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(ABSTRACT)

This thesis describes the design and implementation of real-time image-processing
tasks on a custom computing platform called Splash-2. The tasks that have been
implemented are image histogram generation, median filtering using 3X 3 neighborhoods,
and morphological dilation and erosion. These problems are computationally intensive,
involving large amounts of data. The problems are especially difficult when the images
need to be processed at real-time rates, typically 30 frames per second. Splash-2 is a
reconfigurable FPGA-based attached processor featuring several programmable
processing elements and programmable communication paths. Although not designed
specifically for image-processing applications, it possesses architectural properties that
make it well suited for high speed computations and data transfer rates that are
characteristic of this class of problems. This thesis discusses the design process which has
been used to map the tasks to Splash-2, and presents results which demonstrate the

effectiveness of custom computing platforms for high performance image processing.
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Chapter 1. Introduction

1.1 Motivation

Most image processing tasks are computationally intensive. Even tasks that are
conceptually simple, such as template matching and edge detection, require operations to
be performed repeatedly at every location in an image. Because of the large number of
picture elements (pixels) associated with a single image, many computations are needed.

Image processing is especially challenging when processing must be performed at
real-time rates, typically 30 frames/second. Traditionally, real-time processing has
required expensive application-specific hardware. Custom circuits are often designed to
accomplish specific tasks optimally, but this approach sacrifices generality.

This thesis describes the use of Splash-2 [1] for real-time image processing.
Splash-2 is a custom computing platform developed at the Supercomputing Research
Center in Bowie, Maryland. The fundamental components of the system are an array of
field programmable gate arrays [2] which can be configured to perform a wide variety of
tasks. For some problems, Splash-2 performs as well as application-specific circuits.

The goal of this research has been to demonstrate that Splash-2 can be
programmed to perform several different image processing tasks at real-time rates.

Splash-2 requires an unconventional design approach which is described in this thesis. By



implementing real-time processing of image data, the potential of adaptive computing

platforms has been demonstrated.

1.2 Contributions of this research

Four different image-processing tasks have been implemented on Splash-2 during
the course of this research. The specific tasks that have been successfully demonstrated
are image histogram generation, median filtering using 3X 3 neighborhoods, and gray-
scale morphological dilation and erosion. The algorithms to perform these tasks, the
problem partition to map these algorithms to the Splash-2, and the VHDL descriptions for
the individual components of the Splash-2 array have been developed.

Median filtering and the morphological operations are of particular interest
because they are nonlinear operations, presenting unique challenges when compared with
more common convolutional filtering. A novel algorithm is developed to obtain 3X3
image neighborhoods on the Splash-2. The problem partition to map this algorithm to the
Splash-2 architecture is designed and implemented.

The tasks are performed in real time with data coming in from a camera at a frame
rate of 30 per second. The system therefore processes "live" image data. The results are
displayed on a monitor. Data processed at slower rates may be directed to a file on the

Sun SPARC-2 workstation which serves as the host to the Splash-2.

1.3 Organization of thesis

The thesis is organized as follows. Chapter 2 presents the relevant concepts of

image processing. The real-time image processing tasks that have been implemented on



Splash-2 are described here. Chapter 3 describes architectures that were previously
designed for the purpose of high performance image processing. The Splash-2
architecture is described in Chapter 4. The hardware details of the real-time vision system
developed at Virginia Tech are provided here. This includes the Splash-2 processor which
1s used with a Sun SPARC-2 host. Chapter 5 describes the design process for
implementing applications on Splash-2. This chapter covers the software environment
available to the applications programmer, the VHDL design process, the simulation and
synthesis tools used.

Chapter 6 gives a detailed description of the design of the image histogram
generator. Problem partitioning, data flow and interprocessor communication, and logic
circuits for the processing elements are provided in this chapter. Similar design details for
the median filter and morphological filter implementations are provided in Chapter 7 and
Chapter 8, respectively.

Chapter 9 serves as a conclusion to the thesis. It comments on the performance of
the system and highlights the limitations of the design methodology.

