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ABSTRACT 

Real time digital image and video signal processing have developed rapidly in the 

past few decades. Nonlinear fikering is an important tool in this field. Order statistics filter 

is one of the most popular families of nonlinear fikers. It is applied universally in image 

enhancement, image edge detection, code error detection and correction. 

An VLSI implementation for real time image filtering is presented in this thesis. To 

achieve good filtering effects, the designed chip combines adaptive two-dimensional order 

statistics filters. The adaptive filter can remove high density impulsive noise as well as the 

combination of Gaussian noise and impulsive noise. It provides good compromise between 

suppression noises and image details preservation. 

This chip is based on two levels Bacher's odd/even sorting network. To achieve 

high throughput, the VLSI implemented employs running window, highly pipelining 

structure and two-phase non-overlapping clocking strategy. Clock rate up to 50 MHz can 

be achieved and the throughput is 50/8 M samples per second for 8-bit signal. 

Implementation was optimized by reducing area expense and latency time. 
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CHAPTER I 

INTRODUCTION 

1 • 1 General 

Visual information transmission is very valuable today. Usually people prefer a still 

image to a thousand of words. However, noises do accompany signals during their 

creation, transform, and transmission. Many image and video signal applications need high 

speed filters to remove noise from the desired signals. 

Originally, linear filters were the primary tools in image processing. Low pass 

fikers smooth the image and reduce high spatial frequency noise components. High pass 

filters sharpen the image by enhancing low contrast features. Some subtle combinations of 

these two filters, such as high emphasis and band pass filters, tend to sharpen the edges 

and enhance small details. 

All of these linear filters are built on the basis of difference equations and 

transforms for solving them. Classical linear filters are designed to select the desired 

signals in some frequency band from the mixture of signals and /or noises in other bands. 

However, sometimes the noise is in the same band as the desired signal. For example, to 

filter an image with sharp edges with Hnear filters will blur the image badly. 

In the 1950's, some statisticians developed a new approach of filter design. They 

applied statistical concepts to signal processing. It was postulated that useflil signals and 

unwanted noise possess certain statistical properties. Using these properties noise can be 



reduced through processing the noisy signals. Another significant contribution from the 

statistical approach is the definition of measurements ofthe fikers' performance. 

On the basis of statistical filtering theory and robust estimation, powerful nonlinear 

fikers have been developed. Among nonlinear fikers, order statistic fikers are very popular 

due to ks filtering ability and ease of implementation. A diode AM envelope detector, 

which can be thought of as a maximum value detector, is a simple example. In the image 

processing field, the median filter is the most popular member ofthe order statistics filter 

family. A median filter can remove impulsive noise while preserving image details, which is 

a very difficult task for Hnear filters. Innumerable appHcations of median filters and order 

statistics based filters have been proposed in the last 35 years. 

Since order statistic filters have been successful in image processing, it is a natural 

development to apply this technology to real time image and video signal processing. For 

real-time image processing applications, the execution speed ofthe image processing 

routines becomes one ofthe main problem. This problem mainly results from the amount 

of data to be processed (e.g., 256K bytes for a single 512x512 8-bit image). Even simple 

nonlinear filters (e.g., median filters), which require only comparisons, are relatively slow 

for fast image processing appHcations. One solution is to build image processors, whose 

architecture is optimized for image processing applications. 

1.2 Objectives 

The objective of this research was to implement a high performance nonlinear 

VLSI fiker for real time image and video signal processing. Inherently, order statistical 



fikers were designed to meet various criteria. Each of them has optimal performance for 

specific figures of merit and specific noise characteristics. The adaptive combination of 

several nonlinear fikers should give good filtering effects overall. For real time image and 

video signal processor, high speed and high throughput are main problems. Various types 

of order statistics filter implementations are investigated to find the suitable approach. 

Some common technologies for high speed signal processor implementation such as a 

highly parallel structure, two phase clock are employed. 

1.3 Outline 

Compared with linear filters, median filters provide very good filtering on 

impulsive noise and preserve image details. However, the median filter introduces some 

distortions to the image. In addition, the median filters do not provide sufficient filtering 

on Gaussian noise. This necessitates the use of some modification. Center weighted 

median filters are proposed to preserve more image details. Trimmed mean filters are 

introduced to provide more Gaussian noise smoothing. A simple and robust edge detector 

is proposed to combine the center weighted median filters and a-trimmed mean filters 

adaptively. 

Area expense and throughput are two main criteria in signal processing VLSI 

design. For signal processing VLSI, the structure should be simple, regular and replicative. 

The computation should be done by multiprocessing independentiy. Each processing 

element should be similar and simple. Also, the parallel structure should be exploited and 



global variables are minimized. These design philosophy was used to optimize the 

implementation to achieve high throughput and hardware efficiency. 

The thesis is organized as follows: Chapter II gives an overview ofthe order 

statistics filters and hardware implementations. Chapter IH describes the adaptive order 

statistics filters in detail. MATLAB is used to simulate the algorithms and select the 

parameters. Hardware implementation in the system level is located in Chapter IV and the 

circuk design using PSPICE is shown in Chapter V. Layout, layout post simulation and 

performance examination are arranged in Chapter VI. Chapter VII summarizes the work 

and gives the conclusion. 



CHAPTER n 

ORDER STATISTIC FILTERS: AN OVERVIEW 

Order statistic (OS) filters have found extensive appHcations in digital signal and 

image processing. Some well-knovm members are median filters, stack filters, median 

hybrid filters, and a-trimmed mean fikers. In signal estimation problems, OS filters can be 

defined to meet optimal criteria for a much broader class of inputs than what are possible 

for linear filters [1]. Generally, OS filters have excellent robustness properties [2]. 

Applications of order statistic filters and median filters have been found in many 

areas. One-dimensional order statistic filters are used in speech signal processing [3]. In 

the field of digital image processing and in modem television systems, two-dimensional 

rank order based filters are used for noise suppression [4], image edge preservation [5], 

image sequence coding, cross effect elimination, scan rate conversion, and coding 

efficiency improvement. Recently, 3-D median-based filters have been proposed for image 

sequence filtering, and used in such applications as in picture phones, video conferencing, 

robot vision, and various parts ofthe television transmission chain [6, 7]. For color image 

processing, there are multivariate order statistic filters and vector median filters [8]. 

Although the median filters are powerful, they introduce some alteration, too. 

Many modifications have been proposed to optimize the order statistic filters in specific 

cases. Adaptive OS fikers have also been introduced to provide good filtering effects in an 

overall sense, especially for general applications. 



Various hardware implementations of OS fikers have been introduced. With VLSI 

technology development, the processing capability of hardware filters keeps growing. The 

bks number of signal is higher. The high parallel structures are exploited. The utilized 

range is expanded. Some ofthe schemes are reviewed in this chapter. 

2.1 Median Filters 

Median filters are the simplest and most popular order statistic filters. The use of 

the median filter dates to the work of Tukey [9] in 1971. He used a running median 

operation to smooth time series data. As shown in Figure 2.1, if the sHding window has a 

length of Â  = 2M+1, then 

y(k) = Median{x(k-Af),...,x(kX...x(k + M)} = x,(^M, 2M+1), (2.1 ) 

where Xk(r, 2M+I) is the r-th highest ordered sample in this window of time k. 

For a 2-D rank order filter, there are different shapes of windows, such as a one 

direction window, a cross v^ndow, a circle, or a square. The standard median filters 

employ square running vdndows. The r-th highest sample in a square window NxN 

centered at pixel {ij) is Xt/r, NxN). Usually, N is an odd integer. 

Compared with linear filters, median filters provide very good filtering on 

impulsive noise and preserve image details. However, the median filter introduces some 

distortions to the image. Image features such as thin Hues and other fine details are 

distorted or lost. These undesirable effects are not acceptable in many applications where 

the preservation of structure is important. This necessitates the use of some detailed 



algorithms to help preserve the structure, such as multilevel median filters and center 

weighted median fikers. On the other and, median fikers do not provide sufficient 

smoothing of non-impulsive noise components. Hence, some Hnear and nonlinear hybrid 

filters, like FIR-median hybrid filters and a-trimmed mean filters, were introduced. 

Input Im age 
X(iJ) y/^ 9 5 

3 x 5 Sliding W indow 
W (iJ) Refer to 
C enter P ixle 

O u Ipu I Im age 
X a J) 

6 4 ^ ^ 1 0 4 ^ ^ 1 2 3 y/' X^-Jy^ 
92 y^\\% y/^\M ^^18 3 

97 y^\ 2 4 ^y^l 5 6 ^ 18 7 
96 v ^ l 2 4 >^15 6 >^19 6 >^ 

Figure 2.1 Standard 2-Dimensional Median Filter 

2.2 The Multistage (Multilevel) Median Filter And 
FIR-Median Hvbrid Filter 

The definitions ofthe multilevel median fikers and FIR-median hybrid filters can be 

found in [10]. G. R. Arce also analyzed these filters in detail. Generally, these median 

filters employ the unidirectional and bi-directional sub-windows shown in Figures 2.2 and 



2.3. Each sub-filter is designed to preserve an image feature in one or two directions. 

Obviously, the detail preservation is obtained at the expense of noise suppression. 

Figure 2.2 Unidirectional sub-windows 

Figure 2.3 Bi-directional Sub-windows 

2.3 Center Weighted Median Filters 

The center weighted median fikers (CWM) effectively preserve image details, too. 

The weighted median filters were first introduced by Justusson [11] in 1981. Center 

weighted median filters, which use weights of 2^+1 only on the center pixel, are a subset 

of weighted median filters. 

Y(iJ) = medin {x{i - sj -1\ IK copies ofxQj) \ (,s,t) &W) ( 2.2 ) 

where {i,j) is the coordinate ofthe center pixel, and {s,i) is the pixels in the sliding 

window W. The CWM becomes the median fiher when the weight K=0 and the identity 



window W. The CWM becomes the median fiker when the weight K=0 and the identity 

filter when weight 2K+1 > window size 2L+1. The next chapter shows that the more 

weight given to the center pixel, the better the CWMF preserves the image details. Hence, 

the center weights provide enough flexibility on the trade-off between detail preservation 

and noise suppression. 

The output Y(i, j) of a CWM fiker with window size 2L+1 and center weight 

2K+1 is represented by [12]: 

Y{iJ) = median {X,.{L + l-K;2L + 1), X^(L+ I + K; 2L + V), X{iJ)) ( 2.3 ) 

where Xi/r, 2L+1) is the r-th highest one among 2L+1 samples within the window 

centered at (i,j), and X(/,7) is the value ofthe center sample. This property simplifies the 

implementation ofthe CWM filter. 

