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ABSTRACT 

Spatial interpolation is an important technique that is of- 
ten used to recover an image from its downsampled ver- 
sion, or to simply perform image expansion. Many conven- 
tional linear techniques exist, however, these often perform 
rather poorly in a subjective manner. In this paper, im- 
age interpolation is performed using a binary-based Gibbs 
Random field (GRF) model. Images are interpolated from 
their downsampled versions along with a number of tex- 
ture parameters that are estimated within smaller image 
blocks. These iterative GRF methods are subsequently ap- 
proximated by a non-iterative nonlinear filtering operation, 
thereby reducing the computational complexity of the in- 
terpolation process. Experimental results indicate that the 
statistical GRF approaches adapt to textured regions as 
well as the smooth areas within an image, and thus, can 
achieve better results than the conventional linear schemes. 

1. INTRODUCTION 

The process of subsampling or decimation is frequently used 
to compress the spatial information in an image for trans- 
mission or storage purposes as in multi-resolution decompo- 
sitions (MRD). In order to obtain the original high resolu- 
tion image, the reverse procedure of decimation, termed in- 
terpolation must be performed on the downsampled version. 
These two operations find their way into many practical ap- 
plications such as progressive image transmission systems, 
aspect ratio conversion for different display devices, optical 
scanning devices, and image/video zooming. 

Many conventional interpolation techniques exist [l, 2, 
31, and most of these are implemented according to linear 
theory by lowpass multirate filtering. Some of these in- 
clude pixel replication, bilinear interpolation, and B-splines. 
However, the above methods are not the best from a per- 
ceptual point of view. 

In this paper, the problem of interpolation is approached 
under the statistical framework of Gibbs random field (GRF) 
models. The application of GRF models to problems in tex- 
ture modelling and classification [4, 51, segmentation and 
restoration of degraded images [6], has been studied quite 
extensively. Here, we follow a similar approach by formulat- 
ing the problem of image interpolation as an image restora- 
tion problem. Different parametric forms of Gibbs random 
fields have been applied to this problem [7, 8, 91. 
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GRF modelling allows the joint probability distribution 
of the image pixels to be expressed in terms of an energy 
function which provides a powerful mechanism for mod- 
elling spatial continuity. Th rough the simple choice of a 
binary-based energy function, several parameters are deter- 
mined in different regions of the image. These parameters 
characterize the bonding strength of the pixels in the re- 
gion in which they are estimated. Parameter estimation 
is a computationally expensive procedure and several tech- 
niques have been used in modelling noisy or textured models 
[6], [lo]. An iterative approach based on a gradient ascent 
method [II] is used here and adapted to the problem of 
interpolation. Having determined the parameters of the 
Gibbs distribution, the interpolated image is determined 
from its downsampled version along with these estimated 
“texture” parameters. 

A maximum a posteriori (MAP) estimate of the original 
image given the subsampled image is desirable in regenera- 
tion, however, iterative schemes which are computationally 
prohibitive are necessary. An iterative deterministic relax- 
ation algorithm, ICM, which does not necessarily converge 
to the MAP estimate, is used to obtain the results of the 
interpolated image [12]. This iterative ICM method is im- 
plemented using binary logic-type filters and subsequently 
approximated by a non-iterative 3-pass nonlinear filtering 
operation. The use of binary logic operations allows for 
a fast and efficient implementation, both in hardware and 
software. This is compared to the method of simulated an- 
nealing (SA) [13], [14] which is known to converge to the 
MAP estimate. Experimental results are presented using 
the different methods outlined above. 