Appendix A gives the entity declarations for the Splash-2 processing elements.
Appendix B gives a port description of the Splash-2 entities which are relevant to this
work. Finally, Appendix C provides sample VHDL files for the components of the
Splash-2 system which have been modified to implement the particular image-processing

tasks.



Chapter 2. Image processing - background and concepts

2.1 Introduction

The fundamental unit in image processing is the picture element, or pixel. An
image is typically composed of a two-dimensional array of pixels. For grayscale images,
each pixel has one of K values (usually 2V), which are strictly ordered. These values may
be thought of as the integers 0 to K-1. The image array may be represented by I(r, ¢),
where r and ¢ are the row and column location of the pixel, respectively. This is shown in
Figure 1. A camera generates pixels in raster order, in which the pixels in the image are
scanned from left to right and from top to bottom in a "snake-like" fashion.

Often, in the case of 2D grayscale images, the pixel values represent a third
dimension. The image is then referred to as a 3D image with two spatial dimensions and
one value dimension which holds grayscale data. This thesis is concerned only with
grayscale images, with a typical size of 512 rows X 512 columns, and with each pixel

represented by an 8-bit grayscale value.



512

Each pixel is represented by an

8-bit quantity which
X / corresponds to its grayscale value.

Y/

512

Figure 1. Example of a grayscale image. A typical size is 512 rows X 512 columns. The
top-left corner pixel is at location (0, 0), while the bottom-right corner pixel is at location
(511, 511). The gray value of each pixel within the image is represented by an 8-bit
quantity.

Image operations may be broadly classified into several generic classes [3]. An
operation in the combination class takes two images of a given type and produces a new
image of the same type. This is accomplished by combining each pair of elements from the
input images into a new element. The generation class are those which create a new
image of a given type from scratch. The transformation class takes one input image of a
given type and transforms it into another image of the same type. The transformations may
be distinguished as point and neighborhood transformations. In case of point
transformations, the transformation depends only on the value of an individual pixel. In
case of neighborhood transformations, the transformation depends on a set of neighbors of
each pixel (usually but not necessarily nearest neighbors). The measurement class takes in

an image of a given type and reduces it to a number or distribution representing a



measurement on the image. The conversion class includes those operations which take an
image of a given type and convert them to a different type.

In this research, we demonstrate image processing operations that may be
categorized into the classes just described. The image histogram generation may be
classified as a measurement operation as it measures the intensity distribution of the image.
The median and morphological filters may be classified as neighborhood transformations.
This work therefore demonstrates the effectiveness of Splash-2 for two classes of image

processing tasks.

2.2 Histogram of an image

The histogram of a grayscale image contains intensity distribution statistics about
the image. The histogram provides the number of pixels that are associated with any gray
value in the image [4]. Histogram data is often used for image processing tasks such as
thresholding. Thresholding distinguishes pixels that have higher gray values from pixels
that have lower gray values and the histogram data helps in deciding the level at which this
distinction can be made. Thresholding is useful in applications such as region detection,
region labeling, and conversion of grayscale images to binary images.

The histogram & of a digital image I is defined by h(m) = # {(r, c) | I(r, ¢} = m},
where m represents each gray level value and # is the operator that counts the number of
elements in a set [4].

The algorithm for computing a histogram is shown in Figure 2. H is a vector array
dimensioned from 0 to MAX, where O is the value of the smallest possible gray level and
MAX is the value of the largest (255 in this thesis). [ is a two-dimensional array,

dimensioned 0 to (ROWSIZE-1) by 0 to (COLSIZE-1) that holds a gray level image.



procedure Histogram(I, H);

fori=0to MAX do // Initialize the histogram to zero.
H(i) =0;
for r = 0 to ROWSIZE-1 do // Compute values by accumulation.

for ¢ =0 to COLSIZE-1 do
begin
grayval = I(r, ¢);
H(grayval) = H(grayval) + 1;
end
end for

end for

end Histogram

Figure 2. Algorithm for computing an image histogram. H(i) is an array which stores the
number of pixels at each gray level i.

An example histogram for a small 8 row X 8 column image is shown in Figure 3.
The histogram is represented both in tabular and bar-graph forms. There are only 16
possible gray-levels for the sample image shown here. Therefore, the histogram array has

dimensionality 16. Realistic images typically have 256 grayscale values.

