


File Name 8 £ 8 £ 2 16 £ 16 £ 2 32 £ 32 £ 4 64 £ 64 £ 4
Skull 3.1066 2.4758 2.2617 2.2301
Wrist 2.1780 1.5601 1.3604 1.3347

Carotid 2.5093 1.8973 1.6952 1.6684
Aperts 1.8857 1.2718 1.0793 1.0525

Liver t1 3.3724 2.7478 2.5287 2.5001
Liver t2e1 2.6961 2.0709 1.86613 1.8354
Saghead 3.1859 2.5538 2.3395 2.3091
Pedchest 2.8729 2.2502 2.0372 2.0081
moffett 1 8.3711 7.5104 7.2282 7.1848
moffett 2 9.8242 8.9170 8.6086 8.5674
moffett 3 8.0128 7.1722 6.8960 6.8536
jasper 1 8.1417 7.2922 7.0130 6.9705

Table 4: Lossless Coding Results by Use of Different Code-
block Size (bits/pixel)

3.3 Resolution scalable results

The CT medical sequence ”skull” , I(2,2) integer �lter, and
32£ 32£ 4 code-block size are selected for this comparison.
The quality of reconstruction is measured by peak signal to
noise ratio (PSNR) over the whole image sequence. PSNR
is de�ned by

PSNR = 10 log10

x2
peak

MSE
dB (4)

wherexpeak = 255 for these medical images and MSE
denotes the mean squared-error between the original and
reconstructed slice. Figure 4 shows the reconstructed
CT skull sequence decoded from a single scalable code
stream at a variety of resolution at 1.0 bpp. The PSNR val-
ues listed in Table 5 for low resolution image sequences
are calculated with respect to the lossless reconstruction of
the corresponding resolution. Table 5 shows that the PSNR
values decrease from one resolution to the next lower one,
while the total byte cost decreases rapidly with successive
reductions in resolution as shown in Table 6. We can see
that the computational cost and memory requirement of de-
coding reduces from one resolution level to the next lower
one.

Bit Rate PSNR (dB)
1/4 resolution 1/2 resolution FULL

0.25 11.10 23.46 37.63
0.5 13.77 29.03 41.85
1.0 24.04 35.71 46.50
2.0 32.58 43.88 50.55

Table 5: PSNR for decoding CTskull at a variety of reso-
lutions and bit rates

Figure 4 demonstrates the �rst reconstructed slice of the
reconstructed sequence which is decoded at 1.0 bpp to a
variety of resolutions. Even at a low resolution, we can get
a clear view of the image sequence.

Figure 4: A visual example of resolution scalable decoding.
From left to right: 1/4, 1/2 and full resolution at 1.0 bpp

Bit Rate
Byte Budget
(bytes)

1/4 resolution 1/2 resolution FULL
0.25 6132 48951 391351
0.5 12284 98258 785364
1.0 24575 196604 1572597
2.0 49151 39321 3145610

Lossless 137333 757110 3725185

Table 6: Byte used for decoding CTskull at a variety of
resolutions and bit rates

3.4 Random Access Decoding Results

In this experiment, we randomly chose a64£ 64£ 16region
from (134, 117, 17) to (198, 181, 32) of CTskull sequence
as the ROI. In order to decode this region, we only need to
apply 3D-SBHP with the code-block selection method de-
scribed in Section 2.3. For a given bit rate, the bit stream
is truncated at the same fraction of the same bit plane for
all selected code-blocks. In Table 7, we compare the PSNR
performance of 3D-SBHP random access decoding at dif-
ferent code-block sizes and bit rates. The byte and number
of code-blocks used for lossless decoding the ROI region
are listed in Table 8. These two tables show that a smaller
code-block can give higher ROI decoding performance, es-
pecially at high bit rate, while decreasing the overall com-
pression ef�ciency. Therefore, the trade-off between com-
pression ef�ciency and random accessibility should be con-
sidered.

Table 8 gives the number of bytes and code-blocks used
for lossless reconstruction of the ROI region. As �ltering is
a spatially expansive operation, the samples that need to be
retrieved always exceed the number of samples in the ROI
region.

Figure 5(a) and Figure 5(b) give both 2D and 3D visual
example of ROI decoding. In the 3D example the region of
ROI is from (134, 117, 17) to (198, 181, 112).
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Bit Rate
(bpp) Code-block Size

32× 32× 4 16× 16× 2
0.5 22.13 dB 21.71 dB
1.0 26.44 dB 26.80 dB
2.0 32.04 dB 33.81 dB
4.0 38.22 dB 40.63 dB

Table 7: PSNR for random access decoding of a64×64×16
region of CTskull at a variety of code-block size and bit
rates

Code-block Size Byte Budget (bytes) Code-block
32× 32× 4 144788 88
16× 16× 2 123143 440

Table 8: Bytes and code-blocks used for lossless decoding
ROI

3.5 Computational Complexity

One of the main advantages of 3D-SBHP is its fast encoding
and decoding. 3D-SBHP has been implemeted using stan-
dard C++ language and complied by VC++.NET compiler.
Tests are performed on a laptop with Intel 1.50GHz Pen-
tium M processor and Microsoft Windows XP. The coding
speed is measured by CPU cycles. The RDTSC (read-time
stamp counter) instruction is used for cycle count.