2. MODELLING IMAGES USING GRF’S 

In the GRF representation of images, each pixel is assigned 
to a random variable and the collection of all of these is the 
random field X. The joint probability distribution of X 
is given by 

P(X = z) = $ e--U(4/T (1) 

(2) 

where U is the energy function, C is the set of cliques, V, 
is the clique potential, Z is the normalizing constant, and 
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T is the temperature constant. 
A simple binary valued energy function over a second 

order neighbourhood is chosen here for image regeneration. 

where t is the pixel threshold value of similarity. The esti- 
mation of the model parameters ,f?, y, 5, C of the original im- 
age is the first step in the interpolation problem. The above 
parameters can be represented by the parameter vector 
s = [p, y, 6, <] and are determined by an iterative param- 
eter estimation technique using a gradient ascent method 
[II]. An objective function Q = log[P(X ( s’)/P(X 1 s)] is 
maximized through an iterative process until convergence is 
attained (s is the model parameter vector estimated from 
the previous iteration while s’ is the parameter vector yet 
to be estimated). The parameter vector s can be updated 
by the parameter update equation 

s’(k+l) = sr(k) + Xck) +(k)Q (4 

where Xc”) is the step size for the update of s’ at the 
k th iteration and V is the gradient function. The itera- 
tive scheme described above admits a unique estimate of 
s’ when Q is strictly concave [ll]. This is the case for the 
energy function chosen above. 

3. IMAGE REGENERATION 

In image regeneration, or interpolation, we begin with a 
downsampled image along with the estimated parameter 
set of the Gibbs distribution. The first step requires the in- 
sertion of randomly chosen pixel values in every other row 
and every other column (EORC) of the downsampled im- 
age. The result of this process we call the “upsampled” 
image. In this paper, we consider EORC (i.e. rectangu- 
lar) downsampling/upsampling and also note that pixel in- 
sertion does not necessarily require that random values be 
chosen. The interpolation problem requires choosing ac- 
ceptable values for these inserted pixels. A MAP criterion 
can be used to select the maximum likely pixel values which 
are to replace these random ones in the upsampled image. 
In other words, a maximization of the probability of the im- 
age given the known pixels in the upsampled image and the 
texture parameters is desired. However, MAP estimation 
presents a formidable problem since the number of possible 
intensity images is enormous, ruling out any type of explicit 
solution. The iterative technique of simulated annealing is 
known to converge to the MAP estimate, however, it is 
computationally expensive as it requires a large number of 
scans over the image [13]. The ICM process is another iter- 
ative scheme that is much less computationally demanding 

than SA, however, it still requires a large number of passes 
over the image. Due to this complexity, here in this pa- 
per, the ICM technique is converted to a nonlinear filtering 
process where binary logic-type filters are used. This also 
allows for a simple hardware implementation. The iterative 
process is also eliminated by implementing these filters over 
three passes of the image. Let us examine the simple binary 
valued energy function over a second order neighbourhood 
as in equation (3). At any pixel site only the 4 surrounding 
pixels have any effect on the conditional probability func- 
tion. Clearly, the pixel z(;, j) chosen must result in the 
smallest value for the sum V = VI + VZ + Va + Vd in order 
to have the highest probability of occurrence, as in ICM. 
If for example, the pixel z(i, j) falls within t of the pixel 
z(; + 1,j) then -p is contributed towards the sum. If 
at the same time this value also is within t of z(;, j + 1) 
then -y is added towards the sum, and so forth. Not all 
pixel values in the range of grey levels will produce a dif- 
ferent value for the sum. Thus, only pixels that produce 
different sums need to be checked. These pixels can be de- 
termined as follows. Each of the four neighbouring pixels 
x(i + l,j), z(;,j + l), z(i + 1, j - l), z(; + 1,~’ + 1) has an 
associated region of similarity RI, Rz, RJ, Rq , respectively. 
The region or the set RI consists of the pixels in the range 
[z(; + 1,j) - (t - l)] to [r(i + 1,j) + (t - l)] and R: , the 
complement of RI , consists of all other pixel values in the 
range of grey level values, The set RI has au associated 
weight attached to it which is -/3 and Ri is ,B . Regions 
Ra, Rs, Rq are formed in a similar fashion. The sum V 
is computed only for different overlapping regions. If there 
is an overlap of all four regions then V = -,# - y - 6 - C 
and clearly this results in the smallest possible value for V . 
However, if there is no intersection of these 4 regions then 
the sums must be computed for different combinations of 
3 overlapping regions (i.e. R2 n Ra II Rg ), 2 overlapping 
regions, and single regions. In total, 15 combinations must 
be checked. The smallest sum is chosen. This reduces the 
number of checks if all 256 grey level values must be tested. 
Furthermore, these set operations can be implemented via 
binary logic-type operations shown in the next section. 

