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Abstract

Recently a new class of non-linear hybrid filters which com-
bine FIR substructures with median operations were proposed
and analyzed. They are shown to have excellent detail preserv-
ing properties and are computationally more efficient than con-
ventional median and K-nearest neighbour averaging filters. In
this paper, we propose a class of parallel algorithms for their
computation using pipeline architectures. We described the
algorithms for different hardware configuration, i.e. for the
case where one comparator is available and for machines with
two comparators. Analysis of the algorithms for both cases are
also given. It is shown that using a commercial pipeline pro-
cessor which can perform each processing pass at video refresh
rate (30 frames per sec), except for the three-level bidirectional
hybrid filter, all the filters can be computed using the proposed
algorithms in less than one second. The minimum number of
refresh memories needed without having to perform image
transfer to and from disk are also derived and its implications
for the choice of algorithms are discussed.

Keywords: Image enhancement, non-linear digital filters,
parallel computation, pipeline architectures.

I. Introduction

A fundamental problem in image restoration is to remove
the additive noise produced by the imaging system without
blurring the fine details of the image. This problem arises in
e.g. machine vision, computer tomography and in other X-ray
imaging system [RNR, 1984]. One major class of filters for
image enhancement is based on ranked order statistics [BHM,
1983]. The best known of these is the median filter, whose sta-
tistical properties are well understood [AAW, 1981], [AG,
1982], [GW, 1981], [NG, 1984]. Two dimensional median
filters can smooth noisy images while retaining the edge struc-
tures almost intact [AC, 1984], [SF, 1985], [NG, 1983]. How-
ever, median filters have poor abilities to retain fine details like
lines.

Recently, a new class of nonlinear filters called FIR-
Median Hybrid filters (FMH filters) was introduced in [NHN,
1987]. Also, a multilevel operation that makes it possible to
build multilevel FMH filters that retain details of the image
irrespective of their orientation was also introduced. It was
shown also that the FMH filters preserves more subtle details
than the median and K-nearest neighbor averaging (KAVE)
filters [DR, 1978]. The FMH filters also preserve edges in
noisy images better than the median and the KAVE filters, see

[NHN, 1987].

The main problem with non-linear filters involving order-
ing is that they are very computationally intensive especially
when higher order filters or large windows are used. In many
real time applications, such as automated visual inspection
where speed requirement is important, techniques for fast com-
putation of image processing filters are of great interest. In
these type of applications often parallel architectures are used.
Recently there has been many new algorithms developed for
pipeline architectures. [S, 1988], [SD, 1987], [SDP, 1988],
[DF, 1988]. Often, we must rethink traditional approaches
used for sequential computers to take advantage of the parallel:
ism. In this paper we propose a technique for computing the
class of FMH filters in a pipeline image processing system
equipped with hardware comparators. Section II describes the
class of algorithms. These include algorithms for the class of
unidirectional, bidirectional and the multilevel FMH filters,
Section III gives the algorithms for the above three classes of
FMH filters if multiple processing units are available.

Section IV contains analysis of the algorithms and ifs
implication on the choice of algorithms based on the resource
available. Section V concludes the paper.

II. The Algorithms

The architecture we are assuming is a pipeline architec-
ture such as in [SD, 19871, [DF, 1988]. A schematic diagram
is shown in Fig. 1. There are a number of refresh memories o
image buffers. We assume that that the output from the image
buffers can be shifted horizontally and/or vertically. We
further assume that one of the pipeline processing stage is
hardware comparator. Most of the commercially available
general purpose pipeline architectures are equipped with such
comparator. For example, the DeAnza IP8500 has two such
comparators which can be set independently to output either
the maximum or the minimum of the two input pixel values.

In standard median filters, the median is taken over al
samples inside the window. However when the number of
samples is large, the ordering procedure is computationall
intensive. In [NHN, 1987] a class of new filters called FMA
filters are defined, and their properties are analyzed. Unlike
linear filters which give good noise attenuation, but tend 1
smear edges and attenuate fine lines, these class of hybri
filters performs much better in preserving fine details. Also th
ordering portion of the filters are independent of the size of i
windows chosen. '



Algorithm A:  Unidirectional FMH filters

Assume a window size of 5x5, as is assumed in [NHN,

1987]. The algorithm of the basic unidirectional FMH filter is
as follows:

] Y(m’n) = mcdlan{)’E (m!n)s }’W(m,n), x(m,n)}
i where the signals y;(m,n) are the outputs of FIR linear

