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A B ST R A C T

This thesis presents a new method for the accurate segmentation of 2D feature 

correspondences belonging to the projections of multiple, independently moving, 3D 

objects across an image sequence using an analysis space defined by the feature cor

respondences.

The new method, Correspondence Grouping and Propagation (CORGAP), builds 

on the searching concepts introduced in the Random Sampling and Consensus algo

rithm (RANSAC) and, like RANSAC, is not constrained to a specific mathematical 

grouping model (line, circle, fundamental matrix, etc.). RANSAC uses a parame

ter space representation that explicitly represents the motion models and implicitly 

represents the feature correspondences belonging to each model. For CORGAP, we 

reverse the representations such that we explicitly represent the membership of the 

feature correspondences to each moving object, and implicitly represent the associated 

motion model for each group of feature correspondences.

In order to accomplish this, an analysis space defined by the feature correspon

dences was introduced so that a comparison of group contents is made instead of 

attempting to compare the models that define group membership. Additionally, the 

design of CORGAP specifically addresses identifying ambiguities in feature corre

spondence segmentation, resolving these ambiguities when possible and propagating 

the segmentation information gained from a previous search in order to reduce the



search space of the current analysis. These features of CORGAP are not seen in 

multibody RANSAC or other comparable algorithms.

The design of CORGAP specifically addresses RANSAC’s deficiency in multi

body grouping when group membership ambiguity is present. Group ambiguity can 

occur due to noise in feature measurement or degeneracies within the mathematical 

model used to determine group membership.

The results of the synthetic and real world data analysis indicate that CORGAP 

performs better than multibody RANSAC and has gains in processing efficiency for 

image sequences containing multiple moving objects. Other benefits to the CORGAP 

algorithm are increased search efficiency after the initial data analysis, knowledge 

propagation from prior searches or knowledge sources and the ability to compare 

objects generated from differing models.
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Chapter 1

IN T R O D U C T IO N

The motivation for this project is the problem of reconstructing the structure 

of objects and their motion relative to the camera from image sequences under real 

world conditions. The real world conditions include general, multiple object motion 

and camera motion. The image features (such as corners of windows, doors, or 

even trackable patches in the image) need to be correctly grouped according to their 

independent 3D motions. Ultimately, the project focus is how to efficiently achieve 

correct image feature segmentation.

If this segmentation can be attained, general purpose image streams could be 

used to provide image feature grouping data for 3D reconstruction. Applications of 

this 3D reconstruction technology include as built architectural models from walk 

through video, urban planning models from aerial image streams, historic or archi

tectural education using historic reconstruction from archival footage and providing 

as built models for training or entertainment in virtual environments. In particular, 

the movie and computer gaming industries are driving a need for more and varied 

virtual environments.

Using archival film or video imagery as a data source to generate computer 

graphic (CG) models from structure and motion reconstruction techniques would

1



greatly expand the usable number of data sources by eliminating the need for spe

cialized capture hardware such as laser scanners or photometric cameras. However, 

the additional physical and data capture flexibility brings challenges of real world 

scenarios that complicate CG model reconstruction. Among the challenges are frame- 

to-frame changes in camera parameters (Wilson, 1994), lighting, accurate frame to 

frame feature tracking, and accurate feature segmentation (grouping) with respect to 

independent 3D structure-and-motion.

One key to successful CG model reconstruction is obtaining accurate grouping 

of tracked image features (feature correspondences) with respect to the underlying 

objects. In a video sequence that contains only one object moving with respect to 

the camera, several methods have been applied successfully to determine the feature 

correspondences that group together and form a single motion model used for recon

struction. These methods include random sampling consensus (RANSAC) (Fischler 

& Holies, 1981), Least Median of Squares (LMS) (Rousseeuw, 1984),and Maximum 

Likelihood Estimation (MLE)(Torr & Zisserman, 2000). However, many real world 

video sequences contain multiple moving objects for which these techniques are not 

well suited due to basic assumptions or inherent limitations. The extension of these 

methods to multiple moving objects does not explicitly address ambiguity of correct 

image feature grouping due to motion model degeneracy and noise. In particular, 

motion model degeneracy can cause image features to be grouped with an incorrect 

group of image features. In turn, this will cause inaccuracies in the 3D reconstruction.

When multiple independent motions are introduced to an image sequence, the
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problem of grouping becomes more difficult especially over short time intervals (e.g. 

2 frames). This can be due to both the similarity of the motions over a short time 

frame and any degeneracies in the motion model used as a filter for the grouping 

process.

For example, slowly moving or stopped vehicles at a traffic intersection may 

all fit the same motion model, but these vehicles clearly are independent from each 

other and the background if observed over longer periods of time where motion is 

present. Even from this simple example, it is apparent that we need to integrate the 

available information across as many relevant frames as possible and to find ways to 

disambiguate the motions.

The objective of this work is to develop an algorithm to segment tracked image 

features into groups corresponding to distinct moving objects by processing sequences 

of images. This thesis describes the development of a novel 3D object segmentation- 

technique using motion model based, feature correspondence grouping and group 

propagation for accurately defining and tracking coherent 3D motion groups over 

noisy image sequences. This technique also specifically addresses the ambiguity in 

feature correspondence group membership that may arise when a feature correspon

dence may mathematically fit multiple group relationships over a series of frame to 

frame relationships. This ambiguity may exist due to feature measurement noise, 

tracking inaccuracies or motion model degeneracy.

Chapter 2 describes the project background and relevant literature. Chapter 3 

develops the theory behind the algorithm. Chapter 4 presents the algorithm itself.
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Chapter 5 describes the experiments and presents the results. Chapter 6 presents the 

conclusions drawn from this project. Chapter 7 presents a description of follow up 

work for the algorithm and for the scale model town on which data was taken.
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Chapter 2

BA C K G R O U N D

Within the context of computer vision, how is it possible to segment feature 

correspondences that arise from projection of three-dimensional independently mov

ing objects into image streams? Various techniques have been employed including 

stochastic techniques, motion model factorization, sub-space analysis, flow field anal

ysis, and forms of feature clustering. However, these techniques either make assump

tions about the nature of the grouping ambiguities, the structure, noise or surface 

lighting that become invalid in degenerate or extreme cases.

2.1 Project Background and M otivation

There are several ways to acquire shape data using images of the objects. Many 

of these techniques can be categorized as either ”Shape from X” methods (Jain et ai, 

1995) or space carving/voxel coloring (S. Vedula, 2000; Kutulakos & Seitz, 1998; Seitz 

& Dyer, 1997). Among these methods are photometric stereo (Woodham, 1980), us

ing a fixed camera/object relationship and varying the lighting conditions; shape from 

shading (Wolff et al, 1992; Horn, 1970; Horn & Brooks, 1989)], using assumptions 

about surface texture and changes in image intensity to recover aspects of structure; 

shape from texture (Aloimonos, 1988; Blostein & Ahuja, 1989), using texture prop
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Figure 2.1. The traffic monitoring cameras routinely record information from one 
or more independently moving objects against a static background, (a) Typically, 
the traffic cameras are placed above busy intersections on supports that are not 
immune from vibration or wind effects (b). This non-rigid mounting can easily render 
techniques (such as the simple subtraction of a background image from an image of 
interest) ineffective.

erties such as density size and orientation; shape from focus (Bajcsy & Lieberman, 

1976), using the camera’s depth of field for an indication of distance (Nayar et ai, 

1995); and structure-and-motion, using a variable geometric camera /  object rela

tionship to extract distance and geometric relationships (Horn & Brooks, 1989; Boult 

& Brown, 1992; Pollefeys et ai, 1998; Okutomi & Kanade, 1993; Tomasi & Kanade, 

1992; Fitzgibbon & Zisserman, 2000).

This thesis focuses on the problem of structure-and-motion. The immediate area 

of investigation is the intersection of a problem explored by both computer vision and 

photogrammetry researchers (Jain et ai, 1995; Hartley & Zisserman, 2000a; C.Slama, 

1980; Kraus, 1993; Tomasi & Kanade, 1991).

Typical real world video sequences contain multiple moving objects such as cars
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and trucks moving through an intersection of roads (Fig. 2.1). Using the constraint 

that all 2D features derive from rigid, non-deformable 3D objects, tracked image 

features will be grouped with respect to independent 3D object motions. Various 

forms of multibody structure-and-motion have been accomplished for specific sets 

of geometries, motions and feature types (Fitzgibbon & Zisserman, 2000; R. Vidal, 

2002; Debrunner & Ahuja, 1998; Gear, 1998; Han & Kanade, 2001; Vidal & Hartley, 

2004; Schindler & Suter, 2006; Costeira & Kanade, 1995; Li, 2007). It is the intent 

of this project to address the treatment of a motion group as a consistent feature 

correspondence group belonging to the projection of a 3D moving object and to extend 

this treatment to multiple independently moving objects across prior and subsequent 

frames in an image sequence.

This project focuses tightly on the development of a multibody, multi-frame 

image feature correspondences segmentation algorithm using correspondence space 

grouping and propagation. The final output of this algorithm is designed to be used 

in a 3D structure-and-motion reconstruction technique. Issues outside the scope of 

the algorithm development such as feature tracking and real world data collection 

are addressed as needed. Pre-existing algorithms and programs not addressing the 

core development were used in preference to developing new techniques, algorithms 

or programs.
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2.2 E xisting M ethods for M ultibody Segm entation

Due to the large number of real world cases of multibody motion in video se

quences, other research groups have successfully approached aspects of multibody 

structure-and-motion of independently moving 3D objects. The existing methods 

break down into several major categories; iterative stochastic techniques, motion 

model factorization, subspace analysis techniques, flow field analysis, and clustering 

techniques.

2.2.1 Iterative Stochastic Approach

The relevant stochastic approaches should be considered model searching mech

anisms using a model estimator and a data evaluator at its core. This enables these 

techniques to be easily applied to various problems by simply replacing the model es

timator and data evaluator functions. A common model relating points in one frame 

to lines (or points lying on predicted lines) in a second frame is the fundamental 

matrix (Sect. 2.3.2).

One major stochastic approach used in computer vision to search for the fun

damental matrix is RANSAC (Fischler & Holies, 1981). Although the RANSAC 

algorithm is not dependent on a particular model, it does assume a single model for 

all observed features. This approach uses a “winner take all” strategy after stochas

tically searching the data for potential models. In this scenario, the “winner” is 

determined as the model supported by the largest group of data. Since i t ’s introduc

tion, RANSAC has had many variants such as QDEGSAC (Frahm & Pollefeys, 2006)



which is a development to address quasi-degenerate data. As with RANSAC, it does 

not require special knowledge of the model to determine data degeneracies.

Although the original RANSAC does not address multiple motions, the algorithm 

was extended to handle multiple motions by Fitzgibbon and Zisserman (Fitzgibbon 

& Zisserman, 2000). This extension keeps the core strategy of “winner take all” and 

does not allow for noisy data to fit multiple models simultaneously. Therefore a noisy 

data point that should belong to the second largest object may be grouped with the 

first, largest object. Not only is this the wrong answer with respect to ground truth, 

but it may contribute to the generation of an inaccurate model. (A further discussion 

of RANSAC and multibody RANSAC can be found in Chapter 3.)

RANSAC was further refined for image analysis by Schindler (Schindler & Suter,

2006) whose approach uses local image space feature sampling to reduce the search 

space. This optimization subdivides the image into smaller regions (halves, quadrants, 

nine equal regions, etc.) and randomly chooses features from those regions to seed 

the model estimator function. It also allows sets to be non-exclusive but does not 

approach disambiguating features belonging to multiple models.

These RANSAC based techniques have two problems. First, data analysis is 

limited to the frame set the model spans and provides no direct mechanism for passing 

data grouping information to the analysis of subsequent frames. Second, they do not 

address the ambiguity of a noisy data point and may assign it to an incorrect group 

with no tagging of that point for further analysis.



2.2.2 M otion M odel Factorization Approaches

These approaches use a multibody form of a frame to frame model, such as the 

fundamental matrix. The elements of this multibody model can be directly calculated 

from the tracked features. This multibody model is then systematically decomposed 

to determine the individual motion models. The construction of a multibody funda

mental matrix has been addressed (R. Vidal, 2002; Vidal et al., 2006)]. The estimated 

dimensionality (Huang et al, 2004) of this multibody fundamental m atrix directly re

lates to the number of independent motions found in the scene. Once these motion 

models are determined, the groups of features matching them can also be determined. 

In one form of this, the fit of a feature to the fundamental matrix with the least re

projection error determines the group label for that feature. Only one group label 

per feature is allowed in this treatment.

In a parallel construction there is a multibody form of the tri-focal tensor (Hart

ley & Vidal, 2004; Zhang et al, 2006) which takes feature correspondences from 

three views, calculates the equivalent multibody tri-focal tensor and follows the same 

methods as the multibody fundamental matrix in order to determine the component 

tri-focal tensors and the groups relating to those tensors.

The effects of noise and outliers are still being studied for the motion model 

factorization techniques. However, the indication is that the number of features re

quired to effectively segment motions is relatively high and increases with the number 

of independent motions present.
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2.2.3 M otion Model Subspace Analysis Approaches

The analysis of subspace motion models takes the opposite approach from the 

factorization techniques. Instead of starting with a combined model such as the 

multibody fundamental matrix and then decomposing it into multiple fundamental 

matrices, these approaches use models that are simpler than the target model to build 

up to more complex models. In other words, these approaches use the subspaces of a 

model, such as a planar homographies, which are easy to calculate in order to form 

the target model, such as the fundamental matrix. One strength to these methods 

is that the number of independently moving objects does not need to be known a 

priori Various models for lighting, motion and camera can be used to perform the 

this sort of segmentation of independent motions.

Illumination subspaces (Maki & Hattori, 2001) were found to be useful in the es

timation of motion grouping by looking at the optical properties of features within an 

image. N-tuples describing surface reflectance properties could be used to group ob

jects of similar motions since the underlying objects were experiencing similar changes 

in the lighting dynamics. This approach is a pixel or image patch based technique 

that may not relate varying textures on a single object as the same object. (For in

stance, the reflectance properties on a vehicle will change depending on the specific 

region, tires, wind shield, trim, etc.)

C.W. Gear (Gear, 1994, 1998) used an orthographic camera model to analyze 

an unknown number of moving objects. The advantage of the orthographic camera 

model is simplicity in that the motion can be described in terms of orthographic, not
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perspective projection on the 2D image plane. Gear notes issues dealing with the 

noise of the system and it is not clear how to apply this approach to a perspective 

projection.

Many other methods use the fundamental matrix and special cases of the fun

damental matrix to describe the model space with various analysis techniques. Tech

niques for building up more complex models include shape interaction matrix analysis 

(Costeira & Kanade, 1995), linear subspace consistency constraints which can address 

both rigid and non-rigid models (Zelnik-Manor & Irani, 2003; Gruber & Weiss, 2004; 

Zelnik-Manor et al, 2006), simulated annealing analysis of the subspaces (Fan et al, 

2004b,a, 2006), subspace separation (Kanatani, 2001). and subspace clustering (Yan 

& Pollefeys, 2005).

In general, these techniques look toward estimating the final models as a way to 

determine the independent groups. They do not attem pt to determine unambiguous 

group membership before determining the final model, nor do they approach this 

problem across many frames of an image sequence. The determination of group 

membership is often secondary to the determination of the “accurate” model. It is 

also not clear that any of these techniques use information from previous frames to 

determine the basis of search for new frames.

2.2.4 Flow Field A nalysis Approaches

Optical flow takes into account all the positional or intensity changes of pixels 

within an image sequence. Techniques here follow 2D segmentation (Zhao & Wang,
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2007) which could be used for 3D or specific treatments of images for 3D related 

image segmentation (Feng & Perona, 1998) using a separation matrix and no “de

fined” features used for matching. These optical flow techniques may also look at the 

application of expectation-maximization as a method for motion segmentation (Vas- 

concelos & Lippman, 1997, 2001)]. One difficulty with the optical flow techniques 

is its use on large regions with very few features such as monochromatic regions on 

vehicles which are ambiguous.

2.2.5 C lustering Approaches

The problem of segmenting image features into groups corresponding to distinct 

3D motions can be thought of as a problem of data clustering. Clustering is a class 

of methods often associated with machine learning or artificial intelligence that takes 

a model and attempts to find commonalities among the data set by using a model 

instance as a classifier (Russel & Norvig, 2003). Like many AI/ML algorithms, the 

general concept of clustering does allow for specific prior system knowledge which 

provides intrinsic mechanisms for seeding searches from knowledge sources outside 

the current frames of interest. However, these “priors” may negatively influence the 

search for classifiers and subsequent feature groupings by skewing the search.

Clustering can be formulated in feature space using a minimum volume ellipsoid 

to describe the model instance (classifier) used for clustering (Jolion et ai, 1991). 

Functionally, this allows for a major/minor axis and an orientation of the ellipsoid. 

In general, this technique is applied to various vision problems including the Hough
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transform (Sect. 3.2.1) and range image segmentation. In Jolion’s work, there is 

no direct comparison of the contents of one cluster with another, but there is a 

classification scheme that allows the most likely classifier to label a particular feature.

