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ABSTRACT 

The ultimate goal of image restoration is to improve the image in some sense. In 

order to reconstruct or recover an image, the specific degradation model is computed and 

inverse process is applied. Many types of degradations can be approximated by linear, 

position invariant processes. The advantage of this approach is the ability to use extensive 

theory of linear system theory. Nonlinear and space variant techniques, although more 

appropriate, introduce more complexities. 

Normally, in industrial machine vision system line scan CCD camera is used for 

cost effectiveness instead of large-area CCD camera. But the image quality captured by a 

line scan camera depends on the motion stage (say, a robot or conveyer belt). If the 

velocity profile of the motion stage is nonlinear then the image is being distorted by the 

nonlinear function of motion stage. This problem can be dealt using nonlinear image 

restoration techniques. It is possible to remove the nonlinearity by a suitable inverse 

transformation model of the distortion function. But here geometrical image resampling 

and interpolation methods are used. This approach is more generic and cost-effective to 

implement in real life applications wdth little complexities. In geometrical resampling 

process output pixels are estimated by interpolation of input pixels. Bicubic interpolation 

of neighborhood pixel can be used for this purpose. 

Cubic splines are especially practical for image pixel data interpolation because 

the set of equations, along with the two boundary conditions, are not only linear, but also 

tridiagonal. Therefore, the equations can be solved in O (N) operations (O is the number 

of operations) by the tridiagonal algorithm, which is faster and efficient. 
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CHAPTERI 

INTRODUCTION 

In typical robotic vision systems, images of production parts moved by a robotic 

arm are captured while the robotic arm moves in a nonlinear manner thus introducing 

distortions in the captured images. The goal of this thesis is to remove such distortions 

induced by nonlinear robotic motion. 

In industrial machine vision system based on line-scan cameras is very attractive 

for high-resolution applications. But if the motion stage of the application is nonlinear 

then the image captured by the line scan camera gets distorted by the nonlinear function 

of the motion stage (robot or conveyer belt). 

Linear methods of image restoration have accounted for most of the practical 

applications of restoration to real-world problems. The advantage of this approach is that 

the extensive tools of linear system theory then become available for the solution of 

image restoration problems. Conversely, nonlinear, space variant methods usually require 

much more elaborate and costly computational procedures. In spite of these difficulties, 

nonlinear restoration methods should be considered for foUowing reasons: 

1. The capabilities of computers and numerical algorithms are ever increasing. 

2. Nonlinear methods must be considered for comprehensiveness; many 

nonlinear problems result fi:om a more concise and accurate description of the 

image restoration problem than vÁih linear methods. 

Nonlinear restoration methods of image restoration arise in several ways. 



1. They may come about directly from the image formation and recording 

system. Common image recording systems, such as photographic film, 

are inherently nonlinear in response to image incident intensities. In our 

case, image is distorted directly when the image is being scanned by the 

line scan camera. 

2. Nonlinear image restoration can arise by constraints. An image is 

formed from positive radiant energy components. There are methods, 

which do allow negative components in the restored solution. To 

produce a positive solution a constraint is required of the form / > 0. 

Inclusion of such a simple inequality constraints converts the basic 

linear solutions into nonlinear problems. 

3. Finally, a nonlinear image restoration problem can arise by the way in 

which the problem is formulated. Formulation of the problem using 

descriptions—mathematical or probabilistic—that do not simplify to 

linear forms creates a nonlinear problem in image restoration. Typically 

such formulations arise from the use of optimization criteria that are 

more complex than quadratic or mean square criteria. 

In this thesis, an application of generic approach to nonlinear image processing is 

described which is implemented in real-life application. Consideration is given to the 

general geometrical resampling process in which output pixels are estimated by 

interpolation of input pixels. However, here the geometrical resampling process is not at 

regular time interval. This generic approach can be used to solve several kinds of 

nonlinear image restoration problems when the image is being grabbed by a line scan 



camera. With a little modification, this algorithm can be easily implemented in hardware, 

so that image can be corrected during the grabbing period. 

As processing power increases and the cost of computing power decreases, 

complex and resolution-driven vision applications become more viable and cost effective. 

For this specific application whole pixel resolution if 1/4096 of the field of view was 

necessary. Cost effectiveness drove the application solution. An array of standard area 

camera was not preferred because of the space constraints and the software/calibration 

involved in handling overlapping fields of views at different scale and focus. A whole 

object image from one camera was deemed necessary. Large-area digital cameras with 

many dead pixels available, but the cost of the camera alone was $30,000 or more. 