4. NONLINEAR FILTERING USING BINARY 
LOGIC-TYPE OPERATIONS 

The set operations indicated in the previous section can 
be performed using binary logic-type filters as will be de- 
scribed below. Every pixel value has an associated region, 
Ri which can be stored as a bit pattern in a 256 bit-wide 
register where the least significant bit represents the pixel 
value 0, and the most significant, the value 255. The bits 
which correspond to the pixel values in the region R, are 
marked with l’s and all other bits are set to 0’s. Therefore, 
a specific bit pattern is generated for a particular region. 
If there are 256 grey levels, then there are 256 possible bit 
patterns (i.e. 256 possible regions) for any chosen threshold 
t. These patterns can be stored in the form of a look- 
up table (LUT) which can consist of 256 different registers 
each 256 bits wide. In hardware this can be 64K of non- 
volatile memory. The set operations described earlier can 
now be implemented by bitwise logical AND and OR oper- 
ations. Thus, for each of the 4 neighbourhood pixel values 
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(i.e. r(i+l, j), . . ) the corresponding bit patterns are found 
from the LUT and a series of bitwise logical AND operations 
are performed in place of the set operations shown earlier. 
The output value of each AND operation is taken and a 
bitwise OR operation is subsequently performed on this. If 
the result is 1 then there is region overlap otherwise a 0 is 
encountered which indicates no overlap. For each combina- 
tion of overlapping regions there is an associated sum of the 
parameter values (i.e. for R1nRznRa, V = -/3-y-6+(). 
These sums can be precomputed and stored for each combi- 
nation of overlapping regions and stored in increasing order 
for a particular parameter set. Thus, at the interpolation 
stage the bitwise AND and OR operations are performed, 
and as a result the probabilities of pixel values are checked 
in decreasing order. If a 1 is found in the output then the 
current pixel replaces the previous one, and the algorithm 
proceeds to the next site for pixel replacement. A simple 
example may help the above explanation. For the purposes 
of this example, let us assume that there are only 8 grey 
level values, and the threshold of similarity, t is 2. In addi- 
tion to this, let the 4 neighbouring pixels ~1, r2,23,24 have 
pixel values of 5,6, 1,6, respectively, and the model param- 
eters in equation (3) be as follows ,B = y = 1, S = 3, and 
C = 10. In this simple example just described, the LUT 
will consist of 8 registers, each 8 bits wide b7 bs bs bq by bzbl bo 
since there are 8 possible, grey level values. The first step 
in the procedure is to retrieve the bit patterns that corre- 
spond to the region of each neighbouring pixel. For ~1 , its 
corresponding region RI has a bit pattern 

B1 = 01110000 = b7brjbsb4bxbzblbo 

since 21 = 5. For ~2 = 6,~s = 1, and ~4 = 6 the 
associated bit patterns BP, B3 , and B4 are 

Bz = 11100000 = b7b6b5b4b3b2blb,, 

B3 = 00000111 = b7b6b5b4bab2blbo 

B4 = 11100000 = b7beb564bsbzblbo 

respectively. We first start with the smallest possible sum, 
which is -15, and this is obtained if all 4 regions overlap 
BI . B2 Bs . Bq (B, are the registers and the symbol . 
indicates a bitwise AND operation). However, a bitwise 
logical AND with all four registers shown above yields 

