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ABSTRACT extensively explored. Encoding in 2D enable the doc-
tor to view a single slice at a time without decoding the
whole volume. Taking into account these factors, we
also adopted the prediction based scheme in our pro-
posed 4D compression scheme.

Lossless data compression schemes often consist of
two distinct and independent components: modeling
and coding [1, 2]. The former is concerned with the
‘understanding’ of the source data, and is related to
other knowledge based areas of computing such as ma-
chine learning and categorization techniques. In con-
trast, coding is a tightly specified task of efficiently
representing a single symbol as a code, usually in bi-
nary form, given a set of estimated symbol probabil-
ities. Our compression scheme incorporates 3D mo-
tion estimation as a preprocessing step to effectively
remove the redundancy between frames and so reduce
the corresponding prediction error. A new fast 3D cube

Four-dimensional (4D) medical images, which are se-
quences of volume images over time, are represented by
agreat volume of information. One set of 4D medical im-
ages can easily take up hundreds of megabytes of storage
volume. In this paper, we present a technique for com-
pressing 4D medical images by combining motion com-
pensation and lossless/near-lossless image encoding. Our
technique incorporates a new fast 3D cube match algo-
rithm that effectively exploits the redundancy between
frames. The proposed scheme is validated by experi-
mentson 4D cardiac images.

1 Introduction

Four-dimensional (4D) medical images are increas-
ingly used in diagnosis, including 4D MRI and 4D CT. match technique is used in the motion estimation pro-

Without efficient compression, Iar_ge amounts of dat.acess [7]. The Low Complexity Lossless Compression
due to sequences of 4D medical images, would easny]cor Images (LOCO-I) [1] is a practical and general

overwhelm storage and transmission systems. Lossburpose lossless image coding technique which is ef-

less compression is desired by doctors for accurate diTicient, easy to implement and also operates in a near-

agnosis and treatment as well as to conform to legal g jaqs mode. We applied LOCO-I on residual images
and regulatory requirements. While there has been eX5ptained as a result of the 3D motion estimation pro-
tensive work on lossy and lossless compression of stiIICess

(ZrEQIg?r?g?ZI[Dliri]aar(]edc\écr)#uineeséisoDn) ilsm;?:ISat[iigll]’r:g\?v The rest of the paper is organized as follows. Section
P 9 P y 2 describes our compression scheme for compressing

rei_eharch area [5.]' v t ¢ . f loss| . 4D medical images. In section 3, we describe the fast
ere are ma;]n y two é:a ecg):jorles 0 Osf‘] ess |rr;age3D cube match algorithm. In Section 4, the compres-
compression schemes [6]. One approach uses tran Sion results are reported and compared with the perfor-

]Ic(rzrtrﬁztml‘grrie\l\r/h\l/lxleal\flerllgtﬂ':rea[nlgf\:) Orlr\;eajiopr:ehd;gtggezogggh mance of other predictive coding algorithms for loss-
’ less and near lossless coding. We provide our conclu-

sjvely used [3—5_]. Alth(_)ugh the wavelet transforma- sions in Section 5.
tion performs quite well in lossy and lossless compres-
sion, it results in PSNR fluctuations between decod-
ing neighboring slices when applied on 3D or higher .
dimensional data in the lossy mode [7, 8]. In addi- 2 Compr%lon Scheme

tion, transformation schemes normally are associated ) o ]
with heavy computations and so are not used as exIn our compression scheme, preprocessing is carried

tensively as prediction based schemes in lossless medUt to reduce the prediction cost and to improve the
ical image compression [1, 2, 6]. Currently, most pre- Performance of subsequent operations. Using prepro-
dictive coding schemes work on 2D images, becausé-€SSNg; the voxel values are squeezed into a much
computational complexity will be increased greatly if Smaller range butwithout loss of information to reduce
extended to 3D. However, this does not influence theirthe prediction costin coding part. Voxel is the smallest
applications since medical images are still viewed asUNitin volume image, corresponding to pixel in 2D im-

2D slices, although visualization techniques are being?9€: Motion compensation is introduced to exploit the
redundancy between continuous frames of 4D medi-

0-7803-8665-5/04/$20.0@2004 |IEEE cal images and hence to reduce the prediction cost in




C b d N LA

Scarch

IN+1

a X

A —N— N 4

s ) s
2N+
sub-cube in current frame 3D search window in reference frame
Pixelto be encoded

. . Fig. 2: lllustration of 3D cube match.
Fig. 1: LOCO-I prediction pattern.

later steps. Since each frame in the image sequence {§@Mes. To reduce computational complexity, a fast
a volume image, 3D motion may exist. The traditional 3D cube match algorithm is used [7]. .Whe.n do_lng
2D block match [9, 10] may not be able to exploit the fast 3D cube match, the current frar_ne is divided into
redundancy efficiently. To reduce the computational Y 2V x/V sub-cubes and a match is found for each
loads, the fast 3D cube match algorithm [7] is used.  SuP-cube inside a 3D search window as shown in Fig.