2.4 a-Trimmed Mean Filters 

It has been shown [13] that in the sense of minimum variance, the median operator 

is the best order statistic filter for smoothing Laplacian noises. The running mean is the 

best for Gaussian noises. It was also shown that the running mean filter is not robust to 

impulsive noise. This has motivated the use of a-trimmed mean filters [14], which can 

provide a compromise between the smoothing capacity of linear filters and the impulse 

attenuation achieved by median fikers. 

1 N{\-a) 



where N is the window length N= 2M+1, JC(J) is the sorted sample, a G [0,0.5). When a=0, 

the filter outputs a running mean and when a = — [ 1 1, k is the median fiker. The next 

chapter shows that the a-trimmed mean filters are much more robust than running mean 

filters. 

2.5 Adaptive Order Statistic Filters 

Usually, the filters described are designed to meet various criteria, e.g., robustness, 

preservation of various shapes of image edge or image details. Each of them has optimal 

performance for specific figures and specific noise characteristics. However, the image 

signals are two-dimensional stochastic processes, whose statistics vary in the various 

image regions. The noise statistics also vary from application to application, or even vary 

in the same application from image to image. Hence, non-adaptive filters cannot perform 

well in these environments. 

Adaptive nonlinear filters are a natural development. Adaptive filters are 

combinations of a set of different filters, or filters with different parameters. Each filter in 

this set has a specific desirable property such as edge preservation or a purpose Hke noise 

smoothing in a constant-value region. The filter used at each pixel is determined by an 

estimation of local statistics around that point. The adaptive approach of nonlinear filters 

usually is not the same sense as that in adaptive filtering theory. The latter emphasizes the 

training of filters to minimize some specific error criterion. 
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Many successful adaptive fikers have been proposed in last 30 years. Hwang and 

Haddad's [15] ranked-order based adaptive median filters show a very promising design to 

remove high density impulsive noise. This fiker is based on two level tests and varies the 

sliding window size adaptively. The first level tests for the presence of residual impulses in 

the median filter output, then the second level tests whether the center pixel itself is 

corrupted by an impulse or not. If the center pixel is decided to be uncorrupted, then the 

filter leaves it without filtering. If not, the output of RAMF is replaced by the median filter 

output at the first level. On the other hand, if the first level asserts that the median is 

corrupted, the window is expanded and the first-level test is repeated. Using this filter, up 

to 30% density impulsive noise can be eliminated by the maximum window size of 5x5 

while the image details are preserved very weU. The next chapter shows that this algorithm 

can be exploited to remove more impulses while preserving more image details. 

Recently, Lee and Tantaratana introduced a decision-based order statistic 

filter(DBOSF) [16] to reduce the edge shifting by the median filter and smooth more non-

impulsive noise. This filter detects the presence ofan edge first and modifies the median 

filter output according to the difference between the median and the center pixel. 

T = 

y = . 

^med-\ 

f 

^med-> 

^^med+\ •> 

^med+\ •> ^ ~ ^med ^ij 

ifT>t,,andD>d,, 

ifT>t,,andD<-d,, 

otherwise 

(2 .5) 

where T is the test for the presence ofthe edge and D is for impulsive noise. 

The block diagram ofthe DBOSF is shown in Figure 2.4. It uses an asymmetrically 

a-trimmed method to smooth more Gaussian noise. 
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Figure 2.4 Block Diagram ofthe DBOSF structure 

Though the DBOSF reduces the edge shifting by median filters and provides more 

smoothing on non-impulsive noises, it losses image details in the same way as standard 

median filters do. Ko and Lee [12] proposed an adaptive center weighted median filter 

which changes the weights adaptively according to the signal and noise local statistics. 

This fiker offers a more desirable combination of detail preservation and noise 

suppression. It can simultaneously suppress impulses, additive white noise and signal-

dependent noise. The weights ofthe ACWM are given by: 

{2KiiJ) + \ 

h(s,t) = 2L + \ 
\-K{iJ)IL 

2L + \ 

if(s,t) = (0,0) 

, if(s,t);^(0,0) 
(2 .6) 

for each (s,t) GW. 2L+1 is the window size and K(i,j) is defined as: 

K{iJ) = [(L-T)R{iJ)\, 

12 



mj)= -^liUT' •f'^'^''^)^'^" (2.7) 
0 

where i? is a local statistical variable and calculated by ^lijj), the sample variant 

ofthe data inside the window, andcx̂  , the variance of additive white noise which is 

assumed to be known. Tis an experience parameter to avoid the tendency ofthe ACWM 

filter to become the identity filter. To suppress multiplicative noise, cr̂  has to be 

calculated according to the noise models, too.Though Ko and Lee's adaptive filters 

provide very good filtering effects, the computational complexity is too high to implement 

effectively in VLSI. 

2.6 Hardware Implementation 

It is easy to implement order statistic filters in software. However, if the filtering 

needs to be done rapidly, especially in real time image or video processing, the motivation 

for hardware support becomes strong. The core of order statistic filters and the most area 

expensive part is the sorting network. There are several ways to implement the order 

statistic filter such as approaches in the binary level, bit level and word level. A very good 

review is found in Richards' "VLSI Median Filter" [17]. 

In implementation of VLSI, especially for signal processors, a design philosophy of 

simplicity, regularity and repHcation is high appropriate. Data and control paths should be 

simple and regular. VLSI computer architecture should be composed of a collection of 

simple processing elements connected together in a regular structure. Processing elements 

13 



should be connected by a network with local and regular interconnections, thus minimizing 

long distance or irregular communication which is very area and time expensive. Ideally 

there should be no global communication. The concurrency of processing elements 

operation should be exploked to the greatest possible extent [18]. 

The primary evaluation of VLSI is in terms of area and time. The area A is lower 

bounded by the number of components but in practice dominated by the layout of wires 

[17]. There are at least two measurements of time, the sample period time Tp and the 

computational latency Td. The sample period time is the time interval between the arrival 

times of successive samples ofthe inputs. The time interval between the arrival ofan input 

and the departure ofthe corresponding output sample is the computational latency. For 

signal processing VLSI, the sample period time is more important than the computational 

latency [19]. Once the first output sample emerges, successive samples wih also emerge 

at the sample period rate, hiding the effects of a large latency of circuit operation. This 

makes sense because typical signal processing appHcations deal with a few million samples 

of data in every second of operation. 

2.6.1 Binary Level Implementation 

Most designs in this approach directly use the two fundamental properties of stack 

filters, stacking and threshold decomposition. Though its theory is simple, this approach is 

quke limited by the gray level ofthe image. Modem image signals usually have 8 bks, that 

is, 256 gray levels, or more. That means 255 threshold levels are needed, i.e., 255 

14 



threshold operators and 255 binary positive Boolean function units are needed, which 

makes the implementation unrecommendable. 

2.6.2 Bk Serial Implementation 

Chen proposed a bk-serial realization in 1989 [20], which simplified greatiy the 

implementation of stack fikers. This new reahzation performs binary processing directly on 

binary-weighted signals, and reduces the number of threshold operations and PBF 

operations from 2* -1 to A: for k-bii signal processing. By using a recursive algorithm, this 

design required only one binary processing circuit rather than 2*-l identical binary 

processing units as in the earher binary level implementations. 
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Figure 2.5 Bit serial realization of stack filters 

Although Chen's system can work on a 75 MHz clock rate, the throughput is quite 

low due to the feedback. Also, the architecture does not provide enough flexibility in 

operation. 

15 



2.6.3 Delete/Insert Word 

The delete/insert architecture was developed in 1984 [21]. This algorithm 

maintains a sorted sequence. For one-dimension signal processing, each time the window 

sHdes, the oldest sample is deleted. The newcomer is compared to the sorted sequence and 

inserted into the appropriate position to get a new sorted sequence. Recently, P. Hsieh et 

al. gave a good implementation [22] which realized the parallel-comparison process on 

shiftable content addressable memory. 

Though this approach has high-throughput for one-dimensional signal processing, 

it cannot get the same result for 2-dimension signals. Since each time the NxN windo-w 

slides on the image, N samples should be deleted and N samples should be inserted. Hence, 

the sample period becomes iV̂  times of that of 1-dimension signal processing. 

2.6.4 Batcher's Odd-Even Sorting [23] 

The odd-even merge algorithm to merge S and T, two sorted lists of sizes s and t, 

which produces a sorted Hst of size s+t can be defined recursively in the foUowing way: 

1. If s and t are both 1, then compare the two elements and arrange their 

positions according to the desired order. 

2. Elements: 

a. Split the lists S and T into their odd indexed elements So and to and even-

indexed elements Se, tg. 

b. Recursively, merge the subHsts of odd- indexed elements( So and to) to 

16 



obtain list nio. Recursively, merge the even-indexed elements of Se and te 

to obtain Hst nie. 

c. For all i, compare the i-th element of m̂  with the (i+l)th element of nio (if 

it exists) and interchange their positions according to the desired order. 

C. Chakrabarti [24] implemented a 3x3 running window sorting network by this 

algorithm recently. Due to the highly exploked concurrency, the throughput of this design 

is very high. For a ̂ -bit signal, the throughput is k clock cycles by serial processing. There 

is no global conmiunication at all. In addkion, this architecture provides the whole sorted 

sequence, which gives sufficient flexibility for adaptive operations. 

2.7 Summary 

Due to the stochastic property ofthe image and the noise, neither the center 

weighted median filter nor the a-trimmed mean filter can provide good filtering. Only an 

adaptive nonlinear filter can provide good trade off between edge preservation and noise 

suppression for general real-time image processing. To achieve the good filtering, both the 

filter preserving image details and the filter suppressing noise should be built in the 

adaptive filter. Lee's DBOSF does not include the filter that has good detail preservation 

character, so that the DBOSF cannot provide good effective in low noise environment. On 

the other hand, the objective of this thesis is VLSI implementation ofthe nonlinear filter. 

The algorithms Hke Ko's adaptive fikers that requires very complex computation are not 

recommendable. 

17 



The nonlinear fiker that this thesis implemented is image processing oriented. High 

throughput is very important. The hardware structure which needs feedback like Chen's 

structure is abandoned. Delete/insert structure cannot provide high throughput for 2-

dimension signal filter, either. The binary level structure is also discarded. The modem 

image signal usually has 256 gray level or more, which will make the binary level 

implementation very huge. 

The next chapter proposes a filter stmcture which includes the CWM and TMF. 

