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Abstract— Compression of magnetic resonance images (MRI)
has proved to be more difficult than other medical imaging
modalities, and attempts at utilizing interslice dependencies for
more efficient coding have so far met with little success. On the
other hand, the increasing amounts of MRI data generated every
day in hospitals makes this particular data compression problem
very important. In this paper, we present an adaptive, entropy
constrained transform coder that also employs a new interslice
estimator. Previous attempts at interslice coding of MRI have
all used a piecewise uniform, discontinuous translational model.
We propose a continuous piecewise affine model for interslice
dependencies, whose implementation is performed through a
triangle-based matching (TBM) algorithm. The residue frames
from the interslice estimator are coded through an entropy
constrained quantizer, applied to the block discrete cosine trans-
formed (DCT) residue frame. Given that image statistics vary
spatially, the optimal spectral distribution of bits is nonuniform.
We address this issue through dividing the image into several
“activity” regions. Each activity class will have a separate bank
of entropy constrained scalar quantizers (ECSQ’s) tailored to
its particular average statistics. The proposed coder was used to
encode a sequence of a human heart. An improvement of almost 1
dB over nonadaptive interslice and 0.3 dB over adaptive intraslice
coding was obtained.

I. INTRODUCTION

ITH RECENT advancements in imaging instruments
and graphic workstations, it is now possible to dis-
play human organs as 3-D structures at high resolutions.
Applications sprouting from these technologies call for fast
image retrieval, efficient image storage, and rapid image
transmission for off-site diagnosis. The amount of raw in-
formation generated with every medical image set is very
large, typically on the order of tens of megabytes. This makes
efficient image compression algorithms an indispensable part
of storage, retrieval, and transmission systems.
In this paper, we present a new method for interslice
coding of MRI. This problem was open, in the sense that
other attempts at interframe coding of MRI have met with
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little success [1]. Although fundamental information theo-
retical principles tell us that utilizing interslice information
can only increase coding efficiency, inappropriate modeling
for interslice estimation can more than offset the additional
information, and result in an inferior interslice rate-distortion
characteristic. This and other issues pertaining to the coding
of MRI will be explored in more detail in the rest of the
paper.

Waveform compression methods rely on the redundancies
that exist by the way of dependencies and correlations in the
signal, and achieve coding gain through reducing these re-
dundancies. There exists a fair amount of correlation between
neighboring pixels of a 3-D medical image sequence. This
correlation can be within each slice (frame) or between two
consecutive slices (frames) of an image sequence. .

Most of the attempts at reducing the dependencies in the
third dimension of a 3-D data set so far involve block-based
matching algorithms (BMA’s) [2]. The application of motion
estimation and compensation methods to volumetric medical
data is typically justified by the argument that, although
the interframe relationships in volumetric data are generated
from spatial variations rather than temporal dynamics, the
application of motion compensation techniques to them is still
reasonable as long as the changes between two successive
frames are gradual and relatively small. In the remainder of
the paper, the term “motion,” when applied to volumetric data,
represents interframe correspondences. '

Roos and Viergever [3] applied block matching to sequences
of angiograms. In [4], a set of CT image sequence is motion
compensated with BMA, and then a 2-D discrete cosine
transform (DCT) coder is applied to the residual signal. Some
coding gain was reported with this scheme in comparison to
intraslice DCT-based quantization. Other possible approaches
include 3-D DCT coding [1]. However, this technique is
sensitive to interslice distance. Generally, the sampling in the
third dimension is much sparser than that of the first two; and
that creates problems for the 3-D DCT approach.

We contend that for 3-D MRI and other volumetric data,
where the third dimension is spatial, interslice dependencies
are significantly different from the interframe dependencies
present in video sequences. Conventional block-based motion
compensation techniques [2] can be utilized to track motion
in a video sequence fairly accurately, but they do not work
well with MR data, where large amounts of deformation
exist between successive slices. In other words, the piecewise
constant displacement model is inadequate for MRIL
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Fig. 1. Block diagram of the adaptive interslice encoder.