Cameras with resolutions of 4000 pixels by 4000 pixels, with few defective pixels, cost in 

excess of $100,000. Instead, a velocity independent line scan imaging acquisition 

technique was implemented at a fraction of the cost of a large-area approach. 

1.1 Overview of the Thesis Contents 

The first chapter of this thesis gives an introduction of the thesis, overview of the 

thesis, and the importance and reason for nonlinear image processing. 

The second chapter discusses the general scheme of the system; basic theories and 

characteristics of line scan camera, frame grabber, light source, and motion stage, which 

are typical to the particular system. 

The third chapter is on nonlinear image restoration techniques. Here we are going 

to discuss different techniques in nonlinear image processing, linear regression and 

polynomial curve fit, and cubic spline interpolation. This gives an idea of the tools that 
3 



are used in implementations of the algorithms. This chapter also gives flowchart and step-

by-step procedure to implement the algorithm. 

The fourth chapter explains the results, constraints and critical points about the 

algorithm. The fifth chapter presents conclusions and suggestions for future 

improvements. 



CHAPTERII 

BASIC CONCEPT OF MACHINE VISION SYSTEMS 

This chapter gives a brief introduction to all of the necessary components of a 

typical industrial machine vision system. This includes discussions on line scan camera, 

frame grabber, light source and motion stage. 

2.1 Block Diagram of the System 

A typical industrial machine vision system (Figure 2.1) comprises of the 

following parts, viz., master computer, vision card or frame grabber, line scan camera, 

and light source. 

Linescan 
Camera 

Light 
Source 

ObjectAVafer 

MasterComputer 

VisíonCard 

SoftwareModule 

AnalogCard 

Figure 2.1: Simple Machine Vision System Block Diagram 



In a simple machine vision system (Figure 2.1), the vision card/frame grabber 

acquires images from the line scan camera. The camera parameters are controUed either 

by the frame grabber or directly by the master computer via the serial communication 

(COM) port. The analog card is used to control the light source intensity. The vision 

software interacts with each card via their respective driver software. 

2.2 Line Scan Camera 

The line scan camera uses CCD-sensor chips with electronic exposure time 

control and anti-blooming features. The major components in the camera electronics 

include: a CCD sensor, an amplifier, and an ADC (analog-to-digital converter). The CCD 

sensor outputs a voltage signal when it is exposed to light. This voltage is amplified and 

transferred to the ADC, which converts it to a digital output signal. 

The output signal of the sensor normally ranges from OV when it has been 

exposed to no light to 0.7V when it has been exposed to bright light. Within that range, 

the sensor's characteristics are linear. 

The exposure time is controlled via the extemal EXSYNC signal. The exposure 

time can be edge-controUed or level controlled, which means exposure time may be set to 

the full line period or be controlled by the EXSYNC signal. In these modes, a rising edge 

of EXSYNC triggers the readout of accumulated charges from the sensor elements to the 

CCD shift registers. The exposure time can also be programmed to a prefixed time 

period. In this case, accumulated charges are read out subsequent to the exposure time. 

The accumulated charges are transported from the light-sensitive sensor elements 

to the CCD shift registers. The charges from even and odd pixels are processed separately 

in two channels (Figure 2.2). The charges then move from the tsvo lines of shift registers 
6 



to the output amplifiers where they are converted to voltages proportional to the 

accumulated charges. The shift is clocked according to the camera's intemal data rate. 

even shift 
registBrs 

pixfils 

odd shift 
reg'Blers 

lO-bil 9-bã 
OffsQl Gãii 

• ] " ^ í ^ V ^ - ^ 
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ID-bit 9-bâ 
Oífset Gãin 

Figure 2.2: Camera data channel 

The voltages are digitized and sent by the camera. The video data is transmitted 

either as a single (8 bit) or dual ( 2 * 8 bit) video data stream depending on the camera 

settings. All output signals use LVDS technology according to RS-644. For optimal 

digitization, gain and offset are programmable via the RS-232 serial port. 