The parameters of this filter are investigated very carefully to get a good filter with 

minimized hardware expense. The next chapter also introduces a very simple but robust 

local statistic estimator, that is, an order statistic edge detector. The hardware design in 

system level and circuit level is addressed in Chapter IV and Chapter V. The nonlinear 

filter employs Batch's odd-even sorting algorithm to achieve high throughput. The whole 

ranked sequence is output to provide enough flexibility for building other order statistic 

filters. 

18 



CHAPTER in 

SYSTEM AND ALGORITHMS SIMULATION 

To build a general purpose nonlinear filter VLSI device, various hardware system 

stmctures and algorithms must be chosen. The most important hardware criterion is 

hardware efficiency, that is, area efficiency and throughput. The important criteria for 

algorithm choices are filtering effects and simplicity of implementation. The filtering 

effects are evaluated by both subjective and quantitative criteria. 

This chapter begins with the scheme ofthe system stmcture and applications of 

this VLSI chip. A simulation of relative filters and the whole system follows to show their 

performance. 

3.1 System Stmcture and AppHcations 

3.1.1 The System Stmcture 

Image and video signals can be considered as two-dimensional stochastic 

processes, whose statistics vary in the various image regions. The noise statistics also vary 

from application to appHcation, or even vary in the same application from image to image. 

Adaptive filters can be used for various noisy image restorations. 

The filter proposed here is a combination of several order statistics filters. The first 

group is CWM-TMF-Hybrid filters (CTHF), which is composed of center weighted 

median fihers (CWM), a-trimmed mean fikers (TMF) and an edge detector. This group 
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adaptive rank-select filter which removes high density impulsive noise. Image detail 

preservation is another goal for both fiker groups. 

The architecture ofthe whole system is shown in Figure 3.1. This system has three 

main blocks. The first block is a two level sorting network with a 3x3 and 5x5 square 

mnning window. Another block is composed ofan adaptive rank-select fiker. The other 

block is a hybrid fiker made of a center weighted median filter (CWM), a-trimmed mean 

filter (TMF) and an edge detector. 

Input 
Sanples 

^ 

3x3 window 
sorting 

Iz 
5x5 window 

sorting 

Additive Rank Select Filter for 

High Density hnpulsive Noise 

HYBRID FILTER 

EDGE 
DEIECTCK. 

CWM 

IMF 

M 
U 
X 

Orqxit 
Sanq^es 

Figure 3.1 System Block Diagram 
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3.1.2 Applications 

3.1.2.1 The CWM- TMF-Hybrid Fiker 

The input image to a system is commonly cormpted by Gaussian noise. The first 

group ofthe proposed fiker, CWM-TMF-Hybrid fiker, is used in this case. The fiker used 

at each pixel is determined by an estimation of local statistics around that point. The edge 

test is one ofthe local statistics. If the edge is detected, the center weighted median filters 

are used for edge preservation. Otherwise, a-trimmed mean filters are used to provide 

more noise smoothing. Comparing with the median filter, the center weighted median 

filters preserve more details. The edge shifting by median filters is also reduced. The a-

trimmed mean filters provide more smoothing of Gaussian noise. Additionally, TMF are 

more robust to impulsive noise than the mnning mean filter. The CWM-TMF-Hybrid filter 

can also remove some impulsive noises Hence, the combined filter can individually provide 

better filtering than median filters, CWMs and mean filters do. 

When the variance ofthe Gaussian noise is low, the high weight CWM is used. A 

CWM with high weight has increased detail preservation performance. When the variance 

ofthe noise is high, a CWM with lower weight is used to provide more noise smoothing. 

If the noise is too heavy, the edges ofthe image are hidden by noise. The edge detector 

cannot find the correct edge and the CWM is not used any more. The whole image is 

processed by TMF. 
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3.1.2.2 Adaptive Rank-Select Fikers 

When the density of impulsive noise is very high, the adaptive rank-select filter 

(ARSF) is used. This filter can remove salt and pepper type noise with up to 70% density. 

The ARSF can also preserve the image details much better than median fikers. If the noise 

also has a Gaussian noise component, the ARSF can be used to remove the impulsive 

noise first. The CWM-TMF-Hybrid filters are used next to smooth the white noise. Due to 

the ARSF's excellent edge preservation characteristics, the details ofthe image can be 

adequately preserved even if it is filtered twice. 

The adaptive rank-select filters can be used in error code correction, too. If a 

digital communication channel has a very low SNR, the code error rate wdll be high. If the 

transmitted signal is an image or video signal, the ARSF can be used to recover the 

signals. The sample value should be set at the lowest or highest value alternatively 

whenever the code error is detected. The image can be recovered very well even when the 

code error rate is as high as 70 ~ 80%. This success comes from fiilly exploiting the 

redundancy of image signals. 

In this chapter, all these filters and the whole system are discussed in detail. The 

choice of fiker parameters is also a problem addressed here. Both error criteria and 

hardware efficiency are used to make this choice. 
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3.2 Error Criteria 

The error criteria used in this thesis are the Breakdown ProbabiHty, RMSE, MAE 

and NMSE. Breakdown Probability is the probability ofan impulse occurring at the 

output of a filter. This criterion can show how effectively a fiker removes impulsive noise. 

Empirical root mean-squared error (RMSE), normal mean-squared error (NMSE) and 

mean-absolute error (MAE) are defined as: 

RMSE = 1 
Lo L\ 

nl /2 

V 
7=1 /=1 

X<Xu)--'('.y))' (3 .1) 

NMSE = 
RMSEjOUTPUT IMAGE:) 
RMSE{INPUT IMAGE) 

(3 .2 ) 

Lo Li 

MAE = Y^YJ Z^ '̂"'-̂ "^" ̂ '̂'-̂ 1̂ L1L2 
j=l i=l 

(3 .3) 

NMSE is used frequently in this thesis to compare the performance of different 

filters. The processed images are attached to show their subjective effects. 

3.3 The Median Filter 

The median fiker is defined as: 

MF{iJ) = medin {xQ - sJ -1) \ (5, /) G ^ } , (3 .4 ) 

where (7,7) is the coordinate ofthe center pixel, {s, i) is the coordinate ofthe pixels in the 
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square sliding window PT with fixed size. In this thesis, MFnxn is used to note the median 

filter with a nxn sHding window. 

To find the median value among the samples in a sliding window, the samples 

should be sorted first. The sorting network is very hardware intensive and it increases as 

0(N+logN), where Â  is the number of samples. A good filter chip should not only perform 

well in fikering various noisy images, but also have area efficiency and high throughput. 

Therefore, careful choice ofthe window size is significant. 

The main concerns of filtering are noise suppression and detail preservation. 

NMSE is used to evaluate these two characteristics. The noise includes additive Gaussian 

noise and impulsive noise. Generally, median filters with a larger window size have better 

noise suppression performance. However, they tend to introduce more distortion than 

those with smaUer windows. 

3.3.1 Impulsive Noise Removal 

The performance of a median filter for impulsive noise removal was simulated first. 

The original image, noisy image and fikered images are shown in Figure 3.2. 

Median filters with a larger v^ndow size can remove impulsive noise thoroughly. 

However, they tend to blur or shift edges, thereby cutting down their performance. The 

simulation shows that for impulsive noise removal, a two-level median filter with a 3x3 

and 5x5 window size produces the best performance usually. 
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ORIGINAL IMAGE Noised by salt & pepper 
noise density=50% 

FILTERED BY 
MEDIAN 3x3 

FILTERED BY 
MEDIAN 5x5 

FILTERED BY 
MEDIAN 7x7 

FILTERED BY 
MEDIAN 9x9 

Figure 3.2 Standard Median Filter for Impulsive Noise Removal 

The MF(3x3) has the best NMSE when the density ofthe impulsive noise is 

0-20%. When the noise density is 30%~50%, the output of a MF(5x5) gives the best 

NMSE value. Only when the noise density increases up to 60%, the median filter v t̂h a 

7x7 window performs better than a 5x5 median filter. Actually, when the impulsive noise 

density is higher than 30%, the adaptive rank-select fiker (ARSF) should be used. The 

ARSF performs very weU on both impulsive noise removal and detail preservation. Hence, 

the MF(7x7) is not necessary for impulsive noise removal. 
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3.3.2 Gaussian Noise Suppression 

The performance of a MF for smoothing Gaussian noise was also checked. The 

original, noisy and the fikered images are shown in Figure 3.3. 

Original Image Noisy Image 
(0=0.05) 

Fikered by Median 
3x3 

Filtered by Median Filtered by Median Filtered by Median 
5x5 7x7 9x9 

Figure 3.3 Standard Median Filter for Gaussian Noise Smoothing 

When the standard deviation ofthe Gaussian noise, a, is 0-10% ofthe signal gray 

level, the MF3x3 is the best median estimator. The MF5x5 is also better than the MF7x7 

or MF9x9. The difference of NMSE between the checked median fikers is 15 - 20% of 

the RMSE ofthe noisy image, when the Gaussian noise deviation is 5% ofthe signal gray 

level. When the deviation is up to 10%-20%, the MF5x5 becomes the best median fiher. 

However, the difference between the median fihers is much less. The differences are 
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2%~5% when the deviation is 15%. If the deviation is larger than 25%, the MF7x7 

becomes the best. The difference between the MF5x5 and MF7x7 is only 1%, which is not 

worth an increase ofthe window size. 

So far, the two-level median filter with a 3x3 and 5x5 sliding window is sufficient 

for most appHcations. All the filters discussed later are based on the MF3x3 and MF5x5. 

The combined filter can preserve more image details while suppressing more noise. 

3.4 The Adaptive Rank-select Filter 

Sometimes, the images are cormpted only by impulsive noise or it is necessary to 

remove the impulsive noise first. The standard median filter cannot give an ideal estimation 

ofthe original image when the density of impulsive noise is high. The adaptive rank-select 

filter proposed here is much better than the median filter for impulsive noise removal. The 

ARSF can remove more impulsive noise while preserving more image details. In 

additional, edge shifting is almost eliminated. 

3.4 1 Definition and Algorithm 

The adaptive rank-select filter is based on 3x3 and 5x5 two-level sHding windows 

and three-level decisions. It sorts the 3x3 window first. The impulsive noise, especially the 

salt and pepper noise, makes the cormpted pixels extreme value. If the pixels are not the 

maximum or minimum value in the sHding v^ndow, k can be thought of as uncormpted. 