Our proposed method consists of two parts: interslice esti-
mator and residue coder. The interslice estimator is based on
a generalized piecewise continuous affine displacement model
[5]. Such a model capitalizes on the basic premise that MRI
slices are representative of the slices of a solid object and
hence interslice relationships should be continuous (unlike,
e.g., video frames). The implementation of this method in-
volves computing optimal deformations of a mesh of triangles,
and is named triangle-based matching (TBM) algorithm. We
also reduce the effect of the large amounts of thermal noise in
MRI by utilizing an in-loop filter.

The configuration of the adaptive interslice triangle-based
(TB) encoder is shown in Fig. 1. The residual signal is formed
by subtracting the motion compensated predicted slice from
the original slice. The residue coder is an adaptive entropy
constrained DCT quantizer. The DCT approximates the maxi-
mally decorrelating Karhunen—Logéve transform for first-order
autoregressive (AR) processes, and experience suggests that
such an AR model is fairly accurate for both natural and most
medical images. Unlike the Karhunen-Logve transform, DCT
is image-independent and can be implemented efficiently. The
decorrelation property of the DCT allows for efficient usage
of scalar quantizers and its energy compaction property yields
packing gain through thresholding and run-length coding of
insignificant coefficients [6], [7].

The codebooks are designed based on the idea of entropy
constrained quantization [8], [9]. Entropy constrained quantiz-
ers are obtained by a Lagrangian equalization of the marginal
gain in the distortion of (frequency) bands as a function of a
differential bitrate. This is, in effect, a bit allocation problem,
and its solution is not constant over any given image. In
fact, the solution is dependent on local activity levels, and

we take that into account by choosing, at each location in the
image, one out of several codebooks. In this way, we adapt
the quantization to the local characteristics of the image.

More specifically, we classify the DCT blocks into L
activity classes with an appropriate bit assignment for each
class. We partition the residual image into contiguous nonover-
lapping blocks of size Ny x Ny;. The DCT is then applied to
each block resulting in (N? — 1) ac frequency components; dc
components are encoded using DPCM and Huffman coding
[10]. For the ac components, ¥;(:) represents a bank of
entropy-constraint scalar quantizers (ECSQ’s) dedicated to
frequency band ¢ in blocks that belong to class {

(6 = (@7, ¢V @), v=1,2,-- Tk
i=1,2,---,N2—1 I=1,---,L (1)

The quantizer/codebook pairs (QZ(V) (i), CV(4)) define a
set of ECSQ-based encoders for frequency band 7 in block
class I. This set consists of I';; scalar codebooks, each have
MZ('{) reproduction levels.

The organization of the paper is as follows. Section II
discusses the interslice estimation technique using deformable
triangles. Section Il presents adaptive entropy constrained
quantization. Section IV contains simulations and compar-
isons to other compression schemes. Finally, discussions and
conclusions are given in Section V.

II. TRIANGLE-BASED MATCHING

This algorithm is a generalization of the method first pro-
posed in [11] and later improved in [12]. The TBM algorithm
partitions the current and previous slices (indexed k and & — 1)
into triangular patches. The estimated version of the current
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Fig. 2. Displacement of pixel r in terms of displacements of vertices.

frame is obtained through forming a continuous mapping of
triangular regions of the past frame into present frame. The
parameters of this mapping are calculated in the encoder and
transmitted to the decoder, along with the quantized estimation
erTor.

The mapping is parameterized by the displacement vectors
of the three vertices of each triangular patch. The continuity
of the transform reduces the number of needed parameters in
the whole frame (in addition to reflecting what we believe
is the way the images are related). The displacement of any
point within a given triangle can be computed in terms of the
displacement of the vertices.