After the motion vectors are computed in the motion 2+ Here, the 3D search window is taken from the pre-
estimation process, the prediction frame can be con.Yious 3D frame, which is theeference frame. The first
structed by filling with the sub-cubes of the reference frame In a sequence IS se_lectedkafs frame_ and en-
frame according to corresponding 3D motion vectors.COqeOI ‘?"fe?t'y W't_hOUt motion compensation. Motion
The residual image is obtained by subtracting the pre-£Stimation is carried out on subsequent frames by se-
diction frame from the actual one. The resulting 3D '€Cting their previous 3D frames as reference frames,
motion vectors and residual images are encoded. respectlvely. . . .

The Huffman encoder is employed to encode 3D 1h€ motion vectory, v, w) is essentially the differ-
motion vectors. The idea behind Huffman coding is €NC€ Petween the position (, k) of the sub-cube in
simply to use shorter bit patterns for more common CUrrent frame and the position, , k) of the matched
characters, and longer bit patterns for less commorSUP-cube in the reference frame. The matched sub-
characters. The residual images are divided into slice$UP€ is defined as the one that has the minimum Mean
and then encoded separately by using LOCO-I [1] for Square Error (MSE) with the current sub-cube. The
its efficiency and simplicity, which is the algorithm at MSE is minimized to obtain the estimation of motion
the core of the new ISO/ITU standard, JPEG-LS, for VECtor (1, v,w). The 3D predicted frame can be con-
lossless and near-lossless compression of continuoustructed by filling its sub-cube at position , £) with
tone images. the sub-cube at position{ u, j +v, k+w) in the SD

The LOCO-I compression scheme basically in- reference frame, where.(v, w) is the corresponding
volves: ) run-length coding; i{) non-linear predic- motion vector. The 3[_) residual frame is the d|ﬁerenc;e
tion; (iii) context-based statistics modeling; arig) ( between the 3D predicted frame and the actual 3D in-

entropy coding. The modes of run-length coding and ermediate frame. _ _
prediction-based entropy coding are selected by a tem- _If the full sga_rch method is used: the entire search
plate of four neighboring pixels as illustrated in Fig. Window consisting of(2V" + 1) points need to be

1. To reduce the prediction cost, LOCO-I proposed checked.  To reduce the number of points to be
the following three delta values to implement the local S€arched and therefore the computational complex-

texture analysis: ity, a fast 3D cube match strategy is used [7], which
is extended from 2D center-biased search algorithms
Ay =d—-bjAs=b—c;Az=c—a [9,10]. Fig. 3 illustrates the three-step fast 3D cube

Or{‘natch algorithm based on a£35x 15 3D search win-

d dow. For this instance, the full search will compute
as a fixed, pre-determined constant value representeE‘}D'\/I at 3375 points, Wh!le the fast cube mat(;h algo-
by a predefined parametér At the decoder end, the nth_m checks only 105 points under the worst situation,
reconstructed pixels have a maximum distortion of which leads to a speed-up more that 32.

in comparison with their original values. By defining
some acceptable distortion, much higher compression4
ratios can be achieved.

LOCO-I also provides a near lossless compressi
mode, in which the information distortion is introduce

Experimental Results

In our experiments, we use a sequence of 16-bit CT
3 Fast 3D Cube M atch Algor ithm cardiac volume images [11]. The size of each 3D frame

is 128x128%x 107 and there are a total of 15 frames in
The 3D cube match algorithm [7], an extension of the the sequence. Fig. 4(a) shows a 3D frame of the image.
2D block match [9, 10], which is extensively used in  Motion compensation is performed on the dataset
video compression, is used for motion estimation. Infirst. The fast 2D block match [10] and the fast 3D
the proposed compression scheme, motion compeneube match [7] algorithms are applied on the image
sation is used to exploit the redundancy between 3Dsequence separately for comparison purposes. The 2D
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Fig. 5: PSNR of reconstructed images by using 2D
block match and 3D cube match respectively.
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Fig. 4: One frame of the (a) original image and (b) -8s3 477 - 3243

residual image. (a)