When the center pixel of this window is not the extreme values, k is considered to be the 

original image and is preserved as output. The window sHdes to the next pixel. Otherwise, 

the median value ofthe 3x3 window is checked in the next step. 
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If the image is cormpted by high density impulsive noise, it is possible that the 

median value is altered as well. However, the eight pixels in the 3x3 window around the 

center point have the same probability to approximate the center sample. Also, the number 

of pixels replaced by positive noise is not always the same as those cormpted by negative 

noise. Hence, the X(6,3x3) and X(4,3x3), the 6-th and 4-th biggest samples in the 3x3 

window, respectively, should be checked next. This is better than going to the 5x5 

window directly. Obviously, k is not necessary to check aU the samples in the 3x3 

window. If some ofthe checked pixels are not cormpted, they are used as output and the 

v^ndow sHdes to the next pixel. 

Sorting 3x3 small window 
if X(max, 3x3) > XCEN ̂ ^ > X(min, 3x3) then out = XCEN 
else if X(max, Z^Z) > X(med,3x3) > X(min, 3x3) then out = X(med, 3x3) 
else if X(max, 3;63) > X(med+1,3x3) > X(min, 3x3) then out = X(med+1, 3x3) 
else if X(max, 3;t3) > X(med-1,3x3) > X(min, 3x3) then out = X(med-1, 3x3) 
else sorting 5x5 larger window 

if X(max, 5x5) > X(med, 5x5) > X(min, 5x5) then out = X(med, 5x5) 
else if X(max, 5x5) > X(med+1, 5x5) > X(min, 5x5) then out = X(med+1, 5x5) 
else out = X(med-1, 5x5) 

end 

Figure 3.4 Algorithm of The Adaptive Rank-Select Fiker 

If all of these samples are cormpted, it can be assumed that the whole 3x3 window 

is altered. The window is expanded to 5x5 and checked, the median first, then X(14,5x5) 

and X(12, 5x5) in turn. The algorithm is shown in Figure 3.4. The next section shows that 

this fiker is much better than the standard median fiker and Hwang's adaptive fiker [25]. 
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3.4.2 The Statistical Performance of ARSF 

The adaptive rank-select fiker is a very good estimator when the images are 

cormpted by high density impulsive noise. 

In Figure 3.2, the image is almost hidden by impulsive noise. The ARSF restores 

the image very well. The noise is almost cleared and the image details are preserved. 

The ARSF can eliminate much more impulsive noise than the MF5x5 does. The 

breakdown probability ofthe ARSF is 1.3% when 70% ofthe pixels are cormpted by 

impulsive noise. The breakdown probabilities ofthe MF5x5, MF7x7 and Hwang's filter 

are 6.96%, 2.94% and 3.34%, respectively. Figure 3.5 shows the impulsive Noise removal 

performance of ARSF. 

Filtering a noiseless image can show the alteration introduced by a filter. In Figure 

3.6, the adaptive rank-select filter has better edge preservation performance than any 

median filter does. 

3.5 The Center Weighted Median Filter 

The center weighted median fiker only puts weight on the center pixel. 

CWM(iJ) = medin {x(i-sj-t), 2Kcopiesofx{iJ)\ {s,t)GW}. (3 .5) 

The CWM becomes the median fiker when the weight K=0 and the identity fiker if 

2K+1 > window size 2L+1. In this thesis, CWM(nxn, 2K+1) is used to note the center 
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eighted median filter with a nxn sHding window and 2K+1 center weight. Because a 5x5 

window is used in most cases, the notation regarding the window size 5x5 will be deleted 

unless a different size window is used. 

Original Image Filtered By ARSF Filtered By Hwang's Filter 

Noisy Image 
Density=70% 

Filtered By MF3x3 Filtered By MF5x 5 

Figure 3.5 The Impulsive Noise Removal performance of ARSF 

3.5.1 The Statistics of CWM 

Generally, the more weight is put on the central sample, the better the CWM 

preserves the details at the expense of noise removal. The breakdown probability increases 

wkh the increase ofthe weight. On the other hand, the NMSE ofthe CWM with the 

lowest weight is not always the best one. The center weighted median filter wkh less 

weight tends to introduce more alterations to the images. 
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ORIGINAL IMAGE FILTERED BY ARSF 

FILTERED BY MF3x3 FILTERED BY MF5x5 

Figure 3.6 The Edge Preserving Performance of ARSF 

When the image noise is caused by Gaussian noise with a very low deviation, i.e., 

high signal to noise ratio (SNR), the more the center pixel is weighted, the lower the 

NMSE is resulted. It is obvious that an identical filter, an extreme case ofthe CWM, 

introduces no akeration to the original image. When the deviation is 5% ofthe signal level, 

the CWM9 is the best estimator with a NMSE=0.648. The CWM3 is the most effective 

when the deviation is up to 10%-25%. If the noise power increases any more, the median 

fiker is better than the CWM. 
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3.5.2 A Compari.son between thft rWM and MF 

The CWM fikers with larger weight have better edge preservation performance at 

the expense of noise suppression. The median fikers with smaHer windows have the same 

properties. In comparing the NMSE of these two classes of fikers, the MF3x3 is very 

near to that ofthe CWM7 and CWM9. The MF5x5 is just the CWMl. The CWM3 and 

CWM5 provide the middle filtering effects. Hence, the center weighted median filters 

provide more flexibility for adaptive fiker implementation with littie hardware increment. 

Therefore, the CWM is a very good choice in the adaptive fiker to work for edge 

preservation. 

3.6 The a-Trimmed Mean Filter 

A linear operator is applied extensively with order statistics filters to smooth more 

Gaussian noise. One ofthe operations is the a-trimmed median filter which was defined 

as: 

J N{\-a) 

where A'̂  is the window length Â = 2M+7, and % is the sorted samples. The 

parameter a is used to adjust the number of samples in the average operator. This controls 

the fikering effects. The parameter a varies from 0 to 0.5. When a=0, the fiker outputs a 

mnning mean and when a = - [ l - -^J , the operator is the median fiher. The 
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implementation of a-trimmed mean filters can be hardware efficient if the number of 

samples is a power of 2, i.e., N(l - 2a) = 2 M n this thesis, modified trimmed mean fihers 

are used to improve hardware efficiency. 

1 
f ^+1 J N+\ *_ ^ 

, N+\ k N+\ 
, ^ = 4,8,12,... (3 .7) 

where k is the number of samples in the average operation. The averaged samples 

are picked up from k/2 samples those higher than the median and k/2 samples those lower 

than median symmetrically. 

3.6.1 Performance 

The outputs of a median fiker, a-trimmed mean filter and mnning mean filter for 

suppressing Gaussian noise are shovm in Figure 3.7. Actually, these processed images are 

quite difficult to identity. Even in quantitative evaluation NMSE, the difference between 

them is not significant 

The MF5x5, MEAN5x5, TMF4, TMF8, TMF12 and TMF16 of 5x5 sliding 

window were simulated. First, the pure Gaussian noise is added to the image. The TMF4 

is the best evaluator when the noise deviation, a, is 5%-15% ofthe signal level. The 

mnning mean fiker is the best one when the deviation is 20%-30%. When the deviation is 

5%, the NMSE ofthe MF5 x5 is 0.781 and TMF4 is 0.771. The difference is only 1%. 

The difference between TMFs is 4%~5%. The NMSE of MEAN5x5 is 0.985, which is 
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fairly high. This shows that the mean fiker introduces much more distortion to the low 

noisy images. 

Noised by Gaussian Noise 
(0=10%) 

FILTERED BY MF5x5 

FILTERED BY TMF(5x5,4) FILTERED BY MEAN5x5 

Figure 3.7 The Outputs of Filters for Suppressing Gaussian Noise 

When the noise has both Gaussian (a = 5%~30%) and impulsive(density = 10%) 

components, the TMF4 was always the best among the filters examined. The differences 

between the NMSE ofthe fikered images are not trivial now. The processed images are 

shown in Figure 3.8. The mnning mean fiker is not so robust as the median filter and the 

trimmed mean fiker. 

When the deviation of Gaussian noise is 10%, the NMSE of each ofthe TMF4, 

MF5x5 and MEAN5x5 is 0.214, 0.283 and 0.355, respectively. The differences between 
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them are 7%~14%. The TMF4 provides good smoothing of Gaussian noise in addition to 

being robust to impulsive noise. 

3.7 The Edge Detector 

It was shown that the center weighted median filter preserves more details and the 

trimmed mean filter provides good noise smoothing. Usually, a person is not sensitive to 

the noise on a sharp edge. Hence, the CWM should be used on edges to preserve details 

and the TMF should be used on constant-value regions to smooth noise. This provides 

better filtering effects in an overall sense. 

Noised by Gaussian noise (CT=0.05) FILTERED BY MF5x5 
and impulsive noise (density=10%) 

FILTERED BY TMF(5x5,4) FILTERED BY MEAN5x5 

Figure 3.8 The Output Of Filters For Suppressing Gaussian Noise and Impulsive 

Noise 
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There are many kinds of edge detectors discussed in the literature such as the 

Laplacian edge detector, the Sobel and Kirsch edge detectors. All of these detectors can 

achieve good resuks in a noiseless image. However, they are not robust. For example, the 

Laplacian operator amplifies noises because k gives a larger response to a line than to a 

step and to a point than to a Hne. 

To consider the implementation simpHcity, a simple edge detection test based on 

order statistics is used. 

T = X(3 , 3x3)-X(7, 3x3) ( 3 . 8 ) 

where the X(r, mxn) is the r-th highest value in the mnning window v t̂h a size as mxn. 

When T is greater than some threshold, the center pixel is assumed to be on an edge. The 

center weighted median filter is used to preserve the details ofthe image. If the test T is 

less than the threshold, the trimmed mean filter is used to smooth the noise. 

\7 
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X(3,3x3)-X(7,3x3) Laplacian Edge Detector 

Figure 3.9 Edge Detectors for Original Image 

The two edge detectors, X(3, 3x3) - X(7, 3x3) and the Laplacian were used to 

process noiseless image and noisy images, as shown in Figure 3.9 and Figure 3.10. The 

36 



statistics based edge detector is robust to noise. Although there are many good edge 

detectors, most of them are hardware expensive. 

X(3, 3x3)-X(7, 3x3) Laplacian Edge Detector 

Figure 3.10 Edge Detectors for Noisy Image (Gaussian noise CT=10%) 

Comparing the order statistics based edge detectors v t̂h different parameters: 

[ X(3, 3 X 3) - X(l, 3x3) , Jr(2,3 x 3) - Jr(8,3 x 3), X(4,3 x 3) - Â (6,3 x 3) ] shows that 

the Jr(2,3 X 3) - "̂(8,3 x 3) is too sensitive to noise and the ^ (̂4,3 x 3) - ^ (̂6,3 x 3) is too 

sensitive to the edge threshold. Hence, the X(3, 3 x 3 ) - X(l, 3 x 3) is the best choice. 