Let J;, J;,, J; represent the displacement vectors of the
vertices of an arbitrary triangle, and JT be the displacement
vector of pixel r at point (m,, n,.) inside the triangle as in
Fig. 2. Triangle a’b'¢’ is the transformed (predicted) version of
the triangle abc. Using affine transformation, d, is computed

d. = (1 —p—q)d.+pdy + qda. @

Since affine transformation parameters p and g are indepen-
dent of the individual displacements, they can be computed
off-line and stored in memory to be used as a look-up table.
Hence, no overhead is required to transmit this information.
Moreover, if we let (m/., n’.) be the displaced position of pixel
r, then the predicted image sample of the kth frame at point
(mr, n,) is given by

S(my, ny, k) = S(m.., n., k- 1). 3)

When m/. or n’. is not integer, we use a bilinear interpolation
to compute the luminance value at 7’ = (m,, n;.). Assume the
four neighbors of r’ have intensities S4, Sp,. S¢, and Sp as
shown in Fig. 3. Then the intensity S, is

Sy = v[uSc+(1— u)Sp|+ 1- v)[uSa + (1- u)Sg]. (4)

The displacement of the vertices is calculated in the encoder
through an iterative optimization procedure. At each iteration,
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Fig. 3. Bilinear interpolation for intensity at r'.

all vertices of triangles are held in place except one, and
that one is changed such as to minimize the mean absolute
error between the two frames. To prevent wrapovers and
other undesirable effects, the allowable new positions for
a moving vertex is within the inverse map of a hexagon
in the present frame, which is formed by the six triangles
that share the given vertex (shown as gray areas in Fig. 4).
The change in the position of any one vertex affects (at
most) the estimation error in an area that is bound by the
same hexagon mentioned above. Therefore, computation of
the cost function is performed only in this area, and the error,
Y|8(m — ém, n ~ bn, k— 1) — S(m, n, k)|, where the sum
is over all (m, n) inside the hexagon, is minimized. (ém, §n)
represent the displacement vector for point (m, n). Vertices
are updated in this way in a raster scan, and rescanned until
a stopping criterion is achieved (in our case, we stop after a
certain number of scans).

Since the iterative procedure finds a local optimum, a good
choice for the starting point can help reduce the eventual esti-
mation error. We initialize the algorithm with a displacement
that is found by a conventional block-based motion estimation
method. 16 x 16 blocks are centered around each vertex, and
the optimum minimum absolute difference position for the
block indicates the starting point for the vertex. The vertices
at the boundary of the image are initialized differently: their
starting position is taken to be the projection of the starting
position of the nearest interior vertex.

After the optimization is complete, the displaced positions
of the vertices are losslessly coded with a Huffman code.

Magnetic resonance images contain a large amount of
thermal noise. For practical and safety reasons, this noise
cannot be reduced through cooling the reception coils (an-
tennae). Also, there is little if any correlation between this
noise and the actual images, and between the noise in two
consecutive frames. The interframe estimator has therefore
a higher error energy in the presence of the noise. In other
words, the estimation error contains of the sum of two noises
from two consecutive frames. The noise also has another,
nonlinear deleterious effect through reducing the quality of
motion estimates. Although transmission of filtered images is
generally considered unacceptable (because of the practical
lack of information about spectral distribution of the signal and
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Fig. 4. (a) Deformation of the previous slice and (b) regular triangular tiling
of the current slice.

the noise, useful information may be eliminated along with the
noise), it is advantageous to find motion correspondences that
estimate a noisy present frame from a filtered past frame. This
is exactly what is happening in Fig. 1. The advantage of this
filtering is twofold. First, less noise in the past frame makes
it easier for the iterative algorithm to find a good estimator.
Second (as stated above), even if we knew the best possible
estimators in both cases, in the case where both frames are
noisy, the estimation error contains twice as much noise energy
as when the past frame is filtered.

In our experiments, we used a 5 X 5 median filter which
is characterized as follows. Let S(m, n, k — 1) represent the
intensity of a past frame in a sequence of MR images. The
filtering operation replaces S(m, n, k — 1) by the median of
the pixels contained in a window around the pixel

Sf(m, n, k— 1)

=median{S(m - p, n—v, k- 1) | p,v e W} (5)
where W = {-2, —1, 0, 1, 2}. Placing the filter within the
motion compensation loop ensures decodability.

