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ABSTRACT 

Cartographic compilation requires precision mensuration. The calibration of 

mensuration processes is based on specific fiducials. External fiducials, around the 

exterior frame of the image, must be precisely measured to establish the overall physical 

geometry. Internal fiducials are provided within the image by placement of cloth panels 

on the ground at locations whose position is precisely known. Both types of fiducials 

must be known within the pixel space of a digitized image in order for the feature 

extraction process to be accurate with respect to delineated features. Precise mensuration 

of these fiducials requires that a cartographer view the image on a display and use 

pointing devices, such as a mouse, to pick the exact point. For accurate fiducial location, 

the required manual operations can be an added time-consuming task in the feature 

extraction process. Interactive tools which eliminate the precise pointing action for the 

operator are described in this thesis. The operator is required only to "box-in" the 

fiducial, using a simple drawing tool, select the fiducial function, and the software of the 

tool returns the precise location of the fiducial. 
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CHAPTER 1 

INTRODUCTION 

The volume of demand for maps and related cartographic products is growing at 
( i )  

all levels of both government and business. Governments are recognizing maps and 

related spatially-organized data bases as a direct method to depict and control the status 

of many situations, such as land-development, flood-plain planning, earthquake hazard, 

pollution dispersal, highway corridor location, etc. Business demand for maps is coming 

in equal measure, from responding to governmental requirements as well as organizing 

the spatial knowledge that affects a business, e.g., maps for tree growth and cutting cycles 

in a commercial forest, development of housing and commercial building sites, pesticide 

application and crop rotation on large farm sites, etc. 

The volume of map demands is occurring, fortunately, at a time when the growth 

of computing power is emerging to ease the burden of handling large amounts of data. 

Consequently, there is a similar expansion of interest in the creation of digital mapping 

systems i.e., systems which will integrate computer and data-base techniques for the 

generation and management of map data in a digital computer-compatible format. 

The bottleneck in the process of producing map products remains the feature 

extraction process. Although terrain elevation computations can be automated to some 

extent, the extraction of features is a labor intensive process. Much feature extraction 

work proceeds by manual tracing of features on a piece of vellum manuscript which is 

overlaid onto a rectified aerial image. The manuscript is then entered into a computer by 
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processes such as cursor digitization of the manuscript items using a large coordinate 

digitizer pad or table. 

Clearly, the manual feature extraction process represents the most costly portion 

of the map compilation activity. It is costly because it dominates the time of an 

expensive specialist: the cartographer. It is also costly because of the additional time 

required to enter the manuscript into a digital data base and associated format. Thus, a 

significant problem in the creation of advanced digital mapping systems is the totally 

manual feature extraction process. This problem must be "cracked" in order to 

demonstrate that digital mapping systems can contribute in a significant way to the rising 

demand for cartographic data. Computers can then address high level feature 

identification tasks as well as low level problems such as computerized editing 

capabilities and image processing tools. 

The cartographic feature extraction process is characterized by the extraction of 

three distinctly different types of features: line features, area features, and point features. 

A line feature is one which enters the cartographic data base as a set of coordinates that 

describe the individual links in a chain of vectors from point-to-point on the features. 

Line features include roads, canals, rivers, railways, and edges of other large features. An 

area feature is a set of coordinates that describe the vector links in a chain that 

circumscribe and enclose on itself. Area features include lakes, forests, snow fields, 

residential districts and other large homogenous features. Point features are ones which 

enter the cartographic data as single sets of coordinate values along with any intrinsic 

attributes necessary to describe the feature. Point features include oil storage tanks, 

buildings, oil wells, water towers, bridges, road intersections, etc. In a typical 

cartographic production organization there may be hundreds of required features, each 

with its own set of attributes for the data base entry. 
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The feature extraction process can be encapsulated with the acronym DIA, which 

stands for Delineation, Identification, and Attribution. The feature delineation process is 

epitomized by vellum tracings, the mechanics of outlining the feature by tracing its 

boundary, placing a point on the manuscript, etc. The feature identification process 

requires the cartographer to recognize exactly what the feature is and assign a code which 

precisely identifies it to the data-base system responsible for organizing the features. The 

attribution process requires that a required set of feature attributes, such as width, 

material composition, orientation, etc. be appended to the feature identification code, 

The subtlety of the complete feature extraction DIA process is beyond 

contemporary methods in computer automation. Therefore, the only viable strategy in 

utilizing computers in the feature extraction process is to assume that the cartographer 

must remain involved in the feature extraction process. The computer must be used to 

assist the cartographer in those aspects of feature extraction which represent tedium or 

tiresome detail. 

A specific area of interest for computer automation of cartography is the 

compilation of features from images. Such cartographic compilation requires precise 

mensuration. The calibration of mensuration processes is based on specific fiducials 

which can be classified as point features. The fiducial marks are typically identified by a 

single set of coordinates and a cross. External fiducials, around the exterior frame of the 

image, must be precisely measured to establish the overall physical geometry. Internal 

fiducials are provided within the image by placement of cloth panels on the ground at 

locations whose position is precisely known. 

As applied to calibration mensuration, the goal is to combine the capabilities of 

the computer and cartographer to efficiently and accurately identify, precisely locate, and 

delineate the fiducial marks. The most professionally rewarding aspect of cartographic 
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feature extraction is in feature identification. It is here that the cartographer must 

exercise the highest level of his interpretive skill to identify the feature. As applied to 

fiducials, the cartographer can quickly and easily identify the fiducial and "box-in" the 

mark. By employing the algorithms described in this paper, the computer, knowing the 

properties of the feature of interest and being provided with a restricted search region, 

can precisely locate the coordinates of the fiducial and delineate the mark. 

The objective of the interactive tool is to use the identification capabilities of the 

cartographer, capabilities not yet duplicated by methods such as computer vision and 

artificial intelligence, and the processing abilities of the computer to quickly, accurately, 

and consistently identify the fiducial marks. This tool relieves the cartographer of a 

trivial activity, allowing him to devote his attention to tasks that exceed computer 

capabilities. 

1.1 Preview of Chapters 

Chapter 2, "Cartography" discusses the field and historical methods of 

cartography as well as the interrelationship of cartography, geographic information 

systems (GIS), and remote sensing. Innovations in automated cartography related to 

image understanding such as lines, areas, and point features are reviewed. 

Chapter 3, "The Hough Transform", investigates the theory and properties of the 

Hough transform. The algorithms for detecting lines and circles are presented. The 

General Hough transform for detection of arbitrary shapes and the Composite Hough 

transform are discussed. The sensitivity of the Hough transform is described. 

Chapter 4, "Hough Transform Detection of Fiducial Marks", presents a computer 

algorithm based on the Hough transform and augmented by four processing techniques 

for detecting fiducial marks in aerial photography. The algorithm includes a two-tiered 



16 

windowing system, recursive execution, extraction/decoding, and the computation of a 

similarity metric. The accuracy and confidence of detection are reviewed. 

Chapter 5,"Testing", discusses the Hough transforms, projections, and detection 

results for the internal and external fiducials and other candidate coordinates, investigates 

the effects of varying windowing size, parameter space quantization, and the Hough 

transform threshold as well as the effect of noise on the Hough transform. 

Chapter 6, "Conclusions", reviews the goals, theory, algorithms, and results 

presented in the paper. 

The "List of References" enumerates the references used during the research and 

composition of the paper. 

Appendix A contains the derivation of the equation of a line for a normal 

parameterization. 

Appendix B presents the equations for computing the optimum threshold. 

Appendix C includes the C code used to implement the detection algorithm. 
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CHAPTER 2 

CARTOGRAPHY 

Cartography is an evolving discipline and as such a precise and universally 
(2) 

accepted definition of the field is difficult to produce. Historically, cartography could 

be thought of as the graphic representation of spatial relationships and spatial forms into 

a map i.e. cartography is the making and study of maps. The generic term 'map' includes 

geographic maps, plans, charts, 3D models, and statistical diagrams. The historical focus 

of cartography is visual maps of geographical data where the map provides a medium for 

comprehending, recording and communicating spatial relationships and forms. Maps 

provide information concerning location, distance, direction, height, density, shape, 

gradient, patterns, connectivity, spatial association, etc. 

Maps are not exact reproductions of the scene. First the size of a map may be 

several orders of magnitude smaller than the scene it is representing. As a consequence 

of this reduction, many objects and details must be omitted from the map to avoid clutter 

detracts from the central purpose of the map. Therefore maps become generalizations of 

the actual image scene involving the application of such cartographic techniques as 

selection, classification, displacement, symbolization, and graphic exaggeration. 

Maps can be separated into two general categories: references maps and thematic 

maps. Reference maps, such as topographical, geological and soil maps are considered to 

be scientific documents with positional accuracy having high importance. Their design is 

determined by the requirement of a single model of a scene to suit a variety of purposes. 
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They are visual databases containing a vast quantity of explicit and implicit information 

which has to be extracted through reading, analysis, and interpretation. 

Conversely, thematic maps express a customized communication of synthesized 

information tending to place greater emphasis on the distribution of spatial attributes than 

on their positional accuracy. Thematic maps deliver a specific message, which is easily 

comprehensible. They include population maps, agricultural atlases, television weather 

maps, and other theme maps and tend to be symbolic in nature. Thematic maps often use 

bar and pie charts, and flow diagrams to represent statistical information. 

2.1 The Relationship of Cartography. GIS. and Remote Sensing 

The substantial rise in the demand for maps and visually represented information 

has coincided with the dramatic increase in computing power and capabilities. The 

introduction of computers to the field of Cartography has quite literally redefined the 
(3.4,5.6) 

field. Not surprisingly, computers are also having a tremendous effect on the 

disciplines of Geographic Information Systems (GIS), and remote sensing. The 

individual definitions of the three fields and especially their interrelationships are 

changing with the new capabilities and demands on each. The definition, role and 

relative dominance of one with respect to the others seems to be a function of the 

authors' parochial interests, with no universal agreement existing. 
(7) 

In their paper , Fisher and Lindenberg review the traditional definitions and 

relational models for cartography, GIS, and remote sensing and propose new definitions 

and a new relational model. A sampling of the old definitions includes: 

Cartography: The art, science and technology of making maps, together with 
their study as scientific documents and works of art. In this context maps may be 
regarded as including all types of maps, plans, charts, and section, three-dimensional 
models and globes representing the Earth or any celestial body at any scale. 
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Remote Sensing: The gathering and processing of information about the earth's 
environment, particularly its natural and cultural resources, through the use of 
photographic and related data acquired from an aircraft or satellite. 

GIS: are a powerful set of tools for collecting, storing, retrieving at will, 
transforming, and displaying spatial data from the real world for a particular set of 
purposes. 

From the definitions, it is clear that the relationship between these three fields is 

not well defined. The traditional models include the linear model, cartography dominant 

model, and the GIS dominant model. The linear model presents a temporal sequence of 

events wherein remote sensing is followed by GIS and lasdy cartography. This model 

precludes an interaction between cartography and remote sensing, which Fisher and 

Lindenberg assert is incorrect in the case of analog products such as aerial photography. 

In the cartography dominant model, GIS and remote sensing are viewed as sub-disciplines 

encapsulated in the field of cartography. This model is based on definitions of 

cartography that include data acquisition and data management. Conversely, the GIS 

dominant model includes the sub-disciplines of cartography and remote sensing and is 

based on a definition which encompasses data collection, management and display. This 

model is applicable for a fully automated system. 

Fisher and Lindenberg prefer a three-way interaction model where no 

sub-discipline dominates and all are accepted as possessing unique but overlapping areas 

of knowledge. To support their model, a set of revised definitions is presented: 

Cartography: is the field which is involved with the graphic communication of 
spatial relationships and distributions, and includes the analysis and manipulation of 
geographic data to enhance representation. 

Remote Sensing: is the capture and interpretation of data from regions of the 
electromagnetic spectrum through the use of noncontact instruments, together with 
analysis and manipulation to facilitate interpretation. 

GIS: are defined as the management, analysis, and manipulation of spatially 
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referenced information in a problem solving synthesis. 

A clear understanding of the definitions of the individual disciplines and their 

relations is needed for the development of integrated and automated computer systems. 

2.2 Automated Digital Cartography 

Before the introduction of digital computers to the field, cartography comprised 

the manual study and production of visual maps. Cartographers employed aerial 

photographs and surveying data to create maps by manually tracing features on a piece of 

vellum manuscript which was overlaid onto a rectified aerial image or by using their 

knowledge to extract information from the data and represent it symbolically on the map. 

Such a labor intensive process seriously limited the scope of cartography, production 

efficiency and quality, flexibility, timeliness, and made the job of a cartographer very 

laborious. 

The integration of cartography and digital computers spurred an expansion of the 

field by increasing the sophistication of the tools available to the cartographer. The 

cartographer can produce a wider variety of maps of improved quality in less time. 

Aerial and satellite photographs can be directly entered from tape into the computer for 

display and processing. Surveying and other data can be entered and stored in the 

computer for statistical evaluation or processing. 

Additionally, a number of low-level image processing tools are available to the 

cartographer for constructing maps. In "Mapping with desktop CAD: a critical 
(4) 

review", the authors enumerate several requirements for automated cartographic 

workstations. They include the following: 

• generation of files of topographic data containing location and descriptive 
information, with real world coordinates. 
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• generation of files of easily constructed and easily modified symbols for the 
presentation of point, linear and areal features in several colors. 

• placing of point symbols at indicated points. 
• representations of straight line features by indication of end points. 
• representation of curvilinear features by successive point indications or by a 

stream mode of data capture with control of interval. 
• generation of parallel lines from a center line. 
• generation of area patterns within bounded areas, with control of pattern 

spacing. 
• provision of selective 'windowing' and 'zooming' for detailed compilation. 
• availability of interactive editing facilities to delete, copy, move, rotate, snap 

and clip graphic elements and topographic entities. 
• facility to view selectively, and edit specific feature types or various 

combinations of thematic 'overlays'. 
• generation of map text in a comprehensive range of fonts and point size, and 

the capability to locate, move, orient, align with curvilinear base, and stretch to fit a 
space, the text being annotated. 

• generation of hard copy output that reproduces symbol specification in several 
colors with accurate and constant scale. 