Another good example of a clustering used for multiple feature selection is pre

sented by Law (Law et ai, 2004). Although not applied to 3D feature segmentation, 

this technique very easily could be applied in the right domain to 3D feature seg

mentation. Unfortunately, it does feature independence issues that are addressed by 

a minimum distance wins strategy. It also does not directly deal with priors and is 

targeted to finding classifiers instead of groups.

Torr’s work (Torr et a/., 1998) specifically addresses taking these clustering con

cepts and applying them to multiple 3D motions. The feature clusters achieve a 

non-overlapping state by assigning features to only the “most likely” cluster. For 

multiple motions, the technique uses RANSAC as a basis, then constructs models 

that most accurately fit the data. The models consist of fundamental matrices and 

homographies. There is no mention of how to apply information between sets of 

frames to reduce the search for groups. Additionally, since there is no concept of am

biguity beyond the current frame set (pair or triplet), information from outside this 

frame set does not impact the determination of the “most likely” cluster for feature 

membership.
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x=[x,ÿ\

Figure 2.2. The pinhole camera model is a way to project a 3D point through the 
pinhole at the optical center and on to the image plane located at the focal length, 
f, of the system. For a point with spatial coordinates X  =  [X, Y, Z] relative to 
the reference frame centered on the optical center of the system, the projection of 
that point on the image plane (green line) is x =  [x,y] following the relationship in 
Eqn. 2.1.

2.3 R elated A ssum ptions and M odels

In order to have useful feature tracking data, assumptions about the camera, 

camera calibration, and tracking must be made. Since the scope of this work focuses 

on feature segmentation with respect to independent motion, techniques external to 

this work will be used for camera calibration and feature tracking.

2.3.1 Camera M odel

As with many computer vision projects, this project will use the pinhole camera 

model (Fig. 2.2). This is a simple, idealized model that projects images of 3D objects 

onto a 2D plane. The projection of any visible point in the field of view of the camera 

can be expressed on the image plane as:

x = — (2 .1)
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The specific camera configuration for this project will involve a single, fixed focus 

camera capturing multiple frames potentially containing multiple moving objects. A 

single, fixed focus camera is a typical configuration found in many consumer elec

tronics such as hand held digital video, still frame cameras,and cell phone cameras. 

This configuration is also sufficient for investigating 3D segmentation as well as recon

structing objects up to an individual scale factor based on their individual 3D motion 

models. However, since the fundamental matrix is used, the camera parameters are 

not particularly important except that the system assumes a distortion-less image. 

In this project, optical distortions were removed from the image using the Camera 

Calibration Toolbox for Matlab (Bouguet, 2007).

2.3.2 Frame to  Frame C onsistency M odels

A mathematical model is required to identify independently moving groups of 

feature correspondences. In the case of structure-and-motion, the fundamental ma

trix (Hartley & Zisserman, 2000a; R. Vidal, 2002; Faugeras, 1993)] and the tri-focal 

tensor (Hartley & Zisserman, 2000a) are two commonly used feature correspondence 

consistency constraints which are independent of the choice of specific feature corre

spondences and describe geometric relationships between frames. These constraints 

are also independent of camera calibration with the exception of lens distortion. How

ever, using the fundamental matrix or tri-focal tensor, it is only possible to reconstruct 

3D point locations and translational motion up to a scale factor.

Although both models could be used within this project, only the fundamental
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Figure 2.3. The fundamental matrix is a two view relationship that maps a point, 
x, in one image to the epipolar line, I' in the other image via a plane, tt. ( tt is a 
plane that passes through the 3D point of interest X  and the centers of projection 
for the images, C  and C .) The line I' is the line passing through the epipole e' and 
the projection of X  in the right image, x' (/' =  e' x x'). If we define a homography 
Hn such that x' =  HirX, then I' = e' x H^x =  F x  where F  is the fundamental matrix.

matrix will be used. Consistent with other structure from motion research, this work 

will use the fundamental matrix to determine the motion of feature correspondences 

from frame to frame and also as a constraint on the definition of feature correspon

dence group measurement.

The fundamental matrix (Fig. 2.3), F, is a two frame relationship for the 2D 

motion of objects that maps a point, x, in image 1 to a fine projection, I', in image 2 

for a given 3D motion relationship. Mathematically, this linear relationship is:

=  F x  (2.2)

where I' =  (a, b, c)and ax + by + c = 0
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The point x' in the second image matching to x  in the first image must he on 

the line in the second image. This not only reduces the search space for legitimate 

matches, but also provides one more constraint on what features fit the frame-to- 

frame motion associated with a particular fundamental matrix (Hartley & Zisserman, 

2000b). For the case of multiple moving objects, there is one fundamental matrix 

associated with each rigidly connected, independently moving, 3D group.

Due to the 2D and 3D motion dependencies of the fundamental matrix, there 

are various degenerate configurations that must be addressed in order to reduce the 

number of incorrect feature matches (Torr et al, 1995). In particular, rectilinear 

motion of objects in the presence of an object that is static with respect to the 

camera, will produce a degenerate configuration where all rectilinear motions will 

also include the static object.

The degeneracy in the fundamental matrix with respect to rectilinear motion 

is rooted in the projective transform. An object that is static with respect to the 

camera projects the same image in all frames of the sequence. This is also equivalent 

to any object of the same relative dimensions that can project the same image on the 

image plane (Fig. 2.4). If an object moves some distance A X  then the corresponding 

distance in the image is Ax (Eqn. 2.3). As Z, the distance from the camera, gets 

very large with respect to AX, the corresponding change in the image plane goes to 

zero. In this way, an object that is static with respect to the camera can match any 

translational motion.
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a) b)

d)

Figure 2.4. Objects of the same relative dimensions at different distances from the 
camera center can appear identical. The cube in a) at distance zl from the camera 
center will project the image in b). A larger cube of the same relative proportions at 
distance z2 from the camera center can produce an identical image d).

2.3.3 F ea tu re  T racking  A ssu m p tio n s

For the purposes of topic focus, this thesis is limited to existing feature tracking 

methods including hand tracking. It is assumed that the feature tracking data pro

vided to the algorithm is as accurate as possible and the feature tracker determines 

the correspondence of features between frames, although some of the correspondences 

may be incorrect (Torr et al, 1998).

(2.3)
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Chapter 3

ALG O RITH M  TH EORY

In the computer vision community, it is generally taken that accurate frame to 

frame motion model estimation will lead to accurate motion based feature correspon

dence segmentation and that the converse of this is also true. The approach of typical 

algorithms such as RANSAC or MSAC is to first estimate the motion models, then 

segment the feature correspondences accordingly. Implicit to the core of the algo

rithm presented in this thesis is to first determine the correct feature correspondence 

groupings between frame pairs before determining the accurate frame to frame mo

tion models when they are needed. Further, the grouping information is then taken 

as priors for the search for motion based groups in the next frame set.

This chapter explains the definition of a feature correspondence since it is key 

to explaining correspondence space. The concepts for searching in correspondence 

space are presented by first exploring parameter space then exploring both model 

parameter and feature correspondence space representations.

3.1 Feature Correspondences

Multiframe image feature based algorithms are dependent on both the identifi

cation and tracking of image regions (corners, lines, patches, etc.) to be analyzed. In
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this thesis, there is not important specifically how the features are tracked or what 

the features are. It is important to know the relationship of those features between 

the images in which they are detected. The concept of the correspondence between 

image features across frames will be used in both the description of parameter space 

and correspondence space.

W ith this in mind, a feature correspondence is composed of a set image features 

(such as a corner of a window or identifiable patch in the image) which arise from 

the projection of a 3D point or region on to one or more 2D image planes separated

in time or space. For this particular application, a feature correspondence (FC) is

defined as a detected feature ( /)  in the data supplied to the algorithm that is observed 

at multiple time instances (Eqn. 3.1).

= (3.1)

where the nth feature in frame i will be denoted by / ” (or equivalently FC™).

For notational simplicity, a feature correspondence in a pair of frames i and j can 

be expressed as,

=  (3 .2 )

This notation can be easily extended to three or more frames by adding terms to left 

hand side subscript and the right hand side set.

An example of a feature correspondence in an image sequence would be the 

corner of a door which can be tracked across multiple frames. In practice, a feature

22



correspondence does not need to be tracked across the entire data set, nor does it 

need to be contiguously tracked (i.e. corner is seen in frames 1-4 and 9-12 only).

There are two categories of feature correspondences, inliers and outliers. An 

inker FC is the set of all correctly tracked features which arise from the projection 

of a single 3D point on the image plane. In addition to correct tracking, there must 

be sufficient numbers of feature correspondences belonging to a single object to allow 

for the estimation of a model M which can describe them.

An outlier FC is the set of features across image frames that do not all arise 

from a single 3D point or do not meet the criteria of an inker. The outlier FC could 

include components from such things as image noise and incorrectly tracked features. 

For instance, the accidental juxtaposition of two 3D lines, such as a “T junction” 

formed by the horizontal surface of a table and the vertical edge of a door frame, will 

form an apparent feature that can be tracked frame to frame but it does not arise from 

consistent 3D point in space. Another example of an outlier feature correspondence 

is coherent system noise such as a malfunctioning cell in the camera CCD that can 

be tracked across multiple frames.

For an arbitrary image sequence, S  is defined as the set of all 2D feature corre

spondences tracked across the frames of the image sequence.

S' =  . . .F C , . . .F C }  (3.3)

In the case of a single moving object with respect to the camera, there are only 

two groups of feature correspondences to be considered. These are Sideah the set of
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all inlier PC’s and SoutUer , the set of all outlier PC’s (Eqn. 3.4 and Fig. 3.1 a). There 

is a motion model M  which describes the relationship of groups of PC’s between the 

frames. An instance of this motion model, M l,  may be supported by a group of 

feature correspondences S m i  that contains feature correspondences from the single, 

real object and the outlier feature correspondences. A feature correspondence is said 

to support a given model if the fit error of the feature correspondence to the model 

is less than the user defined limit. It should be noted that a single object moving 

with respect to the camera will produce the same image feature correspondences as 

a camera moving with respect to a static object.

S O u tlier =  $  \  $  Ideal (^-4)

In the case of multiple objects with independent motions with respect to the 

camera, there is one set of inlier feature correspondences per independent motion, 

S id ea iG i, and one group of outliers, S o u tU e r , (Fig. 3.1 b). In this case, it is also 

possible that a real motion model, M l, may be supported by a group of feature 

correspondences S mi that contains feature correspondences from both real objects 

and the outlier feature correspondences. If the motions of the two independently 

moving objects are too similar or if the noise in feature tracking is large enough, it 

may be difficult or impossible to differentiate the objects from each other.
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'Outlier

Ideal 1

Ideal 2

b)

'Outlier

Ideal
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Figure 3.1. A scene with one object (a) can be represented by the set of all feature 
correspondences S  which contains the two groups of feature correspondences Sjdeai 
and SOutlier■ Similarly, a multi-object scene (b) will have sets of feature correspon
dences from each object (Sideaii, Sideai2 , etc.) and from SoutUer- A real motion model 
Mi supported by the set Smi may contain feature correspondences from all objects 
present and from the outliers.

3.2 P a ra m e te r  Space

For a single moving object appearing in two frames as feature correspondences, 

there is an ideal description of its n-dimensional motion model, Af, with respect to 

the camera that describes the motion of all features correspondences belonging to 

this object in this frame pair. This ideal description can be thought of as a single 

point in n-dimensional model parameter space where each parameter of the model 

is an orthogonal axis. (In the case of m moving objects with unique motions, there 

would be m points in this n-dimensional model parameter space.)

A simple example of ID motion between two frames at different time points can
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be described by the ID translation equation,

Xi = xq + A x (3.5)

which is simply the point A x  along the single x-axis.

Given a series of features tracked in two frames where the motion is simple 

translational motion (Eqn. 3.5) and there is more than one motion model, we can 

construct a Boolean membership function to determine which features belong to which 

motion model. The membership function might take the form of:

where d(M, FC™2) 1S a distance function determining the fit of the observed feature 

correspondence, to the motion model, M. The ideal case has no noise in the

feature correspondence coordinates so derror =  0.

If we also create a discrete density function that takes a set of feature correspon

dences S, a motion model, M, and an error distance derror which returns a count of 

all the feature correspondences that fit M, we can get a measurement of how much 

support a particular model has within the specified error distance.

g{M , FCi^i derror)
0 otherwise

'error
(3.6)

density(M, S', derror) — Yjn=^g(^M, derror) (3.7)

where M  is the motion model to be evaluated, S  is the set of N  observed feature
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correspondences, F C i 2 is the nth feature correspondence of S  and derror is the ac

ceptable fit error. derror can be described by the distance to the predicted position 

such as the distance to the epipolar line.

3.2.1 The H ough Transform

The Hough transform (Hough, 1962; Gonzalez & Woods, 1992), is one way to 

convert data from an observational space into a model parameter space in order to 

create hypotheses to determine the most likely models for the system. The Hough 

transform is particularly good at detection of regular curves such as straight lines, 

circles, and ellipses in a computationally economical process. Simply put, the goal of 

the Hough transform is to “recognize” models within a data set or image. This is a 

parameter space tracking technique.

For example, if a set of measured points is believed to lie on a series of lines 

where the model of the line can be represented as Eqn. 3.8 (Duda & Hart, 1972) and 

illustrated by Fig. 3.2, then we can divide up the parameter space of rO into bins to 

collect the “votes” supporting a particular model of r, 9.

xcos{9) +  ysin(6) = r (3.8)

Each observed coordinate pair (x, y) (Fig. 3.3 a) associated with a feature in 

the image generates a family of lines passing through (x, y) but with a continuously 

varying r and 9. In the binned model parameter space, we get a “vote” every time a 

line passing through (x, y) satisfies a particular (r, 9) bin described in Equation 3.3.
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Figure 3.2. The typical treatment of a line finder using the Hough transform was 
developed by Duda and Hart Duda & Hart (1972). This formulation avoids the 
undefined slope problem presented in Hough’s patent (Hough, 1962).

After processing all the relevant (x, y) coordinates, we generate a 2 dimensional array 

where the number of votes in an (r, 6) bin relates directly to the amount of support 

from the data for a given model (Fig. 3.3 b). Analysis of the bins can then give the 

dominant models for lines or circles in a data set. If each vote were tagged, each vote 

would also represent the membership of a particular point to the group designated 

by the model (r, 9) for the bin. It should be noted for this example that the Hough 

transform allows features to support (or belong to) different models simultaneously.

Applying the Hough transform to the example where we observe motion between 

two time points in only one dimension, our bins consist of a one dimensional array 

representing the change in x (Ax)  between observations. In this well constrained 

problem, each feature fit to a given model of (Ax) gives a single vote.

The dimensionality of the array of bins is the same as the number of inde-
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Figure 3.3. An example of points belonging to lines r=10 6 =  135 and r=0 ^ =  90 a) 
shown next to the density plot b) with axes (#, r). In the density plot, dark blue has 
the least support and red has the most support.

pendent parameters required to describe a given feature model. Since, the Hough 

transform estimates models by allowing a single feature correspondence to "vote" 

for several models, the exhaustive determination of the most likely models becomes 

rapidly complex with the increase in model dimensionality (n > 3). It also becomes 

data management intensive if the range of the parameters and the likely bin size are 

unknown.

3.2.2 R an d o m  S am pling  C onsensus (R A N SA C )

Another approach to parameter space determination of the most likely model for 

a system, RANSAC, was developed by Fischler and Holies (Fischler & Holies, 1981). 

The algorithm (Fig. 3.4) randomly selects n samples from a data set, generates a 

model, and tests all the points of the data set that fit the model within a specified 

error. It then stores the model with the maximum number of fitting data points (the 

fittest model) then repeats the process until a stopping criteria is reached. Again, this



forms a voting system where the model with the largest number of votes is selected. 

Three major differences from the Hough transform are: 1) a data point is considered 

to belong to at most one model, 2) the amount of memory used to determine the best 

model is not directly dependent on the dimensionality (and binning) of the model 

parameter space, and 3) RANSAC only evaluates support for models that happen 

to be hypothesized by the randomly sampled points. Fig. 3.5 has examples of line 

hypotheses generated through RANSAC’s search process.

A variant of this algorithm proposed by Fitzgibbon and Zisserman (Fitzgibbon 

& Zisserman, 2000) allows for the determination of multiple models from a single data 

set by culling all the data points of the fittest model and restarting the RANSAC 

process on the remaining data. Inherent in this and similar forms of RANSAC is the 

“winner take all” strategy which limits the membership of a data point to the first 

model (and therefore group) it matches.

Although this multibody RANSAC (mRANSAC) has a better mechanism for 

searching higher dimensionality model space than the Hough transform, it fails to 

account for feature correspondence membership ambiguity. These ambiguous feature 

correspondences fit more than one model. Unfortunately, mRANSAC assigns these 

feature correspondences to the largest model they support during the search process 

and does not revisit membership or model estimation after the full search has been 

completed. Since all the data points for a given round are culled from the search set, 

the ambiguous points are only matched to one model. This may lead to the skewing 

of the model or simply the incorrect assignment of ambiguous points to a particular
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ALGORITHM RANSAC
INPUTS A data set S  of feature correspondences which

contains outliers, a distance threshold t and a number 
of trials threshold T (which may be adaptive)

OBJECTIVE Robustly fit of a model to the data set S
1) Randomly select a sample of s data points from S  and

instantiate the model from this subset.
2) Determine the set of data points S % which are within a

distance threshold t of the model. The set S l is the
consensus set of the sample and defines the inliers of S .