III. ADAPTIVE ENTROPY CONSTRAINED TRANSFORM CODING

A. Transform Block Classification

The quantizer banks are designed according to a probability
distribution model for the image, which is obtained from
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a training set. Since images are generally nonstationary in
nature, a single probability distribution cannot represent all
of a given image very well. The coding performance can be
increased over the case of a fixed quantizer by allowing the
coder to adapt to the local characteristics of the image. The
concept of adaptive coding is based on favoring regions of high
activity in the image by allocating them more bits. Transform
blocks are divided into L = 4 classes according to level of
image activity, measured by the total ac energy within each
block. Let ¢(¢, j) represent the ij-element of an Ny x Ny
image block, then ®(¢, ) is the £n-element of the transformed
image block and is defined by [13]

20(§O(n)
Ny
Ny—1Na—1

x ; Z; (i, 5)

(204 1)¢m (24 L)ypm
cos [ 5N, ] cos { 2N,

B, n) =

| o

for 57 2 7’7] :07 17"',Nd~1, where

1 —
7 forw=0
Bw)=<1 forw=1,---,Ng—1
0 elsewhere.

Similarly the two-dimensional inverse DCT is defined as
[13]

Ng—1Ng—-1

80, 5) = Nl Y e@ems, o)

£=0 n=0
(20 4+ 1)¢m cos (25 + Dy
2Ny 2Ny

XCOS[

]. )

The activity level of a block in the image is defined as the
transform domain ac energy in that block. We exclude the
dc component from this activity measure, since it is coded
separately and not through the quantizer banks. The total ac
energy of an arbitrary block can be defined as [14]

Ng—1Ng—1

Fae= 3 3 [0 n)P - 00, 0. (8

£€=0 n=0

Fig. 5 demonstrates a typical cumulative probability distri-
bution of ac energy of blocks. For comparison, we also show
the distribution of energy for BMA residual images, and that
of the original image sequence. We classify the energy into
four levels, nonuniformly separated by the 0.25, 0.5, and 0.75
of the cumulative probability distribution, such that each class
contains one-fourth of the blocks. This ensures that most of
the image blocks use a quantizer that is most suitable to them
(in a loose minimax sense). Since each classification map
refers to a proper bit-allocation table, we need to send this
information to the receiver as part of the overhead. Fig. 6
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Fig. 5. Cumulative probability of block ac energy.

shows typical block classification maps in the sequence we
used for our simulations, corresponding to the original frame
shown in Fig. 7(a), and its motion compensated residue frame.

B. ECSQ of AC Coefficients

The ECSQ design is the scalar version of the ECVQ
algorithm [8], [9] and is based on joint optimization of scalar
quantizers and variable-rate entropy codes. We sort the DCT
blocks into four classes based on the thresholds computed from
Fig. 5. The ac coefficients selected from each DCT block j in
class ! represent different frequency bands denoted by <. They
are stored as 1-D sequences {y;(i)}jjo/‘l—l; [=0,---,L—-1
and § = 1,---, N3 — 1 such that coefficients of same band i
and class | are grouped together. Np is the total number of
DCT blocks in the training sequence. For each band 7 in class
I, ECSQ computes the optimum quantizer that minimizes the
average distortion D! between the sequence {yj-(i)};-vjo/ 4t
and the quantizer reproductions Q§ (1)’s

min Dﬁ subject to Hf < Rﬁ C)]
where H! is the entropy of the reproduction levels, and R! is
the target bit rate. The constraint in (9) can be removed by
introducing the Lagrangian multiplier \!

min JOA) = (D! 4+ MHYH M e, . (10)

The problem is now changed to minimizing the cost J(\})
by employing an iterative descent algorithm. For a fixed
value AL, the solution is an optimal quantizer that solves
the constrained problem (9) for some average rate of Ri. Al
is swept from zero to infinity to obtain a set of optimum
quantizers. The Huffman coder is embedded into the ECSQ
design algorithm, and the average Huffman codeword length
is used in place of entropy H!. In this manner, we ensure that
the actual output rate of the coder is minimized, rather than
some abstract measure (entropy).