: subfilters ;. Index i indicates the direction where the filter h;
| | is operating measured from the central input sample x(m,n).

i See Figure 2 for the interpretation of the subscripts indicating
| directions. It is possible to construct different unidirectional
EMH filters which will have different noise attenuation proper-
ties. The masks for the unidirectional FIR linear FMH filters
ILH- is shown in Fig. 3(a) and its rotated versions R1LH-’
RILH-, and R1LH-" are shown in Figs. 3(b)-3(d) respectively.
The number refer to the number in the median tree, which will
be discussed later in the multilevel FMH filters. The dash
stands for unidirectional operation, while the + stands for
bidirectional operation as indicated below. As in [NHN,
" 1987], we assume the linear FIR subfilters to be of the averag-

4 ing type.
n Consider the ILH- FMH filter. First we shall discuss how
1- 10 compute both linear subfilters in one image processing pass.

Let P be the input image of size N x M. Let P1 be the
tesult of translating P one pixel to the left, i.e. in the -x direc-
tion. Then P1[i,j] = P[i+1,j] for 1 <=1 <= N-1, and for all j. If

], we sum P and P1 and divide the result by 2 (using a shift) pix-
s wise, and call the result image P2. Then P2[i,j] = average
1- (Plij], P[i+1,j]}). Now notice that P2[i+3] = average |
[he 1 Pli+3,j], P[i+4,j] } which is the second linear subfilter for
m

ILH-. Hence the median of P[i,j], P2[i+2,j] and P2[i-1,j] for 3

1<N-2 and for all j gives the value of pixel [i,j] of the result

of the 1LH- FMH filter.

- Let the original image P be stored in two image buffers,

say A and B. Most pipeline image processor allows an image

1o be translated as it streams through the pipe from the buffer.
slating P one pixel in the -x direction as it leaves B allows

to be computed in one image processor pass. Let P2 be

ed in image buffers, say C and D. Since both FIR linear

filters can be recovered from P2 by translation, we can com-

pute the two FIR subfilters in one image processor pass.

Define Tr[A, (p,q)] to be the resulting image of translating

be image A p pixels in the x direction, and q pixels in the y

lirection. When p (or q) is negative, it indicates that the trans-

nis in -x direction (-y direction).

=P

£tB = Tr[P2,(i+2,0)]

et C = Tr[P2,(i-1,0)]

Compute the median image of A, B and C using the fol-

owing algorithm,

Igorithm A1,

iven input images A, B and C, the following image process-
g passes will be taken:

1. max (A, B)=X,

2. min(A,B)=X,

3. max (X,,0) =X3

4. min (X3,X,) =Xy
Ie output image is X 4
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Then X4 is the 1LH- filtered image. Note that A, B and C
are used to denote images only. They do not necessarily need
to be computed and stored.

Theorem 1
Algorithm Al is correct

Proof

We need to prove that for each pixel [i,j] of X 4, it is the
median of pixels [i,j] of A, B and C. We omit the details of the
proof which can be found in [F, 1988].

o
The R1LH-’ FMH filter can be computed by

(1) Translate P one pixel in the -y direction. let the
result image be called Q1.

(2) Compute the average of P and Q1. Let the resulting
image be called Q2.

(3) Compute FMH filter RILH-’ using Algorithm Al
where
A=P
B =Tr[Q2, (0,j+2)]
C =Tr[Q2, (0,j-1)]

The FMH filter R1ILH-" corresponding to the two linear FIR
subfilters from Fig. 2d can be computed as follows.

(1) Translate P one pixel in the +y direction and one

pixel in the +x direction. Let the result image be
called R1.

(2) Compute the average of P and R1. Let the resulting
image be called R2.

(3) Compute FMH filter RILH-" using Algorithm Al,
where
A=P
B =Tr[R2, (-2,-2)]
C=TrR2, (1,1)]

Algorithm B: Bidirectional FMH Filters

The bidirectional masks for the 5x5 window are illus-
trated in Fig. 4(a) and (b). The 1LH+ FMH filter can be com-
puted as follows. Let P be the original image.

(1) Translate P one pixel in the -x direction. Let the resulting
image be called P1.

(2) Compute average of P and P1. Let the result be P2,

(3) Translate P one pixel in the -y direction. Let the result
image be P3.