3.8 The Performance ofthe Whole Svstem 

According to these simulation results, the parameters ofthe CWM-TMF-Hybrid 

fiker were defined. When the deviation of Gaussian noise is less than 7.5% ofthe signal, 

10% ofthe signal is used as the threshold ofthe edge detector and CWM7 for edge 

processing. When the deviation ranges from 7.5% to 15%, 30% ofthe signal is used as the 

threshold ofthe edge detector and CWM3 on the edge region. When the noise increases. 
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the center weighted median fiker cannot be used. The trimmed mean filter processes the 

whole image. The TMF4 is used on constant-value regions for aU noisy cases. 

The NMSE ofthe CWM-TMF-hybrid fiker(CTHF) is shown in Table 3.1 and 

Table 3.2. The performance ofthe other fikers is also provided for comparison. Even 

though k is not always the best one, the hybrid fiker gives a good estimation ofthe 

original image over a wide noise range. The difference between the NMSE of CTHF and 

ofthe best one is no more than 4%. 

Table 3.1 The NMSE of Hybrid Filter for Suppressing Gaussian Noise 

a 
MF5X5 
CWM3 
CWM7 
MEAN 
TMF 

CTHF 

0% 
(9.318) 
(8.047) 
(5.994) 

(12.811) 
(9.269) 
(7.512) 

5% 
1.036 
0.934 
0.816 
1.300 
1.030 
0.854 

10% 
0.608 
0.571 
0.577 
0.671 
0.598 
0.589 

15% 
0.487 
0.470 
0.512 
0.475 
0.475 
0.468 

20% 
0.425 
0.418 
0.482 
0.399 
0.413 
0.413 

25% 
0.409 
0.406 
0.481 
0.361 
0.394 
0.394 

30% 
0.380 
0.394 
0.480 
0.335 
0.376 
0.376 

Table 3.2 The NMSE for Suppression ofthe Combined Noise (+10% impulsive 
noise) 

MF 
5x5 

ME 
AN 

TM 
F 

CW 
M3 

CW 
M7 

CT 
HP 

0 
% 

0 
.303 

0 
.459 

0 
.312 

0 
.264 

0 
.238 

0 
.253 

5 
% 

0 
.330 

0 
.456 

0 
.335 

0 
.298 

0 
.290 

0 
.290 

1 
0% 

0 
.357 

0 
.420 

0 
.354 

0 
.338 

0 
.367 

0 
.338 

1 
5% 

0 
.372 

0 
.372 

0 
.363 

0 
.367 

0 
.400 

0 
.363 

2 
0% 

0 
.384 

0 
.345 

0 
.368 

0 
.383 

0 
.465 

0 
.368 

2 
5% 

0 
.393 

0 
.344 

0 
.379 

0 
.398 

0 
.494 

0 
.379 

3 
0% 

0 
.424 

0 
.362 

0 
.406 

0 
.432 

0 
.537 

0 
.406 
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3.9 Conclusion 

Compared with the standard median fiker, a more powerfiil fiker is achieved with 

little increment of hardware. This composed filter preserves more image details in addition 

to smoothing more noise. The fiker has a good performance on a wide range of noise 

distribution. The noise can be additive Gaussian noise, impulsive noise or a combination of 

both. 
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CHAPTER IV 

IMPLEMENTATION 

The VLSI implemented here is a comprehensive nonlmear fiker. Compared with 

median filters, k suppresses more noise while preserving more image details. This 

comprehensive fiker is made of three blocks: One is a two-level sortmg network and the 

other is an adaptive rank-select filter (ARSF) for high density impulsive noise removal. 

The third is a CWM-TMF-Hybrid fiker (CTHF) for Gaussian noise and impulsive noise 

suppression. 

The two-level sorting network is quite area expensive and takes up 90% area of 

the whole system. The schemes for sorting network implementation were reviewed in 

Chapter II. This chip is supposed to process 8-bit gray level real time images or video 

signals. High throughput is very desirable. Many ranked samples are needed for following 

processing; hence, the Batcher's odd-even sorting algorithm is chosen. 

This chip has high pipelining stmcture and high-throughput. The work frequency 

and area depends on the D-flip-flop frequently used in this chip. Post-layout simulation 

shows that a clock rate up to 50 MHz can be achieved. Due to serial processing, an output 

is produced every sample period, that is, 8 clock cycles for an 8-bk signal. 

The VLSI system and its components, the sorting network, ARSF, CWM, TMF 

and edge detector are described on the fiinctional level in this chapter. The optimization of 

the sorting network is also included. The circuk design at the gate-level and post layout 

simulation are addressed in the next chapters. 
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4.1 System Block Diagram 

The implemented filter chip has 48 pins totally. The input pins include sample input 

pins D4~D0,. noise conditional code inputs CI, CO along with the VDD, VSS, RES and 

CLK. The output pins include the output ofthe whole filter and the ranked samples from 

the 3x3 and the 5x5 sorting windows. The four noise conditions coded by CI and CO are: 

impulsive noise, low Gaussian noise, high Gaussian noise and super Gaussian noise, shows 

the filter operation in different noise condition. 

Table 4.1 The Operations of Noise Conditions 

CODE 
01 
10 
11 
00 

NOISE CASES 
LOW GAUSSIAN 
HIGH GAUSSIAN 

SUPER GAUSSIAN 
IMPULSIVE 

EDGE 
CWM7 
CMW3 
TMF4 

PLATEAU 
TMF4 
TMF4 
TMF4 

EDGE 
THRESHOLD 

32 
96 

OUTPUT 
CTHF 
CTHF 
CTHF 
AMBF 

When a 5x5 window slides on the processed image, the 5 samples in the same 

column are inputted to this chip from D4~D0 simukaneously. The samples are sorted on 

3x3 and 5x5 levels, as shovm in the system block diagram Figure 4.1. The center pixel is 

delayed and utilized in the adaptive rank select fiker (ARSF) and center weighted median 

fiker (CWM). The ranked samples in the 3x3 widow are used in ARSF and edge detector. 

The ranked sequence in the 5x5 window are fed to the ARSF, CWM and a-trimmed mean 

fiker (TMF). The output ofthe ARSF, CWM, TMF are mukiplexed by the output ofthe 

edge detector and noise conditional code. 
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Figure 4.1 System Block Diagram 

4.2 Sorting Network 

The sorting network based on the Batcher's odd-even sorting is the core ofthe 

whole system. As shown in Figure 4.2, the sorting network is roughly separated as two 

signal paths, SORT3x5 and SORT2x5. The SORT3x5 sorts the central three rows and 

includes the 3x3 central window. The other two row signals are sorted in SORT2x5. 

Finally, these two group signals are merged in the MERG13_12 block and the 25 ranked 

samples ofthe whole large window are the resulting output. 
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Figure 4.2 Sorting 5x5. (The digits note the number of signals in that group.) 

4.2.1 Rutming Window 

The sorting network is based on a mnning window. In 2-D order statistic filtering, 

the K xK window shifl:s one column every sample period. The two consecutive windows 

share (K-V) columns. In this impleted network, the elements of a column are sorted only 

once. The sorted column is stored for (K -1) cycles so that it can be used for the 

computation of^consecutive outputs. Thus, theKcolumns ofsiKxKwindow are 

sorted during K different cycles. The sorted columns are merged using Batcher's odd-even 

sorting. 

The 3x3 sorting network is explained in detail as an example. Figure 4.4 shows the 

3x3 window which sHdes on the processed image. Figure 4.4 shows the stmcture ofthe 
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Figure 4.3 3x3 SHdkig Window 

3x3 sorting network[24]. In the first sample 

period, the pixels numbered 11,21 and 31 in 

Figure 4.4 are sorted by the S0RT3 and get a 

sorted sequence, noted as A1~A3. 

These sorted samples are delayed for one 

sample period by delay units. At this time, the 

outputs of S0RT3 are B1~B3. They are sorted 

from the pkels 12, 22 and 32 ofthe second 

column. In the block called MERG33, the two 

sorted sequences are merged. According to Batch's odd-even sorting algorithm, group A 

is separated into 2 groups. The odd group has Al and A3. The even group has A2. 

Likewise, group B is separated into odd groups Bl, B3, and even group B2. Hence, the 

task of merging two 3-sample sequences is decomposed into three sub-tasks. One is to 

merge the two odd groups: Al, A3 and Bl, B3, while the other is to merge the even 

groups: A2 and B2. The third is to merge their results. 

Two sample periods are needed to merge the two odd groups. Only one is needed 

to merge the even group. Delay units are inserted to get one more sample period delay so 

that the 6 ranked samples arrive at the output of MERG33 at the same time. 

When the first and second column samples have been sorted, those in the third 

column should arrive at the input of MERG63 at the same time. It is easy to figure out 

that one extra sample period delay is required. Again, the task of merging two sorted 

sequences with 6 and 3 samples is divided into three sub-tasks. One is MERG32 which 
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merges the odd group nio: (1), (3), (5) and CI, C3. Another is MERG31 which merges the 

even group me: (2), (4), (6) and C2. The last one merges the outputs ofthe odd group and 

even group and outputs the 9 ranked samples . 
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Figure 4.4 Sort3x3 Network (- is delay unit) 

4.2.2 Basic Units 

The smallest fimctioning units ofthe sorting network are the delay unit, sort unit 

and insert unit. A delay unit is nothing but a 8-bit shift register for an 8-bit signal. All of 

these units have one sample period delay, that is, 8 system clock cycles. 

4.2.2.1 Sort Units 

The sort circuks include S0RT2 and S0RT3. They sort two or three input 

samples into a descending sequence. They are made of delay blocks, comparators, and 

swap sub-circuits. The comparators compare the inputs and generate the control signals 
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As shown in the Figure 4.5, the comparator in S0RT2 generates the control signal X 

according to the relation between the two input signals A and B, which is shown in Figure 

4.7. 