If one uses the MSE measure for distortion D!, and letting
l (gj;(z)) be the number of bits generated from the Huffman
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algorithm to represent g}}(z’), the Lagrangian functional to be
minimized is

I P T
J()‘z)_‘NB Z {[yg(z) y]('L)] +’\zl(y](z))}
=0

Aelo, 0. (1)
Starting with an initial scalar codebook of size M.},
each sample yj(z) in the training sequence is assigned to
its nearest §(i) by minimizing J(\) = [y}(5) — 95(5)]> +
)\il(gj;(z)), where l(g}é (7))’s are computed using the probability
of the reproductions from the previous iteration and the
Huffman entropy coder. Then the new probability of each
reproduction is obtained. Finally, each reproduction is moved
to the centroid of all input samples that were assigned to
it, and an updated codebook is generated. Each step of the
iteration monotonically decreases the Lagrangian functional
J(A!). After convergence, the quantizer/scalar codebook pair
(@ (4), €™ (i) solves the problem in (9) for some value R.
and AL. This scalar codebook serves as the initial codebook for
the next (larger) /\é. Once all values for /\ﬁ are implemented,
T';; encoder pairs are obtained. The ECSQ algorithm is
processed for all high-frequency bands, resulting in (N7 — 1)
different encoder banks for each block class (.

C. Bit Allocation

The design of the individual quantizers is performed by
minimizing the cost function J(AL) over the block DCT of
a motion-compensated training sequence. This procedure is
carried out for all frequency bands, resulting in distortion
functions D¥’s and fractional-rates R!’s. In order to achieve
good coding rates, bit rates must be optimally distributed
among the frequency bands of DCT blocks. This optimal rate
distribution can be determined by minimizing distortion D,

Ni-1L-1
D= ¥ S0l a
=1 1=0
subject to the condition that
NZ-1p-1
Z Z Rl < Rbudget (13)
i=1 1=0

where Rpugget is the bit budget constraint. We use the near
optimal pruning algorithm in [15] to minimize (12). For each
frequency band i in class [, choose the maximum R! from a
set of admissible quantizers obtained in Section B. This forms
the initial bit-allocation table with corresponding D}’s having
the minimum possible values. Let B! be the average bit rate
obtained from quantizing the samples of the training sequence
to their nearest reproduction codes in the scalar codebook
C’E“’) (). The pruning algorithm is as follows:

1) Calllculate fori=1,---,N3—1,1=0,---,L — 1, and

B;,

Di(R; — B{) - D}(R})
B!
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Fig. 6. Block classification for (a) heart slice and (b) motion compensated
slice differences using the TBM algorithm.

2) Foreachclass! =0,---,L—1, determine B! for which
Si(RL, Rl — B!) is minimized. Set this value to B..

3) Determine the class [ for which S;« (R, RL — BL) is
the lowest. Set [ = I* and RL. = R.. — BL.

4) Calculate the total rate using (13). If it equals Ryudget
stop.

5) Repeat steps 1, 2, 3, and 4, but do steps 1 and 2 only
for class I*. S;(R!, R} — B!) would not have changed
for other classes.

IV. SIMULATIONS

Fig. 7(a) depicts an original MR cross section of the heart.
The image is from a sequence of 256 x 256 x 12-bit MR slices
with 1.093 mm spatial resolution and 4 mm slice thickness.
The proposed adaptive interslice TB coding scheme is used
to encode the test sequence. As seen in Fig. 1, the previously
encoded/decoded slice is first median filtered and then covered
with a regular mesh of triangles. A typical triangular tiling is
depicted in Fig. 4. The size of the triangles in the TBM and
blocks in the BMA results (that will be presented shortly) were
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(®)

Fig. 7. (a) Original heart slice and (b) encoded slice at 1.226 bpp and
SNR = 24.21 dB using the adaptive interslice TB coding s(gheme.

chosen such that the number of motion parameters ‘sent to the
receiver are almost equal in all cases. Because the nodes at
the boundary of the triangular mesh have only one degree of
freedom, the TBM method turns out to have a slightly smaller
set of motion parameters, but motion vectors are taken into
account in computing bitrates in any case.

