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Abstract 
In field robotics, there is a need for maps. In some workspaces, the appropriate maps exist or can 

be easily created by a person. However there are many workspaces for which maps do not exist 

and map creation is not humanly possible. or practical. The problem addressed in this thesis is for a 

robot to model the hounds of its workspace with no external reference. The model must be com- 

plete, detailed, compact, and concise to support navigation and planning. Previous systems have 

addressed a subset of these requirements, but none is capable of mapping an expansive unknown 

area 

CLUE (Cartographer for Large Unknown Envimnments) combines overlapping ladar scans 

obtained from many different viewpoints into a usable representation of the robot's environment. 

The map is constructed incrementally by adding one ladar scan at a time, extending and refining 

the map to reflect the latest information gathered. One of the strengths of CLUE is that it can refine 

an entire map until the total error in the map is minimized. CLUE handles dynamic environments 

by using newer ladar scans to eliminate older sections of the map that conflict with the new scan 

information. 

A progression of mapping technologies is  presented, starting with pose estimation in a static pre- 

surveyed area, and ending with mapping of a dynamic expansive unknown area. The underground 

room-and-pillar coal mining application is used as an example throughout the dissertation, though 

the technology developed is readily available to other tasks. The primary example of the thesis is a 

map of a large portion of a mine, covering about 5000 square meters and over one kilometer of 

map line segments, reducing 60,OOO range measurements to about 3000 line segments. 





1 Introduction 
The fundamental quantities of mechanics are usually taken to be mass, length, and time [Sears821. 

Given the ability to measure length, in this case the distance between a reference point on a robot 

and its surroundings, this thesis describes a method for combining distance measurements into a 

2D model o fa  robot’s workspace. 

1.1 Motivation 
There are many different kinds of maps. The term “map” would probably mean a road map to a 

truck driver, a treasure map to a pirate, a mine survey to a coal miner. navigation charts to a sailor 

or aviator, or a layout of Disneyworld to a child. A map is really just a visual representation of 

information. A road map provides topological and metric information about the graph of roads that 

connect selected locations. A treasure map encodes instructions for returning to a secret location. 

Mine surveys record the geometry of a developing underground mine. Navigation charts encode 

routes for safe travel through previously explored areas. Amusement park maps allow one to plan 

the day to minimize time or energy expended between rides or ice cream breaks. In all of these 

examples, a map provides information which enables a task or greatly increases the efficiency of 

performing a task. 

Constructing a map requires a considerable investment of resources, whether it is equipment or 

man-hours or both. Efficiency is attained by many people benefitting from the arduous exploration 

performed by the map-builder. Later traversals of the same area can be conducted more quickly 

because there is knowledge of what lies ahead, allowing planning. There is no more need for 

exploration, only reaction to conditions not represented in the map. 

In field robotics, maps can be used for pose estimation (navigation) and planning. In some work- 

spaces, the appropriate maps exist or can be easily created by a person. However there are many 

workspaces for which maps do not exist and map creation is not humanly possible or practical. In 

the extreme, there are environments (for example nuclear) in which biological organisms cannot 

function or survive, but that pose no threat to an electromechanical device. There are also environ- 

ments (such as an underground mine) which allow human presence but at the price of health and 

constant risk of injury In both of these environments, a robotic mapper is appropriate. 

There are more motivations for automatic map-building which are productivity based. Sometimes 

the efficiency gain from automatically building a map is so great that it enables a task that was not 

possible before. For example in underground mining, with the technology presented in this disser- 
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tation, a detailed model of the immediate workspace can be constructed automatically in less than 

a minute. This ability to quickly create a detailed model would enable automatic planning of min- 

ing operations. And the ability to quickly estimate the pose of the mine equipment relativc to the 

detailed model would allow autonomous execution of the automatically-generated plan. A map ot 

nearly the same quality could be constructed by manunlly surveying, but it would probably c m t  a 

(highly-skilled) man-hour, making it impractical. 

1.2 Problem Statement 
The problem is for a robot to completely and precisely model the bounds of its workspace with no 

external reference. The model must be complete, detailed, compact, and concise to support naviga- 

tion and planning. 

A complete map models the entire boundary of the robot’s workspace, not just key features. A 

complete map is necessary for planning a collision-free trajectory. The map must be detailed 

cnough so that small features in the environment are modelled, rather than fit to part of a long line 

segment. Compactness is desirable for efficient storage and usage of the map. Conciseness refers 

to merging several measurements of the same area into one representation. 

It is assumed that the robot’s world can he sufficiently modelled as 2D (Rat floor. vertical walls) 

and that external position reference is not available at all locations. The second assumption may 

seem overly restrictive, hut there are situations where it applies. For example an underground mine 

is an environment where GPS is not possible and emplacing (and maintaining) numerous surveyed 

beacons is impractical. A completely self-contained mapping capability is necessary to enable 

autonomous operation between sparse or infrequent external updates. 

The world is assumed to he expansive, unknown, and unstmctured. An expansive environment is 

one which is much larger than the maximum range of the sensor. An unstructured environment 

does not necessarily exhibit any known features or layout. There are no restrictions or expectations 

on the shape of the environment. 

1.3 Related Research 
Mapping an expansive area requires combining measurements acquired from many sensor p0se.s 

into a useful representation. Two subproblems are I )  estimation of the sensor pose and 2) incre- 

mentally constructing a model of the world from raw sensor data. Many researchers have 

addresscd these subproblems individually, but few address both subproblems concurrently. There 



are numerous methods for sensor pose estimation, but truly self-contained, automatic map-build- 

ing requires self-reliant pose estimation. The robot must register data acquired from its current 

pose to data stored from previous sensor poses to determine its position. Much research has been 

done in registration of range data to a model. Registration can be used to localize a mobile robot to 

a map of  its surroundings, or to locate an object relative to the pose of the sensor. The most closely 

related work is briefly summarized in this section. 

Registering two views of the surroundings from a robot-mounted sensor can be accomplished with 

a variety of sensors. The choice of sensor depends on economy, safety, field of view, accuracy. 

speed, etc. Many researchers have worked with a ring of ultrasonic range sensors, because they are 

relatively inexpensive, safe in most environments and can provide a 360” field of view in a reason- 

able amount of time. [Leonard921 [Moravec85] Others choose to work with stereo camera., which 

are still reasonably inexpensive, are safe in all environments, and provide high speed and resolu- 

tion, but a limited field of view. The most crippling problem is typically a large amount of process- 

ing is needed. Depending on the application, shortcuts can be used to make stereo practical 

[Kelly95]. With the ever-increasing performance of computer hardware, the computation timc 

issue may go away soon. We chose a laser range sensor because it can quickly provide accurate, 

direct range measurements in a 360” field of view with large maximum range compared to cam- 

eras and sonars. 

Spatial evidence grids are a means of combining overlapping range measurements into a map. 