Although these facilities are an immense improvement over strictly manual 

cartography they are primarily editing tools. These are low-level data manipulation 

operations, as opposed to high-level image understanding operations. The task of 

identifying features or objects in the image, classifying them and accurately entering 

them into the map by manual digitization is still the domain of the cartographer. Such 

tasks currently exceed the capabilities of computer vision and image understanding. The 

manual map digitization of features is still the major bottleneck in the map making 

process even with the time saving image processing facilities. 

2.3 Human and Computer Vision 

Higher level computer vision processes that detect and identify features in 

imagery are still very limited. Ideally, the goal of computer vision is to replicate the 

capabilities of the human vision system which is quite adept at detecting and identifying 

objects in noise, occlusion, multiple and varying representations etc. Many computer 
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paradigms attempt to meet the functional goals of object detection by modeling their 

process after the human vision system. This is very difficult for two reasons: first the 

human vision system is not completely understood, in fact far from it. Second, the 

capability of digital computers to perform the tasks accomplished by the biological and 

electrochemical processes in the visual system and brain is very limited. 

Two central concepts in human vision are a representation hierarchy and parallel 
(10) 

computation. The visual system processes images from a low level to a high level e.g. 

gray level, texture etc. to object label or scene description. In this sense the data is 

processed from a physical representation to an abstract labelling. Secondly, the vision 

system is a massively parallel computational network. The individual neural processing 

speed is quite slow but the effective speed due to the parallel nature of the system is very 

fast. 

2.4 Image understanding and its Applications to Cartography 

Image understanding (IU) involves the development of interpretation systems that 

use specific knowledge concerning the intended application as well as the spectral 

information to derive descriptions of the scene e.g. geography of the land. In general IU 

addresses the detection of 3-D shapes, obstacle detection and avoidance, terrain 

modeling, navigation, motion detection etc. Image understanding is employed in 

cartography for the automatic production of land use maps, facility maps such as airports, 

soil classification maps, snow and ice cover maps, crop inventories, etc. 

IU is closely tied to computer vision and, thusly, the properties of human vision. 

Computer paradigms use model based, rule based, and recently neural network 

algorithms in image understanding. Model algorithms match models e.g. geometric, 

texture, color, etc to instances of the feature in the image. This can be accomplished by 
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matching the entire model or by accumulating information corresponding to individual 

elements or properties of the feature. Rule based algorithms use knowledge of the 

intended scene such as gravity, support, perspective, etc. to construct objects. Neural 

networks learn properties of the features e.g. roads, rivers, forests, lakes, to detect and 

delineate the features. 

2.5 Fiducial Marks and Point Features 

A very difficult problem in image understanding is the detection and positioning 

of point features. Point features enter the cartographic data as single sets of coordinate 

values along with any intrinsic attributes necessary to describe the feature. Point features 

include oil storage tanks, building, oil wells, water towers, bridges, road intersections, 

fiducial marks etc. The small size and disparity of distinct attributes make accurate 

identification a difficult task. Fiducial marks are typically represented by a relatively 

small'+' and enter the cartographic data base as a single set of coordinates thus being 

classified as point features. 

The most prevalent method for extracting point features is model matching 
(8) 

wherein the image is searched for instances of a stored model. Three attributes 

characterize a matching algorithm: feature selection, search strategy, and "match" criteria. 

One method is to simply correlate a template with the image where peaks in the 

correlation correspond to instances of the object in the image. This is computationally 

intensive, very sensitive to noise and is generally a fairly poor method. 

A feature based approach uses boundary information of a shape for detection. A 

set of boundary measurements are taken for each shape and stored by the name of the 

model in lists indexed by the measurement sets. The set of boundary measurements 

corresponding to an unknown object are matched with each of the prototype lists with 
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that prototype getting the most matches being chosen as the candidate object. 

Another method, and the one addressed in this paper, is the Hough transform. 

The Hough transform detects objects by searching for clusters of common transformations 

between image and model elements, (see Ch. 3) The transform may be either an analytic 

mapping or a table look-up transformation between the image and parameter space. 
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CHAPTER 3 

THE HOUGH TRANSFORM 

3.1 Theory/Properties of the Hough Transform 

The task of detecting and accurately positioning fiducial marks is one of 

matching a model of the fiducial to instances of the fiducial in imagery. This is true for 

virtually all computer vision problems in that some internal model directs and constrains 

the computers' interpretation of its surroundings. These models include geometric 

models, illumination models, sensor models, and semantic models. The models are 

usually represented by collections of equations and numerical parameters. The primary 

topics in model matching are noise tolerance and computational efficiency. 

There are three methods for fitting the modeling equations to experimental data: 

overconstrained, underconstrained, or exactly constrained. The most common 

optimization technique is to perform a "least squares" fit to data that overconstrains the 

modeling equations. In this method all of the data is processed simultaneously to solve 

for the model parameters which best fit all of the data. 

Conversely, the Hough transform solves an underconstrained set of equations by 

processing a single data point at a time, finding all the sets of modeling parameters that 

describe the model and are consistent with the data point. The Hough transform employs 

parametric functions to map points in the image plane into curves in the parameter space. 

This mapping is effectively a "voting" scheme by which the transform votes for each 

parameter set that is a solution to the model for each data point. The parameter set 
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receiving the most votes after all of the points have been processed is the "winner" and is 

selected as the desired solution. 

The Hough transform is essentially a clustering algorithm. Information 

describing the correct values for parameters modeling an object is clustered in the 

parameter space as each data point votes. Because of quantization effects, noise, and 

non-ideal or inconsistent object structure in the image plane, all of the votes will not 

coincide exactly in the parameter space but will form a cluster, hopefully a tight highly 

populated cluster, around the correct solution. 

The Hough transform may also be considered as, in effect, an efficient 

implementation of a generalized matched filter. The mapping function, e.g. Hough 

transform, is the parameterizing equation for the specific curve or object of interest. The 

curve in the image is correlated with the parameterizing equation producing a point in the 

parameter or transform space that identifies the existence and position of the curve. 

3.1.1 Transform Properties 

The Hough transform can be employed in feature extraction algorithms to detect 

and precisely position objects by comparing their shape to an ideal prototype. This can 

be done for simple analytical shapes, arbitrary non-analytical shapes, composite 

analytical shapes, and composite arbitrary shapes. 

By adding terms to the parameterizing equation, the Hough transform can be 

made rotation and scale invariant. Therefore the orientation and size of a shape will not 

prevent its detection. 

A powerful characteristic of the Hough transform is its tolerance to random noise 

and partial occlusion of the object. Since the Hough transform is an integrator, 

discontinuities in an object due to noise or occlusion do not prevent detection. 
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3.1.2 Parameterization 

Since the Hough transform is a parametric mapping, its application for detecting 

objects which are completely described by analytic equations is straightforward. The 

parameterizing equation simply takes the form of the analytic equation that describes the 

object of interest. Therefore an instance of the object in the image plane corresponds to a 

single peak or cluster in the parameter space. 

The parameterizations for a line, a circle, and an ellipse are: 

p = xcos(0) + ysin(@) 

2 2 2 
(x - a) + (y - b) = r 

2 2 2 2 
(x - XQ) /a + (y - yQ) /b =1 

3.1.3 Quantization 

Since Hough transform algorithms are implemented on digital computers the 

parameter space must be quantized into discrete multi-dimensional volumes. How the 

space is quantized affects the ability to detect objects, the accuracy of coordinate 

identification, redundancy in parameter mapping, required memory, and computational 

efficiency. The trade off is computation versus resolution. 

A coarse quantization, a few large "volumes", increases the computational 

efficiency of the algorithm but reduces the resolution of clusters in the parameter array, 

thereby reducing the accuracy with which the object coordinates in the image plane can 

be computed. This quantization will result in large peaks, but whether these peaks are 

associated with actual image features or a redundancy of the mapping function is 

unknown and may cause detection errors. 

A finer quantization produces better coordinate resolution, provided the peaks 
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or clusters are still identifiable. One drawback is the significant increase in computation 

time. Additionally, a fine quantization is more sensitive to disparities between the ideal 

object modeling equations and the real object in the image. For example, if lines are the 

object of interest, nearly colinear points may not be identified as forming a line whereas 

for a coarser quantization the same points would be detected as a line. 

The quantization employed is largely a function of the object of interest and the 

desired resolution of the objects' coordinates. Simple objects where exact placement is 

not important only require a coarse resolution. Quantization for the individual 

parameters can vary also. Detection and accurate positioning may be very sensitive to 

one parameter and insensitive to the remaining parameters. The most efficient 

quantization depends on a priori knowledge of the object, resolution requirements, and 

trial and error. 

3.1.4 Computation 

The Hough transform is a relatively computationally intensive algorithm in that it 

maps each point in the image plane into a possibly large set of points in the parameter 

space. The number of computations varies linearly with the number of image points and 

parameter quantization, but exponentially with the number of parameters. Therefore, 

curves that require a larger number of parameters or the inclusion of parameters for scale 

and rotation invariance greatly increase the computation time of the algorithm. 

Fortunately, a few methods exist for reducing the number of computations in the 

transform. The inclusion of directional or gradient information in the transform reduces 

the parameterization of the object. For example, by using gradient information, the 

parameter locus for a circle is reduced from a cone to a line, or 3 parameters to 1* thus 

improving computation efficiency. 



Tsuji and Matsumoto propose a method for reducing the overall computational 

effort by shifting the computational burden from the parameter space to "edge" space. 

Edge space comprises those pixels lying on the object or boundary which are mapped 

into parameter space. The traditional algorithm maps each point in edge space 

individually into parameter space. Thus the number of operations in parameter space is 

very high. Tsuji and Matsumoto's algorithm selects pairs of edge points which determine 

vectors that are used to increment the accumulator array. By employing pairs of edge 

points, the number of parameters and computations associated with the edge space 

increases but the number of free parameters corresponding to parameter space decreases. 

Therefore, the dimensionality of the accumulator array decreases. The most efficient 

method depends on the nature of the problem. If the parameter space can be constrained 

so that the range of possible values is small then the traditional approach is more 

efficient. However, if there are relatively few edges and large parameter deviations then 

Tsuji and Matsumoto's method is more efficient. 

For the specific case of an ellipse which has 5 parameters, the standard algorithm 

uses gradient information to solve for two of the parameters as a function of the other 

three. Thus the algorithm maps every edge point individually into a three parameter 
3 

accumulation array so that the computations are of order 0(ed ) where e is the number of 

edge pixels and d is the number of possible distinct values for each parameter. 

Alternatively, using pairs of edge points instead of single edge points results in four 

equations, two for the equation of an ellipse evaluated at the two points and two for the 

associated derivatives. This leaves only one free parameter for the accumulation array 
2 (20) 

thus changing the computational complexity to 0(e d). Ballard presents a detailed 

derivation of the Hough algorithm using pairs of edge points for the ellipse. 

Lastly, the Hough transform can be implemented in massively parallel computing 
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networks such that all the voting can be performed in a single step. This property is very 

important to efficient hardware implementations of the Hough transform. 

3.2 Detection of Straight Lines 

The detection of straight lines is a recurring problem in the field of computer 

image processing. Computer vision techniques employ straight lines and edges 

extensively to represent roads, rivers, railways, area boundaries, buildings and primal 

sketches of complex objects. A great deal of information is conveyed through straight 

line or skeletal representations of objects. In addition, a substantial quantity of man made 

objects which are of great importance in object recognition have straight line 

components. Therefore, the ability to detect straight lines and edges with a high level of 

confidence and accuracy is of primary importance in computer vision. 

The Hough transform is employed extensively in this area to detect, identify, and 

precisely locate lines or edges. The theory and algorithm for using the Hough transform 

to detect lines is presented by Duda and Hart, "Use of the Hough Transformation to 
(18) 

Detect Lines and Curves in Pictures" . 

The set of all straight lines in the x,y plane constitutes a two-parameter family 

such that a straight line in the x,y plane can be associated with a single point in the 

parameter space. The normal parameterization specifies a straight line by the angle theta 

of its normal and its distance p from the origin. The equation of a line corresponding to 

the normal parameterization is derived in Appendix A and has the form: 

p = xcos(0) + ysin(@). (1) 

The parameters p and 0 are fixed by the geometry of the particular line. These 

parameters are unique if 0 is restricted to the interval [0,7t]. This formulation shows that 
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colinear points in the x,y plane correspond to a unique p,0 point in parameter space. 

To detect colinear points in the x,y plane and identify the equation of the line, 

each boundary or object points, (x.,y.) is transformed into a sinusoidal curve in the p-0 

plane defined by: 

p = x. cos(0) + y.sin(0) (2) 

where 0 is varied from 0 to 7t. The boundary points are typically determined by 

thresholding the image in the neighborhood of the object. Identification of the boundary 

pixels may include preprocessing such as edge enhancement. 

Transforming all of the thresholded points in the x,y plane creates a family of 

sinusoidal curves in the p-0 plane (see Figure 3.1). Because the normal parameterization 

was selected, we know that each point on the curve corresponds to a different line 

passing through the point x.,y. in the image plane. Since the x.,y. are colinear in the 

image plane, each curve in the parameter space will contain the point p,0 that specifies 

the line. Therefore, those curves corresponding to colinear points in the image plane 

intersect at one point (p,0) in the parameter space, that point identifying the existence 

and equation of the line in the x,y plane. 

Therefore, the problem of detecting colinear points in the image plane is 

transformed into the much simpler task of detecting concurrent curves in parameter 

space. 



Hough Transform Mapping Points in the x,y Plane 
into Sinusoidal Curves in the p,theta Plane 

Figure 3.1 
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3.2.1 Summary of Line Parameterization Properties 

The point-to-curve transformation for a line has the following properties: 

1) A point in the image plane corresponds to a sinusoidal curve in parameter 

space. 

2) A point in parameter space corresponds to a straight line in the image. 

3) Colinear points in the image correspond to curves through a single common 

point in parameter space. 

4) Points lying on the same curve in the parameter plane correspond to lines 

through the same point in the image plane. 

3.2.2 Algorithm for Detecting Lines 

The Hough transform algorithm for line detection is: 

1) Quantize the parameter space (p,0) between appropriate maximum and 

minimum values. 

2) Form an accumulator array A(p,0), initializing the elements to zero. 

3) For each point (x,y) in the windowed image having a high likelihood of being 

on a line e.g., the pixel's grey level > threshold, increment all points in the accumulator 

array along the appropriate sinusoidal curve defined by the transform equation. 