3) If the size of S % (the number of inliers) is greater
than some threshold T , re-estimate the model using 
all the points in S 1 and terminate search for 
this group.

4) If the size of S'1 is less than T , select
a new subset and repeat the above.

5) After N  trials the largest consensus set S'1
is selected, and the model is re-estimated using all the
points in the subset S %.

ALGORITHM mRANSAC Modification by Fitzgibbon and Zisserman for 
multiple motions 

INPUTS A data set S  of feature correspondences which 
contains outliers.

OBJECTIVE Robust fit of multiple models to a data set S  which 
contains outliers. This modification uses the basic 
RANSAC algorithm with these additional steps.

6) Remove S l from S  and record fittest
model.

7) Rerun from 1 until S  is too small to support a
model calculation.

Figure 3.4. Random Sampling and Consensus (RANSAC) is a standard baseline al
gorithm typically used in computer vision for rapidly determining the fundamental 
matrix relationship between two video frames. It is designed to determine the single 
most likely model. Modifications by Fitzgibbon and Zisserman (Fitzgibbon & Zis
serman, 2000) allow for multiple models to be generated, but may have insufficient 
ambiguity rejection depending on the data set. Fitness for RANSAC and mRANSAC 
is determined as the first, model with the largest number of fitting feature correspon
dences.
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Figure 3.5. The plots show points belonging to the real lines y =  10 and y =  x. The 
green high lighted points support the line hypothesis shown in the image, a) and
b) show highly supported lines, c) shows a line that has low support and d) shows 
a line that has the minimal possible support to create a line, d) is considered too 
low in support since it has no third point to corroborate the line. RANSAC and the 
proposed algorithm both generate hypotheses similar to the ones show in the above 
plots. RANSAC would classify the point at (10,10) as belonging to the horizontal 
line y=10 when it should be labeled ambiguous.
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group.

3.3 Correspondence Space

The parameter space representation explicitly represents the motion models and 

implicitly represents the PC’s belonging to each model. We can reverse the represen

tations such that we explicitly represent the membership of the PC’s to each moving 

object, and implicitly represent the corresponding motion model for each group of 

PC’s. This representation can be considered to reside in correspondence space. By 

this correspondence space representation of FC membership, we can also explicitly 

identify PC’s that belong to multiple groups.

Correspondence space is a representation of feature correspondence groupings 

that is independent of a specific motion model instance. Where motion model space 

is a continuous, n dimensional parameter space, correspondence space can be thought 

of as simply set membership. In a practical sense, a correspondence space set can 

be represented by a 1 D binary vector of membership inclusion/exclusion. For any 

model or grouping process, the length of this vector is dependent on the number of 

feature correspondences observed.

A useful property of this correspondence space representation is that issues such 

as membership ambiguity are relatively straightforward to examine. This is accom

plished by a simple comparison of the members of two groups within a given analysis. 

This mechanism can be used to compare two groups arising from two different group

ing models such as groups generated by the fundamental matrix and groups generated

33



using a color constraint.

Another useful feature of a correspondence space representation is the ability to 

propagate grouping information to another frame pair. Since the feature correspon

dence definition of a group is simply the feature correspondences that are members of 

that group, it is trivial to use this grouping information as a set of group hypotheses 

or priors to improve the search efficiency in another frame pair. The only constraint 

on this propagation is that enough feature correspondences must exist in both frame 

pairs.

So, this representation gives the appropriate tools to examine membership and 

ambiguity as well as group propagation to other frame pairs. This section will explore 

the exact mechanism to generate and filter the groups as well as how to propagate 

the data to other frame pairs. Various configurations of single and multiple objects 

with and without the presence of noise will be used to illustrate the development of 

the correspondence space grouping and propagation algorithm.

3.3.1 Single O bject

Given a single object producing the set of noiseless feature correspondences 

S  =  Sjdeai and a motion model M  that describes the relationship of feature correspon

dences across the frame pair i and j, we have a density function density (M, S, derror = 0) 

that has a single peak at the motion model Mideah the ideal or ground tru th  motion 

model for the system (Fig. 3.6).

In this noise-free case (Fig. 3.6 c), we can generate Mjdeai by choosing any random
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One Object with No Noise One Object with 0.5 mxel Noise

Figure 3.6. The analysis of a single object moving with a ID translation over two 
image frames (simplified example on top row), (c) density(M, S ,d error) for a ID 
translation only model with a single motion, 1000 feature correspondences and no 
noise, (d) density (M, S, derror) for a ID translation only model with a single motion, 
1000 feature correspondences and derror =  2cr, a =  0.5 pixel Gaussian noise. The value 
of density(M, S, derror) is the number of correspondences that fall within a distance 
derror =  2(7 of their predicted position.
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subset of feature correspondences from S id ea l-  The number of feature correspondences 

in this subset can be equal to or greater than the minimum required to generate a 

unique instance of the model M. Turning relationship around, Mjdeai can be accu

rately represented as any subset of S j d e a i  large enough to generate a motion model.

For the noisy feature correspondences produced from a single, real world object 

(5 =  Sjdeai and derror ^  0), we are looking for Soptimal which is the largest subset of 

Sideal that produces a motion model M0ptimai- ^Optimal is the motion model which 

in turn can describe Soptimai (Fig. 3.6 d).

S  O p tim a l  {F C  . g  ( M O p t i m a l ,  F C  \  d e r r o r ) 1}

=  G^Moptimal, S, derror) (T9)

F I  O pt im al  =  f  { $  O p t im al  )

where F C 1 E 5, S  optimal Ç S  and M  =  f ( S )  is a model estimator for M  given a set 

of feature correspondences S. Because of the measurement noise, it is possible for

| S O p t im a l  | ^  | ^  | •

In practice, we are not as concerned with the shape of density(M, 5, derror), the 

ability to sample this curve or even the ability to calculate M j d e a i  directly as with 

our ability to locate the optimal group of FC’s, S o p t i m a i ,  associated with the peak of 

the curve at (or near) M  =  Mjdeai- The density associated with a model (or group of 

FC’s) is considered the fitness measurement of that model (or group of FC’s). This 

concept is common to the Hough transform, RANSAC, MSAC and the proposed 

algorithm. The proposed algorithm can also use the number of occurrence for a given
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group of FC’s as an additional fitness measure.

From a grouping perspective, the two generated sets will be Soptimal and Sunmatched 

where S  =  Si^eai — Soptimal U ^Unmatched- ^Optimal — ^Ideal ÎS described by MOptimal • 

SUnmatched is the group of all the feature correspondences that do not fit M0ptimai 

within the error distance. In the noiseless case, Sunmatched is the empty set.

An alternate representation of Soptimal using the definition from Eqn. 3.9 is a vec

tor whose elements are the individual function values of g(Moptimal, -FQ j, derror). This 

membership vector, VbptzmaZrepresents the individual feature correspondence member

ship from S for the motion model, Moptimai-

QOpt i mal ,  F C  , derror)

9{MOptimal, F C  , derror) 

9 {MOptimal, F C  , derror) 

9 [FIOptimal, F C  , derror)

VrOptimal (3.10)

where F C n is the nth feature correspondence in S.

Using the membership vector representation, it is easy to define an alternate 

version of the density function (Eqn. 3.7)as a dot product of V with itself (Eqn. 3.11).

densityiV) = V  • V (3.11)
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3.3.2 Single O bject w ith  O utlying Feature C orrespondences

Expanding the case of a single object as represented by feature correspondences 

with observation noise, S  =  Sideah to that same object with outlying feature corre

spondences, S  = SMeal U Soutliers (Fig 3.1) will complicate our search for Soptimal- 

In this context, an outlying FC could arise from mismatching features or system 

noise when determining a FC. These outlying FC’s can add other mathematically 

supported groups. However, due to the nature of outliers, SoutUers have much less 

localized contributions to density(M, S ,d error) than the peak associated with Sjdeai- 

Describing this in terms of the density function,

density (M, S, derror) — density , Sideah derror) density [Ad, Soutliersi derror) (3.12)

where density(M, SoutUers, derror) describes the density generated from the outliers, 

but the group of SoutUers is generally not described by a single motion model Mouthers 

nor does it represent a coherent object. From a grouping perspective, the output will 

again be two groups Soptimal and Sunmatched where S  sIdeal C SoutUers Soptimal C 

Sunmatched where Soptimal S  that matches some Adoptimaii and Sunmatched are all the 

feature correspondences that do not fit Moptimai- Due to the nature of the outlier 

feature correspondences and noise, there may be elements of SoutUers that are included 

in Soptimal- Ideally, Soptimal =  Sideali Sunmatched SOutliers-> and Soptimal Cl SoutUers 

0. In practice, this may not be the case.

38



3.3.3 M ultiple Objects

The case of multiple independently moving objects can be thought of as multiple 

points in n-dimensional model parameter space. In the ideal world with no noise in 

the feature correspondences, this can easily be thought of as a sum of the individual 

density functions associated with the ideal subgroups (Fig. 3.7 (c) and (d)).

m

S', derror) =  de?25%(M, S/deoZGi, derror) (3.13)
i = l

where density(M, SjdeaiGi, derror) is the density weighting function for the observed 

feature correspondences from ith independent object, SjdeaiGi Ç S.

For the case of m  distinct object motion models with no noise, we will see m  

distinct peaks. W ith high measurement noise or multiple motion models that are 

“very close” for each object, the peaks may fuse. In the extreme cases, overlap 

regions between the density functions yield a single peak. Segmenting objects based 

solely on this model is impossible.

In a real world situation, the feature correspondences to be analyzed come from 

a combination of multiple moving objects, static objects with respect to the camera, 

and outliers. In this environment, our goal is to segment out the feature correspon

dences into their correct groups, to track these in the time course of the data set and 

only then to calculate the motion models that allow us to reconstruct the feature cor

respondences into 3D features. W ith these contributions in mind, the more general
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f f l f f l  f f l

Figure 3.7. The analysis of two objects moving with a ID translation over 2 image 
frames (simplified example on top row). (c)density(M, S : derror) for a ID translation 
only model with two motions, 1000 feature correspondences for each motion and no 
noise, (d) density(M, S ,d error) for a ID translation only model with two motions, 
1500 feature correspondences distributed 2:1 between the motions and no noise, (e) 
density {M, S } derror) for a ID translation only model with two motions, 2000 feature 
correspondences distributed 1:1 between motions and derror =  2a, a  =  0.5 pixel Gaus
sian noise, (f) density(M, 5, derror) for a ID translation only model with two motions, 
1500 feature correspondences distributed 2:1 between motions and derror =  2a, a =  0.5 
pixel Gaussian noise. The value of density (M, S, derror) is the number of correspon
dences that fall within a distance derror =  2a of their predicted position.
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form of the density function is:

m

density(M, S', derror  ̂ =  ^   ̂d e n s i t y ^  Sj^eaiQî  derror  ̂ -\- d e n s i t y , SoutUersi derror)
i —l

(3.14)

where density ( M ,  S id e a iG i,  derror) is the density weighting function for the observed 

feature correspondences from ith independent object, S jd e a iG i,  and density ( M ,  S o u t l i e r s ,  derror) 

is the density weighting function for the set of all the outlier feature correspondences,

^O utliers •

The ideal output of a motion based grouping algorithm is m  ideal groups and 

one group of outliers where S  =  S Id e a iG i U S Id eaiG 2 U ... U S jd e a iG m  u  S o u tU e r s -  However, 

the actual segmented output depends on noise level and motion model degeneracy.

This could realistically lead to n overlapping groups and one unmatched group where 

n m.

$  ^ O p tim a lG l U S o p tim a lG 2  U ... U S o p t im a lG n  U S jjn m a tc h e d  (3.15)

where S 0 p tim a iG i Ç S  that matches some M 0 p tim a iG i, and S U nm atched  are all the feature 

correspondences that do not fit any M o p tim a iG i-  Ideally, n  — m  and S o p t im a iG i  Q

SldealG i ■

3.4 Sam pling Correspondence Space

Two tools for probing correspondence space are the membership function (Eqn. 3.6), 

and the density function (Eqn. 3.7). The membership function is used to determine 

which FC’s in S  support the test model M. The data generated from this relationship
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can be represented as membership vector V  (Eqn. 3.10) and can use the vector form 

of the density function (Eqn. 3.11).

For any M 0 v t i m a i  =  f ( S o Pt i m a i ) ,  there is a continuous region around M 0 p t i m a i  in 

model parameter space which has the same membership vector S .  In other words, 

these are M ’s such that they all yield the same set of feature correspondences. This 

membership vector representation allows us to sample and analyze correspondence 

space without requiring knowledge of the specific motion model (or family of motion 

models) it represents. This representation leads to a method of determining not only 

a density maximum in correspondence space but the specific FC’s that belong to tha t 

peak using the membership vector.

A real world system may have both multiple peaks relating to independent mo

tion and feature measurement noise which will allow a given FC to contribute to the 

density value of more than one peak. As in Fig. 3.8, these features would be the 

ambiguous intersection regions.

Since the physical system we are analyzing has the restriction that a given FC 

can only belong to only one physical object, this ambiguity must be identified and 

resolved. Using the membership vectors, the membership ambiguity can be identified 

by comparing the ordered elements of the membership vectors determined for all the 

simultaneous peaks in the density function. Each of these peaks represents a group of 

feature correspondences. However, it may not be possible to resolve the membership 

ambiguity in a single frame pair without additional information.

Once the optimal groups are identified, any ambiguities can be removed from the
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S i d e a l l

Soutl ier

Sideal2

Figure 3.8. As in Figure 3.1, a multi-object scene will have sets of feature correspon
dences from each object, Sjdeaii (left, small, gray circle), Sidean (right, small, gray 
circle), and from Souther (large, gray circle). The optimal motion model Mi supported 
by the set Smi (green ellipse) may contain feature correspondences in common with 
S m2 (purple ellipse). The intersection between Smi and Sm 2 is the ambiguous region 
contributing to the density values of both Mi and M2. It also represents the region 
that is often incorrectly assigned using mRANSAC.

optimal groups by simply comparing the membership vectors for each of the groups 

and identifying overlaps { S ^ ^ igu(ms = S l A Sj W i ^  j). This leads us to propagate 

the unambiguous, unique grouping information to other frame sets or to generate 

Moptimai for reconstruction purposes.

If Fig. 3.5 is reexamined in the context of feature correspondence groups, it would 

show that the most likely groups would correspond to the lines in Fig. 3.5 a) and b). 

The point at (10, 10) would reside in both of these groups and be considered an 

ambiguous point.
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3.5 C orrespondence Space G rouping and Tracking

The basis for correspondence space grouping and tracking is the refined hypoth

esis. A refined hypothesis is defined as a set of feature correspondences S y  Q S  tha t 

can generate a motion model, Mv  such tha t the motion model My is supported by 

exactly Sy  (Eqn. 3.16). It is possible that the Sy  (which satisfies Eqn. 3.16) is a 

Subset of Sy  O ptim al-

S y  =  { F C :  : 9 ( M y ,  d e r ro r ) =  1 }

=  G ( M V, S, derror) (3-16)

Mv = f { S v )

As well as describing My, Sy  is a description for all the models that are supported 

by wholly contained subsets. The properties of the refined hypothesis are important 

in comparing two refined hypotheses with one another as well as providing a trivial 

joining mechanism between two refined hypotheses.

For example, if we compare two refined hypotheses, Syi  and SV2 , where SV2 Ç 

Syi we know that the model family Myicontinuous described by Syi also completely 

describes the model family M V2C(mtinuous- This is a trivial joining condition between 

two refined hypotheses. This condition that is trivial in correspondence space may 

not be trivial in a parameter space comparison of the models.

In parameter space, it may not be possible to compare two “similar” models. 

For instance, what is considered similar when comparing two fundamental matrices? 

However, the supporting refined hypotheses of two different fundamental matrices
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may have a high degree of overlap. This overlap is an indicator that there may be 

a third refined hypothesis that contains both refined hypotheses and produces yet a 

third fundamental matrix that describes the union of the two hypotheses. If a third 

hypothesis containing both overlapping hypotheses can be found, these two overlap

ping hypotheses can be joined as wholly contained subsets to the third hypothesis.

3.5.1 Advantages of C orrespondence Space Grouping and Tracking

Using correspondence space for grouping and tracking has two major advantages 

over using motion model space techniques. First, it can compare two hypotheses 

directly in terms of support data rather than on a parameter by parameter basis. 

Second, it can propagate the grouping information to other time points in the analysis 

without an explicit model of the dynamics.

Since feature correspondence groups in the form of refined hypotheses are stored 

instead of motion models, we can more directly compare the content of the groups. 

This is of interest to determine if the groups supporting the models in fact belong to 

a larger group. In parameter space, what is considered “similar” when comparing n- 

dimensional mathematical motion models? Is this in terms of a concept of “distance” 

between the models? If we are considering algorithmic models, the “distance” measure 

may be difficult to define. Correspondence space grouping allows us to compare 

feature correspondence groups directly, join groups based on content and to introduce 

the metric of group support within a stochastic sampling of the space.