A 

1 » 

B 

Shift register 

Comparator 

Shift register 

X 

•f' 

Output 
Logic Unit 

(swap2) 

+ 

W 
MAX 

*MIN 

Figure 4.5 Block Diagram ofthe S0RT2 Unit 

The stmcture of S0RT3 is shown in Figure 4.5. The three comparators generate 

three control signals X, Y and Z. Figure 4.7 shows the control signal fiinctions. 
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Figure 4.6 Block Diagram of a S0RT3 unit 

4.2.2.2 INS Units 

The INSn unit inserts a sample A to a descending sorted sequences with n samples, 

Dl, ..., Dn. Figure 4.8 shows the stmcture ofthe INSn unit. 
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For S0RT2: 

X = 
1 IF A > B 

0 Otherwise 

ForSORT3; 

X = 

Y = 

Z = 

0 

0 

0 

IFA>B 

Otherwise 

IFB>C 

Otherwise 

IFC>A 

Otherwise 

Figure 4.7 The Control Signals of Sort Units 

The swap circuits produce the ranked sequence according to the control signals. 

For S0RT2: 
MAX = AX + BX 

MIN = AX + BX 

ForSORT3 

MAX = AXZ + BXY + CYZ + CXY 

MED = A(XZ + XZ) + B(XY + XY) + C(YZ + YZ) 

MIN = AXZ + BXY + CYZ + AXY 

(4.1) 
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Figure 4.8 Block Diagram ofan INS Unit 
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The comparators compare the inserted sample wkh each sample in the sequence 

and give the control signals GTl, ..., Gtn. 

GTm = 1 if Dm > A 
M 2 ) 

GTm = 0 if Dm < A ^ ^ 

Then, the output Yl,..., Yn, Yn+i is sorted into a descending sequence: 

GT*D+GT*A m = l 1 - ^ 1 ' '-'^1 

Gr„. i )„+G7;. , .Z)„_,+Gr„_, .G7„.^ m = 2,...,n (4 .3) 

GZ^,»D+GT.^,»A m = n + \ n+\ ^-^n ^-'•*n+l 

4.2.3 Merging Units 

The merging units in Figure 4.2 are to merge two ranked sequences into one. They 

are composed of delay units, S0RT2 and various INS units or sub-MERG units by 

Batcher's odd/even sorting algorithm. The details of MERG22, MERG32, MERG33 and 

MERG63 are shown in Figure 4.4. 

To merge S and T, two sorted sequences with sizes s and t, into a sorted list of 

size s+t, we can use the mles recursively in the foHowing way[23]: 

1. If s and t are both 1, S0RT2 is used to get the ranked sequence. 

2. Otherwise: 

a. Split S and T into their odd indexed elements 5o and /o, and even-

indexed elements s^ and 4 

b. Recursively, merge the subHsts ofthe odd-indexed elements(5o and /«) 

to obtain list nio. Recursively, merge the even-indexed elements(5c and /e) to 

obtain Hst m*. 
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c. For ah I, compare the i-th elements of rUe with the (i+l)-th element 

of nio (if k exists) and interchange their poskions according to the desired 

order. 

4.2.4 Optimization ofthe Sorting Network 

In this system, the sorting network takes up to 90% ofthe area. Frequently used 

delay units (8-bit shift registers) require a significant amount of area. The number of delay 

units depends on the number of samples and the computational latency. Reducing latency 

is the main task of system optimization. This can be achieved in two ways. One is to 

balance the latency of different signal paths. The other is to locate the delay units more 

subtly. 

The delay of different basic units is shown in Figure 4.9. The delay of sort units 

and delay units is one sample period. The delay of merging sub-circuits depends on the 

number of input samples. More accurately, if the two input sequences have s and t samples 

respectively, the latency depends on the smaHer one. 

No. of delay = round[ log2(min(5,^))] + 1, (sample period) (4 .4) 

In Figure 4.9, the digits on the signal paths are the latency that the samples have 

when they arrive at that point from the input ofthe whole system. For example, at the 

input of MERG33, one group of signals needs 3 sample periods while the other group 

requires 4 periods. Due to the 3 sample period latency of MERG33, these signals need 

6-7 periods to arrive at the output of MERG33. 
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Figure 4.9 The Latency Analysis of SORT5x5 

(MERGST: to merge s and t. DLn: n sample periods latency) 

The total latency of SORT2x5 is shorter than that of SORT3x5. At point A, two 

signals are sent to SORT2x5 signal path. This can balance the latency ofthe two signal 

paths and reduce the latency ofthe whole system. After this arrangement, there still is one 

sample period difference between these two paths. Three delay unit is inserted at output of 

S0RT3. This is better than inserting thirteen delay units at the input of MERG13_12. 

4.3 Adaptive Rank-Select Fiher 

The adaptive rank-select filter is made up of comparators and multiplexes. In the 

first stage, the select circuk checks the value ofthe center pixel or the median, median+1, 

median -1 pixels in the 3x3 smaH window. If ah of them are equal to maximum or 

minimum in the small window, output ofthe select circuk is 0. This allows the output of 
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the ARSF to come from the 5x5 large window. Othenvise, the outputs of both select 

circuks are the same and are one ofthe four checked samples in the small vsdndow. 
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Figure 4.10 The Block Diagram ofthe ARSF 

4.4 Edge Detector: 

The edge detector is composed of a subtractor, threshold register and comparator. 

Chapter IV showed that the threshold used in the edge detector is 10% gray level for 

slight noise and 30% for heavy noise. For implementation convenience, the thresholds are 

set to 32 and 96 for 8 bk gray level image signals. 

4.5 a-Trimmed Mean Filter 

The four sample a-trimmed mean fiker is composed of two levels and a total of 3 

AVER2 units. An AVER2 unit averages two input 8-bk samples The output of 
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A VER2 = fix[(A + B)/2]. The total error for 4 samples averager in the worst case is 

error = -log2 AA = 1. It is only 0.39% of 256 gray scales. 
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Figure 4.11 The Block Diagram ofthe Edge Detector 
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4.6 The Center Weighted Median Filter 

The property introduced in Chapter II simplifies the center weighted median fiker 

implementation. 

Y(iJ) = median{Xij {L + \-K\ 21 + 1), Xij{L + \ + K; 2L + \), X(iJ)] (4.5 ) 

where Xz/r, 2L+1) is the r-th highest one among 2L+1 samples in the window 

centered at (i, j). X(i, j) is the value ofthe center pixel. The weight is 2K+1. In this 

system, the weights are 3 or 7. The selection of weights depends on the noise case code. 

4.7 Summary 

This chapter showed the implementation ofthe proposed adaptive nonlinear filter 

on the fijnctional level. By analyzing the latency ofthe sub-circuits, the system is 

optimized in regard to both area expense and computational latency. Besides the sorting 

network, the stmcture ofthe ARSF, CWMF and TMF is also shown. In the next chapter, 

circuits are shown and analyzed on the gate level. The post layout simulation is also 

included in it. 
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CHAPTER V 

INDIVIDUAL CIRCUITS 

This adaptive nonlinear fiker VLSI operates in a bk-serial mode with 8-bk 

precession and the least significant bit (LSB) first. All flip-flops used are positive edge 

triggered and asynchronous negative reset. This chapter explains the circuits in detail and 

shows the logic simulation wave form. The LEDIT layout and post layout simulation are 

also included here. 

5.1 Clock Signal and Clear Signals Generator 

There are two group global signals besides the noise conditional code. One is a 

clock signal that includes an input system clock signal (CLK) and a created clock signal 

(CLK2). The period ofthe CLK2 is one sample period, that is, 8 system clock cycles for 

8-bit signals. The CLK2 is used to keep some control signals for one sample period. The 

reset signal includes an input system reset signal RES and created clear signals CLR, 

CLRl and CLR2. When the RES is low, all the flip-flops are reset. The clear signals are 

narrow pulse waves with periods of 8 system clock cycles and pulse widths of 1/2 clock 

cycle. As shown in Figure 5.1, each CLR, CLRl, CLR2 is delayed 0, 1, 2 clock cycles 

respectively. They are used in adaptive rank-select fihers (ARSF) and a-trimmed mean 

fikers (TMF) where some flip-flops need to be cleared every 8 system clock cycles. 
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Figure 5.1 The Wave Form of Clock Signals and Clear Signals. 

5.2 Sort Units 

The sorting network is composed of a delay unit, sorting units and mergmg units. 

The delay unit is nothing but an 8-bk shift register. The sorting units and merging units are 

made of 8-bk shift registers, comparators and swap circuks. A whole sample period is 

required to compare each word of input signals. Thus, the input signals are delayed 8 

clock cycles before swapping. The compared resuks control the swapping of delayed input 

signals. 

5.2.1 Comparator 

The comparator operates in a bk-serial mode and compares the LSB of two input 

signals (DA and DB) first. Figure 5.2 shows the circuk ofthe comparator. 

As shown in Figure 5.2, if any bk of input signal DA is greater than that of DB, the 

D input of D-flip-flop U5A is set to 1. Any bk of DA less than that of DB resets the D 

input. If the two input signals are equal, the D input is held without changing. The 

comparison result, the GT signal, is carried over to the next bk. The MSB ofthe GT 

55 



signal (corresponding to the MSB of input signals) reflects the comparison results ofthe 

whole word. Since the GT output does not effect the sorting results when the two input 

signals are equal, the comparator need not be cleared after it compares every word ofthe 

input signals. 
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Figure 5.2 The comparator (D=AB'+Qn(A+B') ) 

5.2.2 Swap Circuits 

The control signals, GT, are updated every clock cycle. The MSB of GT signal 

reflects the comparison results ofthe whole input words. 

Figure 5.3 shows the swap circuit of S0RT2 as an example. The D flip-flops in 

swap circuits are clocked by CLK2 whose positive edge corresponds to the MSB. The 

MSB ofthe GT signals are latched to muhiplex the delayed input signals and swap them 

into a descending sequence. The swap circuks in the other sorting units and merging units 

are analogous. 
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Figure 5.3 The Swap Circuks of S0RT2 

5.2.3 Wave Form of the Sorting Network 

Figure 5.4 shows the input signals for testing the sorting network. The CLK2 

signal is shown to separat different words. Note that the signals are LSB first, the input 

signals can be read out as shown in Table 5.1. 