4) Extract local maxima in the accumulator array thereby identifying lines in the 

image. The strength of the maxima provide a measure of the number of points on the 

line. Therefore, long lines should be easier to detect. 

3.3 Detection of Circles 

The generalization of the method for detecting lines is easy and works well for 
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any curve f(x,a), where a is a parameter vector. For the case of a circle, the parameterizing 

equation is : 
2 2 2 

( x - a )  + ( y - b )  = r  

for a fixed boundary point x (x,y), the modified line detection algorithm increments 

values of a, b, and r lying on the surface of a cone. Similar to the sinusoidal curves 

associated with line detection, the cones associated with a circle in the image plane 

intersect in a single point in the accumulator array A(a,b,r), that point identifying the 

coordinates of the circle. A serious drawback to this technique is that the computation 

and size of the accumulator array increase exponentially with the number of parameters. 

Therefore, the method is only practical for curves with a limited number of parameters. 

3.4 Generalized Hough Transform for Arbitrary Shapes 

The Hough transform can be generalized (GHough) to detect arbitrary objects 
(20) 

having no simple analytic form. The analytic function employed to vote in the 

parameter space is replaced by an R-table. The R-table is constructed by selecting a 

reference point y (such as the centroid) for the shape, and for each boundary point x 

computing the gradient direction (|)(x) and distance r = y - x to the reference point. The 

distances are stored as a function of the gradient direction i.e, r(<])). Figure 3.2 shows the 

geometry for the GHough. 

For each edge pixel x in a test image, the points corresponding to x + r in the 

accumulator array are incremented where r is a table entry indexed by 0 i.e. r(<j>). The 

gradient <))(x) of each edge pixel x is computed and used to select the r values from the 

table that vote in the accumulator array. Clusters in the accumulation array indicate the 

existence of the shape in the image plane. 

The Generalized Hough (GHough) Transform can be applied to analytic shapes as 
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well but it is usually easier to employ the analytic parameterizing equation. A fiducial 

mark, treated as a single entity, is not analytical and could be detected using the GHough. 

A simpler method for identifying the fiducial is the composite Hough transform. 
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Geometry for the generalized Hough Transform 

Figure 3.2 
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3.5 Composite Hough Transform 

Frequently it is advantageous to decompose complex composite shapes into their 

simpler elements, detect the individual elements and take the union of the results to 

identify the existence and position of the original shape. This can be done with either the 

analytical transform or the Generalized Hough transform. 

For the GHough transform, a composite shape T having subelements T and T2 

can be detected by employing the R-tables for Tt and T2. Given shapes T, Tt and T2 

having reference points y, y , y , r = y - y and r = y - y , the composite GHough 

transform RT((J)) is expressed by: 

Rt«>) = [RT1(4>) + rl] u [R^cfr) + r2] 

This states for each index value 6, r is added to R ((b), r is added to R ((b), and the 
r j 2 T2 T 

union of the sets is stored in Rt(<)>). The R-tables for the subelements RT1(<^) an(l R^C^) 

are computed as described in section 3.4. 

If the original non-analytic shape can be decomposed into analytic subelements, 

parametric transforms can be employed to detect the object. The mapping of each 

subelement into parameter space will result in a peak or cluster. Consequently the 

detection scheme must take into account the expected relationship of the individual 

subelement peaks in the parameter space. For example, an object formed by the 

orthogonal intersection of two line segments at their respective midpoints e.g. a "+" or 

fiducial mark, is itself non-analytic but can be easily decomposed into two line segments 

which are analytical. The pair of orthogonal lines will produce a pair of clusters in 

parameter space separated by 90° in 0. The detection scheme is easily adapted to 

identify the two orthogonal peaks instead of the single peak. 
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3.6 Sensitivity of the Hough Transform 

The robustness of the Hough transform as a clustering algorithm is an important 

feature in the recognition of objects in imagery. How complex can the object shapes be 

and how noisy can the imagery be before the performance of the Hough transform is 

substantially degraded? In his paper, "On the Sensitivity of the Hough Transform for 
(22) 

Object Recognition", Grimson addresses these issues m the context of the general 

Hough transform. He derives bounds on the set of transformations consistent with each 

pairing of data and model features, in the presence of noise and occlusion, as well as 

bounds on the probability of false clusters in the parameter space, as a function of noise, 

occlusion, and quantization effects. 

The range of possible transformations from a model to an image is determined by 

each pair of image and model features. The shape of the features and the measurement 

accuracy of the features in the image determine the disparity in the range of possible 

transformations. The more complex the feature, the more extensive the range of 

transformations. Measurement accuracy is degraded by optical aberrations, smoothing 

effects in edge detection, and operations employed to extract linear segments. The range 

of transformations increases with increased sensor uncertainty. 

The range of transformations affects the redundancy of the transformation e.g., 

how many cells in the parameters space count the same model-data pairing. The 

redundancy is a function of the dimensionality of the data, the dimensionality of the 

parameter space, the quantization of the parameter space, and the noise and occlusion in 

the imagery. The fraction of the total number of cells in the parameter space (the 

transform redundancy) incremented by a single pairing increases with increasing sensor 

error, with a reduction in the number of cells, and with increasing noise and occlusion. 

The redundancy of the transformation affects the probability of large clusters 
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occurring at random in the probability space. These clusters may be as large as the 

cluster corresponding to a correct match. The problem of the Hough transform 

generating random clusters is modeled as an occupancy problem in order to estimate the 

probability that the random clusters will have sizes comparable to the correct match 

clusters. 

Grimson assumes that the volume selected in parameter space for incorrect 

pairings is independent of the correct match and that various image features are 

independent from each other, and thus asserts that the volumes in parameter space can be 

modeled as independent random events. The overall distribution of events into cells can 

also be modeled as a random process. This information is employed to compute the 

probability that a given cell will have a peak as large as the peak corresponding to a 

correct match. Grimson uses a Poisson approximation to the binomial distribution to 

determine the probability: 

pk = (k /k!)*e 

where X is the ratio of the total number of elements mapped into the parameter space 

divided by the total number of cells, and k is the number of votes in the cell. 

For complex shapes and noisy imagery the number of false peaks in the parameter 

space can be substantial. These peaks may be larger than the correct peaks thereby 

preventing recognition of the object. The problem worsens as the redundancy of the 

transform increases. 

However, the Hough transform is effective for relatively simple objects where the 

data corresponding to the object itself is a significant fraction of the transformed image. 

These features reduce the redundancy of the transformation and the number of false 

peaks or clusters in parameter space. Additionally, the Hough transform may efficiently 

identify a small number of hypotheses or candidate objects which may thereafter be 
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verified by other techniques. 

3.7 A Generalized Hough Transform System 
(12) 

One system, GHOUGH , employs the generalized Hough transform to detect 

objects in imagery. The GHOUGH algorithm preprocesses the imagery using edge 

detector masks to create a gradient image. The user then sets a threshold for the gradient 

image to extract only those lines corresponding to objects of interest. The generalized 

Hough transform is performed on the thresholded image with peaks in the parameter 

space which exceed some threshold being deemed to indicate instances of the model in 

the image. The algorithm is effective for large, well defined silhouettes with sharp edges. 

The GHOUGH system is applicable for a wide range of objects but has a few 

drawbacks that inhibit its direct application to fiducial detection and accurate positioning 

in automated cartography. The preprocessing induces quantization errors in the gradient 

image and transform uncertainty in parameter space. The inclusion of scale and rotation 

parameters (p and 0) in the transform increases the number of computations exponentially 

and increases transform redundancy thereby increasing the probability of large random 

clusters. The only criteria for selecting a match is the number of "votes" e.g., occurences 

in a parameter space cell. There are no methods proposed for eliminating bad matches. 

A "vote" is associated with a match if it's within 15% of the size of the object. For an 
(12) 

object of 20 pixels this corresponds to approximately a 3 pixel error. In one test , round 

storage tanks of approximately 20 pixel diameter were searched for within a very 

restricted search region. Only 6 of 14 tanks were matched. 

The report accompanying GHOUGH specifies extensive user input, the lack of an 

adaptive threshold for the gradient image and cluster extraction, and no match quality 

measure as deficiencies in the algorithm. 
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CHAPTER 4 

HOUGH TRANSFORM DETECTION OF FIDUCIAL MARKS 

The computer implementation of the Hough transform algorithm addresses the 

cross shaped fiducials (+) discussed in chapter 3. This type of fiducial is the most 

prevalent, especially for internal fiducial marks. It would be relatively simple to alter the 

code to find other analytic composite shapes by changing the transform equation and the 

detection scheme. 

The detection and accurate positioning of fiducial marks, particularly internal 

marks, with a high degree of confidence is a difficult task. As seen in figure 5.6, the 

internal fiducial mark is very small, each line being approximately 8 pixels long and 1 

pixel wide, not sharply orthogonal, and generally of low contrast to the background as 

opposed to the external fiducial (Figure 5.1) which is 40 pixels wide, perfectly 

orthogonal, and has high contrast. The small size of the internal fiducial limits the 

magnitude of the peaks in the parameter space making them less distinctive and 

correspondingly harder to detect. If the lines of the fiducial are not perfectly orthogonal, 

the algorithm must contain a few degrees of "slackness" for selecting the orthogonal 

peaks. If the contrast between the fiducial and its surroundings is low, it is more difficult 

to identify only those pixels lying on the fiducial. 

The parameterization employed in the algorithm is the composition of the two 

analytic parameterizations for single lines. The parameterization only requires two 

parameters p,@ without loss of rotation and scale information: additional parameters to 
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represent rotation and scale are not required. The nature of the fiducial mark and the 

detection algorithm employed inherently embody scale and rotation invariance. A 

rotation of the fiducial mark in the image plane corresponds to a translation in parameter 

space which is easily identified by a correlation operation. Scaling the fiducial, 

increasing its size, only increases the strength of the peaks in parameter space making 

detection easier and more accurate. Since the transformation does not require the 

inclusion of scale and rotation invariance parameters, the computational requirements of 

the algorithm are reduced significantly. 

The detection problem is the one of detecting two peaks in the parameter space 

representing orthogonal lines. 

4.1 Modification of the Line Detection Algorithm 

The extension of the Hough transform algorithm from a single line to a fiducial 

mark is relatively simple. A fiducial mark is ideally modeled by two orthogonal lines 

intersecting at their respective midpoints to form a "+". The position of the fiducial mark 

is defined as the coordinates of the point of intersection. Therefore, a Hough transform of 

the fiducial mark produces two peaks or clusters separated by ninety degrees in the 

parameter space. 

The algorithm is modified so that a projection onto the 0 axis of the accumulator 

array is scanned with a sliding window to detect an orthogonal pair of peaks. The sliding 

window consists of two tapered peaks separated by 90°. The two p,0 pairs are used to 

identify the position of the fiducial mark in the image via the inverse transform equation 

3: 

(3) X l sin ©2 — sin ©i '  Pi  '  
y  .  cos 0j x sin ©2 — cos ©2 x sin ©i — COS ©2 COS ©i X 

. p* . 



Since ©[ and ©2 are separated by 90°, the equation can be simplified to: (eqn. 4) 

X sin 02 — sin 0i 
V ' Pi ' 

y . — COS 02 COS 01 . P2 . (4) 

4.2 Computer Algorithm for Detecting Fiducial Marks 

The computer implementation employs an algorithm based on the polar Hough 

transform, mapping line pixels from the image plane into concurrent sinusoidal curves in 

the parameter plane, extracting the pair of orthogonal peaks in the parameter space, and 

inverse transforming the pair of coordinates into the x,y coordinates in the image plane 

identifying the position of the fiducial mark within one pixel. In an integrated 

workstation, a primary goal is to limit cartographer interaction. In a partially automated 

system, the cartographer is only required to use mouse pointing operations to define a 

box encompassing the fiducial mark and then select the appropriate fiducial function. It 

is assumed, although not critical to the performance of the algorithm, that the 

cartographer is "reasonable" in constructing the box i.e., the box is not 400 pixels wide 

for an 8 pixel fiducial mark and does not contain other similar features. 

In a fully automated system, no cartographer interaction is required. The system 

automatically processes the entire image detecting, identifying and delineating the 

fiducial marks. From an algorithmic point of view, this is equivalent to the user boxing 

in the entire image. Selecting such an extensive region of the image increases the 

number of computations and thus detection time dramatically. The processing time for a 

9K by 9K pixel image compared to a 50 by 50 pixel window would be approximately 

30K: 1 if the number of operations/pixel was equivalent. Fortunately, the algorithm 

rejects significant portions of the image early in processing. If the entire image is 

processed as a single block, the fiducials would be buried in the Hough space and thus 
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undetectable. Partitioning the image into smaller segments facilitates fiducial detection 

but the inclusion of other image features increases the probability of false alarms. 

The fiducial detection algorithm described herein is designed, developed, and 

tested bv effectively selecting the entire image. The demands on the algorithm are thus 

much higher than for a constrained search region. 

4.2.1 Goals of the Algorithm 

The goals of the algorithm are to: 

1) Detect the fiducial mark, 

2) Identify the coordinates of the mark within 1 pixel, 

3) Identify the coordinates with a high confidence level, 

4) Possess the ability to identify robustly similar fiducials in imagery, 

5) Minimize cartographer interaction, 

6) Delineate the fiducial marks. 

4.2.2 Assumptions 

Assumptions made during algorithm development include: 

1) The fiducials are constructed from two line segments intersecting orthogonally 

at their respective midpoints. 

2) The fiducials are positioned in a relatively homogeneous background darker 

than the mark itself, the contrast being greater for the external fiducials than the internal 

fiducials. 

3) The size of the fiducial is approximately known and fairly standard throughout 

the image. 
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4) The external fiducials are "ideal": a bright, perfectly shaped cross in a black 

background. These fiducials are placed on the film by the aerial photography process. 

5) The internal fiducials are cloth panels placed on the ground in precisely known 

locations and may not be ideal. 