The camera's spectral responsivity is depicted in Figure 2.3. 
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Figure 2.3: Spectral Responsivity 

In free-run, no EXSYNC signal is required. The camera generates its own 

intemally controUed sync signal and lines are transferred to the output of the camera 

automatically. In free-run edge-controUed mode, charge is accumulated over the full line 

period. The frame is read out and transferred at the end of the line period (Figure 2.4). 

Catnera's 
Intemai 

Sync Signai 

exposuretlme 

Hne peflod 

line read out 

Figure 2.4: Exposure time free-run edge controUed mode 

The line scan camera is programmable via RS-232 serial port. The data character 

format is 8N1 (8 data bits + no parity + 1 stop bit). Baud rate is 9600 bps. 
8 



2.3 Frame Grabber 

Matrox Meteor-II/Digital is high performance PCI frame grabber based on 

Matrox Video Interface ASIC (VIA) (Figure 2.5). It is a sophisticated memory controller 

for managing real-time acquisition in to on-board memory wdth advance reformatting 

capabilities and, in parallel streaming image data out over the PCI bus without requiring 

constant host CPU intervention. It can transfer acquired images at sustained rates up to 

130MB/sec. 

Matrox Meteor-II/Digital has a 32 bit interface configurable as 4 * 8 bit, 2 * 16 

bit, or 1 * 32 bit, and supports RS-422 and LVDS digital signaling standards at up to 25 

MHz and 40 MHz, respectively. It also supports image sizes of 64K pixels per line and 

64K lines per frame. 

The frame grabber features a LUT confígurable as four 256 * 8-bit or two 4K * 

16-bit. Also provided is a fiill complement of separate synchronization and control 

signals: pixel clock, hsync, vsync, timers, and auxiliary I/Os. A trigger input is present 

for synchronization acquisition to extemal events in a manner that is synchronous and 

asynchronous to the video input. Extensive buffering (4 MB) ensures reliable real-time 

transfer of incoming image data to host memory even under high bus latency conditions, 

which typically occurs in systems wdth concurrent image capture, display, graphics, 

network access, disk access, and general extemal I/O. The PCI interface supports image 

data sub-sampling from 2 to 16 (by decimation) to further reduce required PCI bus 

bandwidth. 
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Figure 2.5: Block diagram of Matrox Meteor-II/Digital 
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2.4 Light Source 

A CCD array integrates light, and then the gray level of each pixel is read off 

serially. For high-speed scanning, the active time on a line is of the order of tenths of a 

millisecond. The time allowed for light to be absorbed by the CCD is less than one-half 

the line time. Substantially more light is needed to implement this approach than is 

required by standard area imaging system. Because only one line is imaged at a time, 

only a strip coincident with the imaging area must be illuminated. The light source used 

to illuminate the object imder inspection was tungsten halogen lamp based fiber-optic line 

light with a cylindrical lens to concentrate the optic's light output. For line scan 

acquisitions, light distribution is constant for each line acquired. The light source may be 

controUed manually form the front panel or remotely via the 9 pin remote interface 

connector on the rear of the unit. For optimum and stable lamp performance, lamp 

manufacturers recommend halogen lamps be operated above 80% of their rated intensity 

(Figure 2.6). 

In the remote mode operation, the lamp is operated via an analog interface card by 

the master computer. The range of the extemal DC control voltage should be within O.OV 

to 5.0V. It takes a cold lamp typically 25 minutes to stabilize within 1% or better. This 

stabilization period is slightly affected by the lamp voltage. 
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Figure 2.6: Lamp Intensity versus Extemal DC Control Voltage 

2.5 Motion Stage 

The high-performance robot arm, which is used to transfer the object/wafer 

among the processing chambers, has nonlinear velocity profile. It is a stepper motor 

controlled robot arm (Figure 2.7). The position and the wing angle of the robot arm can 

be expressed as 

Position X = D + ACos^ + -^B^ - (ASine - Cy (2.1) 

WingAngle Q = Tan~^ 
f \ 

( 

X-Dj 
+ Cos -1 

2A-yjC^+{X-Dy 

\ 

(2.2) 
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For the machine of interests, 

Wing length A = 10.050 inch = 255.27 mm. 

Arm length B = 10.800 inch = 274.32 mm. 

Wrist width C = 1.000 inch = 25.40 mm. 

Blade length D = 5.100 inch = 129.54 mm. 

Other mechanism constants are, 

Steps per revolution = 100000.0 steps/rev. 

Initial velocity = 1500.0 steps/sec. 