2.3 Median Filtering

The median filter is used widely for the reduction of noise and periodic interference
patterns in images [5]. It is useful for removing sporadic noise without blurring the edges

and yet retaining the monotone changes.
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Figure 3. Example of an image histogram. (a) An 8X8 grayscale image. Each pixel has
one of sixteen possible gray values. (b) The histogram of this small image is given in
tabular form. (c) The histogram is displayed as a bar graph. The length of the bar is an
indication of the number of pixels in the image at a particular gray value. In the above
example, there are 39 pixels with a gray value of 4.



Median filtering is often used for noise cleaning [3, 4, 5, 6]. It uses neighborhood
spatial coherence and neighborhood pixel value homogeneity as its basis. Noise-cleaning
techniques detect lack of coherence and replace the incoherent pixel by something more
spatially coherent. This is done by using some or all of the pixels in a neighborhood
containing the given pixel or by averaging or smoothing the pixel value with others in an
appropriate neighborhood.

The median filtering operation may be stated mathematically in the following
manner. Letfy, f;, . . ., fy.; represent the intensity values for input image / within an
N-point neighborhood about the point (7, j) in the image. These values are ordered so that

ks fker
The output image R is determined as

R(i,j)=fin.ny2  (foroddN)

.. 1
R(i j) = 5 (f(N/Z)-I +f(N/2)) (for even N)

In most image-processing applications, rectangular neighborhoods are assumed.

Figure 4 illustrates the concept of a 3X 3 neighborhood operation. The shaded 3X
3 window is assumed to "slide" over / producing an output value for R at each location of
the window. For median filtering, the value of the pixel at any location in R is the median
of the nine values in the 3X3 window with center at that position in I. Two window
positions are shown in the figure, with corresponding positions highlighted in R. For an
input image of size 512X 512, approximately 262,144 nine-point median values need to be
extracted to produce R.

The median filter does a good job of estimating the true pixel values in situations
where the underlying neighborhood trend is flat or monotonic and the noise distribution

has flat tails. It is effective for removing impulsive noise. However, when the



neighborhood contains fine detail such as thin lines, they are distorted or lost. Corners can
be clipped. It can produce regions of constant or nearly constant values that are perceived
as patches, streaks, or amorphous blotches. Such artifacts may suggest boundaries that

really do not exist.

1(2.2) R(2,2

1(ij) | RMij)

1 R

Figure 4. Concept of a 3X 3 window-based operation. For the median filter, the value of
R(i, j) is the median of the 9 pixels of 7 which lie within the 3X 3 window with center at

1(i, j).

2.4 Morphological filtering

2.4.1 Introduction

Mathematical morphology [7] is a set-theoretic approach to image processing and

analysis which considers images to be sets in the underlying support space. It manipulates
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them using set-based operators like union and intersection. Though originally developed
for binary imagery, it has since been extended to gray level and other types of images [8].
This section is concerned with two grayscale morphological operations, known as erosion
and dilation, which have been implemented on Splash-2.

The word morphology refers to the study of form and structure. The
morphological approach is generally based upon the analysis of an image in terms of some
predetermined geometric shape known as a structuring element. Essentially, the manner
in which the structuring element "fits" in the image is studied. The morphological
approach to image analysis has been constructed to answer questions about shape in a
rigorous mathematical way. These operations provide for the systematic alteration of the
geometric content of an image while maintaining the stability of important geometric
characteristics. A well-developed morphological algebra exists.

Morphological operations can be employed for many purposes, including edge
detection, segmentation, and enhancement of images. An entire class of morphological
filters exist that are employed in place of standard linear filters. Whereas linear filters
sometimes distort the underlying geometric form of an image, morphological filters leave
much of that form intact.

Figure 5 shows the gray level set combination operations used in morphology.
The union operator is interpreted as the maximum and is used to combine different types
of high intensity structures in the gray image topography. It can be used to select the pixel
value from all of several input images which satisfy some criterion to the greatest extent,
again as expressed by its gray value. The gray level intersection or minimum is generally
used to put together low intensity structures which have been selected independently, or

to select each pixel value from whichever image satisfies some criterion to the least extent.
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Morphological operators such as dilation and erosion are duals of each other. This
means that we can get the equivalent of dilation by performing its dual operation, erosion,
on the complement image, and taking the complement of the result. Stated differently,
when we perform the first operation on the foreground, we are at the same time

performing the second (dual) operation on the background, and vice versa.