Y = B1 . Bz. B3. Bq = 00000000 

and thus, a logical OR of the individual bits bo, . . . , b7 re- 
sults in 0. Therefore, there is no intersection. As we fol- 
low this procedure with bit patterns that give increasingly 
larger sums, the result of Br . Bz . Bi . Bq (with a sum of 
-9) yields 

Y = Bl . B2 . B; Bq = 01100000 

and a logical bitwise OR on Y gives a 1. Since *a 1 is 
obtained upon the logical OR, the search is terminated. 
The most probable pixel value can be any one of the bit 
positions that holds the 1. In this case, the pixel value of 
5, or 6 (i.e. 65, or be) is the most probable value and an 
exhaustive search was not necessary in determining this. 
This example can very easily be extended to 256 grey levels 
and any threshold value, t . 

The filtering operations just described duplicate the ICM 
process in an efficient manner. However, a further simplifi- 
cation is possible by eliminating the iterative procedure and 
reducing the number of operations per pixel. A 3-pass filter 
that implements the logic-type operations described above 
can be used to simplify and approximate the SCM method. 
The three stage filtering process operating on the subset of 
pixels of the upsampled image is described below. 

X Nz X Nz X 
Nz NI N2 NI N2 

X N2 X Nz X 

In the first pass of the image, pixels N1 are determined us- 
ing each pixel’s south-east and south-west neighbours. In 
the second pass, the pixels Ns are found using each ones’ 
east and south neighbours. In the final pass all of the pixels 
N1, Nz are recomputed from each ones’ corresponding four 
neighbours (i.e. east, south-east, south, south-west). In the 
first two passes, only one logical AND and one OR operation 
are required per pixel and in the third pass only 42 oper- 
ations of each type, at most, are required per pixel. This 
reduces the computational burden of the ICM method and 
yields visually similar results as found in the experiments. 
Further to this, a very fast hardware implementation is pos- 
sible for these logic-type operations. 

5. EXPERIMENTAL RESULTS 

All of the techniques mentioned in this paper were applied 
to the interpolation problem and the results are provided 
for comparison. A 64 x 64 textured region (i.e. whiskers) 
of the original “baboon” image of Figure la) was used in 
order to compare the results. Paramet,ers were determined 
for each 8 x 8 block over this 64 x 64 region. This block 
size is small enough to adapt to smaller textured regions 
yet large enough to keep the computational complexity rel- 
atively low. The results of pixel replication, bilinear inter- 
polation, SA, ICM, and the 3-pass filter shown in Figure 1 
indicate that the former two conventional techniques suffer 
from artifacts in the form of blockiness (i.e. in pixel replica- 
tion) and blurring (i.e. in bilinear interpolation) while the 
latter three statistical techniques yield similar interpolated 
images that improve upon the conventional methods. The 
original 64 x 64 textured region is shown in Figure lb). 

6. CONCLUSIONS 

Statistical techniques using Gibbs random fields models were 
used to determine an interpolated image from its downsam- 
pled version and a number of texture parameters. Estima- 
tion of these parameters was carried out in smaller blocks 
over the image. The adaptive nature of this procedure 
yields more accurate parameter estimates in the different 
regions of an image. Consequently, good results may be 
achieved over smooth or constant areas as well as differ- 
ently textured regions. Two iterative techniques, that of 
SA and ICM as well as a non-iterative 3-pass filter based 
on logic-type operations were implemented. It was found 
experimentally that the latter produced visually similar re- 
sults to the former two methods which are both computa- 
tionally expensive. The 3-pass filter also permits a simple 
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hardware solution for real-time applications. Experimen- 
tal results also indicate that the statistical techniques yield 
better results than the conventional linear schemes. 
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Figure 1: a) Original “baboon” image, b) A section of the 
“baboon” image, c) Pixel-replication, d) Bilinear interpola- 
tion, e) SA f) ICM, g) 3-pass nonlinear filter. 
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