Correspondence space tracking comes in the form of propagating the hypotheses

45



to another frame. This is accomplished by using the feature correspondence space 

representation. Since a given hypothesis is taken as a set of feature correspondences 

which have already been tracked over time, this set can be used as a basis for hy

potheses in another frame. This is in contrast to mRANSAC which determines groups 

using motion models that cannot be taken out of the context of the frame set which 

they describe.

3.5.2 D isadvantages o f Correspondence Space G rouping

The two disadvantages of correspondence space grouping are memory usage and 

computational complexity. In mRANSAC, the model is generated with a member

ship count and this model and count are stored. In the worst case, mRANSAC uses 

memory to store one model for each independent motion determined and memory 

for two additional working models to determine the next most likely motion. The 

proposed algorithm manages data for every hypothesis generated until a most likely 

hypothesis is determined for an independent motion. This can be on the order of sev

eral thousand hypothesis vectors for a noisy, multi-object environment with no prior 

information to narrow the search. As well, the proposed algorithm is required to com

pare each of these hypotheses in order to determine the most likely groups. For both 

memory usage and computation, this can be more complex than mRANSAC if the 

concepts of feature correspondence space grouping are only applied to a single frame 

pair. There are likely memory optimizations, but a straightforward implementation 

of the correspondence space algorithm will use more memory than mRANSAC.
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3.6 Considerations for Correspondence Grouping

Defining a method for optimal feature correspondence grouping must consider the 

properties of the set S  of feature correspondences such as the amount of overlap in the 

peaks of density(M , 5, derror), the time relationships of the feature correspondences, 

the size of the sample set, Ss  Ç 5, from which random samples are drawn, and any 

prior knowledge of the organization of S.

3.6.1 Effective Sam pling o f the Feature Correspondences

A sample set Ss ^  S  for either mRANSAC or the proposed algorithm is the 

set of feature correspondences from which the initial random samples are drawn in 

order to construct a model and eventually a refined hypothesis. For both mRANSAC 

and the proposed algorithm with no a priori data, the sample set is initially equal to 

the set of all feature correspondences S. We keep sampling from Ss until the search 

termination condition is satisfied and the fittest feature correspondence group, Sq i, 

is identified.

Once Sqi has been generated using some base sample set, Ss, the influence of 

this fittest set needs to be removed from Ss  in order to identify other groups without 

S qi dominating the search again. We can remove this influence from Ss  by reducing 

sample set to S^ = S s \  Sqi- This will enable us to determine Sg2 based on the 

sampling set Sg. This process can be repeated until no new groups can be identified.
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In general, the sample set at each iteration is,

S i =  Ss \  (SG1 U S G2 U ... U S &) (3.17)

where i is the number of groups identified. This method effectively reduces the sample 

set, S %Sl for each search iteration. The method for determining the sample set, Sg, is 

the same for both mRANSAC and the proposed algorithm.

3.6.2 Peak Overlap in the D ensity  Function

Since the density function, density (M, S, derr), is a summation of the component 

densities (Eqn. 3.13), it is possible that there will be overlaps between the identifi

able correspondence groups, 5 ^ ,  in the presence of noise and outliers. In order to 

attain better grouping results, all the identified groups, So  /s , should be compared 

against each other. The overlap FC’s should be labeled ambiguous and eliminated 

from any further motion model calculations until unique group membership can be 

determined. Group membership ambiguity is not a consideration for algorithms such 

as mRANSAC that employ a “winner take all” strategy where an FC belongs to the 

first motion model (or group) that identifies it as a member.

For traffic cameras (Fig. 2.1) which have the case of multiple objects moving with 

(or near) rectilinear motion frame to frame and one object that is static with respect 

to the camera, the static object will fit all rectilinear motion models generated using 

the fundamental matrix. mRANSAC will match the features of the static object with 

the largest group and calculate the motion model based on correspondences from
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both groups. This can potentially cause errors in reconstruction.

3.6.3 T im e R elationships o f Feature Correspondences

To reduce the search space in time series data using information from previous 

time points, it is important to make assumptions about how the feature correspon

dences interact over time. With most rigid real world objects, it is safe to assume that 

a feature correspondence belongs to at most a single object throughout the lifetime 

of the feature correspondence. Once this information is identified, it can be used as 

prior information to limit the search space for subsequent searches. Since the rep

resentation of grouping information in correspondence space is model independent, 

propagating this information to subsequent searches using correspondence space is 

nearly trivial.
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Chapter 4

TH E C O R G A P ALG O RITH M

The proposed algorithm of correspondence grouping and propagation (CORGAP) 

is a correspondence space method for segmenting and propagating feature correspon

dence groups across a time series of data using the existence of a consistent motion 

model M  as the membership criteria for these groups. CORGAP consists of five 

algorithms: four algorithms which iteratively build up consistent results between 

frame pairs and one algorithm that applies consistency constraints across larger seg

ments of the time data. The innermost algorithms condense feature correspondence 

hypothesis vectors generated from the random sampling of the seed set of feature cor

respondences, Ss- Feature correspondence grouping, the middle algorithm, manages 

the sampling of Ss, calls hypothesis condensation and then decides which condensed 

groups are kept and analyzed. The outermost algorithm, the hypothesis propagation 

algorithm, uses the information from previous frames as sample sets to feed into the 

correspondence grouping algorithm. It should be noted that the motion model M  

used in these algorithms may not span more than a limited data window of the entire 

data set. The fifth algorithm connects the grouping processes of individual spans of 

frame pairs across the length of the entire time data set.
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4.1 A lgorithm  C om ponents

The five components of the CORGAP algorithm are feature correspondence hy

pothesis generation, feature correspondence hypothesis condensation, feature corre

spondence grouping, feature correspondence group propagation and independent mo

tion object identification. These components work together to form a processing 

pipeline (Fig. 4.1) which to collects consistent groups within a test frame pair and 

across multiple frame pairs in order to build up consistent motion groups across the 

whole image sequence of interest.

Feature correspondence hypothesis generation (Sect. 4.2) is a way to generate 

possible groups by stochastically sampling a sample set Ss  and extending this group 

to the full visible feature correspondence set for the frame S. The output of feature 

correspondence hypothesis generation feeds feature correspondence hypothesis con

densation (Sect. 4.3). Feature correspondence hypothesis condensation is a process 

that compares each new hypothesis to previously collected hypotheses and attem pts 

to join these to form new hypotheses which reduces the search space.

Feature correspondence grouping (Sect. 4.4) determines the dominant groups 

found from a search using the results of feature correspondence hypothesis genera

tion and condensation. It also removes the ambiguous feature correspondences before 

returning the feature correspondence groups with ambiguity removed and an “Am

biguous” group. The group data generated by feature correspondence grouping is 

then passed two both the independent motion object identification algorithm and the 

feature correspondence group propagation algorithm.
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In the flow diagram of Figure 4.1, the IMOID algorithm (Sect. 4.6) is shown to 

come before the feature correspondence group propagation algorithm. Although the 

independent motion object identification algorithm uses this feature correspondence 

group data it does not change it. Instead, it labels the feature correspondences with 

a label indicating the object the feature correspondence is most likely to belong to.

The feature correspondence group propagation algorithm (Sect. 4.5) simply takes 

the feature correspondence group data generated by the feature correspondence group

ing and converts it to a sampling set for the next pair of frames to be processed.

4.2 Feature Correspondence H ypothesis G eneration

For any stochastic search, there must be a way to randomly sample a seed set, 

Ss  Ç S, in order to produce random guesses at the nature of the system. Hypothesis 

generation combines random sampling with an expectation-maximization refinement 

of the sample to produce the required guesses.

4.2.1 Problem  D escription

Given a set S  of feature correspondences between two frames, a seed set Ss Q S, 

and a model that can describe the relationship of the FC’s between frames, use 

stochastic sampling of Ss to generate refined hypothesis vectors SVn  representing 

subsets of S.
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Multiframe FC Data

No

Is Sampling 
Limit reached?

Y es

Yes YesRemaining
Frames?size(S s) > min limit?

No
No

Feature Correspondence  
Grouping

Select Next frame pair from FC Data

Feature Correspondence  
Hypothesis Generator

Feature Correspondence  
Group Propagation

Feature Correspondence  
Hypothesis Condensation

Independent Motion 
Object Identification

Store
Feature Correspondence  

Group and IMOID 
Data

Figure 4.1. CORGAP’s five algorithms can be arranged so tha t the IMOID algorithm 
is in-line with the group propagation (above) or can be run after all the frames have 
been grouped and the groups propagated (not pictured).
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4.2.2 Approach

Feature correspondence hypothesis generation is accomplished by using random 

sampling of a seed set Ss  combined with a process similar to expectation maximization 

(E-M) using the entire set S  to match against. The approach for this hypothesis 

generation is not unlike those found for RANSAC and MS AC in the case where

To begin with, a random sample of feature correspondences is drawn from a 

sample set Ss Ç S. The size of this random sample is the minimum required to 

generate a unique model description M. Ss  is any subset of S  and is not required 

to be all of S. This allows the use of prior information to limit the random selection 

and thereby the search. This information could come from a previous search within 

the current frame pair, from a previous search within a previous frame pair, or even 

from other external information.

From this random sampling of Ss, a model M  is generated. This model is then 

used to seed an E-M like algorithm that alternately generates Srest Ç S  using a 

model M, then estimates a model M  using the subset Srest (Eqn. 3.9). This process 

is repeated until the subset Srest forms a stable set. Each of the resulting subsets 

Sxest that pass a membership size threshold is a refined hypothesis that is stored into 

S v n -

In this process, the generation of a subset of S  matching the generated M  and 

satisfying Equation 3.16 is not guaranteed. By observation, the possible outcomes 

of this processing will be: 1) a generation of a model MTest that has fewer than
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the minimal required number of matching FC’s, 2) a stable M Test, S r e s t  pair or 3) 

an oscillation between multiple Mxest's and Srest’s- Case 3) indicates a numeric 

instability in the calculation of MTest attributable to the bit accuracy of the system 

and the SVD calculation. When this case occurs, the choice is made to take the larger 

of the two sets as the final group. Although it may be possible to oscillate between 

multiple MTest s and SrestS, only cases of oscillation between two M rest^ and SxestS 

have been observed. These observations are consistent with Fischler & Folles (1981). 

Ultimately, convergence is not guaranteed.

The sampling and hypothesis refinement will stop when a stopping limit is 

reached. For the current system, this limit is either based on an adaptive sam

pling limit (Eqn. 4.1) [Hartley & Zisserman (2000c), Fischler & Holies (1981)] or the 

pragmatic system limitation of 64k (65535) samples.

/V =  l° 9 ( l -p )
l o g ( l - ( l - e ) s ) ^  -Q

  2   num berofin liers
totalnumber o f  points

where N is the number of samples required, e is the probability any selected data 

point is an outlier, p is the probability that one random sample of points is free from 

outliers, and s is the minimal subset size.

4.3 Feature Correspondence H ypothesis C ondensation

In correspondence space, it is possible to compare two refined hypothesis in order 

to both save space and find better refined hypotheses. Combining hypothesis may be
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accomplished by combining a vector that is wholly contained within another refined 

hypothesis, or by attempting to combine two refined hypotheses by creating a third, 

larger refined hypothesis.

4.3.1 Problem  D escription

Given a set of stochastically generated refined hypothesis vectors Sv n  that de

scribe consistent relationships between feature correspondences in two frames, deter

mine the largest consistent hypotheses and their frequency of occurrence.

4.3.2 Approach

Feature correspondence hypothesis condensation (Fig. 4.2) is a process that joins 

sets of feature correspondences into larger sets by providing a mechanism to compare 

two sets and join them if the comparison yields a consistent model. We join Syi and 

S v 2 if and only if,

Svi  u  S v 2 Q S v i 2 — G(Mvi2 i S, derror) (4.2)

where Myi2 is the model generated from Syi U Sy2-

This is to say that if the model M y12 estimated by combining the vectors Syi  

and Sy2 generates a set Sy 12 which wholly contains both input vectors, then the 

inputs can be equivalently replaced by a the new vector Syu-

In this algorithm, sets of feature correspondences are represented by binary mem

bership vectors whose entries relate one to one with the feature correspondences 

(Eqn. 3.10). This form not only reduces the data usage, but is a convenient form to
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rapidly compare two hypotheses especially where one hypothesis is a wholly contained 

subset of another. The trivial case where SV2 Q Syi or S y i Q SV2 requires no motion 

model in order to determine the joining condition.

4.3.3 Processing Exam ple

For illustrative purposes, the hypothesis generation and condensation can be 

broken into two parts where hypothesis generation and refinement is the first step 

and condensation is the second step. The correspondence space we are interested 

in can be represented as a matrix of hypothesis vectors that are correspondences 

(columns) vs. motion models (rows) whose entries are the values of membership ( 0  

or 1 ).

In this example, the matrix is reordered such that the largest correspondence 

groups are toward the top of the matrix. If the correspondence groups relate to well 

defined motion, there should be little or no overlap with other correspondence groups. 

In the ideal world with no ambiguous points and no measurement noise, this forms 

a block diagonal matrix when ordered appropriately. When ambiguities are present, 

there may be significant overlap between peaks of density(M , S', derror) relating to the 

independent motions and the corresponding blocks of the matrix.

Beginning with a series of refined hypothesis vectors as in Table 4.1, it is easy 

to see visually that these vectors can produce similar results. Depending on the 

hypothesis refinement process, the vectors may even be identical.

Condensing the matrix of generated hypotheses in Table 4.1 yields Table 4.2 by
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ALGORITHM Feature Correspondence Hypothesis Generation and Condensation 
INPUTS A set of feature correspondences S  and an 

initial search set S s  ^  S  

OBJECTIVE Generate a condensed set of refined hypothesis vectors S v n  and 
frequency of appearance from a stochastic sampling of S s  

and the refinement of the hypothesis using S

1) Initialize system including set S v n  to null, generate
the max_samples stopping condition based on the size of S s  

and system parameters (adaptive sampling limit is sufficient)
2) Loop max_samples times
3) Generate a random hypothesis vector S t e s t  from S s

using the smallest number of FC’s that generates an M test

4) Estimate M test based on S test

5) Determine the S test Q  S  that fits the current M te st

6) go to 4) until S test is stable
7) For each S y i in S v n

8) If
increase the frequency count of S v i  

go to step 2) 
else if S y i  G  S t e s t

replace S v i with S test
increase the frequency count of S v i

go to step 2)
else if S test and S v i have sufficient member overlap 

Create S v t e s t  — S v i  U S t e s t  

calculate M y t e s t  

Ü  S y t e s t  G ( G ( M y t e s t  1 S ,  d e r r o r )  

replace S y t  with S y t e s t  

increase the frequency count of S y t  

go to step 2)
9) Add S test to list of S y jy with freq=l
10) return list of S y ^  with corresponding frequencies of appearance

Figure 4.2. Hypothesis generation and condensation produce a set of condensed, re
fined hypotheses by stochastically sampling refining the guesses by adding feature 
correspondences found in S  using a processing similar to E-M (Sect. 4.2.2), and finally 
combining similar hypotheses using the joining criteria (Eqn. 4.2).
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using element by element equality of the vectors. Applying condensation by model 

generated consistency (Figure 4.2 step 8 ) to Table 4.2 generates Table 4.3 . These 

processing steps do not eliminate vectors, but instead combine vectors in such a way 

as to preserve the relative frequency of occurrence. In either step of the condensation 

processing, the extra column in the tables indicates the frequency of appearance for 

the corresponding vector. mRANSAC and CORGAP share feature correspondence 

hypothesis generation, but feature correspondence hypothesis condensation is unique 

to CORGAP.

In some very clear cut cases, this would be enough information to fully iden

tify the observable objects. However, in the event of noisy data, unequally weighted 

numbers of feature correspondences or a large number of ambiguous feature corre

spondences, this may only provide one likely or largest group and a further grouping 

process is required.

4.3.4 Com parison to  R A N SA C

The selection process in RANSAC (Fig. 3.4 step 5) is the closest equivalent 

processing step to hypothesis condensation. However, RANSAC uses a “winner take 

all” strategy so that the model with the largest support wins. Beginning with the 

same input data from Table 4.1, RANSAC would select M3 which has 7 included 

feature correspondences (Table 4.4). The goal of RANSAC is to determine the best 

model to describe the data. To this end, only the best model and the amount of 

support are saved between iterations.

60



Table 4.1. The columns of this table of refined hypothesis vectors represent a model 
label, the number of members to this hypothesis vector and the hypothesis vector it
self. The rows represent and individual sampling of S that forms a coherent model Mi. 
The correspondence feature hypothesis vector table has been reordered for illustrative 
purposes. The original sample ordering would be M l, M2, M3,etc.