CT Skull and MRliver t1 are selected for test. 3D-
SBHP uesGOS = 16 and code-block size =32 × 32 × 4,
while AT-3D-SPIHT codes the whole sequence as a coding
unit. Three-levels of spatial dyadic integer wavelet trans-
form and two-levels temporal integer wavelet transform are
applied on all image sequences by using I(2,2) filter. Both
3D-SBHP and AT-3D-SPIHT schemes perform lossless en-
coding. In our experiments, we measure only the coding
time. The wavelet transform time is not included.

The lossless encoding times of AT-3D-SPIHT and 3D-
SBHP on CTSkull and MRliver t1 are compared in Ta-
ble 9, measured in total CPU cycles used for whole image
sequence and average CPU cycles used for a single pixel.
Table 10 compares the decoding times of AT-3D-SPIHT
and 3D-SBHP on CTSkull and MRliver t1 at the rate of
0.125, 0.25, 0.5 and 1.0 bpp. The comparison shows that
3D-SBHP encoder runs around 6 times faster than AT-3D-
SPIHT encoder. As bit rate increases from 0.125 bpp to
full bit rate, 3D-SBHP decoder is about 6 to 10 times faster
than AT-3D-SPIHT decoder. For both schemes, the decod-
ing time is much less than encoding time. The decoding
times increase around twice when the bit rate is doubled.
For these two kinds of test image sequences, the average
coding times used for coding a single pixel are very similar
at every bit rate.

Table 11 compares the coding times of 3D-SBHP on
CT Skull and MRliver t1 at a variety of resolution. The re-
sults show that total encoding and decoding times increase

(a) A 2D visual example of 3D-SBHP
random access decoding. The left: the
17th slice of CTskull sequence at 1/2
resolution; The right: the 17th slice in the
ROI decoded image sequence, full reso-
lution.

(b) A 3D visual example of 3D-SBHP random access de-
coding. The left: CTskull sequence; The right: the ROI
decoded image sequence.

Figure 5: An visual example of 3D-SBHP random access
decoding.

about 6 times at the next higher resolution, while the times
used for coding a single pixel decrease around 20%.

File Total Cycles (×106) Cycles/pixel
3D-SBHP AT-3D 3D-SBHP AT-3D

-SPIHT -SPIHT
CT Skull 1643.162 10086.096 130.58 801.570

MR liver t1 449.921 2560.516 143.58 813.966

Table 9: The comparison of lossless encoding time be-
tween AT-3D-SPIHT and 3D-SBHP on image CTskull and
MR liver t1. (Wavelet transform times are not included.)

4. Summary and Conclusions
In this article, we present 3D-SBHP, an embedded, block
based, three-dimensional wavelet transform coding algo-
rithm of low complexity. With small loss of compression
efficiency, it is able to encode an image sequence around
6 times faster than AT-3D-SPIHT. And according to the
bit rate, it is able to decode a image sequence about 6 to
10 times faster than AT-3D-SPIHT. 3D-SBHP also supports
resolution scalability and ROI retrievability. These features
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Bit Rate Total Cycles (×106) Cycles/pixel
3D-SBHP AT-3D- 3D-SBHP AT-3D-

SPIHT SPIHT
CT Skull

0.125 58.130 375.695 4.62 29.86
0.25 107.528 786.145 6.08 62.477
0.5 199.141 1677.159 15.82 133.29
1.0 378.820 3689.307 30.11 293.20

lossless 814.119 8333.717 64.70 662.30
MR liver t1

0.125 14.451 96.860 4.59 30.79
0.25 27.797 174.739 8.837 55.55
0.5 51.634 396.864 16.41 126.16
1.0 97.215 844.629 30.904 268.50

lossless 231.21 2142.805 73.50 681.18

Table 10: The comparison of decoding time between
AT-3D-SPIHT and 3D-SBHP on image CTskull and
MR liver t1 at a variety of bit rates. (Wavelet transform
times are not included.)

Resolution Encoding Decoding
Total Cycles Cycles Total Cycles Cycles

(×106) /pixel (×106) /pixel
CT Skull

1/4 41.614 211.66 18.638 94.797
1/2 255.458 162.41 113.901 72.416
Full 1643.162 130.58 814.119 64.70

MR liver t1
1/4 10.605 215.76 6.903 140.44
1/2 73.128 185.97 38.106 96.91
Full 449.921 143.58 231.21 73.50

Table 11: Coding time of 3D-SBHP on CTskull and
MR liver t1 at a variety of resolutions

make the proposed algorithm a good candidate for compres-
sion of 3D image data sets for multimedia applications.
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