4.2.3 Processing Techniques Used to Augment The Hough Transform 

To implement the Hough transform algorithm for internal fiducial marks on "real" 

imagery, the basic Hough algorithm is augmented with a variety of processing 

techniques. The final algorithm is broken down into five categories which function 

together to perform the precise detection of fiducial marks. The five categories are: 

1) Partitioning the Search Region, 

2) A two-tiered structure for windowing the image before processing, 

3) A recursive structure for increasing accuracy, 

4) Techniques for identifying fiducial pixels, performing the Hough transform 

and extracting/decoding the coordinates, and 

5) The computation of a similarity measure between a projection of the Hough 

transform for candidate coordinates and models of fiducial projections or signatures. 

The first four elements extract features from the imagery having orthogonal line 

structure and approximately the same size as the fiducials e.g. fiducials, bright spots in 

dark backgrounds, etc. The similarity metric selects the feature most resembling a 

fiducial mark. 

4.2.4 Algorithm Overview 

Figure 4.1 is a flowchart of the fiducial detection algorithm comprising the 



following steps: 

1) Extracting the search region from the digitized image, 

2) Generating a sequence of spiral search coordinates i.e., partitioning the region 

into overlapping windows, 

3) Determining whether the entire region has been searched, 

4) If not, getting the next set of estimated coordinates, 

5) Computing candidate fiducial coordinates i.e., executing the Hough algorithm, 

6) Recursively computing 5 until the coordinates converge, 

7) If coordinates are not found, returning to step 3, 

8) If coordinates are found, computing a similarity metric of the candidate 

coordinates and known fiducials, 

9) If the metric is too low, returning to step 3, 

10) If the metric is large, returning the x,y coordinates and terminating, 

11) If operating in the first window stage, reducing the window size and 

returning to step 5, 

else, retaining the strongest coordinates and returning to step 3, 

12) Repeating steps 3-11 until either: 

a) Strong coordinates are detected, or 

b) The search region is exhausted 

13) If b, returning the best coordinates if their similarity metric exceeds a 

minimum, or returning a flag indicating coordinates not detected.. 

Partitioning corresponds to step 2, two-tiered windowing to step 11, the Hough 

alg. to step 5, recursion to step 6, and the similarity metric to step 8. The thresholding 

steps serve as filters to reduce computations or insure minimum performance. 
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4.2.5 Partitioning the Search Region 

The "box" selected by the cartographer defines the search region for the 

algorithm. However, it is not practical to perform a Hough transform on the entire region 

for a number of reasons. First, the array sizes may be extremely large, thereby increasing 

the computation time. Secondly and critically, the ability of the computer to identify 

those pixels lying on the fiducial and only those pixels would be immensely difficult. 

Therefore, the algorithm partitions each search region into a number of overlapping 

windows and applies the Hough transform to each window. This partitioning reduces 

the problem of determining which pixels have a high probability of lying on the fiducial 

to a simple thresholding problem since it is assumed that the fiducial is relatively brighter 

than the imagery in its immediate neighborhood. 

Prior to execution, the computer extracts the cartographer delineated search 

region portion of the image from the image file (step 1). The entire image may be 10k by 

10k pixels which would be inefficient to process all at once. Next, the algorithm 

generates a sequence of spiral search coordinates in an outward spiral, initiating at the 

center of the user defined box and extending to encompass the entire search region (step 

2). The points are computed so that the windowing operations of the first stage will 

overlap, e.g., 30%. This is done so that the entire fiducial will fall entirely within one of 

the windowed segments of the image. The partitioning is shown in Figure 4.2. 
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Overlapping Windows for Partitioning the Search Region 
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4.2.6 The Two-Tiered Windowing Structure 

The algorithm could proceed using only a single fixed window size for each type 

of fiducial mark but this method has a number of drawbacks. If the window is too large, 

extraneous features may be included in the window and be identified as fiducial pixels 

i.e. grey level > threshold, thereby reducing the accuracy of the generated coordinates or 

possibly preventing detection altogether. If the window is too small, not enough of the 

fiducial and contrasting background may be captured to establish an optimum threshold 

and perform the Hough transform. The fiducial coordinates generated by a smaller 

window alone tend to be "noisy", failing to converge to a unique solution. Using a 

smaller window also increases the total number of windowing operations required to 

cover the entire search region thereby increasing computation time. Additionally, the 

larger window identifies features as candidate coordinates that the smaller window filters 

out. Consequently, the algorithm employs a two-tiered windowing structure in which a 

relatively large window is used to segment the search region and generate candidate 

coordinates (steps 5-11), and a second smaller window is applied to the candidate 

coordinates (step 12). 

In the first stage, the computer employs each of the search coordinates, extracting 

a partition of the image centered about the search coordinates having a size equal to the 

first stage window, thresholding the windowed segment to identify fiducial pixels, 

computing the Hough transform on each of the prospective fiducial pixels, and 

recursively generating a pair of candidate coordinates for each window where the image 

structure suggests a possible fiducial mark (steps 5-6). If the evidence of a fiducial mark 

is strong enough (see similarity measure 4.2.7), the algorithm will return those 

coordinates and terminate (steps 8-9). If the similarity metric exceeds a minimum 

threshold (step 10), the algorithm proceeds to the second windowing stage after each pair 
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of candidate coordinates is identified. Otherwise, the algorithm gets the next pair of 

search coordinates. 

In the second stage, the computer reduces the window size by half and calculates 

the Hough transform, substituting the candidate coordinates for the searchcoordinates 

employed in the first stage. As coordinates are generated by the second stage, 

presumably being very similar to their corresponding candidate coordinates, those 

coordinates having the strongest similarity metric are retained. If a pair of coordinates 

has a sufficiently high similarity metric, the algorithm returns those coordinates and 

terminates. 

The first tier of the windowing structure identifies features in the image that 

exhibit characteristics in their Hough transforms similar to those of a fiducial mark. The 

second tier, centering a smaller window around the candidate coordinates, filters out most 

of the remaining imagery and improves the accuracy of the coordinates. The smaller 

window also provides a more accurate Hough transform and a better similarity metric 

facilitating the selection of the correct coordinates. 

4.2.7 Recursion 

The fiducial detection algorithm is implemented recursively (step 6) to improve 

the accuracy of the fiducial coordinates. When the computer, operating on search 

coordinates in stage 1 and candidate coordinates in stage 2, returns a pair of candidate 

coordinates, those coordinates are recursively fed back into the function until the 

candidate coordinates output by the function do not change. When convergence occurs, 

the coordinates are returned. 

Recursion improves the accuracy of the algorithm because the windowing and 

thus the Hough transform, is centered around the actual candidate coordinates. This 
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process filters out some prospective coordinates by centering the fiducial or image feature 

in the window. With the relatively small fiducial marks and windows involved, this 

registration is very important to properly classifying the windowed imagery as containing 

the fiducial mark and identifying the coordinates as accurately as possible. 

4.2.8 Extraction/Decoding 

The fifth step in the algorithm, computing candidate coordinates consists of 

identifying the fiducial pixels to be transformed, transforming those pixels into an 

accumulator array, and detecting/decoding the information in the array into candidate x,y 

coordinates. 

4.2.8.1 Optimum Thresholding 

In order to determine a set of candidate points to be applied to the Hough 

transform the algorithm partitions the search region by sequentially windowing small 

portions of the image. An optimum thresholding function computes a threshold for each 

block of windowed imagery maximizing the interclass variance between dark and bright 
(24) 

regions . The criterion function is determined by assuming a continuous probability 

function for the gray level histogram of the windowed image. The interclass variance as 

a function of the threshold k is defined as: 

CT (k) = pD(mD(k) - mQ(k)) + PB(mB(k) - mQ(k)) (5) 

where 
PD is the probability of a dark pixel whose value is less than k. 
PB is the probability of a bright pixel whose value is greater than k. 
mQ is the mean of the dark pixels. 
mQ is the mean of the bright pixels. 
m is the total means. o 

2 
o (k) is the interclass variance for threshold k. 
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Appendix B contains a derivation of the optimal thresholding procedure. 

The computer employs the threshold to determine which pixels have a high 

probability of lying on the fiducial mark. Those pixels whose grey levels exceed the 

threshold are considered as candidate components of a fiducial mark. 

A small partition of the image containing a fiducial mark should contain a 

relatively few bright pixels and a large number of darker pixels. The thresholding 

procedure should set the threshold sufficiently high such that only fiducial pixels are 

transformed. In the implementation, if the number of pixels identified as fiducial pixels 

exceeds 30 percent, the program rejects the candidate region and moves on to the next set 

of search coordinates. The 30% figure is an approximate upper bound on the percentage 

of a window a fiduicial could occupy. The maximum percentage occurs for a small 

window having the same width as the fiducial. For example a 6 by 6 window (36 pixels) 

encompassing a fiducial having a width of 6 pixels (11 pixels) gives the upper bound of 

approximately 30%. 

For windowed imagery not containing a fiducial mark, the thresholding function 

returns either a threshold if there is sufficient variation of grey levels in the imagery e.g. 

some type of feature, or returns a flag causing the algorithm to move on to the next pair 

of search coordinates. This flag is returned if the windowed imagery is substantially 

homogenous, all black or all white. Using the 30% model and the thresholding function, 

the computer eliminates a substantial portion of the imagery before processing, thereby 

saving computational time and reducing detection errors. 

4.2.8.2 Hough Transform 

The algorithm maps those pixels in the windowed image whose grey levels 

exceed the threshold into the parameter space (p,@) via the Hough transform equation: 
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p = x cos(@) + y sin(@) (2) 
i i 

This mapping is performed for each x,y pair by computing p for each value of © between 

0 and 175°. The parameters are quantized such that the angle 0 has 5° of resolution and 

p has a resolution of 0.5 pixels, e.g. each change of 0.5 in p is mapped into a separate cell 

in parameter space. 

4.2.8.3 Detection/Decoding 

Since the fiducial mark is identified by two orthogonal points in the parameter 

space, the parameter space is scanned for the largest pair of orthogonal peaks. This is 

accomplished by first setting a threshold, e.g. 30% of the maximum peak, and 

thresholding the parameter space; setting values less than the threshold to zero and 

maintaining those values which exceed the threshold. Higher thresholds may filter out 

more erroneous features thereby reducing the number of candidate coordinates but may 

also risk removing the correct coordinates. 

The computer projects the thresholded transform onto the 0 axis by summing the 

remaining accumulator magnitudes (AM's) for each 0 and dividing by the square of the 

maximum distance between any two of the non-zero peaks; 
2 

projection(0) = £ (AM)/(p - p ) sum over p (6) 
max min 

p and p are the minimum and maximum values of p, respectively, that have 
min max 

non-zero accumulator values for a given 0. This projection emphasizes sharp, high 

peaks in the accumulator and deemphasizes broad peaks . Since the Hough transform of a 

line creates a "bow-tie" effect around the point in parameter space that identifies the line, 

this projection will emphasize the single tie point and deemphasize the broad peaks or 

bow's , thus simplifying the detection of the fiducial mark. Figure 4.3 shows the 

projection of the accumulator array onto the 0 axis. 
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The one-dimensional projection is then scanned for the maximum orthogonal pair 

of peaks, e.g. 0 and 90° , and retains the coordinates in p,0 that contributed to those 

peaks. A matched filter having 90° peaks is employed to scan the projection to account 

for quantization effects and transform uncertainty. Ideally each peak in the projection 

would correspond to only one point in the accumulation array but in practice the peak 

will most likely have two or three associated points. The program eliminates any 

extraneous peaks, those having p values significantly different from the majority, and 

computes an average p for each of the orthogonal 0 values. The computer takes these 

two p,0 pairs and decodes them using the inverse Hough transform (eqn. 4) to produce 

the candidate coordinates in x,y space. 



Hough Accumulator Array and Projection 

AM 

Projection(Theta) 

Theta 

\ 
Theta 

v \ \ 
pmm pmax 

Figure 4.3 

cn 



57 

4.2.9 Similarity Measure 

The final major element of the algorithm is the similarity metric. The similarity 

metric is employed to select the "best" pair of candidate coordinates identified by either 

the first or second tiers of the windowing system. Ideally the computer identifies only the 

correct coordinates as candidates, but some segments of the image may contain features 

which have transforms and projections that exhibit orthogonal structure. The similarity 

metric is a correlation of the projections of the candidate coordinates with models of 

projections or signatures of known fiducial marks. The program employs two models for 

profiles; one for an ideal or external fiducial and one for the internal fiducial. The ideal 

projection is two very sharp peaks separated by 90° . The internal fiducial is modeled by 

a raised cosine function with a period of 90°, i.e. 

f(0) = 1 + cos(4(0 - 0o)) (7) 

where 0 is the rotation of the fiducial. o 

The choice of the raised cosine function to model the fiducial projection was 

made by visually observing the projection of a fiducial. A different model such as a 

bimodal gaussian may provide a better fit to the data and thus better results. The best 

way to establish a stored profile may be to average the projections of a large number of 

internal fiducials. Unfortunately this was not possible due to the lack of available sample 

data. The computer correlates the candidate projection with the external and internal 

fiducial signatures and returns the best normalized correlation coefficient. 

The similarity metric is computed for each set of candidate coordinates in both the 

first and second windowing stages. If in stage one the correlation is very high, the 

program returns the coordinates and terminates. In stage two, the program retains those 

coordinates with the highest metric, returning them when the search region is exhausted. 

Again, if the metric is sufficiently high the program returns the coordinates and 
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terminates before all the imagery has been evaluated. If in either stage, the metric does 

not exceed a minimum value, the algorithm moves to the next partition 

The first and second windowing stages select the correct fiducial coordinates and 

filter out most of the remaining features in the imagery. The metric selects the best of the 

remaining coordinates. The computation of the metric in the first stage and the stopping 

criteria are employed for efficiency. If a well defined fiducial lies in the middle of the 

search region it is a waste of time to search the entire region. Additionally, the first 

larger window may be more accurate for larger fiducials and therefore the capability to 

terminate the process in the first stage is desirable. The algorithm requires a minimum 

correlation for the first stage to proceed to the second stage. This removes features that 

have very poor correlations for the first stage but may have fairly high metrics when the 

window size is reduced by half. 

4.3 Resolution 

The goal of the algorithm is to identify the x,y coordinates of the fiducial mark 

with one pixel resolution. The quantization of the parameter space (p,0) affects the 

performance of the algorithm. If p,0 are quantized too coarsely, the array size and thus 

the computation time diminishes and good peaks are formed but the resolution of the 

fiducial coordinates in x,y space fails to meet the one pixel tolerance. Transform 

redundancy may also cause significant random peaks to be formed in the parameter 

space. Quantizing too finely increases computation time and causes the peaks to be 

broad which also reduces the accuracy of the final coordinates. 

