —3.51%
ATRDLS_FIXED, NO-DWT, DWT 3 -0.31% —11.90% —26.42% —4381% —4.14%

rpwr — lossless JPEG 2000 bitrate for 3-level unmodified DWT; Aryariane 1ist — bitrate change obtained by picking for each image the best bitrate out of
bitrates obtained using the listed variants; DWT - unmodified DWT transform; NO-DWT - skipping the DWT stage of JPEG 2000; RDLS(f,i) - RDLS-DWT
using f denoising filters adaptively selected in i iterations of step B of the heuristic out of (f=5) Median 5 x 5, Median 3 x 3, RCRS-2 3 x 3, RCRS-1 3 x 3, and
None or (f=2) Median 5 x 5 and None; RDLS_FIXED - RDLS-DWT with fixed assignment of denoising filters to RDLS steps (Median 5 x 5 for update steps
and None for prediction steps); Complexity - computational time complexity as roughly compared to the complexity of the JPEG 2000 compression process

which may involve subband denoising or DWT stage skipping.
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encoded when an image contains impulse noise or
sharp lines.

Next, we evaluated RDLS effects on DWT by using a
recent, large, and diverse set of photographic and non-
photographic images (CT2g). Significant bitrate improve-
ments due to RDLS were also observed for the latter; an
average bitrate improvement of over 13% was obtained at
the cost roughly 21 times greater than the cost of JPEG
2000 compression process with subband denoising.
However, it is noteworthy that for about one-third of these
images, the DWT transform worsens the lossless JPEG
2000 bitrate, so the bitrate may be improved by simply
skipping the DWT stage. In such cases, RDLS-DWT usually
results in average bitrates that are better than those of
JPEG 2000 compression with both unmodified DWT and
without DWT, but for some individual images, skipping
DWT gives the best results. Therefore, in practice, includ-
ing the possibility of skipping the DWT stage is justified.

Finally, from a practical viewpoint, we evaluated a
couple of compression schemes by exploiting RDLS and
also the possibility of skipping the DWT stage or using a
fixed assignment of denoising filters to RDLS-DWT sub-
bands, instead of time-consuming heuristic. A simple
scheme based on a fixed filter assignment, at the cost of a
triple compression process execution, significantly
improves the bitrates of non-photographic images by
almost 12% on average and does not worsen the bitrate of
any image. Image-adaptive filter selection by using the
heuristic results in an average improvement of 14% and
with over two times greater cost. In both cases, only the
Median 5 x 5 and None filters were used. Further bitrate
improvements are possible by using more filters but at a
cost that seems too high for practical applications. As
compared to JPEG-LS, the proposed schemes for non-
photographic images allow to obtain bitrates that are
closer to JPEG-LS than to unmodified JPEG 2000; however,
the better performance of the former indicates that the
further improvement of lossless JPEG 2000 bitrates should
be possible.

Bitrate improvements were obtained at the cost of multi-
ple executions of the compression process and, in most cases,
of multiple denoising of RDLS-DWT subbands. Finding a fast
estimator of denoising filter selection effects to be used within
or instead of filter selection heuristic is an interesting field of
future research. Another field involves finding better denois-
ing filters, as we found reasons for why the filter set used in
this study might be not optimal. Some images are better
compressed when the DWT/RDLS-DWT compression stage is

Table 5
Comparison of RDLS-modified JPEG 2000 with JPEG-LS and HEVC.

skipped, but similar to the denoise filtering that is most
effective when applied to some subbands only, the optimum
may be in-between skipping and applying the transform.
Therefore, we are currently investigating the image-adaptive,
partial transform skipping.
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