Moravec [Moravec85] and others [Elfes87] [Kuc87] [Leonard911 have characterized the operation 

of various ultrasonic range transducers. Moravec and Blackwell have developed a method of self- 

calibrating by “learning” the sensor response for different reflecting materials. The training results 

in il model o f  the sensor’s response to the reflecting material, a probability distribution grid which 

assigns an occupancy probability to grid cells in the field o f  view o f  the sensor. Correlation algo- 

rithms for occupancy grids can be used to match a set of range readings to the map to estimate the 

robot’s pose. The map is updated using Bayesian techniques to combine measurements with the 

map. Grid maps make no assumptions about the structure of the world. A map of increasing accu- 

racy results from combining many measurements which contain small amounts of information. 

Crowley [Crowley851 [Crowley891 used a single rotating ultrasonic range sensor to map interior 

spaces which can be modelled with long line segments. He fit line segments to a 360’ range scan 

to create a “sensor model”. By matching the sensor model to the line segment map, the pose of the 
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rohot was calculated. The map was then updated by incorporating the information from thc sensor 

model. This system allowed a robot to navigate in indoor spaces with Hat walls. 

Faugeras and Hebert [Faugeras86] developed approaches for 3D registration and modelling. The 

representation task is what we call mapping in the mobile robotics domain, and registration is posc 

estimation. Faugeras matches a single range image to a complete model. The mapping task 

addressed in this thesis requires matching a range scan to an incomplete model. 

The feature matching techniques of Crowley and Drumheller [Drumheller87] inspired a feature- 

based pose estimation for mobile equipment in underground coal mines. IShaffer901 IShaffer92al 

[Shaffer92b] IShaffer92cl The work used a laser range sensor instead of ultrasonics, because of 

the improved accuracy, maximum range and speed. Comer features were used in addition to line 

segment features. 

Leonard and Durrant-Whyte &eonad921 used ultrasonic range sensors to truck point and line fea- 

tures in indoor environments. Using an extended Kalman tilter framework, they matched the 

sensed features to a presurveyed set of features (assumed perfect) to estimate the robot’s pose. The 

other subsystem of their mapping software computes feature locations from sonar data and perfect 

poses. The result a feature map sufficient for localization and navigation (which is their stated 

intention), but not a complete representation of the robot’s environment. 

Cox [Cox881 [Cox90] [Cox911 computed pose by matching laser range data to a presurveyed line 

segment map. The method matches every scan point to the model, subject to a maximum distance 

threshold. The line segments of the model are treated as infinite lines in an iterative least squares 

error minimization. The complexity of the correspondence is O(MN) where M is the number of 

model line segments and N is the number of data points. A speedup is proposed that would reduce 

the complexity to O(N1ogM). 

Gonzalez’s [Gonzalez92] ”iconic” pose estimator works like Cox’s in that it iteratively minimizes 

the squared error between a laser range scan and a line segment model. However, Gonzalez uses a 

slightly different error metric and does not impose a limit on the correspondence distance. Gonza- 

lez‘s system uses estimates of Sensor error and dead reckoning ermr to limit the number of model 

line segments searched in the correspondence procedure, so that the complexity of the correspon- 

dence algorithm is O(N). Shaffer [Shaffel93] improved the correspondence method of Gonzalez’s 

iconic pose estimator to lower the constant factor of the O(N) correspondence algorithm. 
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Besl and McKay [Bed921 developed a general registration algorithm named Iterative Closest 

Point (ICP). The method can be used to register a set of points to any kind of surface model. as 

long as it is possible to compute the closest point on the model to a particular point in the data set. 

ICP is guaranteed to converge monotonically to a local minimum, with the requirement that every 

point in the dataset is matched to the model. This is not the case when building a model incremen- 

tally, as in this thesis. 

Gonzalez IGonzalez93J builds line segment maps from laser rangefinder data. Pose estimation i s  

decoupled from model-fitting by matching range data to a presurvcyed line segment map to esti- 

mate pose, although nothing in the algorithms preclude matching to the map that is under con- 

struction. New line segments are fit to the range data and existing map line segments are modified 

given the new information. It is unclear whether this algorithm would work in an unstructured 

environment that isn’t composed of relatively long flat walls. 

Lu [Lu95] developed several techniques for registering range data to models including solutions to 

two of the problems addressed in this thesis: registering two range scans to each other. and regis- 

tering a multiple range scans to each other. His technique for registering two scans is centered 

around using a closest point comspondence rule (Besl’s ICP rule) for computing the translation 

and a new correspondence rule for computing the rotation. The result is faster convergence than 

using Besl’s ICP to compute translation and rotation simultaneously. Cox’s correspondence rule is 

different from Besl’s, because it treats line segments ils infinite lines. Gonzalez uses Besl’s closet 

point rule, but uses a grid search method to speed up the correspondence calculation. We develop 

an even faster correspondence method. To register multiple scans to each other, Lu defines a “net- 

work‘’ with “strong links” between scans with large overlap, and “weak links” between adjacent 

scans that are registered to each other by odometry. Then an energy minimizarion in the network is 

performed treating the links as springs. This is a more general solution than Smith and Cheese- 

man’s [Smith86]. Two more approaches for minimizing the global emor in a network of scans are 

developed in this thesis. 

This dissertation describes a map-building system which computes the sensor pose by registering 

range scans to a concurrently evolving model of the robot’s environment. The map is a complete 

representation of the area sensed by the robot, constructed by fitting polylines with small segment 

length to overlapping laser range scans. 
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1.4 Approach 
The map-building system described in this thesis consists of two independent components that 

were designed to work well together. The first component is the. pose estimator, which matches a 

range scan to a polyline map to determine the pose of the sensor in the map’s coordinate system. 

The second component is the contour fitter, which fits polyline “contours” to a single range scan or 

seve.ral overlapping range scans to create or extend a map. Both components work by minimizing 

an error of fit of contour line segments to range data points. The pose estimator adjusts a scan pose 

until the error is minimized; the contour fitter adjusts the polyline vertices until the error is mini- 

mized. The same error metric is used for both minimizations, allowing refinement of a complete 

map, 

An intermediate step between pose estimation and contour fitting is contour editing. Given a new 

rmge scan at a known pose, the contour editor modifies existing contours or creates new contours 

as appropriate. Where the new range scan conflicts with an existing contour, the contour is modi- 

tied to reflect the new information provided by the range scan. New contour polylines are tit to the 

range scan where it doesn’t overlap existing contours. These new contours often connect with the 

existing contours. In a dynamic environment, contour editing also includes removing parts of the 

map which correspond to part of the environment that has been removed. 

The usual mode of operation is to mount the range sensor on a mobile base that has dead reckoning 

capability. At specified approximate locations (which usually depends upon the geometry of  the 

workspace), the robot stops and records a range scan. The robot can move to its next scan location 

while inserting the newly acquired scan into the map. Inserting the scan into the map consists of 

pose estimation, contour editing, and contour fitting. Dead reckoning provides a rough pose esti- 

mate as a starting point for the pose estimator’s error minimization search. 