Model
M

Den
sity

Feature Correspondence Membership Vector Position 
1 2 3 4 5 6  7 8  9 10 11 12

Ml 6 1 1 1 1 1 1 0 0 0 0 0 0

M6 6 1 1 1 1 1 1 0 0 0 0 0 0

M4 5 1 0 1 1 0 1 0 1 0 0 0 0

M3 7 1 1 1 1 1 1 1 0 0 0 0 0

M5 6 0 0 0 0 0 0 1 1 1 1 1 1

M2 5 0 0 0 0 0 0 0 1 1 1 1 1

M8 5 0 0 0 0 0 0 0 1 1 1 1 1

M7 5 0 0 0 0 0 0 0 1 1 1 1 1

Table 4.2. Hypothesis condensation provides a compressed form for the data as well 
as the frequency that a particular hypothesis has been selected. This table represents 
the “exact match” condensed version of Table 4.1

Freq Feature Correspondence Membership Vector Position 
1 2 3 4 5 6  7 8  9 10 11 12

2 1 1 1 1 1 1 1 0 0 0 0 0

1 1 0 1 1 0 1 1 0 1 0 0 0

1 1 1 1 1 1 1 1 1 0 0 0 0

1 0 0 0 0 0 0 1 1 1 1 1 1

3 0 0 0 0 0 0 0 1 1 1 1 1

Table 4.3. The densest form of this data analysis is accomplished by selecting two 
hypothesis vectors, generating a model that encompasses both vectors and attempting 
to fit the union of both vectors to this combined model. This table represents the 
consistency model condensed version of Table 4.1. In this case, the vector with the 
density of 8  will be the winner for this round of searching.

Freq Density Feature Correspondence Membership Vector Position 
1 2 3 4 5 6  7 8  9 10 11 12

4 8 1 1 1 1 1 1 1 1 0  0  0  0

4 6 0  0  0  0  0  0  1  1 1 1 1 1
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Table 4.4. Using RANSAC to process the membership vectors from Table 4.1, the 
selected output vector would be the single vector M3 since it is the first model with the 
largest support. Using the same data and same stopping condition for the search, the 
winning vector in RANSAC has a lower density than the equivalent CORGAP winner 
of Table 4.3. If RANSAC were allowed to search further, RANSAC is likely but not 
guaranteed to find the density =  8  vector that CORGAP identified in Table 4.3

§; Den
sity

Feature Correspondence Membership Vector Position 
1 2 3 4 5 6  7 8  9 10 11 12

M3 7 1 1 1 1 1 1  1 0  0  0  0  0

At this point, we can see two clear distinctions between CORGAP and RANSAC. 

First, CORGAP uses a refined hypothesis vector to store the grouping information 

explicitly with the model and density implicitly; the reverse of RANSAC which explic

itly stores only the model and density. Second, CORGAP attem pts to join hypotheses 

using hypothesis condensation to attain the largest refined hypothesis vectors while 

attempting to avoid local maxima in favor of global maxima.

4.4 Feature C orrespondence Grouping

The next step in the algorithm is to group the refined hypothesis vectors from 

the hypothesis generation (Sect. 4.2) and condensation (Sect. 4.3) processing. Fea

ture correspondence grouping is also responsible for identifying ambiguous feature 

corresondences within the resultant groups.

4.4.1 Problem  D escription

Given a method to generate refined hypothesis vectors from a limited seed set 

Ss  and a feature correspondence set 5, generate a series of most likely feature groups
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with the feature correspondences with ambiguous membership labeled.

4.4.2 Approach

The hypothesis generation and condensation algorithm (Fig. 4.2) can be applied 

to a sample set, Ss, and the full feature correspondence set, S', to generate the a list 

of refined hypotheses Svn  and corresponding frequency of appearance.

By examining this list, a fittest refined hypothesis can be determined by first 

looking at the density. The largest density value is considered the fittest. If there 

are two refined vectors of the same density, then the frequency of occurrence is used 

to determine fitness. If there are multiple refined hypotheses that have equal density 

and frequency, the order of appearance on the list is used to break the tie. The fittest 

refined hypothesis is then considered S o o p t im a i i  from the first search of S .

However, finding a single fit group is not sufficient for multiple motions. In order 

to generate multiple groups, the influence of this fittest group must be removed from 

the sample set (Eqn. 3.17). The reduced sample set, Sg, can in turn be used to as the 

input to a second iteration of the hypothesis generation and condensation algorithm 

in order to produce the next most fit refined hypothesis, Scoptiman- This search 

continues to identify the subsequent S o o p tim a ii  relating to consistent MsoptzmaZ until 

there are no new groups formed.

Once the search for all groups is complete, we must consider the possible effects 

of noise and model degeneracies on the contents of the generated groups. These ef

fects may cause feature correspondences to fit several models and groups even though
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they are not part of the fittest object in a group. The members of the Sooptimaus are 

compared to each other and any common feature correspondences are re-categorized 

as belonging to an ambiguous group. Unlike RANSAC and other methods, we are 

allowing a feature correspondence to be a member of multiple final groups. The eval

uation of ambiguity can only be accomplished if we allow the search to group feature 

correspondences in multiple groups. When the search for groups is complete, the 

ambiguous feature correspondences can then be extracted to an “Ambiguous” group 

to be disambiguated later or disambiguated by application of additional criteria such 

as a secondary model. These ambiguous feature correspondences are not considered 

unmatched.

Other than using information from subsequent frame pairs in the form of the 

Independent Motion Identification algorithm (Sect. 4.6) , disambiguating feature cor

respondences will be a subject of future investigation. It should be noted that after 

removing ambiguous feature correspondences from a group, a group may contain too 

few feature correspondences to produce a motion model describing the group. In 

this case, the smallest of these groups will be removed from the group list and the 

ambiguity will be recalculated.

4.4.3 Processing Exam ple

If the results from a search for all groups as described in the above approach 

yields the two fittest groups in Table 4.5, it is apparent by visual inspection th a t 

the equivalent hypothesis vectors overlap in feature correspondences 7 and 8 . After
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Table 4.5. After simulating a second round of searching on the example data, this 
table represents the fittest groups from each search. For the simple example from Ta
ble 4.1, the filtered groups look very much the output from the condensed hypothesis 
at this point.

Group Feature Correspondence Membership Vector Position 
1 2 3 4 5 6  7 8  9 10 11 12

1 1 1 1 1 1  1 1 1  0  0  0  0

2 0  0  0  0  0  0  1 1 1 1 1  1

Table 4.6. The representative output of Correspondence Grouping with ambiguity 
identification.

Group Feature Correspondence Membership Vector Position 
1 2 3 4 5 6  7 8  9 10 11 12

1 1 1 1 1 1 1 0 0 0 0  0  0

2 0 0 0 0 0 0 0 0 1 1  1 1

Ambig 0 0 0 0 0 0 1 1 0 0  0  0

moving these correspondence to an artificial “ambiguous” group, we have three groups 

as the output of this algorithm (Table 4.6).

The grouping data output of this algorithm (Fig. 4.3) can be used by feature 

correspondence group propagation (Sect. 4.5) as a priori data for the next feature 

correspondence grouping. Using this data will reduces the search space for the next 

frame pair grouping and improve processing performance.

4.4.4 Com parison to  R A N SA C

The best analogue in mRANSAC to CORGAP’s correspondence grouping is the 

culling of a membership vector and the rerunning of the RANSAC algorithm on the 

selection set as defined in Eqn.3.17. In the context of mRANSAC, the SooptimaU
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ALGORITHM Feature Correspondence Grouping
INPUTS A set of feature correspondences S', a limited sample set,

S s  O rig in a l , and a model M , which relates 
the feature correspondences over a limited data window.

OBJECTIVE The robust segmentation of a set of feature correspondences,
S ,  into groups, Sq-

1) Initialize S s  — S s O r ig in a l

2) Loop until the size of S s is less than min_size,
the minimum generation size for M

3) Call Hypothesis Generation and Condensation algorithm using S s

and S

4) Add the fittest group from returned S v n > to the
master group l i s t , 6 g

5) Set S s  — S s O r ig in a l  \  S q  
(End of group search loop)
6) Remove all feature correspondences in common to two or more groups

in S o  and add them to S Ambig > the set of ambiguous 
feature correspondences

7) return SG and SAmbig

Figure 4.3. The Feature Correspondence Grouping algorithm is used to determine 
the best, unique groups and corresponding ambiguities. In this context, fittest is de
termined by size first, then frequency of occurrence and finally by order of generation. 
(Sect. 4.4)

66



Table 4.7. Using mRANSAC to finish processing the data, the algorithm would pro
duce two output models with accompanying vectors that would indicate no ambiguity 
between models and feature correspondences. In particular, the information that fea
ture correspondences 7 and 8  have ambiguous group membership would be lost.

Model
M

Den
sity

Feature Correspondence Membership Vector Position  
1 2 3 4 5 6 7 8 9 10 11 12

M3 7 1 1 1 1 1 1 1 0 0 0  0  0

M18 5 0  0  0  0  0  0  0  1 1  1  1 1

is the membership vector after each run of the algorithm on the selection set. By 

the definition of the mRANSAC algorithm, there are no overlaps and not identified 

ambiguities in the individual Sooptimaus. Continuing the algorithm to exhaust the 

search set, two output models with corresponding vectors would be generated. The 

corresponding hypothesis vectors are shown in Table 4.7. Note that feature corre

spondences 7 and 8  are assigned to two different groups with no indication that there 

may not be enough information for positive assignment.

Here, the clear distinction between mRANSAC and CORGAP is the allowance 

for ambiguity between groups.

4.5 Feature C orrespondence Group Propagation

Using a 'priori information will often reduce the search of an unknown space. 

This information can originate with a feature correspondence grouping or from an 

outside agent. For example, if grouping is known for some feature correspondences 

on an object such as a large, yellow school bus, those grouped feature correspondences 

can be used as priors to a new search.
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4.5.1 Problem  D escription

Given a set of grouped feature correspondences as priors, use this information to 

reduce the search set for the current grouping process.

4.5.2 Approach

If a feature correspondence is present in both images of a frame pair defined by 

frame 1  and frame 2 , F 1 2 , where the groups have been processed and is also present in 

the frame pair F 2 3 , we can take all such feature correspondences tha t are valid in both 

frame pairs and convert the group membership vectors in F 12 to group membership 

vectors in F 2 3 . These converted group membership vectors can be used as sampling 

sets in the current frame pair. In this way, feature correspondence group propagation 

(Fig. 4.4) takes predetermined feature correspondence groups and seeds the current 

frame set analysis. Each group membership vector is then used as a seed for the search 

set Ss  in the Correspondence Grouping process. When all membership vectors have 

been used, then the remaining currently unmatched data is used as a sample set. As 

expected, this process reduces the search space with every group membership vector 

that can be put into the context of the current frame pair.

In practice, these seed groups can be determined from other time points in the 

image sequence, by seed groups of other image sequences or manually. As well, after 

propagating a seed group to the particular data window, it may be possible that there 

are too few feature correspondences to generate a motion model. In this case, the 

seed group, regardless of origin, cannot be propagated via Correspondence Grouping.



ALGORITHM Feature Correspondence Group Propagation 
INPUTS A set of feature correspondences, S , and a set of seed 

groups, S q

OBJECTIVE Reduce the size of any particular search space, S s ,
for the analysis of the current data window using model M to 
produce a new set of feature correspondence groups, S q •

1) Initialize S q to an empty set of groups.
2) Loop over all S fGi

3) Apply Feature Correspondence Grouping to S s =  S'Gi

4) Add resulting feature correspondence groups to S q

5) Set S s  =  S  \  S q

6) Apply Feature Correspondence Grouping to S s  using the groups
from S q instead of initializing to an empty set of groups.

Figure 4.4. The Feature Correspondence Group Propagation algorithm is designed 
to pass knowledge within the system in order to narrow the search space thereby 
reducing the processing time.

4.5.3 Com parison to  R A N SA C

There is no direct propagation mechanism in RANSAC to push information 

“learned” from one frame set to the next frame set to be processed. This distinction 

is again because RANSAC is searching for models not group memberships. A model 

such as the fundamental matrix is only valid across the frame set it was calculated 

for and has no mathematical application on another frame set.

During the course of this research, possible ways for propagating the information 

generated by RANSAC were investigated including methods similar to the Feature 

Correspondence Group Propagation algorithm, however, these methods only proved 

to negatively bias the outcome for the next frame set on which RANSAC was applied. 

Practically speaking, RANSAC had a more predictable outcome when restarted on 

each frame set using no history information.
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4.6 Independent M otion Object Identification

In the context of CORGAP, grouping and propagating groups of feature cor

respondences are both processes that can be determined without knowing a larger 

context for those groups. There needs to be a secondary algorithm tha t connects the 

grouping information over the whole time course of the data in order to determine 

the independently moving objects.

4.6.1 Problem  D escription

One approach to identifying a feature correspondence group over an image stream 

is to label each group found in frame pair F 12 and pass the label and group information 

directly to the processing for frame pair F 2 3 . In other words, label each FC with a 

group label the first time it is grouped then keep this label throughout the image 

stream processing. This approach encounters difficulties if the objects observed are 

not well behaved across the frame pairs. An example of a “poorly behaved” group 

is the case where two real world objects initially appear to be moving with similar 

motion in F 12 (which is to say they are labeled as the same group) and are then found 

to have different motions in F23.

In a long image stream, it becomes quickly apparent tha t there are many scenar

ios that are not easily addressed by simple frame pair grouping data. The problem 

is that any set of feature correspondences that are grouped between frames 1 and 

2 (Fi2) may have many different groupings between frames 2 and 3 (F2 3 ) and still 

different groupings in other frame pairs. These cases include:
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a group in F 12 continuing as a coherent group in F 2 3 

a single group in F i 2  splitting to multiple groups in F 23  

multiple groups in F i 2  joining to a single group in F23  

multiple groups in F 12 reorganizing into other multiple groups on F 23  

grouped features of F 12 dropping out to being unmatched features in F23  

unmatched features of F 12 becoming part of a group in F 23

The simple group label propagation concept does not lend itself to any easy 

solution except for the first case where a coherent group continues coherence. Once 

again, the goal of this project is to identify independent 3D motions over an image 

stream. We can rephrase this grouping/labeling problem to address the coherence of 

data over more than a single frame pair by introducing the concept of an independent 

motion identifier (IMOID).

Since an IMOID is a label for a group of PC’s over the time course of the data, the 

considerations for assigning an IMOID should reflect the grouping process of features, 

not the specific model within a given frame pair that is consistent with the features 

for that frame pair. In the case of rigidly connected objects that move in space, 

we can consider that any FC that belongs to an IMOID will always belong to that 

IMOID unless it displays behaviors inconsistent with the members of that IMOID.

From a high level standpoint, the Independent Motion Object Identification al

gorithm (Fig. 4.5) is a set of labeling rules designed to address the above scenarios.
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This set of rules looks at the current frame pair grouping data with the previous frame 

pair information in the form of IMOID labels. The rules for this labeling process are:

1 ) Label the unlabeled PC’s of the current group with the IMOID of the 

largest number of labeled PC’s.

2 ) If all the PC’s of a group are unlabeled, label all the PC’s with a new 

IMOID label.

3 ) If a labeled PC is in the Ambiguous Group increment the bad label count 

for this PC to indicate uncertainty in the labeling.

4 ) If any PC is in the Unmatched Group, increment the bad label count to 

indicate uncertainty in the labeling.

4.6.2 Processing Exam ple

Since this algorithm relates data over frame pairs using the feature correspon

dence labels and the grouping information, the processing example (Table 4.8) will 

address a 5 frame sequence with the four frame pairs F 1 2 , P 2 3 , P 3 4 , F 45 and three 

independently moving objects. For the purposes of this example, the lower threshold 

for a valid group is 4 members.

1 ) F12 - There are only 6  valid feature correspondences which all belong 

to a single moving object PCI and are all labeled with id_l. This is the 

trivial labeling case.
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ALGORITHM Independent Motion Object Identification 
INPUTS A set of feature correspondences, S , across M  

frame pairs that have been grouped into 
N matched groups, S G i ,  unmatched ( S o u n m a t c h e d )  and 
ambiguous (SqA m biguous) groups for each frame pair. 

OBJECTIVE Label each correspondence with an identifier relating to 
it's grouping consistency with respect to other feature 
correspondences.

1) For each frame pair m = 1 to M
2) For matched group S o n where n = 1 to N in for frame pair m
3) Rename any IMOID that occurs in the S o n that also appears in

any previous group of frame pair m to a unique IMOID.
4) Set IM0ID_M0ST to the most commonly occurring IMOID in S o n

If there are no IMOIDs in S o n * set IM0ID_M0ST to a
new unique IMOID

5) Set all unlabeled feature correspondences to IM0ID_M0ST
6) Process Ambiguous Group
7) If a given FC is labeled and is not a member of a group

containing its IMOID, increment bad_label_count.
8) If an FC is unlabeled, leave it unlabeled.
9) Process Unmatched Group by incrementing bad_label_count

Figure 4.5. Identifying unique motions can be accomplished by tracking feature cor
respondence labels independently of the underlying data. As well, the irregularities 
of membership to an Independent Motion Identifier (IMOID) can be fed back into 
the qualifying algorithm to correct or clarify the membership.
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2 ) F 23 - Valid feature correspondences for the second object are introduced 

in insufficient numbers to create a group. No additional labels are gener

ated.