CLK 
SIG1 
SIG2 
SIG3 
SIGif 
SIG5 
CLK2 

Tipje 

Figure 5.4 Test Signals ofthe 5x5 Sorting Network 
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The SIG1~5 corresponds to the five rows ofthe 5x5 sHding windows. This group 

of signal is helpfiil for delay analysis and system optimization 

Table 5.1 The Input Signals to Sorting Network 

IGl 

IG2 

IG3 

IG4 

IG5 

IH 

IH 

IH 

IH 

IH 

2H 

2H 

2H 

2H 

2H 

3H 

3H 

3H 

3H 

3H 

4H 

4H 

4H 

4H 

4H 

5H 

5H 

5H 

5H 

5H 

6H 

6H 

6H 

6H 

6H 

7H 

7H 

7H 

7H 

7H 

8H 

8H 

8H 

8H 

8H 

9H 

9H 

9H 

9H 

9H 

Figure 5.5 shows the ranked signals at the output ofthe sorting network. By using 

the specific input signals, the sorting resuh and the timing can be checked easily. At the 

simple period noted by 28.000us, the outputs are 1, 2,..., 5, 11, 12,..., 15 and so on. At 

the next sample period, the outputs are 2, 3, ..., 6, 12, 13,..., 15 and so on, that is, the 

output after the window sHde to the next column. 
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Figure 5.5 The Output ofthe 5x5 Sorting Network 

5.3 Adaptive Rank-Select Filter 

The adaptive rank select fikers can be separated into two selectors. The first one 

focus on the central pixel value and the ranked sequence ofthe 3x3 window while the 

second on the output ofthe first stage and the ranked sequence ofthe 5x5 window. 

At the first stage of ARSF, the central pixel and the median (fifth), fourth and sixth 

highest samples in the 3x3 sHding window are compared with the maximum and minimum 
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values in that window. If any signal is equal to the maximum or minimum value, it is 

considered as cormpted by impulsive noise and is omitted. In addition, the mput signals 

have different priority. The central pixel has the highest priority. When the central pixel is 

not cormpted by impulsive noise, it is the output ofthe select circuit, no matter other 

signals are cormpted or not. The median has the second priority while the fourth and sbrth 

highest samples have the third and lowest priority, ff all the four samples are equal to the 

maximum or minimum, the output ofthe first stage is zero. 

The second selector is very similar to the first one. The output ofthe first stage, 

the median( 13-th), the twelfth and the fourteenth are sompared with the maximum and the 

minimumin the 5x5 v^ndow. The priority is ranked from the output ofthe first stage, the 

median, the twelfth to the fourteenth sample. The signal which is not equal to both the 

extrme value and has the highest priority is output. 

5.3.1 EOUER 

The comparator in the ARSF are to check if the input samples are equal to the 

maximum or minimum value in that window and is caUed as EQUER. Figure 5.6 shows 

the schematics of EQUER. The upper half of EQUER compares A and Dl. For 8-bit 

signal of input A, at once its any bk is not equal to that of Dl, the output ofthe XOR gate 

U5A is high. The high signal is locked by D-flip-flop U17A until k is cleared by CLR. The 

CLR signal resets the comparator and makes k ready for next word. The lower part is 

same as the upper one. If A=D1 or A=D2 => 0UT=1. 

60 



IJ17A 

<DT>-

<r7r5>—' 

.__U5A 

PF?ir 
€> 0 

U8A 

<D2>-
<Dgo 

RES 

EOUER.SCH 
0UT=1 IF A^DI OF? A^D2 

Figure 5.6 The Schematics of EQUER 

5.3.2 Selector 

The adaptive rank select filters is separated into two stage, that is, two selectors 

The first one focus on the central pixel value and the ranked sequence ofthe 3x3 window. 

The second focus on the output ofthe first stage and the ranked sequence ofthe 5x5 

window. 

Figure 5.7 shows the first selector of ARSF. The four mput signals are compared 

with the maximum and minimum values by EQ1~EQ4. When any ofthe signals is not 

equal to both ofthe extreme values, the output ofthe corresponding EQUER is 0. The 

priority is built by the AND gates Ul A~U3A. When the EQUER with highest prority 

output 0, this force the output of the AND gates with lower priority to output 0. For 
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example. When the central pixel is not cormpted, the OUT of EQl is 0. This makes the 

output of Ul A~U3A are all 0. The output ofthe first selector of selector SIGO is equal to 

the central pixel. Like wise, when the central pixel is cormpted while the median is not, 

only the output of UlA is high. Thus, SIGO is equal to median ofthe 3x3 sHding wmdow. 

Same as the sorting units, it takes 8 clock cycles to check if the input signals are 

cormpted or not. The MSBs ofthe OUT of EQUERs reflect the checking resuks. Hence, 

the four inputs are delayed one sample period by the delay units DL4_1. The MSB of 

OUTs of EQ1~4 are latched by the D flip-flops U4A~U7A which are clocked by CLK2. 

The output ofthe select circuk SIGO is controHed by the MSB if the OUT signals of 

EQUERs and equal to the mput signal which is not cormpted and has the highest priority. 

If ah four signals are cormpted, SIGO is zero. 

Figure 5.8 and Table 5.2 shows the wave form ofthe first selector of ARSF. For 

example, at the first sample period, the CEN signal is 128 which is not equal to ekher the 

MAX nor the MIN. The output ofthe first selector, that is, the SIGO is 128 at the next 

sample period. At the fourth sample period, both the CEN and the MED are equal to the 

MIN, the MED+ which is not cormpted by the noise is output. 

The second part of ARSF shown in the Figure 5.9 is very near to the first one. The 

SIGI pin is connected to the SIGO ofthe first part. The median, MED+(the 12-th highest 

sample in the 5x5 window), MED- (the 14-th) and MAX, MIN come from the ranked 

sequence ofthe 5x5 window. The SIGI is almost same as the CEN signal in the first 

selector except that it is compared with low signal to check if it is zero. If SIGI is nonzero. 
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k is output from SIGO ofthe second part. Otherwise, the choice is done among the 

median, MED+, MED- ofthe 5x5 window. 
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Figure 5.7 The Schematics ofFirst Part of ARSF. 

5.4 a-Trinmied Mean Filter 

The circuit of four samples a-trimmed mean fiker is composed of two-level total 

three AVER2 units. The output of AVER2 is the average of ks two input. 
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Figure 5.8 The Wave Form ofthe First Part of ARSF 

Table 5.2 The Input Signals and Output ofthe First Part of ARSF 

AX 

IN 

EN 

ED 

ED+ 

ED-

55 

28 

23 

55 

21 

55 

28 

55 

28 

53 

8 

53 

38 

41 

38 

33 

8 

8 

8 

38 

8 

55 

1 

34 

55 

55 

12 

55 

2 

55 

2 

59 

2 

03 

0 

03 

03 

03 

5 

43 

0 

0 

0 

0 

0 

17 

5 

5 

56 

74 

32 
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Figure 5.9 The Second Part ofthe ARSF 

Figure 5.10 shows the schematics of AVER2 unit. AVER2 uses serial adder. The 

sum of two 8-bit inputs should be 9 bits. Average is gotten by omitting the LSB of sum. 

The logic fiinction of AVER2 is : 

'AVER[7] = SUM[8] = CARRY[7] 

AVER[6..1] = SUM[7.. 1] = A[7..1] 0 B[7..1]eCARRY[6..0] 

SUM[0] = A[0] 0 B[0] is clear 

(5 .1) 

rCARRY[7..1] = A[7..0].B[7..0] + CARRY[6..0]* (A[7..0] + B[7..0]) 

|cARRY[0] = 0 
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The add operates from LSB of inputs. When D of U2A is A[O]0B[O], U2A is 

cleared by CLRl at next clock cycle. This makes Q of U2A zero. At the same time, Q of 

U7A is CARRY7 of last word of inputs. Thus, the output of AVER2 at this clock is 

AVER[7], the MSB of last word. Also, CARRY[0] should be zero. U12A is cleared by 

CLRl, too. Otherwise, the carry of MSB of last word wiU affects operation of next word. 

U6A, U7A, U9A give necessary delay. 

The AVER2 introduces one clock cycle delay. As shown in Figure 5.12, the a-

trimmed mean filter is composed of two levels AVER2. The clear pulses for the first level 

AVER2 is one clock cycles later than CLK2. The clear signal for the second level is three 

clock cycles late. Hence, the TMF introduces four clock cycle delay. Four D-flip-flops are 

needed to achieve one sample delay totally. 

5.5 Edge Detector 

The edge detector is composed of serial subtractor, 8-bk shift register and 

combination logic circuks. The circuks of serial subtractor is show in Figure 5.13. The 

data at A port are never less than that at B, that is, no carry at MSB. Hence, the subtractor 

need not be cleared after every word signals operating. 

The difference of data A and data B is saved in the 8-bk shift register. The output 

of edge detector is calculated by a combinational logic block. 

Table 5.3 shows the logic rules. Figure 5.14 and 5.15 are the input and ouput 

signals. The inputs ofthe logic block are the three most significant bks, D7, D6 and D5 of 

the difference and the noise conditional code CI and CO. The output ofthe combinational 
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logic block is sampled by CLK2 and kept eight clock cycles to control the output stage of 

the whole VLSI. 

^C]iZ>-

^3> 
< : 2 _ > 

.gXJC^ 

*~v.EES.-.-^ 

A . ^ / E R . 1 

-C^IIj^..!] 

:.J L 
•^•yrsR-s 

> <:;:3:.js. 

* • - ' - T ^ ' 

K : E : S Y 1 

xJ3..a_ 

01^:2 
cr ,.JEs.JsicSl..T 

A . V I E : R . 3 

*••••••.'• v7-. T- - J iy^ 

KJSS 

Figure 5.12 The Schematics of TMF 

5.6 Output ofthe Whole System 

The output ofthe whole system is controhed by the noise conditional code CO and 

CI, and the output ofthe edge detector. For four noise conditional cases, the outputs are 

different to each other even if the input signals are same. 
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When C0=C1=0, the noise is impulsive. The output ofthe whole system is that of 

the Adaptive Rank-Select Fiker(ARSF). When the noise is very shght, the code can be set 

in this mode. 
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Figure 5.1 The Serial Subtractor of Edge Detector 

When C0=1 and C1=0, the noise is light Gaussian noise. The output is combined 

from that of trimmed mean filter(TMF) and center weighted median fiker(CWM) with the 

edge threshold for edge detector is 32 gray scales. When the difference between the third 

and the seventh highest samples in the 3x3 window is greater than the edge threshold, the 

results from center weighted median filter are used. Otherwise, the output ofthe whole 

system is equal to that of trimmed mean filter. The weight of CWM is 7 at this condition. 

When C0=0 and C 1=1, the Gaussian noise is heavier. The output still comes from 

TMF and CWM. However, the edge threshold becomes 96 gray scales for 8-bit image 

signal and weight ofthe CWM is 3. 
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When C0=C1=1, the Gaussian noise is very heavy. The output ofthe whole system 

is equal to that ofthe a-trimmed mean fiker. 