A strength of the approach is the ability to continually refine the map, by concurrently refining 

sensor pose estimates and refining the fit of contours to the range scans. In this way, error in the 

map is continually reduced after new scans overlap old ones, or loops of overlapping scans close 

on themselves. This i s  the main strength of the contour mapping approach. The inevitably accumu- 

lating error in the map can be reduced by concurrent refinement. 

1.5 Overview 
This dissertation presents a progression of mapping technologies, starting with pose estimation in 

a static presurveyed area, and ending with mapping of a dynamic expansive unknown area. Map- 
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ping underground coal miner is an ideal application of 2D mapping technology. Accordingly. the 

mining example will be used throughout this dissertation, though the technology developed is 

readily applicable to other tasks. 

Chapter 2 presents a feature-based pose estimator; the iconic pose estimators i n  Chapter 3 rcmo\,e 

the intermediate feature representation and the need for a presurveyed map; Chapters 4 presents 

the main contribution of this thesis, the contour-based mapper and concurrent refinement; Chapter 

5 contains the bulk of the experimental results; Chapter 6 describes the applicability of this tech- 

nology to underground mining; and Chapter 7 is the conclusion. 



2 Pose Estimation by Feature Matching 
This chapter describes a feature-based pose estimator that exploits the accuracy and resolution of a 

laser range sensor to determine the position and orientation of a mobilc robot given a polygonal 

map of its environment. The system detects features from range sensor data and matches the fea- 

tures to the map to compute the sensor’s pose. The features used are line segments and corners. 

which are the features that are found in an environment bounded by straight walls. The pose esti- 

mate is computed by minimizing the error between the map and sensed features. The approach can 

handle the expected uncertainty in the initial estimate, heavy clutter in the environment, and still 

compute an estimate quickly. 

This system was originally intended to serve as a pose estimation system for an autonomous con- 

tinuous mining machine, though it became clear that this system would not perform well in a typi- 

cal mine.. Looking at existing mine maps was misleading -- there appeared to be long straight walls 

and sharply defined corners. When we had a chance to test our sensor in a real mine, we learned 

that existing mine maps are built from a relatively sparse set of measurements, and long stretches 

of wall are interpolated as straight lines between the measurements. Because this feature-based 

pose estimation system is appropriate only for applications that exhibit sharp corner and straight 

wall stmcture, it is not appropriate for underground mines. Results are presented from an indoor 

test area. 

This chapter is organized as follows: the feature-based approach is presented in Section 2. I on 

page 9; a physical robot implementation and position estimation results are presented in 

Section 2.2  on page 18; and Section 2.3 on page 22 concludes the chapter with some discussion. 

2.1 Approach 
Thc pose estimator takes as input a line segment model of the environment and a scan from a laser 

range sensor and produces an estimate of the sensor’s pose in the world coordinate frame. Given a 

a transformation between the sensor’s coordinate frame and the coordinate frame of the robot it is 

mounted on, it is then possible to determine the robot’s pose in the world coordinate frame. The 

laser range sensor referred to is a single line scanner. It measures distance to points in the robot’s 

surroundings by rotating like a lighthouse and measuring range with its infrared beam. A scan is a 

dense array of range measurements, taken at equally spaced angular intervals around 360” , in  a 

horizontal plane. A scan provides a planar profile of the sensor’s environment formed by tinding 
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the distance to the nearest objects at a particular height. See. Appendix B for specifications of the 

particular sensor used. 

Mathematically, a scan is represented by a vector of range values, r. and a corresponding vector of 

azimuth angles, a, sensed in a horizontal plane at z = z5, where zs is the sensor height and is 

assumed to be constant for all scans. Each range value, ri, is the sensed distance from the sensor 

position to the nearest object in the direction @+a,) where (x, y, 8) is the sensor pose and (ri, 9) is 

one pair of corresponding elements from the range and azimuth vectors. 

Pose estimation is acc.omplished by predicting visible features from a map, extracting features 

from the scan, matching features from the scan and map, and estimating position from the match. 

(See Figure I on page 11,) Feature prediction generates a set of possibly visible map features from 

an approximate position of the robot. Feature extraction finds features i n  the range scan. Features 

extracted from the scan are paired with features from the map in the process of feature matching. 

The position estimator finds a position that minimizes the error between sensed features and map 

features. These processing steps are described in detail in the following subsections. 
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FIGURE 1. Overview of the feature-base pose estimation system. 
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2.1.1 World Model 

For this system to work, a 2D (line segment) model must adequately represent the environment of 

the robot. In  other words, the environment must consist of a nearly flat floor and nearly vertical 

walls. Furthermore, since the system relies on features, at least parts of the walls need to be rcla- 

tively long and flat, allowing strong line segment features and sharp comers to be used for good 

pose estimation. 

2.1.2 Features 

A world model composed of line segments contains two categories of primitive features -- line 

segments and corners. The term comer is used loosely to mean either a regular comer (formed by 

two visible line segments sharing a common endpoint) or an occlusion comer (formed when a vis- 

ible endpoint of a line segment obstructs the view of part of another line segment). In the case of  

an occlusion comer, half of the comer lies on the imaginary line which connects the occluding 

object to the occluded object. These features are illustrated in Figure 2 on page 12. A comer is 

described by four parameters: x ,  y ,  concave angle, and bisector orientmion. The concave angle is 

the smaller of the two angles formed by a comer's two line segments. The bisector orientation i s  

the angle that the bisector of the concave angle forms with respect to the positive x axis. Line seg- 

ments are described by three parameters: lengrh, perpendicular distance from the origin, and ori- 

enrution, which is the angle that the perpendicular forms with respect to the positive x axis. 

: y = concave angle 
a p =bisector orientation 

FIGURE 2. The parameterization used to define corner features and line segment 
features. A corner is characterized by the location of iB vertex (x, y), its concave angle, 
and its bisector orientation. A line segment is represented by its length, the 
perpendicular distance from the origin, and the orientation of the perpendicular. 
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2.1.3 Feature Prediction 

Since only a small portion of the model (in general) is visible from a particular location (x, ?;) of 

the robot, feature prediction greatly simplifies the process of feature matching (described later) by 

reducing the number of model features that can possibly match the sensed features. (See Figure 3 

on page 13.) The feature predictor assembles an ordered list of model features visible from a giwn 

(x ,  y) as the scanner sweeps in a counterclockwise direction. This preprocessing greatly constrains 

the possible combinations of pairings of sensed features and model features, thereby simplifying 

the feature matching process, 

FIGURE 3. Feature prediction. As the robot moves further along its 
path, the set of f e a t m  that are visible from its location changes. 
The full line segment model of the world appears to the left. Below is 
a seauence of eieht mbot mitions marked with arrows. The position 

I 

L.,' I 
of tge robot is the cmkhairs. 