(4) Compute average of P and P3. Let the result be P4.
(5) LetA=P

Let B = Tr[P2, (i+2,0)]

Let C = Tr[P2, (i-1,0)]

Let D = Tr[P4, (0,j+2)]

Let E = Tr[P4, (0,j-1)]
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Then the median of Ali,jl, B[i,jl, C[i,j], D[i,j] and E[i,j]
for 3 £i<N-2, and for 3 £ j < M-2 gives the value of the pixel
[i,j] for the 1LH+ bidirectional FMH filter. This can be com-
puted using Algorithm B1 below.

Algorithm B1:
Given input images denoted by A,B,C,D and E, the following
image processing passes will be taken:
1) max (AB) = X;
2) min(A,B) = X,
3) max X,,C) = X3
4) min(X;,X3)= X4
5) max X,C) = X5
6) min(Xz,C) =X6
7) max (X4,D) = X9
8) min(X4,D) = X3
9) max (Xg,E) = X9
10) min (X7,X9) = X9
11) max (X10,X5)= X1
12) min (X10,X5) = X12
13) max (X12,X6) = X13
14) min(X11,X13) = X14
The output image is X 14.

The correctness of Algorithm B1 will be discussed later in
the paper.

The R1LH+ bidirectional FMH filter can be computed in
similar fashion by defining the input to Algorithm B1, i.e.
A,B,C,D and E accordingly. The details are as follows:

(1) Translate P one pixel in the +x direction and one pixel in
the +y direction. Let the resulting image be called P1.

(2) Compute average of P and P1. Let the result be P2.

(3) Translate P one pixel in the +y direction and one pixel in
the -x direction. Let the result image be P3.

- (4) Compute average of P and P3. Let the result be P4.
(5) LetA=P
Let B = Tr[P2, (-2,-2)]
LetiC'=Tr[P2, (1,1)]
Let D = Tr[P4, (2,-2)]
Let E = Tr[P4, (-1,1)]

(6) Compute the median of A, B, C, D and E using Algorithm
Bl. The output of Algorithm B1 gives the value of the
the 1LH+ bidirectional FMH filter applied to P.

In [NHN,1987], multilevel unidirectional and bidirec-
tional FMH filters are introduced. The i-th level FMH filters
are defined in terms of the i-1 level.

The algorithms for multilevel FMH filters are as follows.

Algorithm C1: for the two-level unidirectional FMH filter
(1) Compute 1LH-, R1LH-’ FMH filters using Algorithm A

4% -

(2) Apply Algorithm Al where
A=P
B = 1LH-
C=RILH-’
The output of Algorithm Al =2LH- FMH filter

Algorithm C2: for the rotated two-level unidirectional
FMH filter
(1) Compute R1ILH-, R1ILH-" FMH filters using Algorithm A
(2) Apply Algorithm Al where

B =RILH-
C=RILH-"
The output of Algorithm A1 = R2LH- FMH filter

Algorithm C3: for the three-level unidirectional FMH filter
(1) Compute 2LH-, R2LH- FMH filters using Algorithm Cl
and Algorithm C2 above.

(2) Apply Algorithm Al where
A=P
B =2LH-
C =R2LH-
The output of Algorithm A1 =3LH- FMH filter

The bidirectional multilevel FMH filters can be computed
using the algorithms below '

Algorithm C4: the two-level bidirectional FMH filter

(1) Compute 1LH+, RILH+ FMH filters using AlgorithmB

(2) Apply Algorithm A1 where
A=P
B = 1LH+
C=RILH+
The output of Algorithm A1 = 2LH+ FMH filter

Algorithm C5: the rotated two-level bidirectional FMH
filter ‘

(1) Compute R1ILH+’, RILH+" FMH filters which are the
outputs of five-point median operations over the pixels

lows.

i) LetA=P
Let B = Tr[P, (2,1)]
Let C =Tr[P, (2,-1)]
Let D = Tr[P, (-2,1)]
Let E = Tr[P, (-2,-1)]

Compute the median of A, B, C, D and E using Algorithm
Bl. The output of Algorithm B1 gives the RILH#'
bidirectional FMH filter.

i) LetA=P
Let B = Tr[P, (1,2)]
Let C = Tr[P, (1,-2)]
Let D = Tt[P, (-1,2)]
Let E = Tr[P, (-1,-2)]

Compute the median of A, B, C, D and E using Algori hm
Bl. The output of Algorithm B1 gives the RILH#
bidirectional FMH filter.
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(2) Apply Algorithm A1 where
A=P
B =RILH+’
C=RILH+"
The output of Algorithm A1 = R2LH+ FMH filter

