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ABSTRACT

Four-dimensional (4D) medical images, which are se-
quences of volume images over time, are represented by
a great 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-
ments on 4D cardiac images.

1 Introduction

Four-dimensional (4D) medical images are increas-
ingly used in diagnosis, including 4D MRI and 4D CT.
Without efficient compression, large amounts of data
due to sequences of 4D medical images, would easily
overwhelm storage and transmission systems. Loss-
less compression is desired by doctors for accurate di-
agnosis and treatment as well as to conform to legal
and regulatory requirements. While there has been ex-
tensive work on lossy and lossless compression of still
(2D) images [1, 2] and volume (3D) images [3, 4], the
problem of 4D image compression is a relatively new
research area [5].

There are mainly two categories of lossless image
compression schemes [6]. One approach uses trans-
formations while another involves predictive coding.
In the former, wavelet transformation has been exten-
sively used [3–5]. Although the wavelet transforma-
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-
tion, transformation schemes normally are associated
with heavy computations and so are not used as ex-
tensively as prediction based schemes in lossless med-
ical image compression [1, 2, 6]. Currently, most pre-
dictive coding schemes work on 2D images, because
computational complexity will be increased greatly if
extended to 3D. However, this does not influence their
applications since medical images are still viewed as
2D slices, although visualization techniques are being
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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
match technique is used in the motion estimation pro-
cess [7]. The Low Complexity Lossless Compression
for Images (LOCO-I) [1] is a practical and general
purpose lossless image coding technique which is ef-
ficient, easy to implement and also operates in a near-
lossless mode. We applied LOCO-I on residual images
obtained as a result of the 3D motion estimation pro-
cess.

The rest of the paper is organized as follows. Section
2 describes our compression scheme for compressing
4D medical images. In section 3, we describe the fast
3D cube match algorithm. In Section 4, the compres-
sion results are reported and compared with the perfor-
mance of other predictive coding algorithms for loss-
less and near lossless coding. We provide our conclu-
sions in Section 5.

2 Compression Scheme

In our compression scheme, preprocessing is carried
out to reduce the prediction cost and to improve the
performance of subsequent operations. Using prepro-
cessing, the voxel values are squeezed into a much
smaller range but without loss of information to reduce
the prediction cost in coding part. Voxel is the smallest
unit in volume image, corresponding to pixel in 2D im-
age. Motion compensation is introduced to exploit the
redundancy between continuous frames of 4D medi-
cal images and hence to reduce the prediction cost in
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Fig. 1: LOCO-I prediction pattern.

later steps. Since each frame in the image sequence is
a volume image, 3D motion may exist. The traditional
2D block match [9, 10] may not be able to exploit the
redundancy efficiently. To reduce the computational
loads, the fast 3D cube match algorithm [7] is used.

After the motion vectors are computed in the motion
estimation process, the prediction frame can be con-
structed by filling with the sub-cubes of the reference
frame according to corresponding 3D motion vectors.
The residual image is obtained by subtracting the pre-
diction frame from the actual one. The resulting 3D
motion vectors and residual images are encoded.

The Huffman encoder is employed to encode 3D
motion vectors. The idea behind Huffman coding is
simply to use shorter bit patterns for more common
characters, and longer bit patterns for less common
characters. The residual images are divided into slices
and then encoded separately by using LOCO-I [1] for
its efficiency and simplicity, which is the algorithm at
the core of the new ISO/ITU standard, JPEG-LS, for
lossless and near-lossless compression of continuous-
tone images.