Acceleration = 25000.0 steps/sec/sec. 

RobotCenter BladeCenter 

Figure 2.7: High Performance (HP) Robot 
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The plot of robot blade extension versus time (Figure 2.8) is derived from 

equation 2.1. In this case, line scan camera frame rate = 9000 lines/sec, blade acceleration 

= -25000steps/sec/sec. From the plot, it can be inferred that the robot gradually 

decelerates over time, which wiU cause unequal extension of the robot arm for equal time 

slice. 
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Figure 2.8: Blade Extension (Inch) versus Time (Sec) 

The plot of blade movements between frames versus time is given by Figure 2.9. 

From this plot it can be seen that, the robot arm moves over unequal distance in between 

any two-line frames. The line scan camera frame rate = 9000 lines/sec, blade acceleration 

= -25000steps/sec/sec, remains the same. 
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Figure 2.9: Blade Movements Between Frames (Inches) versus Time (Sec) 

Since the robot blade travel between frames is larger at the beginning of the image 

capture time period and it gradually decreases, there are less image samples at the 

beginning of the image than at the end of the image. This causes the nonlinear distortion 

of the image. 

The plot of the wing angle versus time is given by Figure 2.10, with line scan 

camera frame rate = 9000 lines/sec, blade acceleration = -25000steps/sec/sec. 
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Figure 2.10: Blade Angle (Degrees) versus Time (Sec) 

The line scan camera starts capturing the image of the object/wafer when the 

blade is extended at the position of approximately 18.05147 inch, and it stops image grab 

when the robot blade is at a position of approximately 23.47582 inch. 
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CHAPTERIII 

NONLINEARIMAGE RESTORATION TECHNIQUE 

Linear methods of image restoration have accounted for most of the practical 

applications of restoration to real-world problems. This is because the linear methods are 

can be easily computed in a straightforward and economical fashion. Conversely, 

nonlinear methods usually require much more elaborate and costly computational 

procedures. 

3.1 Different Techniques of Nonlinear Image Processing 

Several nonlinear image restoration methods are available, as listed below: 

1. Optimal recursive processing: It is desired to estimate f{x + \,y + \) as 

function of its immediate upper left neighbors and the value of the recorded 

image at those points. Thus it will be computed recursively in the form 

f{x + l,y + l) = aJix + ly) + aJ(x,y + l) + a,f(x,y) + a,g(x,y).(3A) 

The problem is to find the coefficients ÍZ, for some set of reasonable 

assumptions about the statistics of the image g(x,y) and the initial object 

distribution f(x,y). The recursive method is intriguing because, first, the 

Kalman filter, in its most general form, is a space-varying filter and thus 

offers the potential of treating problems where space variant point spread 

functions are involved, second, certain properties of image (e.g., positivity) 

present additional difficulties in Kalman filter design, which usually are based 

17 



upon zero-mean Gaussian statistics. Even though this method is superior, 

resolving the above-mentioned issues and its implementation is very complex. 

2. Random-grain models: The restoration scheme based upon this objective can 

be stated as foUows: Find the noise and object grain distributions that are most 

likely to have formed the observed image values; g = [H]f + n. (3.2) 

Since noise and object grains are equally likely to occur in any of the Â ^ 

sample elements, then the noise and object grain distribution is the one that 

can be formed from fj and n^ in the maximum number of ways, given the 

image formation and recording constraint equation (3.2). 

3. Bayesian methods and sensor nonlinearities. 

4. Interpolation methods: The simplest form of resampling interpolation is to 

choose the amplitude of am output image pixel to the amplitude of the input 

pixel nearest to it. This process is called nearest neighbor interpolation. In this 

thesis, superior interpolation techniques are used for nonlinear image 

restoration. 

3.2 Polynomial Curve fit 

A set of observations can be summarized by fitting in to a "model" that depends 

on adjustable parameters. Sometimes the model is a convenient class of functions, such 

as polynomials or Gaussians, and the fit supplies the appropriate coefficients. The figure-

of-merit function is conventionally arranged so that small values represent close 

agreement. The parameters of the model are then adjusted to achieve a minimum in the 

18 



merit function, yielding best-fit parameters. There are three important methods to fit a 

curve to the given data: 

1. Method of Least squares, 

2. Method of Group averages, 

3. Method of Moments. 

Among these three methods, the method of least squares is most vsddely used. The 

least square method is based on minimizing the sum of the squares of the difference 

between the observed data points and the values given by the approximating line. 