Testing was used to find ranges of quantization levels for p and © that produce 

one pixel accuracy. If p is quantized approximately between 0.33 and 2 pixels and 0 

between 1° and 30°, the fiducial coordinates are identified within the one pixel tolerance 



having a similarity metric exceeding 0.4 (see Sect. 5.6) 
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CHAPTER 5 

TESTING 

The algorithm has been tested on aerial photography images of residential areas 

having internal and external fiducials. The external fiducial is a very bright mark in a 

black background having a size of 40 pixels and is known to have coordinates 43,28. The 

internal fiducials in each of two images are fairly light cloth panels forming an 

orthogonal cross in a relatively darker background having a size of approximately 8 

pixels and known coordinates of 200,200. 

The program is tested and developed by effectively boxing in the entire image 

thereby including a large quantity and variety of imagery and features in the search 

region. Under these conditions, the computer must be able to discriminate the fiducial 

mark from many features exhibiting similar structure. In this sense, the algorithm is 

overdesigned since it would be assumed in an interactive cartographic workstation that 

the cartographer constructs a reasonable box around the fiducial mark that would be 

largely devoid of such features. 

5.1 The External Fiducial 

The computer correcdy identified the external fiducial mark (Figure 5.1) at 

coordinates 43,28 in the image plane with a correlation of 0.86. A quantization of 0.5 

pixels and 5° was employed. Figure 5.2 is the binary pixel grid representing the 

optimally thresholded external fiducial. Figures 5.3a and 5.3b are surface and grey level 
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plots respectively of the Hough transform. Only the relative magnitudes of the Hough 

transform and projection are important, the absolute values depend upon the size of the 

vote used to increment the accumulator array. The grey level plot, in particular, shows 

the sinusoidal nature of the transformation and the creation of peaks at orthogonal 

locations. Figures 5.4a and 5.4b are surface and grey level plots respectively of the 

thresholded Hough transform. Only two pairs of very sharp peaks remain in the 

accumulation array after thresholding. This is attributable to the precise construction, 

contrast and size of the external fiducial. Thus the projection, shown in Figure 5.5, of the 

thresholded transform onto the 0 axis is almost ideal having a correlation of 0.86. 

The two large peaks associated with each 0 are attributable to the construction of 

the external fiducial. The external fiducial marks is two pixels wide, and thus the 

accumulator array quantized at 0.5 pixel resolution will contain two peaks for each 0; 

one for each of the adjacent parallel lines. Since the lines are one pixel apart in the x,y 

plane, the transform peaks should be one pixel or two cells apart in parameter space. If 

the quantization is changed to two pixels, both peaks should occur in the same cell. 

5.2 1st and 2nd Stage Candidate Coordinates and Metrics 

Figure 5.6 is a 404 by 404 pixel aerial photograph of a suburban area in northern 

California. The image comprises houses, roads, trees, and internal fiducial mark 1 at 

coordinates 200,200. Figure 5.7 is a histogram equalized version of figure 6 and is used 

only to illustrate the imagery surrounding the fiducial mark, processing is done on the 

original data shown in figure 5.6 

Table 5.1 enumerates the candidate coordinates generated during the first and 

second windowing stages for initial window sizes of 16 and 12 pixels for internal fiducial 

1. The entire image is included in the test. 
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For an initial window size of 16, the computer identifies only 11 candidate 

coordinates out of approximate 160,000 image pixels. The minimum thresholding 

criterion and second stage reduce this number to only three coordinates, the correct 

fiducial coordinates and two other features. The similarity metric for the fiducial is .79 

compared to .34 and .33 for the other two coordinates. For the initial window size of 12, 

the computer identifies only 9 coordinates in the first stage and three in the second. The 

similarity metric of the fiducial is .79 compared to .11 and .17 for the other coordinates. 

If the search region is constrained to a 50 by 50 pixel box centered at 200,200, the 

computer selects for window size =16 only the coordinates 200,200 with metric 0.79. 

For an initial window of 12 pixels, the computer selects 200, 200 with metric 0.79 in the 

second stage and 191, 189 with metric .25 in the first stage but removes it in the second. 

The accuracy and confidence with which such small fiducial marks are selected 

from the entire image is encouraging. These results seem to indicate that fiducial 

detection, identification, and delineation could be fully automated, requiring no 

cartographer interaction. 

5.3 Internal Fiducials 1 and 2 

The computer positions the first internal fiducial mark (Figure 5.6) at 200,200 

with a correlation of 0.79. Figure 5.8 shows the thresholded window containing the 

internal fiducial. The windowing and thresholding operations are successful in isolating 

the fiducial mark, only identifying those pixels that are part of the mark for transformation. 

Still, the binary representation of the fiducial is far from ideal. The mark is not a well 

defined '+' and the precise location of its center is difficult to determine. The degraded 

representation of the mark is caused by the construction of the cloth panels on the ground 

and the digitizing of fiducial pixels into a quantized two-dimensional array. Since the 
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fiducial is rotated somewhat with respect to the image, mapping the mark from its analog 

representation in an aerial photograph into a discrete representation in the computer array 

causes distortion of the mark. The distortion is more pronounced for coarse quantizations 

and/or. small marks. The intersection of the panels becomes a significant portion of the 

fiducial mark. These attributes of the thresholded mark create distortion in parameter 

space making detection and accurate identification of the marks center coordinates more 

difficult. 

Figures 5.9 and 5.10 are surface plots of the unthresholded and thresholded 

Hough transforms of the mark. Orthogonal peaks do exist, although they are not as 

pronounced as the peaks associated with the external fiducial. A considerable number of 

random peaks also occur in the thresholded Hough transform as opposed to none for the 

external fiducial. The small size of the fiducial and its distorted digital representation 

cause the correct peaks to be considerably smaller and the random peaks to be relatively 

larger than those associated with the external fiducial mark. 

Projecting the thresholded function onto the © axis produces the projection of 

the fiducial mark shown in figure 5.11. The projection has roughly the same shape, 

rounded orthogonal peaks that taper off to either side (similarity metric p=0.79) as the 

raised cosine function employed to model the internal fiducial projection. The 

orthogonal peaks correspond to the sharpest (highest and narrowest) peaks in the 

parameter space. The peaks in parameter space tend to get smaller and particularly wider 

as they become further removed from the true peaks. This distribution in the accumulator 

array produces the approximate raised cosine form in the projection. 

Figure 5.12 is a second aerial photograph having a fiducial at coordinates 

200,200. The fiducial appears to be rotated about 45° in the image. The algorithm 

identifies the coordinates of the second internal fiducial mark as 199,199 with a 
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correlation of 0.822. Figure 5.13 shows the thresholded fiducial with a rotation of about 

45°. A 45° rotation can be reproduced with less distortion in the array and thus has a 

more pronounced orthogonal line structure. Figures 5.14 and 5.15 plot the thresholded 

Hough transform and associated projection respectively. The peaks in the projection are 

more pronounced, and the random peaks suppressed to a greater extent as compared to 

the projection for the first internal fiducial. 

5.4 Spurious Candidate Coordinates 

By testing the entire aerial photograph for fiducials instead of a reasonably 

constrained box, some non-fiducial imagery exhibits characteristics or features of fiducial 

marks e.g. orthogonal line structure, approximate fiducial size, and contrast with respect 

to the immediate background. These features are identified by both the first and second 

stage windowing operations but have similarity metrics substantially less than the true 

fiducials. The two examples of these candidate coordinates are extracted from the first 

aerial photograph, Figure 5.6. 

The computer identifies a pair of candidate coordinates at 101,67 in the image 

with a correlation of 0.32. The coordinates identify a nearly square white spot on the 

roof of a house. The spot could possibly be an air conditioner or chimney. Figure 5.16 

shows the thresholded image windowed about coordinates 101,67. The feature is 

approximately the same size as a fiducial and contains orthogonal structure but is clearly, 

to the human eye, not a fiducial. The similarity metric computes a correlation of only 

0.32. Figures 5.17 and 5.18 plot the thresholded Hough transform and projection 

respectively. It is apparent from the plots that orthogonal line structure does exist, but a 

number of lines beside the orthogonal pair that characterize a fiducial are also identified 

by the projection so the resulting similarity metric is correctly low. 
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The second pair of coordinates 18,106 also identify a white spot on a roof which 

is partially occluded by trees. Figure 5.19 is the thresholded window for the candidate 

feature. Figures 5.20 and 5.21 are plots of the thresholded Hough transform and 

associated projection having a correlation of only 0.33. 

5.5 The Effects of Varying the Window Size 

The size of the window employed to segment the image into blocks for processing 

is an important aspect and constraint of the algorithm. First, the size of the window 

affects the computational efficiency of the algorithm. The smaller the window, the larger 

the number of windowing operations that are required to cover the search region. 

However, smaller windows will typically include fewer candidate fiducial pixels and thus 

require fewer transform operations. The optimal window size from a computation 

perspective depends on the algorithms ability to identify the pixels lying on candidate 

fiducials exclusively. As this ability improves, the optimal efficiency shifts towards the 

larger window size. 

It is difficult to establish a direct functional relationship between transform 

operations and window size, since the number of operations is dictated by the number of 

pixels identified as a component of a fiducial not the window size per se. For example, if 

the algorithm only identifies 12 pixels for either an 8 by 8 or a 40 by 40 window then the 

number of operations is equivalent. Typically, the number of pixels > threshold will 

increase with window size due to the optimum thresholding function. However, the total 

number of transformed pixels for a given search region will most likely be higher for a 

large number of small windows as opposed to a few larger windows. Therefore from the 

perspective of computational efficiency, the larger the window the better. 

Unfortunately, the larger the window, the more difficult it is to isolate the fiducial 
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pixels within the windowed image. Employing the optimum thresholding function to 

distinguish the fiducial pixels from the neighboring imagery is only effective if the 

surrounding area is fairly homogeneous and darker than the fiducial pixels. Increasing 

the window size may capture imagery that changes the threshold such that actual fiducial 

pixels are not identified or may identify extraneous pixels as fiducial pixels which are 

thereafter included in the Hough mapping. 

From the perspective of algorithmic efficiency, coordinate resolution and 

detection error rates are more imprtant then computation efficiency. Large windows may 

prohibit fiducial detection, increase the false alarm rate, and degrade coordinate 

resolution by including non-fiducial features in the window. The fiducial algorithm 

typically operates in a cartographic environment wherein a cartographer may literally 

spend hundreds of hours producing a map. Thus, a few seconds of background 

computation is of secondary importance. Window size is selected on the basis of 

coordinate resolution and detection capability. 

Therefore, it is desirable to find a window size that maximizes computational 

efficiency while still providing accurate detection with a high degree of confidence. 

Table 5.2 displays the effects of varying window size on fiducial identification. For first 

stage window sizes ranging from 8 pixels to approximately 24 pixels, the coordinates are 

identified within the 1 pixel tolerance with correlations exceeding 0.4. For the smaller 

window sizes, the algorithm identified the coordinates and terminated before moving to 

the second stage of windowing. 

5.6 The Effects of Varying the Parameter Space Quantization 

The quantization of the parameter space affects the resolution and confidence of 

coordinate identification. If the quantization is too coarse, random points may be 
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mapped into the same bin causing false peaks, and the resolution of the inverse transform 

will not meet the tolerance of 1 pixel. If the quantization is too fine, sharp peaks will not 

build up and the fiducial will not be detected. Additionally, too fine a resolution may 

cause nearly colinear points not to be identified as a single line. Such a smoothing 

capability is necessary to compensate for the distortion of the fiducial mark caused by the 

digitization of the mark. 

Table 5.3 shows the effects of varying the quantization of p from 0.25 to 5 pixels 

and the quantization of © between 1° and 30°. Adequate identification is realized for 

.33<Ap<2 with A© = 5° and for 1°<A@<30° with Ap = 0.5. Maximum performance, 

greatest detection confidence and coordinate resolution, occurred for Ap=0.5 and 

A0=1O°. 

5.7 The Effects of Varying the Hough Threshold 

The Hough transform threshold is employed to remove small peaks in the 

accumulation array prior to projecting the data onto the theta axis. Ideally, only the two 

orthogonal peaks would remain after thresholding, thereby facilitating a large correlation, 

as is the case for the external fiducial. However, for the internal fiducials which are much 

smaller and less ideal, the orthogonal peaks are not as pronounced and relatively large 

random peaks occur. Therefore, the projection is not ideal, instead tending to resemble 

the raised cosine used to model internal fiducial marks. 

The actual threshold used for gleaning the transform array is arbitrary as long as it 

is less than the peak value. The criteria for selecting the threshold are high probability 

of detection, accuracy of identification, and high correlation. If the threshold is too high 

the orthogonal peaks may be removed from the transform. It is possible that the highest 

peak may not be associated with one of the fiducial lines but instead attributable to noise 
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or random clustering. Although the highest, these spurious peaks may be very broad and 

effectively eliminated by the projection. Additionally, if the threshold is too high, peaks 

that actually represent lines in non-fiducial features may be removed, possibly causing 

the algorithm to misidentify the feature as a fiducial. If the threshold is too low, the small 

peaks in the array may not be filtered thus widening the peaks associated with the 

orthogonal components, flattening the projection, and reducing the correlation. 

Table 5.4 presents the effect of varying the Hough transform threshold on fiducial 

identification for internal fiducial 1. The algorithm identifies the fiducial within one 

pixel with a correlation exceeding .4 for a wide range of thresholds 0 to 90% of the peak 

value in the parameter space. The optimal performance is found at 30 to 40% of the 

highest peak where the coordinates are 200,200 and the correlation is 0.8. A threshold of 

approximately 30% is large enough to filter out noise and bins containing single votes 

while retaining all the significant peaks in the parameter space. 

It should be possible to find an optimal value for thresholding the Hough 

transform. Computing the optimal threshold would require constructing a probability 

density function for the parameter space representation of a fiducial mark from a large 

number of instances of fiducials. The density function could then be employed to 

determine an optimum threshold. The limited amount of test data prevented the 

construction of a probability density function, but the simple thresholding procedure 

provided good results. 