The LOCO-I compression scheme basically in-
volves: (i) run-length coding; (ii) non-linear predic-
tion; (iii) context-based statistics modeling; and (iv)
entropy coding. The modes of run-length coding and
prediction-based entropy coding are selected by a tem-
plate of four neighboring pixels as illustrated in Fig.
1. To reduce the prediction cost, LOCO-I proposed
the following three delta values to implement the local
texture analysis:

∆1 = d − b; ∆2 = b − c; ∆3 = c − a

LOCO-I also provides a near lossless compression
mode, in which the information distortion is introduced
as a fixed, pre-determined constant value represented
by a predefined parameterδ. At the decoder end, the
reconstructed pixels have a maximum distortion ofδ

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

3 Fast 3D Cube Match Algorithm

The 3D cube match algorithm [7], an extension of the
2D block match [9, 10], which is extensively used in
video compression, is used for motion estimation. In
the proposed compression scheme, motion compen-
sation is used to exploit the redundancy between 3D

Fig. 2: Illustration of 3D cube match.

frames. To reduce computational complexity, a fast
3D cube match algorithm is used [7]. When doing
fast 3D cube match, the current frame is divided into
N×N×N sub-cubes and a match is found for each
sub-cube inside a 3D search window as shown in Fig.
2. Here, the 3D search window is taken from the pre-
vious 3D frame, which is thereference frame. The first
frame in a sequence is selected askey frame and en-
coded directly without motion compensation. Motion
estimation is carried out on subsequent frames by se-
lecting their previous 3D frames as reference frames,
respectively.

The motion vector (u, v, w) is essentially the differ-
ence between the position (i, j, k) of the sub-cube in
current frame and the position (i, j, k) of the matched
sub-cube in the reference frame. The matched sub-
cube is defined as the one that has the minimum Mean
Square Error (MSE) with the current sub-cube. The
MSE is minimized to obtain the estimation of motion
vector (u, v, w). The 3D predicted frame can be con-
structed by filling its sub-cube at position (i, j, k) with
the sub-cube at position (i +u, j + v, k +w) in the 3D
reference frame, where (u, v, w) is the corresponding
motion vector. The 3D residual frame is the difference
between the 3D predicted frame and the actual 3D in-
termediate frame.

If the full search method is used, the entire search
window consisting of(2N + 1)3 points need to be
checked. To reduce the number of points to be
searched and therefore the computational complex-
ity, a fast 3D cube match strategy is used [7], which
is extended from 2D center-biased search algorithms
[9, 10]. Fig. 3 illustrates the three-step fast 3D cube
match algorithm based on a 15×15×15 3D search win-
dow. For this instance, the full search will compute
CDM at 3375 points, while the fast cube match algo-
rithm checks only 105 points under the worst situation,
which leads to a speed-up more that 32.

4 Experimental Results

In our experiments, we use a sequence of 16-bit CT
cardiac volume images [11]. The size of each 3D frame
is 128×128×107 and there are a total of 15 frames in
the sequence. Fig. 4(a) shows a 3D frame of the image.

Motion compensation is performed on the dataset
first. The fast 2D block match [10] and the fast 3D
cube match [7] algorithms are applied on the image
sequence separately for comparison purposes. The 2D



first step

53 checking pts.


decision #1
true


MV=(0,0,0)


false

decision #2


second step

9, 15 or 19 checking pts.


third step

52 checking pts.


false


MV
 MV


decision #1: minimum at the search window center?

decision #2: minimum at one neighbor of the center?


true


Fig. 3: The block diagram of the three-step 3D cube
match algorithm.
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Fig. 4: One frame of the (a) original image and (b)
residual image.

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

PSNR= 10 log
10

M2

D

whereM is the maximum voxel value in the image.
In addition,D is mean square error (MSE), which is
defined as

D =
1

N

N−1∑

n=0

|xi − x′

i|
2

whereN is the number of voxels in the frame,xi and
x′

i
are the original and the predicted values at theith

voxel respectively.
Fig. 5 shows that the PSNR of the reconstructed vol-

ume using 3D cube match is normally 2–4dB higher
than that of those reconstructed by 2D block match.
This naturally leads to the conclusion that 3D cube
match algorithm is more suitable for motion compen-
sation in this work than 2D block match.