3 ) F3 4  - Valid feature correspondences for the second object are still present 

in insufficient numbers to create a group and a single feature correspon

dence for object 3 is introduced. No additional labels are generated.

4 ) F 45  - Valid feature correspondences for object 2 are now sufficient to 

generate a new label, id_2 . Object 3 has additional features but not enough 

to trigger a group

Although the processing example presented does not address ambiguity, poorly 

matched feature correspondences for limited frames, or outlier points, the algorithm 

is designed to process these accordingly.

4.6.3 Com parison to  R A N SA C

As with propagation, there is no direct analogue in mRANSAC for this algorithm. 

However, the Independent Motion Object Identification can easily be applied to data 

generated by mRANSAC. The aspects of this algorithm that apply to ambiguity 

would not apply.
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Table 4.8. A simple example of Independent Motion Object Identification for 3 inde
pendently moving objects (FC1, FC2 , FC3) across 4 frame pairs.

Fi2 -After Grouping Fi2 -After Label F2 3 -After Grouping F2 3 -After Label
Group 0 Group 0 Group 0 Group 0
FC1-1 F C l-l id_l F C l-l id_l F C l-l id_l
FC1-2 FC1-2 id-1 FC1-2 id-1 FC1-2 id-1
FC1_3 FC1-3 id-1 FC1-3 id-1 FC1-3 id-1
FC1-4 FC1-4 id-1 FC1-4 id-1 FC1-4 id-1
FC1-5 FC1_5 id-1 FC1-7 FC1-7 id-1
FC1_6 FC1_6 id_l FC1_8 FC1-8 id-1

Unmatched Unmatched
FC2_1 FC2_1
FC2_2 FC2_2

F34-After Grouping F34-After Label F45-After Grouping F45-After Label
Group 0 Group 0 Group 0 Group 0
F C l-l id - 1 F C l-l id - 1 F C l-l id - 1 F C l-l id - 1

FC1-2 id-1 FC1-2 id-1 FC1-2 id-1 FC1-2 id-1
FC1-3 id - 1 FC1-3 id-1 FC1-3 id - 1 FC1-3 id-1
FC1-4 id-1 FC1_4 id-1 FC1_4 id-1 FC1-4 id-1
FC1-7 id-1 FC1-7 id-1 FC1-7 id-1 FC1-7 id-1
FC1-8 id - 1 FC1-8 id-1 FC1_8 id - 1 FC1_8 id_l

Unmatched Unmatched Group 1 Group 1
FC2_1 FC2_1 FC2_1 FC2_1 id-2
FC2_2 FC2_2 FC2_2 FC2_2 id_2
FC2_3 FC2_3 FC2_3 FC2_3 id_2
FC3_1 FC3-1 FC2_4 FC2_4 id_2
FC3_2 FC3_2

Unmatched Unmatched
FC3_1 FC3-1
FC3_2 FC3_2
FC3_2 FC3_2
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Chapter 5

RESULTS

CORGAP was compared to mRANSAC using synthetic as well as real world 

data. The synthetic data testing explored the influence of noise, the number of 

moving objects and the influence of objects stationary with respect to the camera. 

In these scenarios, the moving objects can be thought of as vehicles passing through 

an intersection and the object static relative to the camera can be thought of as the 

intersection itself with the surrounding buildings. Using this conceptual model, real 

image data was taken of two vehicles in a scale model town.

5.1 Introduction

mRANSAC was used as the baseline algorithm for comparison to CORGAP due 

to the similarity of processing methods on a frame pair basis using the fundamental 

matrix. However, mRANSAC is not directly comparable beyond the context of frame 

pair analysis without the addition of CORGAP’s Independent Motion Identification 

(IMOID) algorithm to the mRANSAC processing stream.

The synthetic frame pair comparison explores the relationship of noise, number of 

moving objects and the effect of static objects on the accuracy of the segmentation. 

This analysis is extended to a series of frames by applying the IMOID analysis to
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the segmented output from the frame pair analysis. PC’s from real world images 

images were analyzed with the same grading criteria for both frame pairs and image 

sequences.

The experiments performed to gain a better understanding of the accuracy and 

processing performance of CORGAP with respect to mRANSAC primarily focused 

on conditions similar to those found in a traffic intersection. These conditions include 

rectilinear motion between frames, non-rectilinear motion between frames (real world 

data only), the presence of a static objects and the presence of some temporarily 

static objects (real world data only). Parallel and anti-parallel trajectories were not 

studied in that they are were shown to introduce confounding factors in common 

to both mRANSAC and CORGAP. These kinds of issues can also be addressed by 

considering other models such as color, proximity, image and motion relative to the 

surrounding objects. At a later date when the IMOID algorithm is fully developed, 

it would be reasonable to study objects with temporarily parallel (or anti-parallel) 

trajectories.

5.2 D ata  A nalysis

In order to determine the performance of the segmentation process, an automated 

grading system was developed. The grading system is based on using ground tru th  

feature correspondence tags that indicate a unique object labeling, the object type 

(spheroid, cylinder, or rectangular box), “static” motion with respect to the camera, 

or intentional outlier feature correspondences that should not match to any object
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over multiple frames.

The rules for grading a segmentation follow the three group designations of un

matched, matched, and ambiguous. “Unmatched” PC’s were not able to be fitted to 

a model during the group search processing. “Matched” PC’s were grouped using a 

single refined hypothesis. “Ambiguous” PC’s were grouped but to multiple refined 

hypotheses (CORGAP only).

As noted in Table 5.1, objects that are “STATIC” with respect to the camera, 

have a unique grading. These PC’s are only considered to be correctly grouped if 

1) these PC’s are in the unmatched group, 2) these PC’s are the only PC’s in a 

matched group or 3) if these PC’s are in the “Ambiguous” group. In the specific 

case of the fundamental matrix, no translation and no rotation can cause a model 

estimation failure. The rules for grading these group types are found in Table 5.1 and 

an example of group grading is in Table 5.2.

The rules for grading the IMOID processed PC’s are in Table 5.3. For any 

given IMOID label, the FC object label that appears most often is considered a right 

answer. Additionally, any PC that is unlabeled is considered wrong.

In the processing examples, the PC ground tru th  in the form of the object label 

can be derived from the FC label by looking at the section of the label before the last 

underscore. For example, a PC label of BOXl_l has an object label of BOX1. BOX1 

indicates the object is the first rectangular box generated for the test case.
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Table 5.1. This table shows the rules used for automated grading of frame pair 
feature correspondence segmentation. The output of the algorithm is a segmentation 
of feature correspondences into three types: 1) “Unmatched” containing FC’s that 
were not matched to a model, 2) “Matched” containing FC’s that match a model and 
are grouped accordingly, and 3) “Ambiguous” containing FC’s tha t were found to be 
members of more than one “Matched” group. The term “matchable” refers to FC’s 
that belong to any moving object.___________________________________________

Group Type Right FC Grouping Wrong FC Grouping
Unmatched - FC’s labeled STATIC - all matchable FC’s
Matched - the largest group of matchable 

FC’s with the same object base 
label

- FC’s labeled STATIC if no other 
matchable FC’s are present

- FC’s labeled STATIC if 
matchable FC’s are 
present

- any matchable FC’s not 
considered “right”

Ambiguous - all matchable FC’s
- FC’s labeled STATIC

5.3 Synthetic D ata

The development of the mRANSAC and CORGAP implementations required 

controlled test conditions to verify each algorithm in single and multiple object pro

cessing. Using synthetic data, the ground tru th  for feature correspondence positions 

in 2D and the underlying 3D object positions can be generated. As well, an unlimited 

number of test image sequences can be generated in order to explore dependencies 

on such things as noise, relative numbers of feature correspondences, and numbers of 

moving objects.

5.3.1 The Synthetic D ata G enerator

Since the development of CORGAP was specifically in response to the question 

of how to segment 2D feature correspondences belonging to 3D, independent, rigid, 

moving objects (such as vehicles and buildings), the generated feature correspondence
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Table 5.2. This is an example of the application of the grading rules in Table 5.1 as 
applied to 4 groups that could be generated by CORGAP using the three group types
of Unmatched” , “Matchec ” and “Ambiguous” .

Group Label FC Label Base Label(s) Right Base Label(s) Wrong
BASE_GROUP
(type=Unmatched)

BOXl_l
BOXl_2
BOXl_12
BOX1-13
STATIC-3
STATIC-8
STATIC-9

STATIC^ 3 BO Xl= 4

GROUPO
(type=Matched)

BOXl_3
BOXl_4
BOXl_5
BOXl_6
BOXl_7
BOXl_8
BOXl_9
BOX1_10
B O X l-ll
STATIC-1
STATIC-4
STATIC-5

BOXl= 9 STATIC^ 3

GROUP1
(type=Matched)

STATIC-2
STATIC-6
STATIC-7
STATIC-10
STATIC-11
STATIC-12
STATIC-13
STATIC-14
STATIC-15

STATIC^ 9

AMBIGUOUS-GROUP
(type=Matched)

BOX1-14
STATIC_16
STATIC-17
STATIC-18
STATIC-19
STATIC-20

BOXl= 1 
STATIC= 5

Total of all groups 27 7
Score in percentage 79.4% 20.6%
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Table 5.3. These rules are used for automated grading of IMOID labeled feature 
correspondences across an image sequence. They are applied on all the feature cor- 
respondences with the same IMOID label.______________________________________

Right Wrong
- largest group of matchable or STATIC FC’s 

with the same object base label
- any FC with no IMOID
- any non-”largest” group FC ’s

data would necessarily need to mimic the features detected and tracked from a video 

camera recording. The properties of the synthetic data generator include:

1 ) The pinhole camera model is used to project 3D points into the 2D 

image plane.

2 ) The addition of “tracking” noise to the image feature positions simulates 

noise in the image that would influence accurate feature tracking.

3 ) Multiple, independently moving, rigid objects are used to recreate the 

conditions such as those found in the traffic intersection example. The 

generated object shapes were restricted to rectangular boxes and ellip

soids. Only features on the object surface with surface normals facing the 

camera were considered visible.

4 ) Variable object shape and relative size are also required to recreate 

conditions of the traffic intersection example.

5 ) Variable length “video” streams are generated to examine the influence 

of objects entering and leaving the camera field of view.
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As noted above, independent rigid body motion is required to recreate realis

tic simulations. For the purpose of simulating vehicular motion in an intersection, 

rectilinear motions were used. The rectilinear motion model used is:

x = Xq VqI H— — (5.1)

The output of this data generator is a series of frames with “tracked” and labeled 

feature correspondences. In the case of rectangular boxes with only surface features, 

the data sets generated are not unlike tracking the corners of the checkerboard pat

terns in Fig. 5.1. An example of plotting the simulated feature correspondences can 

be seen in Fig. 5.2.

5.3.2 Experim ental Setup

A synthetic data test environment was used to develop both the CORGAP al

gorithm and to test the mRANSAC implementation. Synthetic data encompassing 

variability due to Gaussian noise of the feature tracking, the number of objects and 

the introduction of “static” objects was generated.

A series of synthetic feature tracks using the parameters of Table 5.4 was created 

using randomly generated object positions, velocities and feature tracking noise. Each 

trial used a different random seed for data generation. The two restrictions on object 

motions were: 1) the centroid of all objects must be within the held of view on the 

hrst and last frame of the image sequence and 2) no two 3D velocity vectors could be 

parallel.
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Figure 5.1. The feature data generated by the synthetic generator is not unlike 
tracking the corner features in the checkerboard patter of above cube images. Between 
a) and b) above, the cubes are moving independently very much like a car changing 
lanes behind a truck. The feature correspondences would appear as 2 independent 
objects on an ambiguous background. Between c) and d), the cubes are moving 
along parallel trajectories like two cars in constant velocity traffic. In this case, all 
checkerboard intersections would appear as a single object if no prior information 
were available. If these corner features were extracted and plotted independent of the 
above images, the plots would be similar to those of Fig. 5.2.
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Figure 5.2. The synthetic data generator produces both the 3D and 2D coordinate 
data at any given time point. The images above are plots of the 2D feature data. 
Features belonging to the same object are the same color. Unlike the data that would 
be generated from Fig. 5.1, this synthetic data uses a transparent object model. 
Top row: two independent moving objects at two time points. Bottom row: four 
independent moving objects at two time points.
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The first restriction was achieved by randomly picking the start and end po

sitions of the object centroid in image space and restricting the coordinates to the 

extrema of the image frame. The second condition was achieved by calculating a 2D 

motion vector from the start and end positions and comparing the 2D motion. If 

the orientation of a vector (or its anti-parallel equivalent) was within 10 degrees of 

a previous vector in the same trial, the centroid coordinates were recalculated. The 

2D centroid positions were then put in a 3D reference frame by adding a randomly 

generated Z coordinate. This 2D restriction is actually more restrictive than what is 

required for 3D.

All object features were generated so that only features with surface normals 

pointing toward the camera were considered visible. If the camera center was inside 

the synthetic object or too close to the object surface, the data for that object may 

have no visible feature correspondences even though the object centroid was in the 

field of view. This allowed the balance of visible FC’s to be equal between objects or 

more likely, radically unequal. This method of generating features created realistic 

conditions for feature correspondences from moving objects.

The multi-object test conditions provided a useful case to reduce the number 

of tests. The case where there are N > 1 moving objects is equivalent to having 

outliers for the first N-l group searches. This is true because any random hypothesis 

generated and refined will be in the presence of feature correspondences that do not 

fit the refined model. Of course, these other feature correspondences belong to other 

moving objects, however, the processing will consider only the FC’s fitting the refined
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Table 5.4. These parameters were used in conjunction with randomly generated object 
position and motion to investigate the performance of CORGAP and mRANSAC.

Variable Values
Total Number of Objects 1 ,2 ,3 ,  4
Number of Static Objects 0, 1
Gaussian Noise Levels 
(in pixels)

0.00, 0.25, 0.50, 0.75, 1.00, 
1.25, 1.50, 1.75, 2.00

Number of Features 
per Object

160 features per object

Number of Visible 
Features per Object

ave.=60 + /-  24

Image Size 600 x 600 pixels
Sequence Length 6 to 10 frames
Focal Length 50, 300, 850 pixels 

(161, 90, 39 deg HFOV)

hypothesis as “inlier” and the other FC’s “outliers” .

For the running of mRANSAC and CORGAP on the synthetic data, the same 

random seed was given to both mRANSAC and CORGAP for all trials. This was done 

intentionally to reduce the effects of the random seed on the performance comparison 

of the two algorithms. It was seen in early experiments that if this condition was 

not imposed, mRANSAC and CORGAP could have very different results for similar 

single object conditions. However, if the random seed restriction was applied, the 

results were nearly identical.

5.3.3 Frame Pair R esults

The summary of the general case results for 90 deg HFOV are in Figures 5.3 - 

5.10. (Simulations for IGldeg and 39deg HFOV showed similar results to the 90 deg 

HFOV tests.) These results only reflect frame pair processing and have no indepen

dent motion identification processing. In these tests, each data point is the mean of
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all tests run for that condition with confidence interval error bars assuming a Gaus

sian distribution and a  =  0.05. For FC grouping using no a priori information from 

previous frame pairs, each point reflects the average of 100 frame pairs of analysis. 

For FC grouping using a priori information from feature correspondence propagation 

from previous frame pairs, each data point reflects approximately 500 frame pairs of 

analysis.

In many multi-object cases, frame pairs generated for a particular condition such 

as a 4 moving object test case, contained fewer than the requested visible objects. 

If this situation occurred, the frame pairs were rejected from the frame pair analysis 

but were allowed in the image sequence analysis.

There are three notable trends for the synthetic frame pair testing of the per

formance of CORGAP versus mRANSAC. First, in modes either using or not using 

a priori information, CORGAP scored a higher percent correct than mRANSAC. 

Second, CORGAP used fewer random samples and took less time than mRANSAC. 

Third, in the cases where no static object was present, the noise =  0.0 pixel case 

mRANSAC and CORGAP scored the same (near 100%).

A good demonstration of the model degeneracy in the fundamental matrix can be 

seen in the case of 2 objects where 1 object is static. In this case where mRANSAC 

and CORGAP both scored about 55% correct, there is nothing mathematically to 

differentiate the static objects from the rectilinearly moving object. As well, there is 

no additional motion for CORGAP to use to identify this degeneracy as an ambiguity.

In the case of 3 or 4 objects where 1 object is static, CORGAP was able to



successfully assign the static object FC’s to the ambiguous group which improved the 

CORGAP score to near 100%. W ith no noise added, this difference is solely due to 

CORGAP’s ability to group static object FC’s to the ambiguous group. With higher 

noise levels, this was definitely a contributing factor, however, FC’s belonging to non

static objects were also grouped in the ambiguous group instead of being incorrectly 

grouped.

The search efficiency is also demonstrated in the results of CORGAP and mRANSAC 

in a study of the number of random samples required for modes either using or not 

using a priori information. For a single object or two objects where one is static, the 

number of required random samples for mRANSAC or CORGAP (in either mode) 

are near or at the lower allowed limit of 15 random samples. (Note: the lower limit of 

15 random samples was determined empirically during the development of the syn

thetic data testing.) However, for almost all other cases, CORGAP requires fewer 

random samples to attain as good or better results than mRANSAC. CORGAP’s 

processing requires fewer random samples since it combines hypothesis vectors into 

larger hypothesis vectors.