5.8 The Effects of Adding Noise to the External Fiducial 

One of the strengths and reasons for choosing the Hough transform to perform 

object recognition in images is its tolerance of noise and occlusion. Since the Hough 

transform is an integrating operation these properties do not affect it as drastically as 
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other methods. 

This characteristic is tested by adding uniform noise [-200,200] to the external 

fiducial at levels of 10%, 20%,and 25%. The image values are scaled between 0 and 255. 

Figures 5.22 and 5.23 show the external fiducial plus 10% uniform noise and the 

thresholded window of the fiducial. 10% noise is defined as adding +,- 200 to 10% of the 

image pixels and scaling the grey levels between 0 and 255. A significant number of 

noise pixels are selected as "fiducial" pixels and are therefore mapped into parameter 

space. Figures 5.24 and 5.25 show the thresholded Hough transform and projection 

respectively. The noise pixels do not produce any significant line structure and are 

consequently removed by the thresholding process. The computer identified the fiducial 

at coordinates 42,27 with a correlation of 0.7. Figures 5.26 and 5.27 show the fiducial 

plus 20% noise and the thresholded window respectively. Figures 5.28 and 5.29 are the 

thresholded Hough transform and projection respectively. The computer identified the 

fiducial at coordinates 42,27 with a correlation of 0.42. For 25% noise, the fiducial 

coordinates are not identified. 

5.9 Delineation of the Fiducial Marks 

The fiducial marks are delineated by drawing an orange fiducial mark over the 

aerial photograph centered at the generated coordinates. Figures 5.30, 5.31, and 5.32 are 

delineations for the external fiducial, internal fiducial 1, and internal fiducial 2 

respectively. 

5.10 Scope of Testing 

The scope of the testing conducted was limited by the sparse amount of available 

aerial photographs containing fiduical marks. A great deal more testing is needed to 
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determine typical coordinate resolution, confidence levels, and error rates and thus 

validate the algorithm. Extensive testing would also be useful for establishing the 

probability density function for a typical fiducial parameter space representation and thus 

an optimum value for thresholding the Hough transform. Creating a projection profile 

from the average of a number of different fiducial projections to replace the analytical 

models should increase the absolute value of fiducial correlations and the relative 

magnitude of fiducial correlations with respect to other candidate imagery thus improving 

the confidence of detection and decreasing the probability of error. 

The algorithm could be augmented with an adaptive local enhancement technique 

to improve the contrast of the partitions in the search region. Enhancing the contrast of 

the search region may improve the optimum threshold and thus the detection of the 

fiducial mark. 

5.11 Illustrations and tables 

Figures 5.1 - 5.32 and tables 5.1 - 5.4 illustrate the testing discussed in chapter 5. 
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Aerial Photograph containing an External Fiducial 

Figure 5.1 

Optimally Thresholded External Fiducial 

Figure 5.2 



rlouan transform for the external fiducial 
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Figure 5.3a 

Grey Level Representation of the Hough Transform 

Figure 5.3b 
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Grey Level Representation of the Thresholded Hough Transform 

Figure 5.4b 
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Figure 5.5 



Aerial Photograph containing Internal Fiducial 1 

Figure 5.6 
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Histogram Equalization of the Aerial Photograph 

Figure 5.7 
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Table 5.1 

The candidate coordinates and associated correlations produced by the first 
and second windowing stages for initial window sizes of 16 and 12 pixels 

respectively computed for the entire image. 

Window =16 

Stage 1 Stage 2 
x y p x y p 
85 87 .3 
101 67 .48 101 67 .34 
55 118 .12 
56 133 .08 
60 140 .26 
18 106 .31 18 106 .33 
200 200 .76 200 200 .79 
239 199 .31 
136 225 .28 
76 212 0.0 
95 227 .13 

Window =12 

200 200 .81 200 200 .79 
191 189 .25 
101 67 .43 101 67 .11 
260 243 -.66 
137 225 .32 
227 284 .47 
83 80 .44 83 80 .17 
54 119 .10 
18 106 .18 



Optimally Thresholded Internal Fiducial 1 

Figure 5.8 

Houan transform tor internal fiducial 1 

Figure 5.9 
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Aerial Photograph containing Internal Fiducial 2 
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Optimally Thresholded Internal Fiducial 2 

Figure 5.13 

Thresholded Hough transform for internal fiducial 2 
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Figure 5.14 
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Houeh Droiection for internal fiduciai 2. d = 0.B2 
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Figure 5.15 
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Optimally Thresholded Window for Candidate Coordinates 101,67 

Figure 5.16 

Thresholded Hough transform for candidate coor. x=101 y=67 

Figure 5.17 
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Optimally Thresholded Window for Candidate Coordinates 18,106 

Figure 5.19 

Threshoiaea hough transform for candidate coor. x=18 y—10S 

Figure 5.20 
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Table 5.2 

The effect of varying window size on fiducial coordinate identification and 
resolution, and confidence level for internal fiducials 1 and 2. 

Hough threshold = 30% of peak value 
Ap = 0.5 
A© = 5° 

Initial 
Window Internal Fiducial 1 Internal Fiducial 2 
Size x y p x y p 

8 199 199 0.4 199 199 .55 
12 200 200 .79 199 199 .63 
16 200 200 .78 *199 199 .78 
20 200 200 .81 199 199 .76 
24 200 200 .80 199 199 .80 
28 *200 200 .87 199 199 .30 
32 200 200 .66 199 199 .20 
36 200 200 .80 No Identification 
40 200 200 .85 
48 No Identification 

* Indicates the transition of detection and identification of the fiducial mark 
from the first window tier to the second. 
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Table 5.3 

The effect of varying p,0 quantization on fiducial coordinate identification 
and resolution, and confidence level for internal fiducial 1. 

Hough Threshold = 30% of peak value 
Initial window size = 24 

Internal Fiducial 1 
Ap A0 X y P 

.25 5 No Identification 

.33 5 200 200 .39 
0.5 5 200 200 .80 
1.0 5 200 199 .74 
2.0 5 201 199 .42 
3.0 5 200 197 .30 
4.0 5 198 197 .37 

0.5 1 200 200 .65 
0.5 2 200 199 .64 
0.5 3 200 200 .66 
0.5 5 200 200 .80 
0.5 . 10 200 200 .83 
0.5 20 200 200 .64 
0.5 30 199 200 .62 
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Table 5.4 

The effect of varying the Hough transform threshold on fiducial coordinate 
identification and resolution, and confidence level for internal fiducial 1. 

Initial window size = 24 
Ap = 0.5 
A© = 5° 

Internal Fiducial 1 
% of peak value x y 

0 200 199 .74 
10 200 199 .74 
20 200 199 .74 
30 200 200 .80 
40 200 200 .80 
50 200 201 .53 
60 200 201 .53 
70 200 201 .53 
80 199 201 .45 
90 199 201 .45 



External Fiducial plus 10% Uniform Noise 
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Optimally Thresholded Window for 10% Noise 
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External Fiducial plus 20% Uniform Noise 
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Figure 5.26 

Optimally Thresholded Window for 20% Noise 

Figure 5.27 
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External Fiducial with Delineated Mark 

Figure 5.30 



Internal Fiducial 1 with Delineated Mark 

Figure 5.31 
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Internal Fiducial 2 with Delineated Mark 

Figure 5.32 
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CHAPTER 6 

CONCLUSIONS 

The feasibility of an automated computer system combining the feature 

identification abilities of the cartographer and the processing capabilities of the computer 

for extraction of cartographic calibration data from aerial photography has been 

demonstrated. The results show that it may be possible to fully automate the specific task 

of extracting cartographic calibration data, removing the cartographer from the loop 

entirely. The leap from a semi-automated system to a fully automated system will 

require considerably more testing and analysis, but the feasibility has been demonstrated. 

The problem addressed is one of automatically identifying the existence of and 

the precise coordinates of fiducial marks in aerial photography with a minimum of 

cartographer interaction. The automated extraction problem is broken down into four 

phases: detection, identification, coordinate computation, and fiducial representation. 

The computer detects instances of features in the imagery that possess attributes similar 

to fiducial marks. These features are selected as candidate coordinates. The computer 

then identifies the set(s) of candidate coordinates associated with actual occurrences of 

fiducial marks. The x,y coordinates of the fiducial marks are computed and returned to 

the data base for use in calibration. A graphic representation of the fiducial mark is 

drawn in the image at the specified coordinates. 

The goals of the automation algorithm include: a high probability of detection, a 

low probability of detecting false instances, one pixel resolution of the x,y coordinates, 
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accurate representation of the fiducial on the map, and minimal cartographer interaction. 

If a fiducial mark exists in the search region, the computer should find it. The probability 

of identifying features in the imagery that are not fiducials as fiducials should be very 

low. The coordinates specified by the computer should be within one pixel of the true x,y 

coordinates in the image. The mark employed to represent the fiducial mark on the map 

should resemble the actual fiducial mark. Cartographer interaction should be limited to 

defining a search region and selecting the fiducial function, and possibly requiring no 

interaction. 

The system is formulated around the Hough transform. The Hough transform is 

a clustering algorithm that maps possible instances of desired objects in the image plane 

into a set of parameters in Hough space. As more pieces of the object are mapped into 

the parameter space, the "votes" accumulate into multi-dimensional clusters. The peaked 

and tight clusters indicate the existence of an object in the image plane. 

To detect fiducial marks, the mark is decomposed into two orthogonal line 

elements. The Hough transform mapping equation is parameterized such that straight 

lines in the image correspond to peaks or clusters in parameter space. Therefore, 

detection of fiducial marks is simplified to the detection of two orthogonal peaks in 

parameter space. The coordinates of the peaks in parameter space are decoded using the 

inverse of the parameterizing equation to specify the x,y coordinates of the fiducial in the 

image. 

The basic Hough transform algorithm is augmented with a variety of processing 

techniques to provide the probability of detection and coordinate accuracy required. 

These extra steps are necessitated by the specific attributes associated with the fiducial 

detection problem. Internal fiducial marks are small and possibly noisy. Because they 

are small, the number of correct votes in parameter space is not large and the associated 
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clusters not extremely distinctive. Noise contributes random votes and possibly clusters 

to the parameter space increasing the difficulty of the detection problem. Additionally, 

the primary feature of the fiducial, orthogonal line structure, is found in a considerable 

number of man-made objects and features. These features must be filtered out by the 

algorithm. 

The processing techniques include the two-tiered windowing structure, recursive 

functions, extraction/decoding, and a similarity metric. The first three functions extract 

features from the imagery having orthogonal line structure and approximately the same 

size as the fiducials e.g. fiducials, bright spots in dark backgrounds, etc. The similarity 

metric selects the feature most resembling a fiducial mark. The two-tier windowing 

system expands the range of the algorithm with respect to fiducial sizes and filters out 

non-fiducial features that resemble the fiducial in the parameter space representation. 

The recursive nature of the fiducial detection function improves the confidence of 

fiducial detection and the accuracy of x,y coordinate specification. The extraction/decoding 

functions use known properties of the fiducial and Hough transform to extract the 

orthogonal clusters from parameter space and decode the x,y coordinate therefrom. The 

similarity metric compares the features/objects associated with candidate coordinates 

with known fiducial profiles by correlating the two. For the detection of a single fiducial, 

the coordinates associated with the largest correlation coefficient are selected. For 

multiple instances, all coordinates having correlations above a prescribed threshold are 

retained. 

The algorithm accomplishes the two tasks of correctly identifying the fiducial 

mark and accurately positioning the mark. The algorithm correctly selects the fiducial 

mark from the entire image with a high level of confidence. The correlations computed 

for the fiducials marks have a minimum of 0.79 in the two cases examined. The 
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algorithm also successfully identified the coordinates within the one pixel tolerance. The 

algorithm suppressed detection of non-fiducial image features having fiducial like 

attributes such as size, contrast, and orthogonal line structure. Those few features that 

were not filtered out typically had similarity metrics of approximately 0.3 or less. Of the 

approximately 160,000 image pixels, only 11 are identified as candidate coordinates in 

the first stage and only three remain, including the correct coordinates, after the second 

stage. 

The rotation of the fiducial with respect to the image has a noticeable effect on 

detection. Since the fiducials are represented in two-dimensional arrays, rotations of the 

fiducial may create a stair-step type structure instead of straight continuous lines. 

Therefore, the fiducial pixels may not be exactly colinear thereby introducing distortion 

in parameter space. The original resolution or digitization of the aerial photograph i.e. 

the number of pixels in a fiducial, affects the initial distortion. The finer the resolution, 

the less distorted will be the mark. The quantization of the parameter space and the slack 

designed into the detection algorithm largely alleviate the problem. Although the 

projections may be less ideal for distorted marks, detection confidence remains high and 

coordinate place accuracy is within tolerance. 

The algorithm is fairly robust with respect to fiducial size, parameter space 

quantization, and threshold levels for thresholding the Hough transforms. Initial window 

sizes from one to three times the size of the fiducial performed well. Angular 

quantization ranged from 1 to 30 degrees without significantly degrading the detection 

and accurate positioning of the mark. Accurate detection and coordinate identification is 

more sensitive to p quantization. The useful range is .33 < Ap < 2. A coarser 

quantization of p prevents detection by increasing transform redundancy and degrading 

the resolution of the x,y coordinates. A finer quantization of p creates broad peaks or 
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clusters in parameter space which are difficult to detect precisely. The relative tolerance 

of the Hough transform to noise and occlusion is demonstrated by the addition of noise to 

the external fiducial mark. The computer identified the location of the fiducial within the 

prescribed one pixel tolerance up to levels of 20% noise. 

The algorithm for extracting fiducial marks from imagery is developed and tested 

by, in effect, "boxing" in the entire image as the search region thereby including a large 

variety of features from the image that must be evaluated and rejected before the correct 

fiducial mark is selected. Most, if not all, of the features exhibiting structure similar to a 

fiducial mark are removed from the problem when the cartographer employs the mouse 

to define a "reasonable" search region. Consequently, the computer algorithm is 

substantially overdesigned for the level of cartographer interaction specified for the 

automated system. 