;- 
. 
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The feature prediction algorithm first creates a sorted array of the endpoints of all the line seg- 

ments in  the model. The endpoints are sorted on the basis of azimuth relative to the given (x, y )  of 

the robot. The next step is to consider each line segment in the model, and making use of the sorted 

list of points, determine whether each point that lies in the azimuth range subtended by the current 

line segment either occludes or is hidden by the current line segment. The outcome of this step is 

that every corner in the model is labeled as either visible or invisible and, i f  visible, either occlud- 

ing or nonoccluding. In one final pass, the array elements are stitched together into the ordered list 

of visible features required by the feature matcher. The. worst-case complexity of the prediction 

algorithm is O(N2) (where N is the number of line segments in the model) in the case where there 

is a large number of occluded features. However, the average-case complexity is closer to 

O(NlogN) for typical mine maps, especially if the feature predictor uses the maximum range of the 

scanner to limit the number of model lines considered. 

Neither Drumheller [Drumheller87] nor Krotkov [KrotkovS9J address this issue of feature predic- 

tion, since they attempt to match all model features to all sensor features. Crowley [Crowley85 I 
maintains a “composite local model” which consists primarily of the currently visible segments 

only. 

2.1.4 Feature Extraction 

Feature extraction is the process of reducing the raw range scan to an ordered list of features. The 

feature extraction algorithm first subdivides the scan into segments by breaking the scan at points 

where the distance between successive points exceeds a threshold, thereby finding occlusions. 

Pieces of the scan that contain only a small number of points (such as two or three) are thrown out, 

since they give very unreliable features. Each piece of the scan is processed using a corner opern- 

ro7 to find line segments and comers. The comer operator is a template consisting of two line seg- 

ments that is compared against a sequence of range points to determine whether they exhibit a 

corner-like shape. (See Figure 4 on page 15.) The comer operator is parameterized by size (length 

of the component line segments) and by the angle between them. The corner operator template is 

“applied” to the range sequence by fitting the left and right line segments to the range data at a par- 

ticular point using an incremental line fitter. If the template matches, a comer is defined at the 

intersection of the two line segments which form the operator. A larger comer operator gives more 

reliable feature parameters. Use of an incremental line fitter is possible because the corner operator 

template is moved sequentially one point at a time through the range scan, and it greatly decreases 

the amount of processing compared to a separate line fit at every point in the scan. 
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0 FIGURE 4. The comer operator is 
applied at every point in the scan. It is 
parameterized by length of the sides, and 

a 0 an angular threshold. The two sides of 
the corner operator are fit to the nearby 
scan points. IC the angle between them 
falls within an interval around 903, a 
corner is defined. Line segment features 
are created by fitting a line to the points 
between neighboring corners. 

0 0 
0 

0 

To tind the parameters (length, perpendicular distance, orientation) of the line segment that lies 

between any two comers, a line is fit to all the data points in the scan sequence that fall between 

the two comers. The perpendicular distance and orientation are determined by the slope and inter- 

cept of the fit line; the length of the line segment is the distance between the two comers. 

2.1.5 Feature Matching 

The matcher determines the correspondence of the sensor features to the model features. A total of 

N! sets of correspondences exist, assuming there are N model features and N sensor fentures. This 

prohibitively high complexity is further exacerbated by extra and missing sensor features corre- 

sponding to features not in the map (e.g. people, machines) and features that cannot be reliably 

extracted, respectively. Fortunately, the problem is usually constrained enough that only a much 

smaller set needs to be examined. See Wallace [WallaceSS] for a survey of matching techniques. 

The type of matching technique used was determined by the following problem characteristics: 

I .  The position of the robot is approximately known. 

2. The extracted features are reliable and rich in geometric information 

The first characteristic greatly constrains which sensor features can match a model feature (called 

unary constraints), and the second greatly reduces the number of sensor-model pairs that need to 

be compared to determine match consistency (called binary constraints). The algorithm hegins by 

applying the unary constraints to consttuct the set of possible sensor-model pairs. Then, the binary 

constraints are applied to find the largest set of consistent correspondences. Efficient cutoff tech- 

niques are employed to reduce the complexity of the search. 

The matcher first converts the list of predicted model features from the world coordinate frame to 

the robot coordinate frame using an approximate position given by dead reckoning, so that the 

model features and the sensor features are both in the robot coordinate frame. The unary con- 
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straints are then applied. These constraints are subdivided into rrnarv h m f s  and mmypmprr f i r s  

The unary bounds constrain the difference in position of corresponding sensed and model features, 

based on the maximum position error (poserrj and orientation error (nngerr) of the dead reckoning 

position. Specifically. the unary bounds can be stated as the following necessary conditions for 

correspondence between a sensor and model feature: 

I. The angle to the sensed comer, relative to the positive x axis, must lie within hrngerr 
of the angle to the model comer. 

tance to the model comer. 
2. The distance from the origin to the sensed corner must lie within kposerr of the dis- 

3. The angle subtended by the sensed line segment must at least partially overlap, (or be 
partially overlapped by) that of the model line segment, allowing a rotation of +nngrrr 
of  the sensed line segment. 

The unary property constraints are similar to the unary bounds constraints, except that while the 

unary bounds compare locations of features, the unary properties (for the most part) compare 

properties o f  the features that are unrelated to the position of the robot. Given that a particular can- 

didate sensor-model pair satisfies the applicable unary bound constraints, the unary properties pro- 

vide additional necessary conditions to further confirm the correspondence between a sensor 

feature and a model feature. The unary property constraints are specified as follows: 

1. The concave angle of the sensed comer must lie within kconcerr of the concave angle 

2. The bisector orientation of the sensed corner must lie within hnngerr of the bisectoi 

3. The orientation of the sensed line segment must lie within hangerr of the orientation of 

4. The perpendicular distance to the sensed line segment must lie within k(pnserr + dis- 

of the model corner. 

orientation of the model comer. 

the model line segment. 

terrj of the perpendicular distance to the model line segment. 

where colicerr is the angular tolerance of the concave angle of a comer and disrerr is the distance 

tolerance of the perpendicular distance to a line segment. Each sensor feature is compared to every 

model feature, first with the unary bounds constraints, and then the unary properties constraints. In 

this way, the number of candidate sensor-model pairs (which before the unary constraints are 

applied is of size M N ,  where M is the number of model features and N is the number of sensed fca- 

tures) is greatly reduced. The result is a list of ordered sensor-model pairs. The unary constraints. 

however, are not perfect, nor do they capture all of the available constraining information. Addi- 

tional pruning is needed, 
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In order to extract from this ordered list of sensor-model pairs a set of consistent pairings, the next 

step utilizes the innate ordering (features are encountered in the order that the sensor scans) of the 

list and a set of binary constraints to weed out the inconsistent pairings. We assume that the largest 

such consistent set of pairings is most likely to be a correct match and providcs thc most accurate 

position estimate. A binary constraint compares a sensor-model pair to two sensor-model pairs that 

precede it in the ordered list. These two comparisons fall into one or two of the following catego- 

ries: 

I ,  If one of the sensor-model pairs is a pair of line segments and the other is a pair of cor- 
ners, then the model line segment must be positioned relative to the model corner in the 
same way as the sensor line segment and comer. 

model corners must be equal to the distance between the two sensor corners *hindis- 
terr. 