AA

max(A(x),B(x)) min(A(x),B(x))

A

Union (MAX) Intersection (MIN)

Figure 5. Gray level set combination operations. The union (max) and intersection (min)
are shown for the images A and B. A and B represent one-dimensional images in the
continuous domain. The vertical axis represents the grayscale value of each pixel in the
image.
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2.4.2 Dilation

Dilation is a morphological transformation that combines two sets by using vector
addition of set elements. The binary dilation of F by K is denoted by F @& K and is
defined by

F® K={xe ENlx=f+k forsomef e Fandk € K}
where F and K are sets in EV, denoting the Euclidean N-space.

Typically, F represents an image and K represents a structuring element, which is a
shape that acts on F.

For computational purposes, grayscale dilation can be accomplished by taking the
maximum of a set of sums. Instead of doing the summation of products as in convolution,
we do a maximum of sums. These calculations for a sample function f are shown in Figure
6.

Let f: F - Eand k: K — E Thenf ® k: F & K — FEcanbe
computed by using

(f ® k)x)=max{fix-z)+k(z)| z € K x-z € F}

In terms of the original set F, the dilation returns all of the locations where the
origin of K can be placed such that it has a non-empty intersection with F. In another
sense, the dilation leaves as background only those locations where K fits completely in

the background, so it tells us something about the 'containment’ of X in the background.

13



y 1 0 -1 X 4 5 6 7
k(y) 36 0 36 fix) 19 23 9 29
y 1 0 -1 y 1 0 -1
f4-y - 19 23 f6-y) 23 9 29
k(y) 36 0 36 k(y) 36 0 36
f4-y)+ky) - 19 59 f6-3) + k(y) 59 9 65
max f{4 - y) + k(y) 59 max f(6 - y) + k(y) 65
y 1 0 -1 y 1 0 -1
£5-y) 19 23 9 f7-y) 9 29 -
k(y) 36 0 36 k(y) 36 0 36
A5-y)+ k) 55 23 45 fT-+ k) 45 29 -
max f(5 - y) + k(y) 55 max f{7 - y) + k() 45
X 4 5 6 7
fix) 19 23 9 29

dilation] 59 55 65 45

Figure 6. Calculations for a grayscale dilation. F is a one-dimensional image which is
dilated with the structuring element X, as shown at the top. A maximum of a set of sums
is computed to obtain the value of each pixel in the new image. These computations are
shown in the four blocks at the center. The values for (f @ k)(x) are shown at the
bottom. (Adapted from [4].)

Another analogy to explain dilation is as follows. We can think of each pixel in the
2D support as having a number of little cubes stacked on top of it, representing its height
or gray value. These cubes remain at the end of the operation if it does not represent a
location where the stelt or structuring element could be placed to fit entirely above the
surface (in the background). It is very interesting to note that while the structuring
elements work primarily according to criteria related to containment in the x and y

dimensions, their effect is to modify the Z level or gray dimension, almost as a side effect.
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Dilation by disk structuring elements corresponds to isotropic swelling or
expansion algorithms common to binary image processing. Dilation by small squares (3X
3) is a neighborhood operation easily implemented by adjacency connected array
architectures and is the one that many image-processing people know by the name "fill",
"expand", or "grow".

In mathematical morphology, structuring elements are considered to be probes or
special tools for looking at images. The simplest structuring element is a single point. If
the point is directly on the origin then we get an identity transformation or exact copy of
the original; if not, the shape of the original set will be maintained but it may be translated
and/or shifted in the gray level dimension. Other common structuring elements are a pair
of points, a line structuring element which consists of a contiguous linear sequence of
points with the origin at the middle, diamond or rhombus shapes, squares, octagons, disks
and rings. The structuring element is chosen depending on the task and the input image.
Once chosen, it is made to interact with the image, and the changes observed. Because of
what we know of the interaction, we can deduce something about the shapes in the
original image.