The impact or significance of the fiducial extraction algorithm is the automation 

of a feature extraction process. The algorithm demonstrates that objects which may in 

theory be detectable by the Hough transform or other methods but previously 

undetectable in practice due to small size, noise, occlusion, resolution constraints etc. 

may be detectable by using case specific attributes of the feature and additional 

processing techniques. Although quite specific in nature and much simpler than the 

general computer vision or image understanding problem of extracting features from 

imagery, the confident and accurate detection of fiducial marks provides for the precise 

calibration of mensuration processes employed in cartographic compilation. 
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APPENDIX A 

NORMAL PARAMETERIZATION DERIVATION 

Given a line in the x,y plane, and a parameterization that specifies the 
line by the angle © of its normal and its algebraic distance p from the origin. 

y 

magnitude p 

angle theta 

The equation for a line in x,y is 

(y - yQ) = M*(x - xQ) (1) 

where M is the slope of the line, and x ,y is a point on the line. The slope 
M is equal to the negative reciprocal o^ the slope of its normal. The slope of 
the normal is yQ/x or tan(©). Furthermore, x = p*cos(©) and yQ = 
p*sin(©). Substituting these value into equation 1 and simplifying gives: 

2 2 
y*sin(©) - p*sin (©) = -x*cos(@) + p*cos (©) 

x*cos(©) + y*sin(©) = p*(cos (0) + sin (©)) 

p = x*cos(©) + y*sin(0) 

which is the equation of the line. If © is constrained between 0 and 7t, the 
p,@ parameters are unique for each line in the x,y plane. 
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APPENDIX B 

OPTIMAL THRESHOLD DERIVATION 

The scheme selects a threshold k so that the inteclasss variance 

between dark and bright regions is maximized. The interclass variance 

between these regions can be defined as: 

° ' ( k )  - ? D ( m D  ~  m o ) J  +  P a ( ™ a  ~  ( 1 )  

where 

P o -  ( k p ( x ) d x  P a - (  p { x ) d x  J 0  J k  
f k  f  ° o  

Pomo - / x p ( x ) d x  p a m „  -  /  x p ( x ) d x  
0  J k  

mo "" PomD + Pama 
p 0  Probability of dark pixel whose value is less than k .  
pB Probability of bright pixel whose value is greater than 

k .  
mD Mean of dark pixels. 
fTX j Mean of bright pixeis. 
m0 Total mean. 
a*(&) Interclass variance for k .  

Equation (1) can be reduced to 

a l ( k )  -  P o m :
0  +  p „ m :

B  -  m l .  ( 2 )  

The optimal threshold k* is selected so as to maximize a (k). In order 
2 

to determine the threshold k* which maximizes a (k) an exhaustive search 

procedure is utilized. At each threshold the zeroth and the first order 
2 

moments are computed and a check for maximality of a (k) is made. 
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The zeroth and first order moments are given by: 

f k x p ( x ) d x  [  x p ^  - X )  d x  1  
.1 I * k J 

a : ( k )  -

d ^ / d k  -

j"p(x) J f t  d x  I  p ( x ) d x  
'  k  

f k x p (  x )  d x  
, J 0  

l k p ( k )  fk p ( x ) d x  
• o  

-/>(*) f k x p ( x ) d x ] 2  

f" p ( x )  d x  
2 

^  x p { x ) d x  - 2 k p ( k ) J |  p { x ) d x  +  x p { x ) d x  

L ' i  
P( x) dx 

Let 

n t ( k , , k j )  -

fk ' x p ( x )  d x  

J k ' p ( x )  d x  
J K  

Then (3) can be expressed as 

d a 2 / d k  —  p ( k ) [ m ( k , c a )  -  m ( Q ,  A ) ]  

»(m(0. k )  +• m( x) — 2 A; i 

(3) 

(4) 

The value of [m(k,<») - m(o,k)] is always positive and never zero for 

0 < k < K where K is the largest value of k such that p(k) is not zero. 
max max 

The RHS of (4) is zero for p(k) = 0 and 

m ( Q , k )  +  m ( k ,  o o )  —  I k  

fk x p ( x ) d x  f x p {  x )  d x  J  t. 
that is 

that is 

( " p ( x ) d x  J  p ( x ) d x  J 0  J k  
m B  +  m  D  —  I k .  

-  I k  

(5) 

When p(k) = 0, c (k) does not change and hence the gradient will be 

zero. Thus this case is not of interest and can be ignored. Condition (5) 
2 

gives a ̂  and this is the one used for locating the maximum. 
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APPENDIX C 

ALGORITHM CODE 

The appendix includes the C code developed to implement the Hough transform 

Fiducial detection algorithm. The code includes the main program Fiducial and functions 

Image, Cthval, and histgm. Fiducial performs the Hough transform and associated 

programming techniques described earlier. Image extracts the search region segment 

from the image file. Cthval computes the optimum threshold for a windowed segment of 

the image. Histgm computes the histgm of the windowed segment. A separate program 

is employed to delineate the fiducial marks on the image with an orange cross. 



/* 
* Eric Gifford 
* University of Arizona 
* 

* Date: February 12, 1991 
# 

* fiducial: This program generates the coordinates 
* of a fiducial mark given a set of estimated coordinates. 
* 

*/ 

# include <stdio.h> 
•include <math.h> 
double correlate(); 
int static WNDSZ1; 
main(argc,argv) 
int argc; 
char *argv[]; 
( 

/* define variables used in main */ 

register int i, j, k; 
int size, xest, yest, xout.yout; 
int state,max,alg_flag; 
int fiducial(); ~ 
register FILE *fpin; 
FILE *fopen(); 

/* if less than 6 command parameters, print syntax and exit program '/ 

if(argc < 6) { 
printf("Osage: fiducial \t<input filename>\n\t\t<xest>\n\t\t<yest>\n" 
printf("\t\t<pixels/line in input image>\n\t\t<maximum window>\n"); 
printf(n\t\t<algorithm_flag>\n"); 
exit(0); 

> 

/* open input files using command line filenames */ 

fpin - fopen(argv[l], 
xest - atoi(argv(2]); 
yest - atoi(argv(3]); 
size - atoi(argv(4]) 
max - atoi(argv(5]); 
alg_flag - atoi(argv[6]); 

if(alg flag — 1){ 
WNDSZ1 - 40; 

} 
else 

WNDSZ1 - 12; 

/* call fiducial function to find x,y coordinates */ 

state - fiducial(fpin, xest,yest, size,max,WNDSZ1,&xout,Syout); 

if(state — -1) ( 
printf("Panel coordinates not identified. \n"); 

} 

else 
{ 

printf("\nThe fiducial has x,y coordinates %d, %d. \n\n",xout,yout) 
} 

fclose(fpin); 



} 
/* end program */ 

/* ***********«*****»****»***»***«*************»*»****»******««***,»»**«,»« 

/* fiducial: inputs; image file, estimated x,y coordinates, and max error. 
* outputs; x,y coordinates. */ 

/* LIM indicates the resolution wrt theta e.g. 5 degrees 
* RES the resolution of p - 1/RES 
* MAX the maximum value p can take, fen(RES,size) 
* SZ maximum number of pts allowed in Hough space 
* DEV allowed deviation of p from the median 
* NBIN • bins in histogram 
* WNDSZ1 size of first windowing operation 
*/ 

•define LIM 36 
•define RES 2 
•define MAX 200 
•define SZ 3000 
•define DEV 10 
•define NBIN 256 
fiducial(fpin,xest,yest,size,max, WNDSZ1,xoutP,youtP) 
int size,xe3t,yest,max,*xoutP, *youtP,WNDSZ1; 
FILE *fpin; 

{ 
int state, dim, x, y,marlc, count, flag, img(512] [512], img_size, xoff, yoff; 
int xcorP,ycorP,xesta,yesta, loop,blk_szl,blk_sz2,i,j,rot; 
int jcPfSZJ, yPfSZ], *xlP, *ylP; 
int xx,yy,HNDSZ2; 
float prj[LIM]; 
double p,pmax,pth,pmin,pthl,pm; 
xlP - xP; 
ylP - yP; 
count - 0; 
pmax - .2; 
pth - .4; 
pthl - .6; 
pmin - 0.2; 
pm - 0.3; 
flag - -1; 
blk_szl - WNDSZ1; 
dim - 2*max/(.7*blk_szl); 

/* extract search region from image file */ 

image(fpin,fpin,xest,yest, size,max, img,&img_size,ixoff,Syoff); 

xeata - xest - xoff; 
yesta - yest - yoff; 

/* compute estimated coordinates in an outward spiral from xest,yest */ 

estcoor(xesta,yesta,dim,xP,yP,blk_szl); 

/* while generated estimated coordinates still exist */ 

• while(count++ <- dim*dim){ 
x - *xlP; 
y - *ylP; 
xlP++; 
ylP++; 
loop - 0; 
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/* execute Hough algorithm for WNDSZ1 */ 

state - fid(img,img_size,blk_szl,x, y, ixcorP,fiycorP, filoop,4rot,prj); 
if(state !- -1){ 

p - correlate(rot,prj); /*if coor. found, compute similarity metric*/ 
if(p<pm II p —5) continue; 
if(p > pthl)( /* if correlation good enough, return */ 
•xoutP - xcorP~+ xoff; 
•youtP • ycorP + yoff; 
return(1); 

> 

blk_sz2 - WNDSZ1/2; /* else, execute second stage windowing */ 
x -"xcorP; 
y - ycorP; 
state - fid(img,img_size,blk_sz2,x, y, SxcorP,SycorP,Sloop,&rot,prj); 

if (state !- -1)( /* if coor. found, compute similarity metric*/ 
if(p > pmax){ 

flag - 1; 
pmax - p; 
•xoutP - xcorP + xoff; 
*youtP - ycorP + yoff; 
if(p > pth) return(flag);/*if metric is good enough, return*/ 

> 

} 
} /* end while */ 

if(pmax < pmin) return(-1);/* if p is not good enough, return coor. not found */ 
return(flag); 
} 

/* ./ 

int fid(a, img_size,blk_szl,xest, yest, xcoorP, ycoorP,loopP,rot,prj) 
int xest, yest, *xcoorP, *ycoorP, *loopP,blk_szl, *rot; 
int a(][512],img_size; 
float prjfLIM]; 

( 

float cthval(); 
register int i, j ,k; 
int xoff, yoff,error, Hthresh, thl, th2, flag, cntl, cnt2; 
float **blk,plavg,p2avg,optth; 
int magl(200], mag2(200],accum(LIM)[MAX]; 

for(i-0;i<LIM;i++){ 
for(j-0;j<MAX;j++){ 

accum(i][j]-0; 

} 

/* dynamic allocation of memory for blk */ 

blk - (float **)calloc( blk_szl, sizeof( float * )); 
for ( i - 0; i < blk_szl; i++ ) 

blk[ i ] - (float *)calloc( blk_szl, sizeof(float *)); 

/* Extract image blk centered at xest, yest */ 

(*loopP)++; 
xoff - xest - blk_szl/2; 
yoff - yest - blk_szl/2; 
for(i-0;i<blk_szl;i++){ 

for(j-0;j<blk szl;j++){ 
if((xoff+j7<0 || (yoff+i)<0 II (xoff+j)>img_size II (yoff+i)>img_size) 



blkfi] [ j] - 80; 
else 

blkfi][ j]- a(yoff+i](xoff+j] ; 
) 

} 

/* compute optimum threshold */ 

optth - cthval (blk,blk_szl,blk_szl,NBIN) ; 
if(optth — -1) return(-1); 
if(blk_szl -- WNDSZ1) optth*"l.1; 

else optth*-l.l; 

/* compute the Hough transform in p, theta space of the image */ 

hough(blk,optth,accum,&Hthresh,blk_szl) ; 
if(Hthresh<-10) return(-1); 
free(blk); 

/* find p, theta pairs */ 

flag - coordinate(SHthresh,accum,scntl,scnt2, sthl, Sth2,magl,mag2,prj); 
if(flag ™ -1) return(-1); 

/* compute final p values */ 

rho(cntl,cnt2,magl,mag2,iplavg,ip2avg) ; 

/* decode x,y coordinates */ 

decode (xoff, yoff,thl,th2,plavg,p2avg, xcoorP, ycoorP, rot) ; 

/* check for coordinate convergence *7 

error - abs(*xcoorP - xest) + abs(*ycoorP - yest); 
if(error <3 11 *loopP > 5){ 

return(0); 

else< 
flag - fid (a, img_size,blk_szl, *xcoorP, *ycoorP, xcoorP, ycoorP, loopP, &rot, pr j) 
return(flag); 

} 

f *  

/* hough: compute the hough transform in p, theta space and determine 
* the threshold, Hthresh */ 

hough(blkP,optth, accum,HthreshP,blk_s zl) 
int accum(][MAX],*HthreshP,blk_szl; 
float **blkP, optth; 

( 
float p; 
register int i,j,k; 
int s,maxval,count; 
double angle; 

for(i-0;i<LIM;i++){ 
for(j~0;j<MAX;j++){ 

accum(i][j]-0; 
} 

) 

/* compute Hough transform of pixels lying on the fiducial */ 



count-0; 
for(i-0;i<blk_szl;i++){ 

for(j-0;j<blk_szl;j++){ 
if (blkP[i][j] > optth) { 

oount-M-? 
for (k-0;k<LIM;k++) ( 

angle - (k*3.14/LIM); 
p - j*cos(angle) + i*sin(angle); 
s - RES*p + MAX/2; 

accum(k][s] +- 80; 

> 

> 

} 

} 

/* if number of thresholded pixels is > 30% of the area, return */ 

if(count > (.30*blk_szl*blk_szl))( 
•HthreshP - -1; — 

return; 
} 

/* determine the maximum value in the accumulation array which indicates 
the length of the fiducial, and set HthreshP as 30% of the maximum value 

maxval-0; 
for(i-0;icLIM;i++){ 

for(j~0;j<MAX;j++){ 
if (accum(i][j]>maxval) 

maxval - accum[i][j]; 
} 

) 

•HthreshP - .3*maxval; 
return; 
} 

/* ****** * *********** */ 

/* coordinate: find orthogonal angles thl, th2 and their associated p values, 
and compute transform projection */ 

coordinate(HthreshP,accum,cntlP,cnt2P,thlP,th2P,magl,mag2,prj) 
int 'HthreshP, accum(LIM][MAX],*cntlP, *cnt2P,*thlP,*th2P; 
int magi[200], mag2[200]; 
float prj[LIM]; 