The most common model is based on the assumption of a linear relationship 

between x and y of the form 

y = aQ+a^x (3.3) 

where a^ is the intercept and a^ is the slope of the line passing through the data 

points (x^^y^), (x^.y^),--- (x„,y„). The values of ûtoand a^aie determined so that the 

straight line passes through the data points with the least error. The calculated value at 

any point is given by 

y, =âo+â,x, . (3.4) 

The vertical deviations ,̂ of the z th point from the regression is 

,̂ = yi -Pi = X -(^o + â,x,) (3.5) 

where^, is the difference between the observed value jŷ and the ordinate y. of 

the fitting straight line at x,. The sum of the squares of deviations is 

/=i /=i 
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The values of a^ and a^ are chosen so as to minimize S. S can be minimized by 

taking the partial derivatives of S with respect to a^ and a, and setting the resulting 

equation to zero: 

^ = -2Y^[y^-(ã,+â,x,)] = 0 (3.7) 
5ûfo M 

— = -2£[>;, -(âo +a,x,)](x,) = 0 . (3.8) 

The solution of above simultaneous equation results in the values of a, and a^. 

There are several indicators of how well the data can be represented by the curve fit. One 

useful indicator is the coefficient of determination. The coefficient of determination 

expresses the proportion of the total change in the dependent variable y that can be 

explained by the regression line. Thus 

.2 
r 

_ explainedvariation _ _ Z^iyi "Jp,) 
total var iation 2^ (jv, - ̂ )̂ 

(3.9) 

where y = —^yi- The value of r̂  ranges from 0 to 1. The closer r^ is to 1, the 
n 

better the regression equation fits the data. 

The least square method is extended to fit a higher order polynomial to the given 

data set. An N degree regression polynomial is in the form 

y^a^+a^x + a^x^+... + aj^x^ (3.10) 

and the sum of the squares of the deviations is 

n 

S = Y.(yi -ûto -^i^i -^i^i -...-aj^xff . (3.11) 
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3.3 Cubic Spline Data Interpolation 

For a given tabulated function y. =>;(x,),/ = l...A^,consider a particular interval, 

between Xj and Xj^^. Linear interpolation in that interval gives the interpolation formula 

(3.12) y = ^yi + 

where 

A - ^'^' 

By,,, 

-X 

> 

- ^ 7 

fí = ÅJ — E 1 --A = 
X-

^j+\ 

• ^ 7 

- ^ 7 

(3.13) 

Since it is (piecewise) linear, equation (3.10) has zero second derivative in the 

interior of each interval, and an undefmed, or infinite, second derivative at the abscissas 

Xj. The cubic spline interpolation gives an interpolation formula that is smooth in the 

first derivative, and continuous in the second derivative, both wdthin an interval and at its 

boundaries. 

So in addition to the tabulated values of y^, there are also tabulated values for the 

function's second derivatives, y", that is, a set of numbers y". Then, within each interval 

a cubic polynomial can be added whose second derivative varies linearly from a value y'j 

on the left to a value _y*̂ , on the right. This wiU result in a desired continuous second 

derivative. This cubic polynomial also has zero values at Xj and x^ ,̂. So by rearranging 

equation(3.10) 

y = Ayj+Byj,,+Cy]+Dy],, (3.14) 

where A and B aredefinedin(3.11)and 

C^UA'-A){,XJ,,-XJ)\ D^UB'-B){Xj,,-Xjf. (3.15) 
o o 

21 



The additional terms are clearly zero at the endpoints, and it can be derived that 

^ = Ayj+By%,. (3.16) 

Typically, y^ SO^Q not known. By requiring the first derivatives be continuous 

across each tabulated points Xj, j = 2...N - 1 , the follovrâig relations are found: 

^ f j . - ^ ^ . ; + ^ . ; , =^^^->^r:yj±. 0 ,7 ) 
6 3 6 Xj^,-Xj Xj-Xj_, 

This gives N - 2 linear equations for N unknowns. There are two ways to specify 

unique solution: 

1. Set y1 = j^ r̂ = 0 (natural spline). 

2. Specify y[ and y'f^. 

Cubic spline equations along with the two additional boundary conditions, are not 

only linear, but also tridiagonal. Each _yj is coupled only to its nearest neighbors at y ± 1. 