L ~ Algorithm C6: the three-level bidirectional FMH filter

(1) Compute 2LH+, R2LH+ FMH filters using Algorithm C4
and Algorithm CS5.
(2) Apply Algorithm Al where
' A=P
B =2LH+
| ‘ C=R2LH+
| The output of Algorithm A1 = 3LH+ FMH filter

| - IIL Using two comparators in parallel

The above discussion presents the algorithms in terms of
} the basic comparator operators. However, some of these
operations can be computed in parallel if multiple processing
units are available. In fact, many pipeline architectures are
designed to consist of a number of parallel inputs into the
image processor. For example, the DeAnza IP8500 has 8
parallel inputs with 4 sets of ALU and two comparators. Using
tWo comparators, the algorithms corresponding to Algorithms
1 . Al and B1 are presented below as Algorithms D1 and El
L . respectively.

Algorithm D1: For Unidirectional FMH filters

;

3

o : ; : :

‘ This algorithm will be used in place of Algorithm Al given

| above. Let A, B, C be three input images. Perform the follow-
ing three image processing passes.

i Compute max(A,B) =E
Compute  min(A,B) =F

2. Compute max(F,C) =G
Compute max(E,C) =H

< Compute min(G,E) =1I
Compute  min(F,C) =]

Notice that we now have also computed:

H = MAX(AB,C)

J = MIN(A,B,C)

where MAX(S) [i,j] = maximum{ P[i,jl | P in S} for set of
images S

2 nd MIN(S) [i,j] = maximum( P[i,j] | Pin S} for set of images

D

- For bidirectional FMH filters, the algorithm is presented
below.
Algorithm E1: For bidirectional FMH filters

This algorithm will be used in place of Algorithm B1 given
aoove. Let A, B, C, D and E denote the five input images. The
following image processing passes will be taken:

(1) Apply Algorithm D to (A,B,C)
let the resulting images be (H, / 1,J1)
(2) Apply Algorithm D to (/ 1,D,E)

R Tardnaed o

let the resulting images be (H 2,12,75)
(3) Apply Algorithm D to (H 1J1,13)

let the resulting images be (H3, I3, J 3)
then

I3 is the resulting bidirectional FMH filter.

Theorem 2
Algorithm E1 is correct.

Proof
The details of the proof can be found in [Fong,1988].

O

Now we can return to prove the correctness of Algorithm
B1, which essentially follows from Theorems 1 and 2. Again
we refer to [Fong, 1988] for details.

IV. Analysis of the Algorithms

We shall derive the complexity of the algorithms in terms
of the number of passes through the pipeline image processing
system. In the DeAnza IP8500, the pipeline processor can
perform comparisons at video refresh rate, i.e. 30 frames per
second.

We assume a pipeline architecture with the minimum
required resources, i.c. one hardware comparator. We also
assume that an image can be translated in the x or in the y
directions or in both directions as it leaves a refresh memory
and streams through the pipe. This capability is available on
most pipeline image processing systems by the use of look-up
tables on each refresh memory board. In the following, we
assume a 5 X 5 window.

For the unidirectional FMH filters, it takes one pass to
compute the two subfilters, and four passes for Algorithm Al,
for a total of 5 passes.

For the bidirectional FMH filters, it takes two passes to
compute the four FIR subfilters, and fourteen passes for Algo-
rithm B1, for a total passes of 16 passes.

For the multilevel FMH filters, both the two-level and the
rotated two-level unidirectional FMH filter require 10 passes
for the two first level FMH filters, plus 4 more for another
application of Algorithm Al for a total of 14 passes. The
three-level unidirectional FMH filter requires 2 times 14 passes
plus another application of Algorithm A1, for a total of 32
passes.

In the two-level bidirectional case, since each first-level
bidirectional filter takes 16 passes, with another application of
Algorithm Al, it totals 36 passes. The rotated two-level
bidirectional FMH filter requires 2 applications of Algorithm
B1 and one application of Algorithm Al, for a total of 32
passes. The three-level bidirectional FMH filter requires 36 +
32 and another application of Algorithm A1, using 4 passes,
for a total of 72 passes.