Fig. 6 shows the histograms of original and residual
images. After the motion compensation, the residual
images are quite smooth (Fig. 6(b)). As shown in Fig.
4(b), textural information is present in residual images.
This will facilitate the prediction process of the LOCO-
I [1] and get more efficient coding results.

The proposed compression scheme has two com-
pression modes. One mode is lossless compression,
under which the compressed image can be recon-
structed perfectly. The other mode is near-lossless
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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. 6: Histogram of (a) the original image and (b) the
residual image.

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 amountδ. In fact, the lossless compression
mode is just a special case of near-lossless compres-
sion, whereδ = 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.

4.1 Lossless Compression Mode

In the proposed compression scheme, the compression
results to be stored or transferred are encoded motion
vectors and bit streams of the compressed residual im-
ages. The compression results under lossless mode are
shown in Table 1 together with the compression re-
sults of several other algorithms for comparison. In
Table 1, column 2 lists the actual bits/voxel obtained
by using our compression scheme. Column 3 lists the
compression result of LOCO-I. Columns 4 and 5 list
the compression results obtained by the other two pub-
licly available lossless image compression codecs: the
context-based adaptive lossless image coding (CALIC)
[2] and JPEG2000-LS [12]. The latter is an implemen-
tation of the JPEG2000 in lossless mode. Clearly the
proposed compression scheme is more efficient than
other compression schemes listed in Table 1 by de-
creasing bit rates about 20% to 30%.

The compression result of the first frame is the same



Table 1: Lossless compression results (bits/voxel)
Frame Our Al-

gorithm
LOCO-I CALIC JPEG-

2000(LS)
1 8.286 8.286 9.589 8.993
2 5.970 8.235 9.512 9.463
3 5.807 8.249 9.415 9.369
4 5.830 8.261 9.370 9.223
5 5.817 8.239 9.396 9.310
6 5.804 8.240 9.415 9.299
7 5.750 8.225 9.483 10.655
8 5.813 8.245 9.435 9.373
9 5.826 8.246 9.435 9.274
10 5.813 8.271 9.447 9.338
11 5.822 8.271 9.432 9.227
12 5.802 8.250 9.333 9.119
13 5.812 8.267 9.428 9.022
14 5.791 8.266 9.473 9.029
15 5.818 8.261 9.526 8.998

Avg. 5.984 8.254 9.446 9.308

for our scheme and that of LOCO-I because motion
compensation is applied from the second frame on-
wards.

4.2 Near-lossless Compression Mode

Table 2: Near-lossless compression results (bits/voxel)
Frame δ=5 δ=20 δ=50 δ=200

1 6.919 4.738 3.016 0.995
2 5.134 3.327 2.123 0.794
3 5.115 3.289 2.111 0.632
4 5.126 3.305 2.113 0.786
5 5.103 3.276 2.089 0.716
6 5.089 3.275 2.089 0.783
7 5.092 3.272 2.088 0.771
8 5.126 3.305 2.112 0.764
9 5.119 3.284 2.110 0.760
10 5.094 3.277 2.103 0.763
11 5.110 3.291 2.103 0.780
12 5.097 3.274 2.093 0.788
13 5.102 3.287 2.106 0.718
14 5.113 3.290 2.103 0.796
15 5.118 3.301 2.105 0.605

Avg. 5.230 3.366 2.163 0.763

Table 2 lists the compression results under near-
lossless mode with differentδ values. The value of
δ starts from 5 as shown in Table 2, because the com-
pression ratio is very near to that of lossless compres-
sion if δ<5. Clearly, the compression ratio increases
significantly when largerδ is used. It is noted, when
δ=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].

5 Conclusions

By applying 3D motion compensation before cod-
ing, we compress 4D medical images under lossless
and near-lossless constraints efficiently. The fast 3D
cube match algorithm results in reduced computations
and thus faster compression. Experiments are carried
out on 4D medical images in both lossless and near-
lossless compression modes of the scheme. The exper-
imental results show that our compression scheme is
successful.
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