3. If both sensor-model pairs are pairs of line segments, then the difference in orientation 
between the two model line segments must be equal to the difference in Orientation 
between the two sensor line segments fbirzangerr. 

2 .  If both sensor-model pairs are pairs of corners, then the distance between the two 

where kbindisterr is a tolerance on distance error and kbinangerr is a tolerance on angular error. 

An efficient search algorithm applies these binary constraints to the sensor-model pairs. The algo- 

rithm builds sequences of binary-consistent sensor-model pairs using a depth-first search of the 

ordered sensor-model pair list. The longest sequences of consistent pnirs leading into and out of 

each sensor model pair are tracked to enable the search algorithm to terminate fruitless branches 

efficiently. Thus the search process assembles progressively larger sets of pairs until it exhausts all 

possible combinations. The largest set of pairs is used to calculate the position estimate. 

2.1.6 Error Minimization 

The error minimizer finds a transformation which minimizes the total error between all trans- 

formed model features and their corresponding sensor features. Any combination of line segment 

feature pairs and corner feature pairs can be used in producing an estimate. The error measures arc 

different for the two feature types -- for line segments there are two error measures: difference in 

orientation and difference in perpendicular distance from the origin, and for comers there are also 

two error measures: difference in x and difference in y. An iterative Gauss-Newton [Dahlquist74] 

method is used to converge on a solution. The quantity to be minimized is: F + JD, where F is a 

vector of the four error measures, J is the Jacobian of the four error measures differentiated with 

respect to the three transform parameters (x, y ,  0) and D is the vector of differences between the 

transform parameters on successive iterations. For this algorithm to converge to a correct solution. 
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it must be guaranteed that the initial orientation emor is less than 90". well within the accuracy of 

dcad reckoning. The algorithm weights features by the number of range data points that were wed 

to compute them. 

2.2 Results 
The techniques developed in this work were carried beyond simulation into implementation to 

navigate a real robot through a mine mockup. In this section, we describe a test of the feature- 

based pose estimation system using our Cyclone laser range sensor on our Locomotion Emulator 

robot (See Appendix D.) in m indoor mine mockup. 

The perception system is implemented on a single processor (68030 20MHz,68882 math copro- 

cessor) real-time (VxWorks) development cage. A Sun workstation sits atop the Locomotion Emu- 

lator (LE), but is used only to boot the real-time system and then to download files. A video board 

in the real-time cage displays relevant information to a color monitor. 

All of  our navigation experiments were conducted within a mine corridor mockup which covers an 

area of approximately 20x30m of the highbay area of the Field Robotics Center. A photo of this 

area appears in Figure 5 on page 19. The walls that are pan of the line model include all o f  the par- 

titions and two of the concrete walls of the highbay area (only one of them is visible in the photo - 

- in the upper left quarter of  the image). Notice that the concrete walls are not perfect -- there are a 

few roughly 0.4m square columns thatjut out from the wall. Heavy clutter is often present (people, 

machines, equipment) -- none of which is represented in the line model. This clutter has never 

caused the perception system to fail in estimating a position; it only reduces the number of usable 

sensed features. We surveyed the mockup with a transit to create a line model. We generated 

intended paths as straight lines that direct the robot down the center of the corridor. 



FIGURE 5. The mine corridor mockup in the highbay area of the Field Robotics Center. 
The corridor is bounded on the left by the concrete wall of the building and on the right by 
some office partition panels. The width is roughly 6m. 
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The tracking algorithm takes one parameter -- step size, which determines how far the robot 

moves between position estimates. After each estimate, the tracking algorithm moves to the point 

on the desired path that is a step size away from the current position estimate. Figure 6 on page 20 

shows the path of the robot during the test run. 

FIGURE 6. The sequence of poses 
during the test run. The first pose is at 
the bottom right and the last is at the 
top right. 

TABLE 1. Ground truth for the run in Figure 6 on page u) 

Surveyed x (m) Surveyed y (m) Gyro e 

8.248 3.353 187.587 
9.822 3.646 d a  

6.685 3.158 181.628 
5.088 3.099 177.675 
3.736 3.921 143.068 
3.579 5.483 89.324 
3.641 7.082 81.704 
3.579 8.694 87.090 
3 452 10.261 88.179 
3.393 11 354 87.090 
3.327 13.425 86.689 
4.300 14.660 45.035 
5.763 15.258 15.241 
7.236 15.793 12.834 
8.707 16.392 18.163 
9.179 16.517 10.714 
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TABLE 2. Estimated poses for the run in Figure 6 on page 20 

Estimated x (m) Estimated y (rn) Estimated 9 (deg) 
10.185 3.804 4.297 
8.410 3.442 186.900 
6.989 3.134 181.514 
5.155 3.033 176.300 
3.885 3.824 144.099 
3.610 5.320 89.210 
3.684 6.869 80.845 
3.636 8.520 87.147 
3.521 10.112 88.637 
3.441 11 697 87.663 
3.210 13.292 84.798 
4.307 14.614 45.722 
5.527 15.236 14.840 
7.110 15.802 12.433 
8.547 16.416 17.934 
8.892 16.489 9.568 

TABLE 3. Error in the estimated DOS~S. 

Error in x (cm) 

36 
16 
30 
7 
12 
3 
4 
6 

7 
5 

-12 
I 
-24 
-13 
-16 

-29 
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Error in y (cm) 

16 
9 

-2 
-7 

-10 

-16 
-2 1 

-17 
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-16 
-13 
-5 

-2 
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2 
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Error in 0 (deg) 