{ 
register int i,j,k; 
int rho[3000], theta[3000]; 
int *rptr, *thptr; 
int count,cnt,total, begin,end, div; 
float sum, maxx; 
for<i-0;i<I.IM;i++) { 

prj[i]-0; 
> 

/* threshold accumulation array and project values onto theta axis */ 

rptr - rho; 
thptr - theta; 
count - 0; 
for(i-0;i<LIM;i++)( 
total - 0; 
cnt - 0; 
begin - 0; 

for(j~0;j<MAX;j++){ 
if(accum(i][j]>*HthreshP) ( 
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if(begin »» 0) begin - j; 
end - j ; 
total +- accum[i][jj; 
*rptr++ - j; 
*thptr++ - i; 
count++; 

} 

else 
accum(i][j] - 0 ; 

/* prj[] is the projection onto theta divided by the square of the 
width of the projection */ 

div - (end - begin +l)*(end - begin +1) ; 
prjfi] - total/(div); 

} 

/* determine the maximum orthogonal pair of projections using a 
weigthed window */ 

maxx-0; 
for(k-0;k<LIM/2;k++){ 
if(k-~0) 
sum - (pr j [k] +. 8*pr j [k+1] +. 8*pr j [k+LIM/2-1 ] +pr j [k+LIM/2] + . 8*pr j (k+LIM/2-t-l] ) ; 
else if (k—LIM/2-1) 
sum - (.8*prj[k-1]+prj[k]+.8*prj(k+1]+.8*prj[k+LIM/2-1]+prj[k+LIM/2]); 
else 
sum - .8*prj[k-1]+prj[k]+.8*prj[k+1]+.8*prj[k+LIM/2-1]+prj(k+LIM/2]+.8*prj(k+LIM. 

if(sum>-maxx){ 
maxx - sum; 
*thlP - k; 
*th2P - k+LIM/2; 

} 

/* group orthogonal components and remove outliers wrt theta */ 

*cntlP - 0; 
*cnt2P - 0; 
for(i-0;i<count;i++)( 

if(theta(i)—*thlP) 
magi[(*cntlP)++)-rho[i] ; 

else if (theta (i]~,,th2P) 
mag2((*cnt2P)++]-rho(i]; 

) 

/* if either component of the maximum pair contains zero elements, 
return -1 */ 

if(*cntlP — 0 II *cnt2P — 0) return(-l); 
return(1); 

/* ************************************************************************* #/ 

/* rho: compute the median p value for each theta, remove outliers wrt p, 
* and compute the average p values. */ 

rho(cntl,cnt2,magl,mag2,plavgP, p2avgP) 
int cntl,cnt2; 
int magi[200],mag2[200] ; 
float *plavgp,»p2avgP; 

int medl, med2, psuml,psum2,idxl,idx2; 
register int j; 
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* in order from hough transform */ 

if (cntl%2~0) 
medl - magi[cntl/2]; 

else 
medl - magi((cntl-1)/2]; 

if (cnt2%2—0) 
med2 - mag2[cnt2/2]; 

else 
med2 - mag2[(cnt2-l)/2]; 

/* remove outliers and compute average p's, the p values should be 
* grouped fairly close */ 

psuml - 0; 
psum2 - 0; 
idxl - 0; 
idx2 - 0; 
for(j-0;j<cntl;j++)( 

if(abs(magi[j]-medl)<DEV){ 
psuml +- magi[ j ]; 
idxl +- 1; 

} 

} 

for(j-0;j<cnt2;j++;{ 
if(abs(mag2[j]-med2)<DEV){ 

psum2 +- mag2 ( j ] ; 
idx2 +- 1 ; 

} 

if(idxl>0) *plavgP - psuml/idxl; 
if(idx2>0) *p2avgP - psum2/idx2; 

return; 
} 

/» decode: solve two eqn.'s with two unknowns for x,y and then add the offsets. 
*/ 

decode(xoff,yoff,thl,th2,plavg,p2avg,xcoorP,ycoorP,rot) 
int thl,th2,xoff,yoff; 
int *xcoorP,*ycoorP,*rot; 
float plavg, p2avg; 

double betal, beta2; 
float rl, r2,scale,xx,yy; 

/* decode p,th into r,beta */ 

betal - thl*3.1416/LIM; 
beta2 - th2*3.1416/LIM; 
rl - (plavg - MAX/2)/RES; 
r2 - (p2avg - MAX/2)/RES; 

/* compute x,y */ 
/* note: scale should - 1 for orthogonal components */ 

scale - (1/(cos (betal) *sin (beta2)-cos (bet'a2) *sin (betal))) ; 
xx - (rl*sin(beta2)-r2*sin(betal))*scale; 
yy - (-rl*cos(beta2)+r2*cos(betal))*scale; 

/* adjust coordinates for estimated coordinates and offsets */ 



•xcoorP - xof £ + xx + 0.5; 
*ycoorP - yoff +• yy + 0.5; 
*rot - thl; 

return; 

/* estcoor: generate the estimated coordinates for the center of the search 
regions in an outward spiral from the initial pair of est. coordinates */ 

estcoor(xest,yest,dim,xP,yP,blk_szl) 
int xest, yest,dim,blk_szl; 
int *xP,*yP; 
{ 

int i,j,k,xmult,ymult,xval,yval; 
int xinc[2],yinc[2],cnt; 
double a,b,c; 
cnt - 0; 
xinc(0] - 0; 
xinc[l] - -1; 
yincjoj » -1; 
yincilj - 0; 
*xP - xest; 
*yP - yest; 
for(i-0;i<dim;i++){ 

for<k-0;k<-l;k++){ 
for(j-0;j<-i;j++){ 

cnt++; 
a - xinc(k]; 
b - yincfkj; 
c - i; 
if (a — 0) 

xmult - 0 ; 
else 
xmult - pow(a,c); 

if (b — 0) 
ymult - 0; 

else 
ymult - pow(b,c); 

xval - *xP++; 
yval - *yP++; 
*xP - xval + xmult*(.7*blk_szl); 
*yp _ yval + ymult*(.7*blk_szl); 

} 

} 
} 

return; 
) 

/* correlate the projection of the thresholded Hough accumulation array with 
a cosine function having a period of 90 degrees and an ideal orthogonal 
projection */ 

double correlate<theta,prj) 
int theta; 
float prjlLXMJ; 
{ 

int i; 
double var,avg,cor,th,p; 
double var2,avg2,cor2,p2,sumsq; 
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float corr (IiXMl; 
th - theta * 3.14/LIM; 
avg - 0; 
vat - 0; 
cor - 0; 
sumsq - 0; 
avg2 - 0; 
var2 - 0; 
cor2 - 0; 
for (i-0; i<LIM; i++) { 

avg +- prj[i]/LIM; 
sumsq +- prj[i]*prj[i]/LIM; 
cor +- cos(4*(i*3.14/LXM - th))*prj[i]/LIM; 

} 

var - sumaq - avg*avg; 
if(var < 1) return(S); /* remove projections with no variance »/ 
p - cor/sqrt(.5*var); 
for < i-0;i<LIM;i++){ 

corr(i] -0; 
> 

corr((int)th]-l; 
corrf(int)th-l]-.75; 
corrf(int)th+l]-.75; 
corr((int)th +LIM/2 ] -1; 
corr [ (int)th +LIM/2-11-.75; 
corr( (int)th +LIM/2+U-.75; 
for(i-0;i<LIM;i++){ 

avg2 +- corr(i]/LIM; 
var2 +- corrjij*corr(i]/LIM; 
cor2 +- corr(i]*prjli]/LIM; 

> 

p2 - (cor2-(avg*avg2))/sqrt((var2 - avg2*avg2)*(var)); 
p - <p > p2) ? p : p2; 

return(p) ; 
} 

/ / 



Eric Gifford 
Date: July 20, 1990 

mkiraage.c — strip off header and make image file from iis format, 
returns an image segment approximately the size of the search region. 

^include <stdio.h> 
•define HEAD 2048 /* size of header for I2S image files */ 
image(fpin,fpout,xest,yest,size,max,a,img_size,xoff,yoff) 
int xest,yest,size,max,*xoff,*yoff, *img_size; 
int a(512][512]; 
FILE *fpin; 
{ 

register int i,j; 
register unsigned char c; 
long offset,offset_base,skipx,skipy,1; 
int num_blocks, index,step; 
int xblk,yblk; 
step - max/128 + 1; 
xblk - xest/128 - step; 
yblk - yest/128 - step; 
if(xblk <- 0) 

xblk - 0; 
if(yblk <- 0) 

yblk - 0; 
*xoff - xblk*128; 
*yoff - yblk*128; 

skipx - xblk*size; /* to skip blocks in the x direction */ 
skipy - yblk*128*128; /* to skip blocks in the y direction */ 

of£set_base - HEAD + skipy + skipx*128; 
numjolocks - 2*step + 1; 
*img_size - num_blocks * 128; 
for(l-0;l<num_blocks;l++)( 
offset - offset_base-t-l*size«128; 
fseek(fpin,offset,0); 
for(i-0;i<num_blocks*128;i++) 

{ 
for(j-0;j<128;j++) 
{ 
index - (j+l*128); 
a(i](index) - getc(fpin); 

} 

I 
) 
fclose(fpin); 
return(0); 

> 



/* Eric Gifford 
Date: June 25, 1990 
compute the optimum threshold level for an image using a 
minimum mean squared error approach */ 

•include <math.h> 
float cthval(cp,np,nl,NB) 
/* external variable declaration */ 
int np,nl,NB; 
float **cp; 

( 
/* internal variable declaration */ 
int i, ik, histgmO ,k() , ikbest, count; 
float *h, range, inc, sum, e, ebest, emin, k,min,max; 
h - (float *) calloc(NB, sizeof(float)); 

histgmfcp, np, NB, Smax,Smin, h); /* compute a histogram of image * 
range - max-min; 
ik - NB/2; 
ikbest - NB; 
inc - range/(NB-1); 
emin - .5; 
e - 2."emin; 
ebest - NB; 
count-0; 
while (fabs(e) > emin s s  ik !- ikbest) 
{ 
e - ((m(0,ik,h) + m(ik,NB,h))/2.) - ik; 
ik - ik + e; 

if(ik < 0) 
ik - 0; 

if(ik >- NB) 
ik - NB -1; 

if(fabs(e) < ebest) 
{ 

ebest - fabs(e); 
ikbest - ik; 

} 
count++; 

/* if no fiducial exists in Che block segment, return error */ 

if(count >50) 
return(-1); 

> 

k- (ik + . 5)*inc +• min; 
cfree(h); 
return(k); 
} 

/* this routine calculates Che first moment of the histogram h about 0 

ra(il,iu,h) 
int 11,iu; 
float h(]; 

{ 
int i; 
float si - 0., s2-0. ; 

for(i-il;i<iu; i++) 
< 

si - (h[i]*i) + si; 
s2 - h(i] + s2; 
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} 
si - sl/s2; 
i - (int)(si + .5); 
return(i); 
} 
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/* Eric Gifford 
* histgm.c — compute the histogram of a square image, and identify 
* the minimum and maximum values. 
* /  
•define siz 256 
histgm(a,img_size,NB,max,min, histo) 
int NB,img_size; 
float "max, *min; 
float **a; 
float histo[siz]; 
{ 
/* define variables used in routine */ 

register int i, j; 
int temp; 
*min-NB; 
*max-0.0; 

/* clear histogram bins */ 
for(i-0;i<NB; i++>{ 

histo(i]-0; 

/* load image into array and compute histogram simultaneously */ 

for(i-0;i<img_size;i++)( 
for(j-0;j<img_size;j++){ 

temp-a(i][j]; 
histo(temp]-histo[temp]+1.0; 

i£(a[i)[j]> *max) *max"a[i][j] ; 
if(a[i][j]< *min) «min-a(i][j] ; 

) 
} 

return; 
} 



/* Erie Gifford 
* Delineates the fiducial mark with an orange cross 
*/ 
•include <stdio.h> 
#include "/home/nail/daved/iis/src/iis.h" 

main(argc, argv) 

int *argc; 
char *argv(]; 

/* Sets the pixels at the coordinates in the coordinate file to 100. 
These pixels are the mark delineating the fiducial 
inputs 
1) the file name of the original image 
2) the size of the image, image is assumed to be square 
3) the coordinates x,y 

- 4) the output file 
*/ 
{ 

int i, j, k, num, x_coord, y_coord, image_sizef *'image,mark; 
FILE *inf±le, "outfile; 
void write_image(); 

num - 249; 
mark - 11; 

in£ile - fopen(argv(l], "r") ; 
image_size - atoi(argv{2]); 
x_coord -atoi(argv(3]); 
y_coord - atoi(argv(4]); 

image - imatrix(iraage_size, image_size); 
extract_3ite(infile, image_size, 0, 0, image, image_size); 
fclose(infile); 

for(i- x_coord -(mark-1)/2;i<x_coord + (mark-l)/2 +l;i++)( 
image(y coord][i] - num; 

} 
ford- y_coord -(mark-1) /2;i<y_coord + (mark-l)/2 +l;i++)( 

image(i](x_coordl - num; 
} 
outfile - fopen(argv[5], "w"); 
write—image(image, image_size, outfile); 
fclose(outfile); ~~ 
free_imatrix(image, image_size, image_size); 



/* 
* Eric Gifford 
* Routine for extracting an nxn image from original larger image. 
*/ 
•include <stdio.h> 
•include "/home/nail/daved/iis/src/iis.h" 

extract_3ite(fpin, insize, slcipx, skipy, outptr, outsize) 

register int insize, outsize, **outptr; 
long slcipx, skipy; 
register FILE *fpin; 

{ 
register int i, j; 
register unsigned char c; 
long offset, offset_base, cnt; 
int inpix; 
offset_base - skipx + skipy*insize; 
for (cnt - 0; cnt < outsize; cnt++) { 

offset - offsetjbase + cnt * insize; 
fseelc(fpin, offset, 0) ; 
ford - 0; i < outsize; i++) { 

inpix - getc(fpin); 
c ™ inpix; 
outptr(cnt][i] - inpix; 

> 

) 

void write_image(image, size, fout) 

FILE *fout; 
int size, **image; 

int i, j; 
unsigned char c; 

for (i - 0; i < size; i++) 
for (j - 0; j < size; j++) ( 

c - image(ij[j]; 
putc(c, fout); 

) 
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