Table 5.3 The Rule of Edge Detector 

CI, CO 

00 

01 

10 

11 

D7, D6, D5 

DO NOT CARE 

(D7+D6+D5) > 1 

(D7+D6*D5) > 1 

DO NOT CARE 

Output 

0 

1 
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0 
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Table 5.4 The Input Signals 

R 

OWl 

R 

0W2 

R 

0W3 

R 

0W4 

R 

0W5 

08 

125 

130 

255 

255 

99 

90 

163 

196 

255 

139 

255 

75 

185 

173 

79 

193 

170 

255 

244 

219 

164 

55 

255 

94 

142 

157 

170 

46 

223 

114 

133 

150 

215 

55 

0 

39 

51 

91 

94 

65 

120 

173 

194 

81 

5.7 The Physical Implementation 

The layout of this adaptive nonlinear filter VLSI is made with L-EDIT and based 

on the SSI logic standard-cell library provided by the software package. Professional 5.2 

version L-Edk was used for the layout design. The extractor definition file is for MOSIS's 

Orbk Semiconductor n-well 2.0|im CMOS process. Technology = SCNA, A,=1.0|im. All 

the layouts ofthe basic units in the sorting network and the fihers are shown in the 

Appendix. The layout ofthe S0RT2 is shown in Figure 5.16 as example. 
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Table 5.5 The Output Signals ( Edge Threshold = 32) 

A 

RSF 

T 
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C 
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Figure 5.16 Physical Implementation of S0RT2 

The S0RT2 block is composed of two 8-bit shift registers, a comparator and a 

SWAP2 unit. Since the 8-bk shift register is frequentiy used in the sorting network, the 
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length ofthe register is used as a ruler during layout work. All the units are same or less 

length as the register. 

This chip is very regular in the structure. 80% ofthe area is for the sorting 

network. Most communication is local except the three global signals: CLK, CLK2 and 

RES. Using the 8-bit shift register as unit, the sorting network and the filters are arranged 

into 46 rows and 9 columns. The simulation shows that buffers for the global signals 

should be inserted at the beginning of each row and the delay is 2.2ns in the worst case. 

Figure 5.16 shows the floor plan ofthe whole chip. The area is 280.2mm . Smce 

the area of bonding pad is much small compared with the whole chip, the output ofthe 

two level sorting network is connected to the output pins, too. This increases the 

flexibility ofthe chip apphcation. 

The layout-post simulation shows that work frequency of this chip can achieve 50 

MHz. The power consumption is about 8.7x10'^ Watts by approximate calculation. 

5.8 Summarv 

In this chapter, the circuks were explained in details and the logic simulation 

results were shown. Wkh a highly parallel structure, the throughput of this chip is very 

high. The L-EDIT layout and post layout simulation were also shown. This chip operates 

at up to 50M Hz system clock, that is 6.25M samples per second for 8-bit signal. 
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CHAPTER VI 

CONCLUSIONS 

The VLSI implementation ofan adaptive order statistics fiker has been 

investigated in this thesis. 

Order statistics fiker have found extensive applications in digital and image 

processing. The median filter, which is the most popular member in order statistics filter 

family, is very robust to impulsive noise. It removes impulsive noise while preserving 

image details. This is a tough job for linear filters. However, the median filter has two 

main drawbacks. One drawback the media filter introduces some distortions to the image. 

Image features such as edges, thin fines and other fine details are distorted, shifted or lost. 

When the density ofthe impulsive noises high, the noise cannot be removed without 

distortion. The other one is that the median filter does not provide sufficient smooth of 

non-impulsive noise. In this thesis, the center weighted median filter is introduced to 

preserve more image details. The a-trimmed mean filter has been proposed to remove 

high density impulsive noise while providing excellent detail preservation. 

The image signals are two-dimensional stochastic, whose statistics vary in the 

various image regions. The noise statistics also vary from apphcation to apphcation, or 

even vary in the same application from image to image. Hence, non-adaptive filters cannot 

perform well in these environments. An adaptive order statistics filter has been introduced 

in this thesis to provide good fikering effects over a wide apphcation region. This filter 

combines the center weighted median filter and the a-trimmed mean fiker. A robust order 
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statistics based edge detector is used to determine which filter is used at each image pixel. 

When image edge is detected, the center weighted median filter is used to preserve image 

details. Otherwise, the a-trimmed mean filter is used to provide more noise smoothing. 

MATLAB simulation shows that this combining fiker provides good filtering over a wide 

range of noise combination. 

During the consideration ofthe VLSI implementation, several schemes have been 

investigated. The Batcher's odd/even sorting network is chosen due to ks natural 

pipelining structure. This structure is very simple, regular and rephcate with little global 

conmiunication. Post-layout simulation shows that up to 50 MHz clock frequency can be 

achieved. For 8-bit signal, the chip's throughput is 6.25M samples per second which can 

satisfy the requirement of real time image and video signal processing. 

75 



REFERENCES 

1. P.M. Clarkson, G. A. Wilhamson, " Order statistics and adaptive fikering," in 
Signal processing methods for audio, images, and telecommunications, P. M. 
Clarkson and H. Stark editor, 1995, Academic Press, London, UK; San Diego, CA, 
p. 109. 

2. I. Pitas, A. N. Venetsanopoulos, Nonlinear digital filters: principles and 
applications, Kluwer Academic Publishers, Boston, MA, 1990. 

3. A. Kundu and S. Mitra, "A computationally efficient approach to the removal of 
impulsive noise from digitized speech," IEEE Transaction on Acoustics, Speech, 
and Signal Processing, vol. ASSP-35, Apr. 1987; pp. 571-574. 

4. R. Gonzalez and P. GaUagher, Digital Image Processing, 2nd ed., Addison-Wesley 
Publishing Company, Reading, MA, 1994. 

5. Addison-Wesley, "A real time 2-D median based filter for video signals," IEEE 
Transaction on Consumer Electronics, May 1993; pp. 115. 

6. F. K. Lam, et.al, "Facsimiles Signal Processing for Chinese Characters," IEEE 
Region 10 Conf on Computer and Communication Sys., Hong Kong Sep. 1990; pp. 
314-318. 

7. Timo Viero, et.al., "Three-dimensional median-related filters for color image 
sequence filtering," IEEE Transactions on Acoustics, Speech, and Signal 
Processing, vol. ASSP-4, no. 2, Apr. 1994; pp. 129-142. 

8. B. Alp and Y. Neuvo, "3-Dmiensional median filters for image sequence 
processing," in Proc. IEEE Int. Conf. Acoustics, Speech, and Signal Processing, 
Toronto, Canada, May 1991; pp. 2917-2920. 

9. K. Tang, J. Astola, Y. Neuvo, "Nonlinear multivariate image fikering techniques," 
IEEE Transactions on Image Processing, vol. 4, no. 6, June 1995; pp. 788-798. 

10. J. W. Tukey, Exploratory data analysis, Addison-Wesley, Reading MA, 1971. 

11. G. R. Arce, R. E. Foster, "Detail-preserving ranked-order based fikers for image 
processing," IEEE Transactions on Acoustics, Speech, and Signal Processing, vol. 
ASSP-37, no.l, January 1989; pp. 83-98. 

12. B. I. Justasson, "Median filtering: statistical properties," in Two-dimensional digital 
signal processing II, T. S. Huang editor. Springer Verlag, New York, 1981. 

76 



13. S.-J. Ko, and Y. H. Lee, "Center weighted median filters and their apphcations to 
image enhancement," IEEE Transactions on Circuits and Systems, vol. 38, no. 9, 
Sep. 1991; pp. 984-993. 

14. G. A. Wihiamson, P. M. Clarkson, "On signal recovery wkh adaptive order statistic 
fikers," IEEE Transactions on Signal Processing, vol. SP-40, 1992; pp. 2623-2626. 

15. Hwang and R. A. Haddad. " Adaptive median fiker: new algorithms and resuks," 
IEEE Transactions on Image Processing, vol. 4, no. 4, April 1995; pp. 499 - 502. 

16. Y.-H. Lee and S. Tantartana, "Decision-based order statistics fikers," IEEE 
Transaction on Acoustics, Speech, and Signal Processing, vol. 38, no.3, Mar. 
1990; pp. 406-420. 

17. D. S. Richards, "VLSI median filters," IEEE Transaction on Acoustics, Speech, and 
Signal Processing, vol. 38, no.l, Jan. 1990. 

18. S.-J. Ko, and Y. H. Lee, "Center weighted median filters and their apphcations to 
image enhancement," IEEE Transactions on Circuits and Systems, vol. 38, no. 9, 
Sep. 1991; pp. 984-993. 

19. R. J. Offen, VLSI image processing, McGraw-HiU Book Company, New York, 
1985. 

20. V. K. Madisetti, VLSI digital signal processing, Butterworth Heinemann, Stoneham, 
MA, 1995; pp. 2-3. 

21. K. Chen, "Bk-serial realizations of a class of nonlinear fikers based on positive 
Boolean functions," IEEE Transactions on Circuits and Systems, vol. 36, no. 6, 
June 1989; pp. 785-794. 

22. G. R. Arce, P. J. Warter, "A median filter architecture sukable for VLSI 
implementation," mProc. 23rd Annu. Allerton Conf Commun. , Comput., Oct. 
1984; pp. 172-181. 

23. P. Hsieh, J. Tsai, C. Lee, "An area-efficient median fikering IC for image/video 
apphcations," IEEE Transactions on Consumer Electronics, vol. 39, No. 3, Aug. 
1993; pp. 504-508. 

24. K. Oflazer, "Design and implementation of a single-chip 1-D median fiker," IEEE 
Transactions on Acoustics, Speech, and Signal Processing, vol. ASSP-31, 1983; pp. 
1164-1168. 

77 



25. C. Chakrabarti, "Sorting network based architectures for median fikers," IEEE 
Transactions on Circuits and Systems, vol. 40, no. 11, Nov. 1993; pp. 723-727. 

26. Hwang and R. A. Haddad. " Adaptive median fiker: new algorithms and resuks," 
IEEE Transactions on Image Processing, vol. 4, no. 4, April 1995; pp. 499 - 502. 

78 



PERMISSION TO COPY 

In presenting this thesis in partial fulfillment of the requirements for a 

master's degree at Texas Tech University or Texas Tech University Health Sciences 

Center, I agree that the Library and my major department shall make it freely 

available for research purposes. Permission to copy this thesis for scholarly 

purposes may be granted by the Director of the Library or my major professor. 

It is understood that any copying or pubfication of this thesis for financial gain 

shall not be allowed without my further written permission and that any user 

may be liable for copyright infringement. 

Agree (Permission is granted.) 

• / ( ' ' , . / - / 

student'^ Signature C' Date ' 

Disagree (Permission is not granted.) 

Student's Signature Date 