n/a 

-0.7 
4.1 

-1.4 

1 .o 
-0.1 
-0.9 
0.1 

0.5 

0.6 
-1.9 
0.7 
-0.4 
-0.4 
-0.2 
- 1 . 1  

~~~~ 

Position Error (em) 

39 
18 
30 
10 

16 

16 
21 
18 
17 
17 
18 
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24 
13 
16 
29 
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Table 1 on page 20 shows the ground truth data for the run of Figure 6 on page 20. Table 2 on 

page 2 I shows the computed pose estimates. Table 3 on page 21 summarizes the errors. The max- 

imum position error is 39cm, though it is usually about 18cm. The maximum heading error was 

I . 9 O .  lhough it was usually less than 1 .On. The "ground truth" heading was provided by a gyro. The 

gyro drift problem was virtually eliminated by using differences in gyro readings from position to 

position to update orientation, but this introduced some quantization error since the gyro reports 

heading to a resolution of 0.25'. Since the run consisted of 15 moves, the maximum error that this 

quantization produced was 1.875' by the end of the path. Another source of error in the heading 

was a bug in the scanner electronics which could introduce an error of as much as 1.44". The 

parameter values used were: mgerr = So, poserr = I m, concerr = IO", disterr = OSm, bindisterr = 

0.5m, binungerr = 5.0'. Approximate run times were 60 msec for feature prediction, 2 seconds for 

extraction, and 1 second for combined matching and estimation, giving a total cycle time of 

approximately 3 seconds on a 20Mhz 68030 running under VxWorks with a 68882 math coproces- 

sor. 

For both position and heading, there are three sources of error: quality of the range data, accuracy 

of feature extraction, and correctness of feature prediction. A raw range scan contains random 

error, systematic error, and outliers. The random error is about k15cm of noise in each measure- 

ment. To compensate for that, it one could take several scans and get a better range reading 

through a statistical technique. Systematic error was greatly reduced by calibration of the sensor 

[SedasBZ]. Outliers occurred mostly at occlusions, when the laser beam reflected partially from the 

near object and partially from the further object. Typically, this resulted in a reported range some- 

where between the two objects. This could be filtered out with a median filter or by discarding 

scan points at occlusions, but neither of these techniques was used for the results presented here. 

Sometimes the feature extractor misses a real comer because it is so small that it blends into the 

noise. There are several thresholds involved. The feature predictor's effectiveness depends to 

some degree on the quality of the dead reckoning pose estimate it is given. The feature matcher 

and the error minimization components are less prone to error than the other modules. 

2.3 Discussion 
This chapter presented a pose estimation system capable of determining the pose of a robot 

equipped with a laser range scanner and a line segment map of its environment. This work was 

inspired by the work o f  Crowley [Crowley891 and Drumheller [Drumheller871. Much like their 

systems, features were fit to the range data and matched to a line segment map. Use of densely 
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spaced laser range data allowed extraction of comer features in addition to line sepments. Perfor- 

mance of the system was demonstrated in an indoor environment structured to approximate the 

layout of an underground mine. The results obtained in the mockup indicated that thc  performance 

was sufficient for the mining application. However, z it turns out, our mockup was not a very 

good approximation of a real mine environment. Figure 7 on page 24 shows a range scan from an 

underground room-and-pillar type coal mine. It is possible to tweak some of the parameters of the 

feature extractor such that it finds corners in a scan such as this, but in general, there won‘t be vcry 

many- and they won’t be very accurate. This prompted us to abandon further testing and refine- 

ment of the feature-based pose estimator in order to pursue a more appropriate pose estimation 

technique. This new technique, which we call an “iconic” pose estimator , does not match features 

in the scan to features from a map. Rather it treats the scan as one structureless “icon”, and 

matches every scan point to a the map. The map is still a line segment map, but the segment size i s  

small enough to allow modelling of unstructured, rounded, lumpy environments such as a coal 

1 

I .  We adopt the term “iconic” from Kweon. 
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mine. This iconic pose estimator is the subject of the next chapter. At the end of the next chapter, 

the feature-based and iconic methods are compared. 

. . . ?  

9 
. .  .'" -. ~ ~. . . .. 
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FIGURE 7. A range scan fmm an underground room-and-pillar type of  coal mine. 
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3 Pose Estimation by Iconic Matching 
Feature matching can work well when there are features to be matched, such as in indoor environ- 

ments composed of long straight walls and right angle comers. However, not all 2D environments 

are so structured. In featureless, unstructured environments a different method of pose estimation 

must be employed. A map-matching technique is possible, but the map and scan can no longer be 

abstracted into sets of features to be matched. All of the scan points much be matched directly to 

the map. 

For now, we continue to assume that the world is static. The map is still a set of line segments, 

though the line segments can be very short, allowing modelling of curved surfaces. The feature 

extraction and feature prediction modules from the feature-based system are no longer applicable. 

The correspondence problem remains and becomes a little more time-consuming. The error metric 

definition changes a little bit, but the same error minimization technique can be used. 

The structure of the iconic estimator is summarized in Figure 8 on page 25. There are only two 

main components to the iconic matching system: correspondence determination and correspon- 

dence error minimization. The correspondence determination module pairs each scan point to a 

line segment in the map. The error minimization module adjusts the pose estimate until the corre- 

spondence error is minimized. The system is very similar to Gonzalez's [Gonzalez9ZJ system 

However, the correspondence determination algorithm is more efficient. The algorithm is extended 

to match several scans to a map simultaneously or to each other simultaneously. 

scan 
I :  

~- /  !.. . * 
~- 

FIGCHE 8. An example of iconic poseestimation. An iconic estinintor matches all 
the points of a range scan lo a map to determine #he pose of the mhot. 
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Five variations of iconic pose estimators will be presented: 

I .  matching of one scan to a hand measured map 

2. matching of one scan to a scan-generated map 
The map is generated automatically by fitting polylines to a scan. 

3. matching of one scan to another scan 
A scan from a known pose is used as the map. 

4. matching of one scan to many scans 
All previously stored scans are used as the map. 

5. matching of many scans to each other 
The poses of all scans are adjusted simultaneously. 

3.1 Using a Hand Measured Map 
The motivation for switching to an iconic method of matching was that the feature-based method 

could not handle a realistic unstructured environment. The map representation (list of line seg- 

ments) could approximate an unstructured environment if the segment size was small enough, but 

the main assumption of the feature-based system (that strong corner features and long straight 

walls make up the environment) would be violated. In switching to an iconic method we eliminate 

the  assumption that strong features exist. Strong features are helpful, but not required. The map 

representation remains as a set of line segments, but the line segments can be arbitrarily small 

allowing modelling of irregular surfaces. For this first type of an iconic pose estimator, we assume 

that the map is surveyed in advance and provided to the pose estimator. We continue to assume 

that the world is  static. In implementing this pose estimator, speed of computation was a concern. 

The data was not being reduced into a small set of features as with the feature-based system. The 

rest of this section describes the components of the iconic pose estimator. There are only two: cor- 

respondence and error minimization. 

3.1.1 Correspondence Determination 

The purpose of correspondence determination is to pair each scan point with its corresponding line 

segment in the map. It is assumed that each scan point corresponds to the line segment that is clos- 

est, Distance to a line segment is defined a5 the minimum of the distance to the line containing the 