The drawback to CORGAP however is the time spent on the frame pair that uses 

no previous grouping data, usually the first frame pair. Other than generating random 

samples, CORGAP requires time to compare and combine these samples. This is 

easily seen in the graphs of the data where the algorithm used a priori information 

with lower noise data. This drawback is overcome due to the propagation of data 

from frame pair to frame pair in running mode. In running mode, this propagation
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reduces the frame pair processing time significantly.

As illustrated in the processing examples of Tables 4.3 and 4.4, CORGAP has 

the ability to find larger hypothesis vectors by combining hypothesis vectors for same 

search ending conditions (which may be a hard number of random samples or an 

adaptive limit (Fischler & Bolles, 1981)). In effect, this creates another hypothesis 

vector that may overcome a local minima that random sampling with refinement 

cannot. This behavior was seen in preliminary experiments.

5.3.4 Im age Sequence R esults

The image sequence analysis used the IMOID algorithm applied to the grouping 

data provided by either mRANASAC or CORGAP. The output of mRANSAC was 

modified to record the feature correspondences that grouped together within the 

analyzed frame pair.

The analysis of randomly generated six frame sequences with a 90 deg HFOV 

shown in Figures 5.11 and 5.12 are consistent with the results from the individual 

frame pairs of Figures 5.3 - 5.10. (Simulations for IGldeg and 39deg HFOV showed 

similar results to the 90 deg HFOV tests.) In general, CORGAP has better percent 

correct scores than mRANSAC. As a check for both algorithms, both should have 

a perfect score for single object case with the noise =  0.0 for either the static or 

non-static conditions. This test was satisfied for both algorithms (Figures 5.3 and 

5.7).

The mechanism of group propagation from one frame pair analysis to the next

90



1 Object 1 Object

a)

R A N SA C  

C O R G A P

1.00 0 .5 0  1 .00  1 .50  2 .0 0  2 .5 0  

Noise (pixels)

b)

9 9

9 8

Ï -
I 95& 94 

9 3  

9 2  

91

R A N SA C

C O R G A P

0 .0 0  0 .5 0  1 .0 0  1 .50  2 .0 0  2 .5 0  

Noise (pixels)

1 Object 1 Object

I  . l u n w *

c)

1
0 .0 0  0 .5 0  1 .00  1 .50  2 .0 0  2 .5 0  

Noise (pixels)

1 Object

d)

1

0 .0 0  0 .5 0  1 .00  1 .5 0  2 .0 0  2 .50  

Noise (pixels)

1 Object

R A N SA C

C O R G A P

■
* ■ ■ ■ ■ ■ ■ ■ ■

R A N SA C

C O R G A P

e)

0 .0 0  0 .5 0  1 .0 0  1 .5 0  2 .0 0  2 .5 0  

Noise (pixels)

f)

0 .0 0  0 .5 0  1 .00  1 .50  2 .0 0  2 .5 0  

Noise (pixels)

Figure 5.3. The image pair results for CORGAP and mRANSAC run on one non
static object with no outlier feature correspondences (90 deg HFOV). The error bars 
indicate the confidence interval (a =  0.05). The graphs show percent correct (a and 
b), number of random samples used (d and e) and processing time in seconds (f and 
g). The graphs of the left column are of CORGAP using no a priori data and reflect 
about 100 trials per data point. The graphs in the right column has grouping data 
seeding the CORGAP search and reflect 500 trials per data point.
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Figure 5.4. The image pair results for CORGAP and mRANSAC run on two non
static objects with no outlier feature correspondences (90 deg HFOV). The error bars 
indicate the confidence interval (a =  0.05). The graphs show percent correct (a and 
b), number of random samples used (d and e) and processing time in seconds (f and 
g). The graphs of the left column are of CORGAP using no a priori data and reflect 
about 100 trials per data point. The graphs in the right column has grouping data 
seeding the CORGAP search and reflect 500 trials per data point.
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Figure 5.5. The image pair results for CORGAP and mRANSAC run on three non
static objects with no outlier feature correspondences (90 deg HFOV). The error bars 
indicate the confidence interval (a =  0.05). The graphs show percent correct (a and 
b), number of random samples used (d and e) and processing time in seconds (f and 
g). The graphs of the left column are of CORGAP using no a ■priori data and reflect 
about 100 trials per data point. The graphs in the right column has grouping data 
seeding the CORGAP search and reflect 500 trials per data point.
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Figure 5.6. The image pair results for CORGAP and mRANSAC run on four non- 
static objects with no outlier feature correspondences (90 deg HFOV). The error bars 
indicate the confidence interval (a =  0.05). The graphs show percent correct (a and 
b), number of random samples used (d and e) and processing time in seconds (f and 
g). The graphs of the left column are of CORGAP using no a prion  data and reflect 
about 100 trials per data point. The graphs in the right column has grouping data 
seeding the CORGAP search and reflect 500 trials per data point.
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Figure 5.7. The image pair results for CORGAP and mRANSAC run on one static 
object with no outlier feature correspondences (90 deg HFOV). The error bars indicate 
the confidence interval (a = 0.05). The graphs show percent correct (a and b), number 
of random samples used (d and e) and processing time in seconds (f and g). The 
graphs of the left column are of CORGAP using no a priori data and reflect about 
100 trials per data point. The graphs in the right column has grouping data seeding 
the CORGAP search and reflect 500 trials per data point.
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Figure 5.8. The image pair results for CORGAP and mRANSAC run on one static 
and one non-static object with no outlier feature correspondences (90 deg HFOV). 
The error bars indicate the confidence interval (a = 0.05). The graphs show percent 
correct (a and b), number of random samples used (d and e) and processing time in 
seconds (f and g). The graphs of the left column are of CORGAP using no a priori 
data and reflect about 100 trials per data point. The graphs in the right column has 
grouping data seeding the CORGAP search and reflect 500 trials per data point.
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Figure 5.9. The image pair results for CORGAP and mRANSAC run on one static 
and two non-static objects with no outlier feature correspondences (90 deg HFOV). 
The error bars indicate the confidence interval [a =  0.05). The graphs show percent 
correct (a and b), number of random samples used (d and e) and processing time in 
seconds (f and g). The graphs of the left column are of CORGAP using no a priori 
data and reflect about 100 trials per data point. The graphs in the right column has 
grouping data seeding the CORGAP search and reflect 500 trials per data point.
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Figure 5.10. The image pair results for CORGAP and mRANSAC run on one static 
and three non-static objects with no outlier feature correspondences (90 deg HFOV). 
The error bars indicate the confidence interval (a — 0.05). The graphs show percent 
correct (a and b), number of random samples used (d and e) and processing time in 
seconds (f and g). The graphs of the left column are of CORGAP using no a priori 
data and reflect about 100 trials per data point. The graphs in the right column has 
grouping data seeding the CORGAP search and reflect 500 trials per data point.
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Figure 5.11. Image sequence results using IMOID algorithm for CORGAP (red line) 
and mRANSAC (blue line) for a) 1 object moving object and b) 1 static object. 
Neither case has outlier feature correspondences in the data.

increases the likelihood that a group of FC’s in one frame pair will also group the 

same way in the next frame pair. The IMOID processing uses the information from 

the correctly grouped data and the ambiguous data across the frames in the sequence 

to increase the trend of percent correct

CORGAP’s ambiguity labeling, hypothesis condensation and group propagation 

are responsible for the data trend seen in the sequence analysis. The IMOID pro

cessing rule set favors CORGAP’s ability to label FC’s as ambiguous. It does not 

change the IMOID of ambiguous FC’s and only updates those IMOIDs that have been 

assigned unambiguous membership. This does not adversely impact mRANSAC in 

the 1 object case (Fig. 5.11), but does impact it for multiple objects (Fig. 5.12).
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Figure 5.12. Image sequence results using IMOID algorithm for CORGAP (red line) 
and mRANSAC (blue line) for 2 objects (a and b), 3 objects (d and e) and 4 objects 
(f and g) with no outlier feature correspondences for any of the cases. The left column 
has n moving objects with respect to the camera. The right column has n - 1 moving 
objects and one static object with respect to the camera. The measurement of the % 
correct indicates the number of feature correspondences correctly grouped together 
(using the rules in Table 5.3) divided by the total number of feature correspondences.
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5.4 Real World Data

CORGAP and mRANSAC are not feature tracking algorithms, but they depend 

on accurate feature tracking. One possible source of real world data can come from 

hand held video cameras. However, this introduces several confounding factors such 

as image compression and variable lighting. These two factors impact the quality of 

the feature tracking which is not the focus of this project. In order to eliminate these 

two factors, the decision to use a scale model town was made.

5.4.1 Experim ental Setup

Feature correspondences generated from video data depend on several factors 

that must be correct: 1) proper camera calibration, 2) consistent tracking, 3) feature 

track data from undistorted images, and 4) experimental setup.

The cameras used for data acquisition were calibrated using the Camera Calibra

tion Toolbox for Matlab (Bouguet, 2007). Removing lens distortions from the feature 

tracking data is simply the rectification of either the image frame before tracking or 

the tracked data from a distorted frame. The technique of image rectification before 

tracking was used on the final “real world” images.

Even in the case of rectified images, the consistent tracking via automation did 

not always work properly because the image resolution was too low to produce the 

number of features required to properly identify a moving object. After several at

tempts to acquire enough feature correspondences to satisfy the algorithm, the fall 

back of hand tracking the features was used. This also had the benefit of giving the
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Figure 5.13. The straight roadway (a) demonstrated one of the unresolvable degener
ate motion cases of the fundamental matrix where all motions are parallel and will fit 
the same fundamental matrix. By altering the paths of the vehicles to a curving road
way (b) the geometry becomes sufficiently different that the feature correspondences 
will separate into as many fundamental matrices as there are independent motions.

researcher easy control over all the feature labels.

5.4.2 R esu lts

The first experimental setup (Fig. 5.13 (a)) allowed the capturing of frame data 

with 1, 2, or 3 moving objects (buildings and vehicles) with respect to the cam

era. Note that these objects are following straight line paths parallel to the camera 

gantry. Mathematically, this is the degenerate case in the fundamental matrix where 

all objects traversing parallel, rectilinear paths will fit a single model and refined hy

pothesis. This is the same case that is avoided in the synthetic data by eliminating
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near-parallel or near-anti-parallel vectors (Sect. 5.3.1). This condition escaped notice 

of the researcher until the tracking, system control, and software were sufficiently 

debugged and removed as possible sources of confusion. Once the conditions of this 

degenerate configuration were confirmed, the camera gantry and road sections were 

rearranged to a non-parallel configuration (Fig. 5.13 (b)).

After modifying the experimental setup, data was taken for 2 moving vehicles 

and one moving camera. Although the video data is inherently high contrast, the 

processed output from both mRANSAC and CORGAP did not clearly demonstrate 

satisfactory group separation for automatically tracked features. However, CORGAP 

was better able to separate the two vehicles from each other than mRANSAC. The 

difficulty here was the low density of the features tracked due to the image resolution. 

Features for this setup were tracked using software provided by Chris Baker (Baker, 

2007).

The third experimental set up used a higher resolution camera (2560x1920) on a 

tripod as a stop action animation device. The scene consisted of a two moving vehicles 

and a number of buildings that were static with respect to the camera (Figs. 5.14 and 

5.15). The tracker was replaced by hand tracking over a series of 10 frames with 

an average of 20 features per object. In the case of the static buildings, 37 features 

per frame were consistently tracked. (No outlier features were introduced.) This 

experimental setup is a closer match for what can be seen from pole or building 

mounted traffic cameras.

The end to end processing of the 10 frame sequence (Fig. 5.16) demonstrated
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Figure 5.14. These are example frames from the 10 frame stop action animation 
sequence showing the two moving vehicles in static “Legoton” . Images a) and b) are 
raw images with lens distortions. Images c) and d) are the undistorted versions of a) 
and b) respectively. Image e) shows the grouped tracks of feature correspondences 
across the 10 images of the sequence. Tracks in green and blue are the moving objects. 
Tracks in red are the static building scene.



Figure 5.15. These are the 10 frames analyzed from the stop action sequence. In 
the 4th and 5th frames the white vehicle comes to a stop while the brown vehicle 
continues. These paths are more complex than the paths in the synthetic data.



results consistent with the synthetic frame pair data (Figures 5.3 - 5.10). Allowing 

for the same 10 frame pairs and processing at the estimated 0.7 pixel noise, the image 

sequence was processed 2600 times using different random seeds for each processing 

run in order to overcome effects from the interaction of the random sampling with 

adaptive stopping condition. (The pixel noise estimate is drawn from the measure

ments of all features tracked from the static objects of the scenes such as the buildings 

and streets.) It was apparent on this real world data that the IMOID processing is 

time direction dependent. To examine the effects, the sequence was processed both 

forwards and backwards in time.

On average, CORGAP scored higher than mRANSAC. On this 10 frame se

quence, CORGAP’s accuracy results were between 3% (reverse) to 9% (forward) 

higher than mRANSAC. Additionally, CORGAP consistently was able to come to an 

answer in far less processing time and with fewer random samples than mRANSAC 

(Table 5.5). All these results were compared using confidence interval errors estimates 

with a  =  0.05.

Since the IMOID algorithm results were lower than expected, I determined that 

one component of the IMOID algorithm that is missing is the ability to reintegrate 

groups or feature correspondences that have fragmented over time. The fragmentation 

is due to the noise level of the particular frame instance of a feature correspondence. 

This was identified early in the research as a potential problem. In the IMOID 

algorithm data processing, the number of IMOID labels increases rapidly over time for 

especially noisy data. Each time features do not fall into consistent groups, another
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Figure 5.16. The left column looks at the results of processing the image sequence 
forward in time and the right column processes the same sequence backwards in time. 
CORGAP scores better than mRANSAC for most but not all frame pair cases. Unlike 
mRANSAC which has frame pair processing independence, CORGAP’s propagation 
of the data from previous frame pairs demonstrates a directional dependence. (2600 
random seeds were used to seed mRANSAC and CORGAP to generate these graphs.)
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Figure 5.17. Ultimately, CORGAP scores higher than mRANSAC for the whole 
image sequence. This behavior is consistent with the frame pair results (Fig. 5.16). 
The IMOID processing also shows a directional dependence for both CORGAP and 
mRANSAC. This is due to the nature of the feed forward of data in the IMOID 
algorithm. (2600 random seeds were used to seed mRANSAC and CORGAP to 
generate these graphs.)

IMOID label is generated. In these processed cases, there were several times the 

number of IMOID labels than objects in the scene.

Table 5.5. Results of 10 frames processed 2600 times with unique random seeds. 
CORGAP scores better in all categories. Most notable is the speed of end to end 
processing. The error reflects the confidence interval of O.O5.

Method Rrocessmp % Correct Random
Samples

mRANSAC Forward 52.2 d= 0.3 11300 ±  100 2.73 ±  0.02
mRANSAC Reverse 55.9 ±  0.4 12100 ±  100 2.91 ±  0.02
CORGAP Forward 61.9 T 0.4 981 d= 15 0.55 ±  0.01
CORGAP Reverse 59.7 =b 0.4 904 ±  16 0.72 ±  0.02
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5.5 Summary

Comparison tests between CORGAP and mRANSAC on the same synthetic, 

frame pair data indicate that CORGAP generally performs better in all categories 

after the first frame pair of the algorithm. In complex cases with low noise, this start

up frame pair may be a significant overhead. As well, CORGAP is able to remove the 

influence of the degenerate static background from cases where there are two or more 

moving objects and one static object in the data. The test conditions chosen are not 

unlike those seen by a standard traffic camera aimed at an intersection. The moving 

objects can be thought of as the cars passing in the intersection and the static object 

can be thought of as the intersection itself.

In the case of data taken from a real video camera, CORGAP performed better 

on both individual frame set analysis and image sequence analysis. The IMOID 

analysis however uncovered two difficulties with the analysis. First, the analysis is 

directionally dependent and may yield results processed one direction that are better 

than if processed in reverse. Second, the splitting of IMOID labels needs to have a 

mechanism for reintegrating multiple labels into a single coherent group. This will 

likely be based on some probability of belonging to an IMOID label in a model sense.
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Chapter 6

CO NCLUSIO NS

CORGAP has many capabilities that were developed with the properties of the 

fundamental matrix in mind, but these capabilities are applicable to other multi- 

” snapshot” data sets. Like mRANSAC and similar algorithms, the goal of CORGAP 

is to group feature correspondences using a consistency model. Unlike mRANSAC and 

other algorithms that seek to determine consistency models as the description of the 

grouping process, CORGAP uses the feature correspondence domain for describing 

grouping information. By itself, this sets CORGAP apart. It is further differentiated 

from mRANSAC by the addition of search efficiency from combining hypotheses, 

detecting ambiguity, accepting external data (or propagation data) and the ability to 

compare groups by their membership instead of model descriptors.