Dilation is extensive since it always gives us more than what we had at the
beginning. This property is important in that if we are searching for an operation which
will give us a certain result which contains the set we have at present, we can restrict our

search to just the extensive ones.
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2.4.3 Erosion

Erosion is the morphological dual of dilation. It is the morphological
transformation that combines two sets by using vector subtraction of set elements. The
erosion of F and K is denoted by F © K and is defined by

FOK={xe ENIx+ke F foreveryk € K}
where F and K are sets in EN, denoting Euclidean N-space.

Whereas dilation can be represented as a union of translates, erosion can be
represented as an intersection of the negative translates. (Refer again to Figure 5.) The
erosion transformation is popularly conceived of as a shrinking of the original image. In
set terms, the eroded set is often thought of as being contained in the original set. A
transformation that has this property is called antiextensive since it always gives us less
than what we had earlier.

Computationally, grayscale erosion can be accomplished by taking the minimum of
a set of differences. Letf:F — Eandk:K — E Thenf ® k:F © K — E
can be computed by using

(f © k)(x)=min{fix+2z)-kiz)|lz € K}

These calculations for a sample f are illustrated in Figure 7.

We can use the same analogy as in the case of dilation to explain the concept of
erosion. One can imagine the gray level surface as a landscape, and then slide the
structuring element over it. Each pixel in the 2D support has a number of little cubes
stacked on top of it, representing its height or gray value. These cubes will remain after
an erosion if they represent locations where the stelt could be centered such that it would

fit entirely below the surface.
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K F
y 1 0 -1 X 4 5 6 7
k() 6 0 6 fix) 19 23 9 29
y -1 0 1 y -1 0 1
fd+y) - 19 23 fl6+y) 23 9 29
k(y) 6 0 6 k(y) 6 0 6
f4+y) - k() - 19 17 6+ ) - k(Y) 17 9 23
min f{4 +y) - k() 17 min f(6 + y) - k(y) 9
y -1 0 1 y -1 0 1
fi5+y) 19 23 9 fT+y) 9 29 -
k(y) 6 0 6 k(y) 6 0 6
S5+ y)- k() 13 23 3 AT+y) - k() 3 29 -
min f{S +y) - k() 3 min f{7 +y) - k(y) 3
x 4 5 6 7
fx) 19 23 9 29
erosion| 17 3 9 3

Figure 7. Calculations for a grayscale erosion. F is a one-dimensional image which is
eroded with the structuring element K, as shown at the top. A minimum of a set of
differences is computed to obtain the value of each pixel in the new image. These
computations are shown in the four blocks at the center. The values for (f © k)(x) are
shown at the bottom. (Adapted from [4].)

Alternatively, think of gray value of the erosion at any pixel as the maximum value
for which the structuring element centered at that point and level still fits entirely within
the foreground under the surface. This is computed by taking the minimum of the gray
surface translated by all the points of the structuring element. For flat stelts, erosion

returns the minimum value within the region covered by the structuring element. Gray
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stelts modify this by biasing the neighbors by different constants before taking the

Erosion is useful in that it tells us about containment in the foreground, since it
returns all the locations where we can place the origin of structuring element, K, such that
K completely fits inside of F. Alternatively, the area or volume left after the erosion
expresses the probability that a shape K placed at random in the space is completely
contained within F.

A very important property of erosion and dilation is that the structuring elements
can be decomposed into smaller, simpler elements [9]. The practical importance of such
structural decomposition is that architectures may be developed for small 3X3 windows
which are concatenated into a pipeline to construct the equivalent of using larger stelts.
This helps get effectively much larger structuring element sizes. However, the drawback
of this approach is in getting structuring elements that are not well-rounded because the 3

X3 window limits the number of slant angles that can be produced.

2.4.4 Opening and closing of images

Morphological opening and closing of are operations that are formed by
performing dilation and erosion in sequence. These operators can produce powerful
filtering effects on images.

An opening is an erosion followed by a dilation, while a closing is a dilation
followed by an erosion. Note that the structuring element used is the same for both the
erosions and dilations in the above cases.