segment and the distances to each of the endpoints. Therefore, there can be two varieties of corre- 

spondence: point to line and point to point. There is a limit on the correspondence distance. If this 

distance is exceeded, there is no pairing. There are several reasons why this distance threshold 

might be exceeded: 
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poor initial pose estimate 

incomplete map 

error in the map 

sensor noise or outliers 

There is no problem if some of the points aren’t matched, as long as enough good pairings are 

made. The opposite problem occurs when one scan point is within the distance threshold of more 

than one map segment. To handle this case, the nearest line segment is chosen. 

Each scan point presumably corresponds to a reflection of the laser beam from some part of the 

world, which may appear in the map as a line segment endpoint, an interior point of a line seg- 

ment, or nothing at all (because an unmapped area has been scanned). The total scan-to-map corre- 

spondence consists o f  N point-to-segment pairings. The straightfonvard algorithm for computing 

these pairings is, for all N measured points, to compute the distance to all M line segments to find 

the nearest. This is straightfornard, but inefficient. Gonzalez [Gonzalez92] developed a grid 

search method which used an estimate of odometry error and sensor error to limit the portion of 

the map that is visited in the correspondence computation. This reduced the complexity from 

O(MN) to O(N). We improved the grid search method as described below. 

Efficiency is attained by drawing the map into a grid, and storing in each grid cell a list of the map 

line segments that intersect the cell. Then the marked grid cells are grown several levels with a 

grassfire transform. [Duda73] Grid cells that are encountered in the growth step are tagged with a 

pointer to the nearest grid cell that was intersected with a map line segment. After the growth step, 

the result is that all of the grid cells within some threshold distance (which can be as large as the 

initial pose estimate error requires) are tagged with a list of map line segments that are the closest 

to the cell. If the grid resolution is chosen appropriately, the lengths of the line segment lists will 

be mostly 1.2, or 3. Then the correspondence for each of the N scan points can be determined by 

computing the distance to a very small number of line segments, which does not depend on M. 

Thus the complexity is O(N). There is an improvement relative to Gonzalez’s approach because 

exactly one cell is searched for each scan point, reducing the constant of the complexity. A prepro- 

cessing step is required, so this method is only practical if many pose estimates are going to be 

computed using a particular map. To determine the nearest segment to a scan point. the procedure 

is to find the grid box that the scan point lies in, and the associated “short” list of line segments that 

might be nearest. By computing the distance to each o f  the line segments on the short list and 

choosing the minium, the correspondence has been determined for a scan point. 
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3.1.2 Correspondence Error Minimization 

The problcm is to determine the sensor pose that matches a set of N measurements to a set of M 

line segments. This can be formulated as an optimization problem -- to be precise an overdeter- 

mined nonlinear minimization. It is overdetermined because there are three degrees of freedom 

and N range measurements (where N is always >> 3). It is nonlinear because one of the degrees of 

freedom is an angle, and therefore the error metric involves trigonometric functions. A closed 

form solution exists [Schonemann70], but we elected an iterative algorithm to allow nonscalar 

weighting of the error terms to model uncertainty’. The correspondence error is defined as the sum 

of the distances of each scan point to the map line segment is corresponds to. If the correspon- 

dence is  between scan point and map line segment endpoint (a “point-to-point” correspondence), 

the error is simply the distance between the two points. If the correspondence is between a scan 

point and the interior of a map line segment (a “point-to-line” correspondence), the error is the 

minimum distance from the point to the line containing the line segment. The same correspon- 

dence error minimization method from the feature-based pose estimator is used for the iconic pose 

estimator. The only difference is that the matrices are generally larger, because their sizes are 

determined by the number of scan points instead of the number of features extracted from the scan 

points. See Section A on page 99 for the formulas. 

The minimization loop recomputes the correspondence on every iteration, and reduces the corre- 

spondence distance threshold on every iteration until a lower bound is reached. The threshold is 

set to the median of all the correspondence distances of the previous iteration or a fixed lower 

limit, whichever is greater. The lower bound is set beforehand depending on the noise level in the 

range data. There is one termination condition: an epsilon on the maximum change in any of the 

degrees of freedom. In case this epsilon is set too small, there is an iteration limit. 

3.1.3 Results 

An interesting test case is to use the same data set from the feature-based results. One would hope 

that the iconic system performs similarly, and preferably better. It will likely be slower, but the 

accuracy should be better because the intermediate feature representation is avoided, eliminating 

any error imposed by it. 

I .  However. vie have not yet done this uncertainty modelling. 
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FIGURE 9. A test of the iconic scan matcher on the same data set as the feature-based 
example. The arrows mark sixteen estimated poses. The first pose is at the lower right. It 
points to the right hecause we always initialized the system with a beading of 
approximately zero (along the pmitive x axis). 

Figure 9 on page 29 shows the result of running the iconic pose estimation system on the same 

data set used as an example for the feature-based system. As expected, the computation time was 

significantly higher. The error is summarized in Table 4 on page 30. 
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Comparing Table 4 on page 30 with Table 3 on page 21, you can see that in most cases, the iconic 

pose estimator was more accurate. The sources of error have been reduced to scanner calibration, 

error in correspondence, and experimental error in surveying the poses. 
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FIGURE 10. Comparison of feature-based and iconic pose estimation. The distance 
error for both estimators on the same dataset of 16 poses is shown. 

3.2 Using a Scan-Generated Map 
The previous section presented an iconic pose estimator for matching a scan to a premeasured map 

to compute the pose of a robot. If the robot’s workspace does not exceed its range scanner’s field 

of view, it’s possible to take an initial scan from a known pose and tit polylines to the scan to form 

a map. If there is no need to work within a global coordinate system, an arbitrary pose can be 

assigned to this initial scan. Given this map, the same pose estimation system from Section 3.1 on 

page 26 can be used to serve as a positioning system while the robot operates within the area COY- 

ered by the initial scan, 

3.2.1 Results 

Figure 1 I on page 32 show the initial scan and the map that was generated from it. The scan is the 

f in t  of a set of  10 scans from an underground room-and-pillar coal mine. The method o f  fitting 

polylines used to generate this map is actually the subject of  a later section in this thesis (contour 

fitting) and will not be addressed here. The segment lengths in the map are roughly 0.5m. The 

Cyclone sensor was used to collect these scans. The position of the sensor was surveyed at each of 

the I O  poses, but not the orientation. 



FIGURE 11. The map was generated from an initial scan by breaking the scan at 
occlusions and fitting polylines. Some of the clutter in the scan was removed by 
hand. 

The results of the lascan run is illustrated in Figure 12 on page 32 which shows all 10 scans plot- 

ted at their dead-reckoned poses and estimated poses. 

FIGURE 12. The result of matching a sequence of 10 scans to the map formed 
by fitting polylines to the first scan. On the left is the set of 10 scans plotted at 
their initial poses. On the right, the same 10 scans are plotted at their refined 
pose estimates. 

32 



TABLE 5. 

E m r  in 
x (cm) 
0 

2 

8 

8 

9 

11 

10 

13 

12 

13 

Error in 
Y (cm) 
0 

-8  

-9 
-9 

-6 

-9 
-9 
-5 

-0 

1 

Error in 
theta 
(de@ 
-0.0 

0.8 
1.7 

1.1 

1.5 

1.4 

1.4 

1.4 

1.6 

3.2 

Error in 
distance 
(cm) 

0 

8 

12 
12 

11 

14 

13 

14 

12 