Fig. 6: Histogram of (a) the original image and (b) the

block match method is applied on slices of a 3D frame, _~: :
residual image.

while 3D cube match is used on a whole 3D frame di-
rectly. Prediction frames are reconstructed by using
reference frame and motion vectorBeak signal-to-
noiseratio (PSNR) is employed to measure the quality
of the results, which is defined as follows

compression, under which every sample value in a re-
constructed image is guaranteed to differ from the cor-
responding value in the original image by up to a small
predefined amourit In fact, the lossless compression
mode is just a special case of near-lossless compres-
sion, whered = 0. The near-lossless compression is
useful in that the bits rate can decrease significantly
with only slight loss of quality. The compression re-
sults for these two modes are discussed in the follow-
ing subsections.

2
PSNR= 10log;, %

where M is the maximum voxel value in the image.
In addition, D is mean square error (MSE), which is

defined as
1 N-—1
_ 2
D—N;kcz x|

whereN is the number of voxels in the frame; and
! are the original and the predicted values atitte  In the proposed compression scheme, the compression
voxel respectively. results to be stored or transferred are encoded motion
Fig. 5 shows that the PSNR of the reconstructed vol-vectors and bit streams of the compressed residual im-
ume using 3D cube match is normally 2—4dB higher ages. The compression results under lossless mode are
than that of those reconstructed by 2D block match.shown in Table 1 together with the compression re-
This naturally leads to the conclusion that 3D cube sults of several other algorithms for comparison. In
match algorithm is more suitable for motion compen- Table 1, column 2 lists the actual bits/voxel obtained
sation in this work than 2D block match. by using our compression scheme. Column 3 lists the
Fig. 6 shows the histograms of original and residual compression result of LOCO-I. Columns 4 and 5 list
images. After the motion compensation, the residualthe compression results obtained by the other two pub-
images are quite smooth (Fig. 6(b)). As shown in Fig. licly available lossless image compression codecs: the
4(b), textural information is present in residual images. context-based adaptive lossless image coding (CALIC)
This will facilitate the prediction process of the LOCO- [2] and JPEG2000-LS [12]. The latter is an implemen-
I [1] and get more efficient coding results. tation of the JPEG2000 in lossless mode. Clearly the
The proposed compression scheme has two comproposed compression scheme is more efficient than
pression modes. One mode is lossless compressiorgther compression schemes listed in Table 1 by de-
under which the compressed image can be recone€reasing bit rates about 20% to 30%.
structed perfectly. The other mode is near-lossless The compression result of the first frame is the same

4.1 LosslessCompression Mode



Table 1: Lossless compression results (bits/voxel)

5 Conclusions

Frame Our Al- LOCO-I CALIC JPEG- By applying 3D motion compensation before cod-
gorithm 2000(LS)  jng, we compress 4D medical images under lossless
1 8.286 8.286 9.589 8.993 and near-lossless constraints efficiently. The fast 3D
2 5.970 8.235 9.512 9.463 cube match algorithm results in reduced computations
3 5807 8249  9.415 9.369 and thus faster compression. Experiments are carried
4 5.830 8.261  9.370 9.223 out on 4D medical images in both lossless and near-
5 5.817 8.239 9.396 9.310 lossless compression modes of the scheme. The exper-
6 5.804 8.240 9.415 9.299 imental results show that our compression scheme is
7 5.750 8.225 9.483 10.655 successful.
8 5.813 8.245 9.435 9.373
9 5.826 8.246 9.435 9.274
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Table 2 lists the compression results under near-
lossless mode with differerdt values. The value of
o starts from 5 as shown in Table 2, because the com-
pression ratio is very near to that of lossless compres-|
sion if §<5. Clearly, the compression ratio increases
significantly when larged is used. It is noted, when
§=20, the resulting bit rate is lower than half of that [
of lossless compression as shown in Table 1. This dis-
tortion may be acceptable because the image is stored
in 16bits/voxel and its intensity varies between 0 and
65535. Therefore, it could be useful for compressing
noisy images like ultrasound data sets, where lossless
compression is not required [5, 8].
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