For the general case with a window size of n x n, in the
unidirectional FMH case, the two linear subfilters can be com-
puted using at most (n-1)/2 - 1 passes. This number can be
improved to O(log n) passes rather than O(n) passes, while the
number of passes to compute the median remains to be 4. In




the bidirectional FMH case, the four linear subfilters can be
computed using at most 2 times (n-1)/2 -1, i.e. n-3 passes.
Again, this can be improved to O(log n) passes. The number
of passes to compute the median remains at 14.

We shall also derive the number of passes using the pro-
posed algorithms for two hardware comparators. For the uni-
directional FMH filters, it takes one pass to compute the two
subfilters, and three passes for Algorithm D1, for a total of 4
passes.

For the bidirectional FMH filters, it takes two passes to
compute the four FIR subfilters, and 9 passes for Algorithm
El1, for a total passes of 11 passes.

For the multilevel FMH filters, both the two-level and the
rotated two-level unidirectional FMH filter require 8 passes for
the two first level FMH filters, plus 3 more for another applica-
tion of Algorithm D1 for a total of 11 passes. The three-level
unidirectional FMH filter requires 2 times 9 passes plus
another application of Algorithm D1, for a total of 21 passes.

In the two-level bidirectional case, since each first-level
bidirectional filter takes 11 passes, with another application of
Algorithm D1, it totals 25 passes. The rotated two-level
bidirectional FMH filter requires 2 applications of Algorithm
El and one application of Algorithm D1, for a total of 21
passes. The three-level bidirectional FMH filter requires 25
+21 and another application of Algorithm D1, using 3 passes
for a total of 49 passes.

The response of various FMH filters to test images and
noisy images have been analyzed in [NHN, 1987]. The authors
have concluded that one-level bidirectional FIR-median hybrid
filter 1LH+ is best for images which contain mainly horizontal
and vertical edges. If the image has randomly oriented edges,
the best filtering result is achieved with the two-level bidirec-
tional FIR-median hybrid filter 2LH+. Note that assuming two
comparators and 30 frames per second rate, it takes less than
half a second to compute 1LH+ and less than a second to com-
pute 2LH+.

In the above analysis, we have assumed enough refresh
memories so that no intermediate result has to be saved and
reloaded from disk. Because of the amount of data involved in

image data, any such transfer would be very time consuming.
In Algorithm Al and B1, a minimum of 4 refresh memories are

necessary without disk transfer. In algorithms D1 and El, 6
refresh memories are necessary to avoid disk transfer. Because
of the parallel inputs usually designed for a pipeline processor,
four refresh memories is typically the minimum required
configuration in order to make effective use of the hardware.
If only this minimum is available, it may be more advanta-
geous to use algorithms using one comparator to eliminate the
necessity for transfers.

Note that we cannot simply use an algorithm for finding
the median of 5 elements by using comparisons as in sequen-
tial machines. This is because in sequential machine, a com-
parison of say a < b results in determining whether a or b is
larger. This information can then be used to guide further test-
ing. In the pipeline architecture, we do not have random
access to each pixel in the memory, nor do we have the
hardware logic to perform branching pixelwise as can be done
in sequential machine. Note that using our algorithms, the
final image give us the value of the median of the input images
pixelwise. We do not know for each pixel which input image
it comes from. What we desire is to apply the same operations

to the entire images using only one frame time, rather than dif-
ferent operations on each pixel as with sequential machines. In
fact, the correctness of the algorithms need to be proven.

V. Conclusion

In this paper, we have presented a class of algorithms for
fast computation for a class of detail preserving non-linear
filters known as FIR hybrid median filters, using pipeline archi-
tectures with hardware comparators, which are available on
most commercial pipeline image processing systems. The
classes of filters considered are the unidirectional, the bidirec-
tional and the multilevel FMH filters. Algorithms for hardware
with either one or two comparators have been proposed. For
proofs of correctness of the algorithms, refer to [Fong, 1988].
The analysis of the algorithms in terms of the number of pipe-
line passes and refresh memories required are also derived. In
order to avoid disk transfer of images, one has to program the
algorithms with great care and in the case where refresh
memories is the limiting hardware resource, an algorithm
which need more number of pipeline passes may be more.
appropriate.

Fast computation of these image enhancement filters
using parallel architecture allow their use in realtime applica-
tions such as manufacture visual inspection. New area of their
use may also be more easily explored in applications where
speed is an important requirement and computationally inten-
sive operations had not been previously viable.
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Fig. 3. Masks for unidirectional FMH filters
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Fig. 4. Masks for bidirectional FMH filters
(a) 1ILH+ (b) RILH+