Therefore, the equations can be solved in O (N) operations by tridiagonal algorithm. 

3.4 Image Restoration Approach for This Specific Case 

In this case, since the image of the object/wafer is captured by line scan camera, 

the nonlinear velocity profile of the robot arm distorts the image. And this causes the 

image to be under-sampled at the beginning and over-sampled at the end section. The 

image is distorted only in Y-direction but not in the X-direction, so every column of the 

image has to be processed independently. 
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The foUowing are the steps for nonlinear image processing via interpolation 

method. 

1. There are two equations, which characterize the robot arm movements. 

Position X = D + ACosQ + ̂ B^ - (ASin® - Cy (3.18) 

Wing Angle 0 = Tan -1 C \ 

V X-D 
+ Cos -1 A^+C''+{X-Dy-B^ 

2A^JC^+{X-Dy 
(3.19) 

From the above equations, the foUowdng four parameters, i.e., 

- Time points at which the each line of the image was grabbed by the 

line scan camera; 

- Position of the robot arm blade precisely at the discrete time points 

when each line of the image was captured; 

- Robot arm blade movements in each time interval; 

- Wing angle of the robot arm 

are calculated. 

All these parameters are stored in a vector of structure elements. 

2. The image of the object/wafer was captured in linear time scale and in 

nonlinear distance scale (in blade extension versus time graph). In order to 

compensate for the nonlinearity, the linear time scale has to be converted to 

nonlinear time scale where each discrete time points corresponds to equal 

robot arm blade movements. From the geometry of the setup, the starting 

point of the frame is found out, which is at 18.05147-inch extension of the 

robot arm blade. The sampling rate of the camera is set to a fixed value of 

9000 lines/second. So time taken to capture 4096 lines of the image is 
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—— X 4096 = 0.455111111 sec. During this interval, the robot arm blade is 

extended to a position of 23.47582 inch. 

3. This distance travel of 5.42435 inch is divided into 4096 discrete points. By 

using seventh-order polynomial curve fit corresponding points in the time 

scale is found (Figure 3.1). The seventh-order polynomial is 

y =-56841.28573+ 19699.7933X-2919.154405X^+239.7491075X' 

-11.78668662X' +0.346873308X' -0.005658256765X' 

+ 0.0000394673468 IX' 

Number of data points used = 7798 

AverageX = 22.1895 

Average Y = 0.433278 

Degree: 0 

Residual sum of squares = 487.847, 

Coefficientofdetermination, r^ =2.220245x10"^^ 

Degree: 1 

Residual sum of squares = 44.3261, 

Coefficientofdetermination, r^ =0.909139 

Degree: 2 

Residual sum of squares = 10.6159, 

Coefficientof determination, r^ =0.978293 

Degree: 3 

Residual sum of squares = 3.44348, 

Coefficientofdetermination, r^ =0.992941 
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Degree: 4 

Residual sum of squares = 1.37706, 

Coefficientofdetermination, r̂  =0.997177 

C 

C 
(U 

W 

5 
O 

O 

0.1 0.2 0.3 0.4 0.5 0.6 

Time in Sec 

Figure 3.1: Robot Blade Extension (Inch) versus Time (Sec) 

Degree: 5 

Residual sum of squares = 0.629229, 

Coefficientofdetermination, r^ =0.99871 

Degree: 6 

Residual sum of squares = 0.316142, 

Coefficientof determination, r^ =0.999352 
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Degree: 7 

Residual sum of squares = 0.170216, 

Coefficientofdetermination, r^ =0.999651 

All these interpolated time points are stored in a vector of structure elements. 

4. Load the distorted image in an image buffer. Read each column of pixel 

values of the image and store all amplitude values in an array. For each 

column of image pixel amplitudes, compute cubic spline interpolation 

coefficients. 

5. By using cubic spline interpolation coefficients, for each interpolated time 

points calculate the amplitude values for each pixel elements in the column 

and store that amplitude value in a image buffer. 

6. Repeat this process for each column of the image. It is necessary to calculate 

cubic spline coefficients for each column of pixels because light illumination 

is not uniform across the object/wafer. By observation it is found that there is 

higher iUumination intensity in the center of the object/wafer than that of edge 

of the obj ect/wafer. 