After the TBM algorithm is applied to predict the current
slice and compute the residual image, an 8 x 8 DCT block
is performed on the output. In order to effectively exploit
the nonstationary nature of the MR slice, we classify the
DCT blocks into four activity classes with an appropriate bit
assignment procedure for each class. The cumulative prob-
ability of block ac energies, shown in Fig. 5, is used to
compute four thresholds for block classifications such that
each region of activity is equally presented. Fig. 6 depicts the
block classification for both an arbitrary slice and the motion
compensated slice differences using the TBM algorithm. White
represents very active regions, and black is representative of
low activity regions. As expected, the regions around the
boundaries of the tissues have higher ac energy.
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Each DCT block is encoded using the ECSQ banks and a
bit-allocation table subject to a bit-budget constraint. A scalar
codebook of size Mﬁ) = 256 is designed for the full-rate
quantizer (A} = 0). The zero-rate quantizer corresponds to a
very large Al and its scalar codebook has only one cell. At
the decoder, the entropy coded word lengths for all frequency
bands are received, and 8 x 8 IDCT is implemented block by
block to reconstruct the residual slice. The previously recon-
structed slice is recalled from the memory, and is synthesized
using the triangular tiling and displacement vectors of the
vertices to produce a predicted version of the current slice. This
predicted result is added to the residual slice to reconstruct the
current slice. The heart image of Fig. 7(a) is encoded at 1.226
bits per pixel (bpp) with SNR = 24.21, using the adaptive
interslice TB scheme and shown in Fig. 7(b). The encoded
image is judged comparable to the original image. SNR is
computed as

2
SNR. = 10log g —— ) a4
~2i=1 (@i — £:)?
where z; and %; are original and reconstructed pixels, and
N = 256 x 256 is the size of the image. E(z?) is the expected
value of random field z representing the original image.

In order to demonstrate the advantage of using the TBM
algorithm in exploiting the interslice redundancies, we imple-
mented two other coding schemes for comparison purposes.
The first is an intraslice, DCT, ECSQ-based encoder. The
second scheme uses BMA and (once again) a DCT ECSQ. We
denote the latter as adaptive interslice block-based (BB) coding
technique. Typical block energy distributions are displayed in
Fig. 5. We encoded the test sequence using the latter schemes,
and coding results are given in Fig. 8. As observed from
Fig. 8, adaptive interslice BB scheme does not perform as
well as other schemes at high bit rates. The adaptive interslice
TB scheme displays a gain of almost 0.3 dB over the adaptive
intraslice scheme at low rates.

ADAPTIVE ENTROPY CONSTRAINED TRANSFORM CODING OF MAGNETIC RESONANCE IMAGE SEQUENCES
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Fig. 9. Comparison of adaptive and nonadaptive interslice TB schemes.

It is noteworthy that the adaptive interslice BB scheme does
not work as efficiently as its TB counterpart. This further
indicates that block-based motion estimation techniques are
not suitable for removal of interslice dependencies in 3-D MR
data. We also compare the coding results for adaptive and
nonadaptive interslice TB schemes in Fig. 9. The adaptive
scheme shows a gain of more than 1 dB over the nonadaptive
scheme at low bit rates.

V. DISCUSSION AND CONCLUSION

We have developed an adaptive coding scheme for com-
pression of 3-D medical data, where the third dimension is
spatial. Image samples are decorrelated in third dimension
using a triangle-based matching (TBM) algorithm. The TBM
algorithm, with its continuous piecewise affine maps, is better
equipped to model the interslice dependencies of a 3-D object.
Thus, interslice redundancies are efficiently exploited. More-
over, a median filter in the interslice estimation loop partially
removes the deleterious effect of the thermal noise in MRI
sequences.

Adaptivity is achieved by distributing more bits among
image blocks of high activity in the DCT domain. Since block
classification plays an important role in performance of the
adaptive encoder, a pertinent question is: how many levels of
activity should one allow? With our setup, since the activity
levels are coded and sent along with the message, there is a
point of diminishing return where going to more activity levels
(hence better matching of quantizers to local statistics) will not
offset the price paid in terms of the additional bitrate. However,
our experiments indicate that these activity levels are very
much predictable from one slice to the next. In the case where
activity levels are coded through a scheme even as simple as
DPCM, the bit rate required for them could drop significantly,
and thus increasing the number of activity levels may become
profitable. This and optimal positioning of breakpoints in the
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classification of energy groups can be the subject of future
research.
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