6.1 D iscussion

CORGAP was developed specifically to address the problem of how to seg

ment 2D image feature correspondences from 3D independently moving objects. The 

CORGAP algorithm is independent of a specific consistency model. By approaching 

the system to be segmented as a labeling process in correspondence space, CORGAP 

seeks to derive grouping information from a data set using a consistency model. This
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is inverted from R ANS AC that seeks to derive consistency models and any group 

membership data is incidental. Since CORGAP describes groups in terms of its mem

bership, CORGAP allows the comparison of groups generated from different models 

and allows the algorithm a much wider use than mRANSAC. For instance, CORGAP 

is able to compare the feature correspondence group from a motion model to a fea

ture correspondence group from a depth (or color) model. However, comparing model 

descriptors from these models may prove difficult at best.

More importantly, the grouping process does not need to be a single mathemat

ical model. The consistency model is only required to determine a binary answer for 

group membership under given conditions. It is entirely conceivable that a model 

for group membership could be based on such things as feature localization, color 

variation, 2D motion or even a combination of several models.

Once this feature correspondence space grouping process has been accomplished, 

the sets of feature correspondence labels can then be used to generate the propagation 

data for subsequent grouping processes. Tracking the grouping information in this 

space not only allows for a method of injecting new data to the groups but also 

allows CORGAP an easy vehicle to pass information between frame sets. These 

abilities are not open to mRANSAC. Another benefit to describing groups in feature 

correspondence space is identifying ambiguities to which other models or processes 

could be applied in order to improve the accuracy of the grouping data. If a locality 

model had been applied as a secondary model in the processing of the stop frame image 

data, it is likely the accuracy scores for CORGAP would have risen dramatically.
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By itself, grouping within frame pairs is insufficient to accomplish the goal of 

the project. The application of the independent motion identification (IMOID) algo

rithm further filters the feature correspondence groups into groups based on consistent 

grouping properties across the video (or data) stream.

In a sense, the IMOID algorithm is misnamed. Although it was designed to assign 

independent motion id’s (IMOIDs), the algorithm intrinsically “knows” nothing of 

the underlying group processing, the consistency model that generated the groups, 

or even motion. The IMOID algorithm is simply a grouping consistency algorithm 

that tracks the membership labels (in this case, feature correspondence labels) across 

a series of data that need not even be time ordered.

The IMOID processing allows the introduction of new data from the current 

frame pair being processed to the information of previously processed frame pairs. 

The form of the IMOID processing used in this project does not penalize the label

ing of a feature correspondence as ambiguous. Exploring this labeling showed that 

the IMOID algorithm actually had better results when the tracking noise was over 

estimated even on synthetic data where the noise is defined. This over estimation 

made the ambiguous group larger which is not a penalty in the IMOID processing. 

It is actually better to admit ambiguity than to assure the membership to a definite 

group. Unfortunately, if the grouping data is poor enough, the IMOID algorithm 

as it stands has no mechanism for recombining data thereby reducing the number 

of IMOID labels and groups. As expected, RANSAC had poorer results from the 

IMOID processing if the noise was overestimated.
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One of the strengths of CORGAP is that after the first frame pair, it “knows” 

where to start looking for the appropriate group. By using this seed vector on a per 

group basis and allowing the injection of new feature correspondences via a compar

ison to all feature correspondences present, CORGAP can propagate the correspon

dence space model and adapt to new information. This cuts down the search space 

significantly in future frame pairs and keeps the correspondence space representation 

of the object up to date.

For example, in the case of four identified objects with equal numbers of feature 

correspondences in each group from a previous frame pair, CORGAP will use the 

four group descriptions from the propagation data first. This becomes a search of 

four sample sets relating to “known” groups which provides a chance at fewer outliers 

in the generated random hypotheses. In turn, the search time will drop for each FC 

group in the current frame pair. For CORGAP applied to N PC’s per object, this 

is a search of four N element vectors plus whatever is an outlier from these searches. 

For sRANSAC applied to the same FC’s, this is a search of four vectors as well but 

with sizes 4N, 3N, 2N, and N plus whatever is an outlier from these searches.

This project was designed not to replace RANSAC, but rather to answer the 

question of how to best segment two dimensional image features from independently 

moving three dimensional objects. To that end, there may be a synthesis between 

RANSAC and CORGAP to improve processing performance.

CORGAP has an inherent order n 2 problem in the comparison of the vectors 

with all other vectors generated. This is not a problem in cases where there is a
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seed set that is reasonably close to the final group. However, this is a significant 

problem on start up with very noisy data. RANSAC does not experience this problem 

but inherently must search to the adaptive sampling limit to be “sure” that enough 

samples have been taken. It may be possible to use mRANSAC on the first frame 

pair to provide a priori information to CORGAP on that same frame pair in order to 

reduce processing time on start up and to preserve CORGAP’s processing accuracy.

6.2 Conclusions

The CORGAP algorithm is able to address the deficiencies of mRANSAC using 

correspondence space and the specific identification of ambiguity within the grouping 

process on a frame pair basis. Features of CORGAP include:

1 ) Faster processing time than mRANSAC for frames beyond the first frame 

pair for multiple objects. Attaining a priori information for the first or 

second frame pair could even be a manual process. For the 10 frame real 

world image case, this improvement was between 4.0 and 4.9 times faster.

2 ) Designed specifically for multi-frame tracking.

3 ) Designed to eliminate ambiguity between identified groups regardless of 

tracking duration.

4 ) Independent of a specific class of model and can be used on 2D tracking or 

single frame grouping given the appropriate model. The model definition 

is not limited to a mathematical relationship like a line or ellipse, but
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can be expanded to include color, shape, orientation, image patches, etc. 

In the case of 3D segmentation, typically, either the fundamental matrix 

(FM) or tri-focal tensor (TFT) is used.

5 ) Frame to frame grouping data propagation is built into the design.

6 ) Automatic injection of new points as the data analysis progresses frame 

to frame

7 ) Tracks feature correspondence groups not models. Since it is tracking 

groups, we can apply other group tracking mechanisms in conjunction 

with CORGAP.

8 ) Ambiguity identification and rejection provides more accurate group

ing. This is particularly important in 3D strneture-and-motion recon

structions.
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Chapter 7

F U T U R E  IN V ESTIG A TIO N S

The development of the CORGAP algorithm has opened at least two major 

avenues of future development. In the context of the algorithm, there are areas 

such as simultaneous, group identification and application of a secondary model to 

disambiguate feature correspondences that can be investigated. A second major area 

of future development is to use the scale model town which well characterized building 

elements as a test bed for computer vision algorithms for use in single and multibody 

motion segmentation and historic reconstruction.

7.1 Future Investigations O utside the Scope of th is Project

The future investigations from this project break into two significantly different 

categories; 1) the CORGAP algorithm and 2) the scale model test bed for computer 

vision.

7.1.1 C O R G A P

In the context of 3D grouping and reconstruction from video, CORGAP can be 

improved in areas such as:

1 Optimization of Correspondence Grouping by extracting more than one
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group from a grouping iteration by identifying multiple “best” groups.

2 Disambiguation of feature correspondences based on the application sec

ondary models (such as other geometric constraints, proximity, color, ori

entation, etc.) or information from other stages of processing (such as 

information from previous and subsequent correspondence groups).

3 Investigate feature correspondence propagation across occlusion. This 

would include feedback to the tracking mechanism and re-labeling of fea

ture correspondences across occlusions.

4 Investigate uses of CORGAP on multiple synchronous image streams such 

as stereo/ multi-camera systems.

5 Automatic or semi-automatic integration of multiple, asynchronous image 

streams from either from cameras at different times or a separate data 

collection from the same camera. This could be based on identification of 

feature grouping descriptions.

6 Use of consistency models other than the fundamental matrix as the pri

mary model. These might include locality, color, luminosity, shape, tex

ture variability or the use of greater than two frame consistency models 

such as the trifocal tensor and higher order models.

7 Investigation of how to reintegrate feature correspondences into groups in 

the IMOID algorithm
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8 Use of secondary models for disambiguation including more explicit han

dling of uncertainty based on multi-frame likelihood of groupings.

9 Efficiency investigations for stopping conditions.

7.1.2 Scale M odel

The scale model town, Legoton, is designed as a setting that is very reproducible 

during a data acquisition, and also with built in ground truth. This allows the scale 

model to be a near ideal test bed for 3D reconstruction algorithms. However, the 

flexibility of the model could be improved. Improvements include:

1 ) Development of a town “history” to aid in the development of historic 

reconstruction algorithms. (This is currently built but not tested.)

2 ) Development of more independently moving objects.

3 ) Development of dynamic “set” lighting to add lighting variability to the 

data collected from the town. (Currently in development.)

4 ) Development of computer control system for the camera gantry and mo

tion models to allow a more “realistic” but reproducible data acquisition 

environment

5 ) Development of a more flexible camera gantry that allows curved paths.
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A P P E N D IX

SCALE M ODEL FO R DATA AC Q U ISITIO N S

Testing CORGAP algorithm is as much about setting up test cases for a partic

ular consistency model as it is about testing the algorithm itself. In the case of this 

project, the motion model used for filtering is the fundamental matrix relating two 

image frames together. CORGAP is fundamentally a grouping algorithm and not a 

tracking or reconstruction algorithm. However, components of the real camera data 

environments are heavily dependent on camera characteristics, feature tracking and 

degeneracies in the consistency model.

A .l  Introduction

In order to develop CORGAP, several test beds were developed. These included 

a synthetic data generator (Chapter 5.3.1) using a standard camera model, hand 

coded example scenarios and a scale model town with controlled moving objects. All 

levels of data have been used to develop the algorithm and determine the design holes 

and short comings. There are aspects to the town model that are important, but not 

always directly applicable to this project.
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A .2 W hy use scale m odels?

3D reconstruction from a single video camera is a relative scale process. If there is 

no ground truth, a single video camera as an input image source to a 3D reconstruction 

algorithm can only produce a reconstruction up to an arbitrary scale. In this system 

then, the absolute scale is irrelevant to the reconstruction. Although CORGAP is 

a 3D grouping algorithm and not a reconstruction algorithm, the constraints and 

limitations of a single video camera still apply. If scale becomes irrelevant to the 

project, then using a scale model for data collection is not only useful, it is preferred.

In particular, a scale model can be arranged such tha t lighting, motion and 

equipment positions can be assigned and reproduced. Using a scale model allows 

all unwanted factors (lighting, camera placement, interference with local traffic ordi

nances, etc.) to be controlled or eliminated.

A .3 Scale M odel C onsiderations

Some factors originally considered for this model go beyond the needs of this 

project. These factors include:

1 ) Controllable camera position

2 ) Controllable lighting conditions

3 ) Multiple motion models

4 ) Overall size of the model
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5 ) Many high contrast features for easy tracking

6 ) Evolution of the town and buildings

7 ) Built-in ground tru th  for the model

8 ) Availability of construction materials

9 ) Scale model construction time.

Aspects of the longer term usage of the scale model played a larger part in 

determining the construction material and scale. In particular the list items 4 - 9 ,  

were significant determining factors in choosing “minifig” scale and Lego as the scale 

and construction material.

One significant advantage of Lego over other materials is the consistency of di

mensions. The currently produced “standard” Lego bricks such as the 2 x 4 x 1  brick 

(16.0mm x 32.0mm x 9.6mm) is well documented and builds well behaved structures. 

The Lego Company has a very tight tolerance on the manufacturing dimensions of all 

parts. Lego bricks currently produced are still compatible with Lego bricks manufac

tured over 40 years ago. Lego users have even developed Lego specific cad packages 

(http:www.ldraw.org) that use cad versions of these bricks in cad and ray traced 

environments.

Unlike scale models built with the techniques used for scale model railroading, 

the well documented nature of Lego bricks also lends itself to built in ground truth 

to the structures. Being able to identify a region visually known to be a square, 

the researcher knows by visual inspection that this part not only has perpendicular
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Figure A.I. Some buildings of Legoton are designed after existing buildings. The bank 
building (a) was designed after Cook’s Bank (b) in the ghost town of Rhyolite, NV. 
(Courtesy Nevada Historical Society)

edges, but what the brick dimensions are to within 0.05 mm accuracy. In the case of a 

previously unmeasured structure, each brick of the building provides easily verifiable 

measurements.

For the context of this project, the chosen scale is known as “minifig” scale 

which is 8mm:0.25 m or about 1:32. Again, this was chosen due to the availability 

of the parts such as windows, road plates, wheels and of course “minifigs” . In that 

Lego bricks have their own relative proportions for doors and figures, the scale is 

approximate.

The model town, Legoton, is designed to resemble a small section of “Alain 

Street” from a town in the western United States between the years of 1905 and 1920. 

Buildings of the town share architectural features with existing towns (Fig. A.l).
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A .4 Moving Objects

A more difficult aspect of this model town was the construction independent 

moving objects. Although Lego does provide gearing and motors via Lego Technic 

or Lego Mindstorms (Robotic Invention System), constructing a useful “vehicle” for 

the town required non-Lego parts. Specifically, 1:24 scale Carrera slot car track was 

used to guide the vehicles (Fig. A.2).

These vehicles, use solely Lego parts with the exception of the guide and pickup 

wiring. The vehicles are controlled by individual power supplies slaved to a mas

ter power switch. To compensate for various camera difficulties, the vehicles were 

specifically designed to go at very low rates of speed (15 - 45 inches per minute). 

Additional non-vehicular moving objects have been planned outside the scope of this 

project. These objects include automated “minifig” people and non-vehicular ma

chines.

A .4.1 Camera M otion and Placem ent

Legoton is not unlike a movie set in that it exists only on one side of the street 

in order to allow camera access along a gantry (Fig. A.3). The camera gantry allows 

controlled motions of the camera at speeds as low as 15 inches per minute. In the 

current setup, the gantry follows a linear path that changes altitude. This gantry 

can be reconfigured to allow both level and tilted camera paths as well as paths that 

are not parallel to the facades of the buildings. Geometrically, avoiding completely 

parallel paths is important in order to avoid degenerate motion cases with respect to

131



Figure A.2. Placement of both the slot care track and gantry can be modified as 
needed. The straight roadway (a) allows both lanes to be parallel to each other and 
motion of the camera on the gantry (degenerate motion case). The curving roadway 
(b) allows both vehicles programmed but “independent” motions within the video 
sequence.
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Figure A 3. The firewire camera is mounted in a motor driven cart that runs on a 
cog driven rail.

the fundamental matrix.

A .5 L igh ting

Lighting the "set" is accomplished with overhead track lighting (Fig. A.4). Cur

rently, the lighting is incandescent lighting and suffers from 60 Hz interaction of the 

lights with the camera shuttering. A direct improvement to this condition would 

be to replace the lighting with well regulated DC lighting. However, the occasional 

brightening of the frame causes no noticeable problem in feature tracking.

A .6 T h e  C am era  and  C a lib ra tio n

In the current set up, the camera is an ADS Tech, Pyro Web cam using a firewire 

interface. This camera was chosen specifically due to its size and the ability to provide 

uncompressed data with a fixed focal length. This camera is capable of video capture 

of 640 x 480 pixels at 30fps. Due to difficulties in the video frame capture software
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Figure A.4. Overhead 60Hz incandescent track lighting was a sufficient, reproducible 
lighting source.

for the final data acquisition, only 8fps capture with 30fps shuttering was achieved. 

All motions were slowed to compensate. This had the additional effect of reducing 

motion blur due to high velocity objects. This is also equivalent to using a high speed 

video camera with “normal” scale speeds.

As can be noted in Fig. A.5, a camera calibration target was not only present in 

the scene, but a series of independent calibration frames were collected. The actual 

camera calibration was completed using the Matlab toolbox provided by Jean-Yves 

Bouguet (Bouguet, 2007).

The calibration targets themselves were constructed out of Lego for the same 

reasons the town was constructed from Lego. Lego provides a rigid, reproducible 

construction material that can intrinsically be placed on a rectilinear grid. Assuming 

the Lego has not undergone high heat warping, the construction media can be flat 

along an edge or plane. The calibration target was spot checked using a wood working 

square and metal rulers.
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Figure A.5. Calibration targets were constructed from Lego and placed in the scene 
for contrast.

A .7 E xam ple  Im ages

Final data sets could only captured at a frame rate of about 8.5 fps or using 

stop action techniques. A typical data set used three independently moving objects 

over the course of the image sequence. The 8.5 fps video stream captured 600 frames 

(about 70 seconds). The stop action animation image sequence was 45 frame. During 

the data capture, sections of the image sequences showed cases of one, two and three 

moving objects in the held of view (Fig. A.6)

A .8 F u tu re  Uses

One of the original concepts built into this town model is the evolution of the 

town “historically” . Every building in the town has an analogous building from a 

different architectural era. The town was designed and built with a “history” that 

allows a researcher to acquire “archival” images and video sequences from various 

eras equivalent to the years from approximately 1890 to 1920. In this way, this scale
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Figure A.6. Example frames showing 3 independently moving objects with respect 
to the camera, (frames 80, 100, 120 and 160)
The camera resolution was too low to provide enough features to satisfy the feature 
correspondence needs of CORGAP or mRANSAC.
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model town is specifically designed for motion in the immediate sense such as vehicles 

(3D from video) and motion in the long term sense such as the evolution of a town 

or section of a city (historic reconstruction).
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