7. Flowchart of this algorithm is shown in Figure 3.2. 
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Figure 3.2: Flowchart of Nonlinear Image processing 
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CHAPTERIV 

RESULTS 

This chapter discusses the efficiency and performance of the nonlinear method of 

image restoration technique described in the previous chapter. 

The aim of image restoration is to bring the image toward what it would have 

been if it had been recorded without degradation. These degradations may be the blurring 

that can be introduced by optical systems, image motion, and the like, as well as noise 

from electronic and photometric sources. In our application, degradation caused by the 

nonlinear motion of the robot arm carrying the object/wafer is primarily considered. 

The seventh-order polynomial curve fit gives a considerably good approximation 

for robot arm blade extension versus time curve. For degree 7, residual sum of squares 

was 0.170216 and coefficient of determination, r^ = 0.999651, which is very close to 1. 

In our case, image data points are presorted in ascending order in time scale. This 

happens naturally as the beginning of each column of image data is earlier in the time 

scale than that of the end of each column of the image. This eliminates the requirement of 

computer intensive sorting algorithm. After reading the data set, cubic spline coefficients 

were generated successfully. Finally, the algorithm generates the amplitude value for 

each interpolated time points. 

This algorithm corrects the image and removes the nonlinear distortion in the 

image very well. However, for this algorithm to work successfully, the starting time and 

the ending time of image grabbed have to be knovm precisely. Otherwise incorrect 

interpolated data points will be generated either at the beginning or at the end section of 
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the image. Since the seventh-order polynomial does not give perfect curve fit, a minute 

distortion remains in the middle part of the image. This can be eliminated by using higher 

order polynomial curve fit. 

Considering the number of data points required to be computed, this algorithm 

performs very well. The foUowing resuh is derived from IBM compatible personal 

computer. Computer environment specifications are: 

1. 233 MHz AMD K6 processor, 64 MB RAM 

2. Windows NT 4.0, with service pack 6.0. 

In order to correct a gray-scale (single band) distorted image of 512 * 4096, it 

took approximately 40 sec. 

The software implementation was done by using Microsoft Visual C++ 6.0 with 

service pack 3.0. 
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CHAPTER V 

CONCLUSIONS 

A large portion of digital image restoration is implemented by using linear image 

processing methods. Majority of available nonlinear image restoration techniques are 

either very difficult to implement or proprietary knowledge. The algorithm proposed here 

is generic in nature for an image acquired by a line scan camera. If the distortion function 

is knovm, and image grab time points are known, then this algorithm can be implemented 

to correct almost all nonlinear image restoration work. Here it is assumed that distortion 

is only in one direction. 

The result of this nonlinear image restoration can be improved by using higher 

order polynomial curve fit. Tenth or higher order polynomial curve fit can be used for 

accurate result. For better computational accuracy, instead of double data type, long 

double data type can be used. For higher order smoothness, either bicubic spline or 

bicubic interpolation can be used. 

The execution time of this algorithm can be reduced by approximation. By using 

seventh order polynomial interpolation, an interpolated time point is generated so that the 

distance-traveled scale (in the robot arm blade travel versus time plot) becomes linear and 

time scale becomes nonlinear. Now instead of computing pixel amplitude value for each 

interpolated time points, the interpolated time point is checked against the actual time 

points. If the interpolated time point has the same value as one of the actual time points, 

then the pixel value at that point is accepted. This procedure can drastically minimize the 

computation requirements of the algorithm. Furthermore, elimination of the computation 
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of cubic spline coefficients for every column of the image can make the algorithm faster. 

But in that case if there is any unequal light intensity distribution along horizontal axis, 

the image wiU not be compensated correctly. 
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APPENDIX 

Microsoft Visual C++ implementation scheme of the algorithm is given below: 

1. CRobotSimulator class generates three curves (robot arm blade extension 

versus time, wing angle versus time, distance traveled by the blade versus 

time) from the robot equations and it saves all data in a vector of 

stmctures. This stmcture has four data members viz., time, distance 

traveled by the blade, distance traveled by the blade in between frames, 

and blade angle. 

2. CDatalnterPolator class implements seventh order polynomial curve fit. 

All the data points are saved in a vector of stmctures. This stmcture has 

two data members, time and distance. 

3. CCubicSpline class implements the cubic spline algorithm. 

Throughout the implementation scheme Hungarian notation methodology is 

adopted. 
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