Opening and closing may be defined as
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F° K=(FO K) ® K Opening
Fe K=(F® K) O K Closing
Opening and closing are dual operations. Opening is anti-extensive, while closing
is extensive. Openings and closings tell us about the sizes of things - the sizes of objects in
the foreground, or spaces in the background. They let us classify pixels according to the
size and shape of the region to which they belong, rather than according to their distance
from the foreground or background.
Openings result in removal of the foreground protrusions and small regions which
are smaller than the structuring element [10]. The reverse operation of closing will result

in closing small gaps or holes in the image foreground.
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Chapter 3. Architectures for image processing

3.1 Real-time image processing requirements

Image processing involves a large quantity of data. Typical images consist of 512
rows X 512 columns for a total of 262,144 pixels. Each pixel in a grayscale image is
commonly represented by an 8-bit pixel value. To process an image, all this data has to be
accepted, processed, and output. This is especially challenging for a real-time system,
where the input rate is typically 30 frames per second.

Many image processing tasks tend to be computationally intensive. To match the
needs of computing in real time, these tasks have to be partitioned so that pipelining or
parallelism is achieved. This, however, increases the inter-processor communication and
I/O overheads.

Conventional general-purpose machines are not suited to meet the high I/O
requirements of the complex image processing tasks, nor are they equipped for parallel
computation that are required in many vision-related tasks.

Several parallel processing systems have been proposed for image processing.
Mesh architectures [11, 12] provide significant speedup after images are loaded, but the
I/0 limitations are severe in these systems. Pipelined machines [13, 14, 15, 16] can accept

image data in real-time from a camera but these suffer from the problem of being difficult
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to reconfigure for different processing tasks. These machines also suffer from the problem
of not performing fast enough if certain computationally intensive, and hence slow,

subtasks in the pipeline cannot be further partitioned.

3.2 Architectures for image processing

To meet the specific computational demands of image processing applications,
various architectures have been proposed and developed over the past years. This section

describes several representative machines.

3.2.1 MESH - an architecture for image processing

The MESH system [12] is a two-dimensional SIMD array developed at the
University of Oxford. The 2D array is an appropriate architecture for computer vision
since it reflects the topology of the vision problem. The image pixels are mapped to the
processor array on a one-to-one basis. The large two-dimensional array of processors is
implemented by using Ultra Large Scale Integration (ULSI) or Wafer Scale Integration
(WSI). These technologies provide the means to put down a large array of processors on
silicon. The SIMD controller broadcasts its instructions to all the processors in the array.
All the processors then carry out the same instruction on their data.

The MESH architecture is appropriate for algorithms, such as image filtering,
which are based on local nearest-neighbor operations and where all pixels have the same

instruction executed on them.
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A typical problem with large chips is the presence of defects that occur during
fabrication, wafer testing, mounting, and during the lifetime of the IC. The architecture
uses a novel fault-tolerant strategy to enhance yield and improve reliability. This is done
by testing the processors on power-up and identifying the faulty ones. The array is then
reconfigured, and used for computation. Thus, the architecture uses hardware tolerance

along with software tolerance to provide a robust parallel image-processing system.

3.2.2 PASM - a reconfigurable multimicrocomputer system for image processing

PASM [17] is a special purpose, dynamically reconfigurable, large-scale
multimicroprocessor system. It can be partitioned to operate several independent SIMD
and/or MIMD machines of varying sizes. A variety of image-processing problems have
been implemented on it.

The PASM architecture consists of a system control unit which controls and co-
ordinates the activities of the other components. It has a parallel computation unit which
contains N = 27 processors, N memory modules, and an interconnection network. The
processors are microprogrammable and a memory module is connected to each processor
to form a processing element. There are microcontrollers, which are microprogrammable
microprocessors, acting as the control units for the processors in SIMD mode and
orchestrating their activities in the MIMD mode. One of the projects uses a 1024-PE
architecture to demonstrate image processing tasks. A 16-PE prototype system, based on
the Motorola MC68010 microprocessor, is also developed for the same purposes.

The dynamically reconfigurable nature of the architecture and the constituent
microprogrammable processing elements make the PASM suitable for a wide range of

image processing tasks.
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