13 

3.3 One to One Matching 
This section presents a variation of the basic iconic pose estimator which does not require a pre- 

measured map. If a robot’s workspace does not exceed its range scanner’s field of view and there 

are no obstructions blocking a significant portion of the field of view, it is possible to treat a single 

scan as a map o f  the area for pose estimation. The robot initializes by acquiring a scan from the 

initial location and storing it. The initial location can be assigned arbitrluy coordinates or can be 

measured by hand in a global coordinate frame. The scan is prepared for further processing by 

breaking it into “partial scans” at discontinuities in the scan which exceed a threshold (caused by 

occlusions). The threshold is set to be more than twice the accuracy of the range, so noise in the 

data won’t effect the formation of the partial scans. The result of applying this simple algorithm to 

a scan is a set of partial scans which are treated as polylines to serve as a map. Using this map. the 

iconic pose estimation system described above can be used. 

3.3.1 Results 

For evaluation of this method of pose estimation system, we present the results from using the 

same coal mine dataset as the previous section. Figure 13 on page 34 shows the result of  matching 

a sequence of 10 scans to the initial scan. From looking at the illustration, it’s impossible to see 

any difference from Figure 12 on page 32. 
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FIGURE 13. Results for matching each scan to the initial scan. On the left is dead 
reckoning. On the right are estimated poses. 

TABLE 6. Error resulting fmm matching each scan to the initial scan. 
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Comparing Table 6 on page 34 to Table 5 on page 33, the difference in error is insignificant. Exe- 

cution time increased because of the increased number of segments in the map. The only benefit is 

that the map doesn't have to be *fit* to the initial scan. This version of the iconic estimator is eas- 

i ly  extended i n  the next section to allow the robot to use a set of scans as a map, allowing it to 

operate outside the view of a single scan. 

3.4 One to Many 
Given the ability to match a scan to a single scan as described in Section 3.3 on page 33, it is  

straightforward to match a scan to several previously stored scans to determine the sensor pose. In 



fact the algorithm is essentially the same. The only modification required is that the new scan 

points must be matched to several scans (taking the minimum distance) instead of a single scan. It 

is still a matter of matching a set of scan points to a set of line segments. 

3.4.1 Results 

Once again the coal mine dataset is used to demonstrate the operation of the one-to-many iconic 

pose estimator. An initial scan is acquired (the leftmost pose). The subsequent scans are matched 

to all previously stored scans, so for example, the 10th scan is matched to the previous 9 scans. 

FIGURE 14. Results of matching one scan to all previous scans. 
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TABLE 7. 
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3.5 Multiple Simultaneous Pose Estimation 
An algorithm for matching one scan to many scans was described above. The result of this match- 

ing was an improvement in the pose estimate of one scan. A straightforward extension of this algo- 

rithm allows many scans to be simultaneously matched to each other, resulting in an improvement 

in the pose estimate of all the scans involved (except at least one, which must remain fixed). How- 

ever, because there is a matrix inversion (O(N3) where N is the number of scans), the computation 

time increases rapidly with the number of scans. 

3.5.1 Results 

FIGURE 15. Results of matching many to many. 

TABLE 8. Error resulting from matching many to many. 
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TABLE 8. Error resulting from matching many to many. 
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3.6 Comparison to Feature-Based Method 
A comparison was performed using a dataset from the Cyclone sensor which formed the basis of 

Gonzalez’s thesis [Gonzalez93]. It compared his implementation of the iconic estimator to my fea- 

ture-based estimator. Though his implementation is slightly different, the comparison is still valid. 

The conclusions are presented here. For details, refer to IShaffer92dI. The two pose estimation 

methods were compared with respect to six metrics. They are listed in no particular order, since 

their relative importance depends on the application. 

Accuracy 

Accuracy is important to reduce the chance of robot collisions and to position equip- 
ment or sensors for interaction with the environment. However, sometimes accuracy 
must be exchanged for improvement in another metric. 

Processing Time 

Processing time is measured from the time the range scan is acquired to the time that 
the pose estimate is available. Processing time becomes more important as the robot 
moves more quickly to provide rapid feedback for stable control. 

Number of Range Data Points Per Scan 

The number of range data points taken per scan mostly affects processing time, but it 
also affects the robustness of the estimator: if fewer points are required, the algorithms 
can be more selective about which points to use in the calculations. 

Robustness to Errors in the Map 

Robustness to e m r s  in the map enables an estimator to work in less than ideal environ- 
ments, where some objects which aren’t in the map might move about, such as people 
or other pieces of mobile equipment. 

Sensitivity to Initial Pose Estimate 
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Sensitivity to the initial pose estimate is important when the dead reckoning capabili- 
ties of the robot are poor. 

Environment Models 

An ideal pose estimator would be able to model any environment. Environment models 
which can only coarsely approximate the environment yield poor results. 

Both work well for the environment used in this comparison, but each of them outperforms the 

other in at least one aspect of the comparison. The feature-based estimator, in general, is faster 

than the iconic estimator and does not require a good initial heading estimate. The iconic estimator 

can use fewer points than the feature-based estimator, can handle less-than-ideal environments, 

and is more accurate. Both estimators are robust to some error in the map. An ideal 2D pose esti- 

mation system would possess all the good qualities of both the feature-based and the iconic esti- 

mators. 

3.7 Comparison to Cox’s and Gonzalez’s Algorithms 
The first iconic pose estimator presented in this chapter matches a range scan to a presurveyed line 

segment map to determine the pose of the sensor. This is the same problem addressed by others, in 

particular Cox ICox91] and Gonzalez [Gonzalez92]. This section presents the result of a head to 

head comparison of the three algorithms on the same dataset. 

We implemented Cox’s algorithm and a simplified version of Gonzalez’s algorithm, and ran them 

on the same test case shown in Figure 9 on page 29. Two runs were done using each algorithm, 

one using the presurveyed map of about 30 long line segments, and one using a scan as the map 

(900 short line segments). For both runs, all three algorithms converged to essentially the same 

values. The only significant difference was in the run time of the correspondence algorithm. The 

runtimes are summarized in Table 9 on page 38. 

TABLE 9. Run time of correspondence algorithms. Times are in seconds 
on a Sparestation 20. 

cox Gonzalez Shaffer 

30 seg 0.168 0.017 0.0 I 1 

900segs 2.141 0.047 0.020 

The large difference between Cox’s and Gonzalez’s run times are a result of the complexity of the 

correspondence calculation being reduced from O(MN) to O(N) where N is the number of scan 

points and M is the number of line segments in the map. Gonzalez uses a grid lookup to achieve 

this. As described earlier, our algorithm builds a more efficient lookup table which results in an 

O(N) correspondence calculation with a smaller constant because fewer grid boxes are searched 
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(exactly one per scan point). Using either Gonzalez’s speedup or our speedup enabled registration 

of multiple range scans simultaneously in a reasonable amount of time. It should be noted that our 

speedup could easily be applied to Cox’s or Gonzalez’s systems to achieve the same speedup. 

3.8 Discussion 
Several iconic pose estimation systems were presented. All of them share a common core: match- 

ing every point of a scan to a map. The map can be a presurveyed line segment map (the same as 

the feature-based system), it can be automatically generated from an initial scan, or it can be the 

unprocessed initial scan. In the second and third cases, many scans can be matched to each other 

simultaneously. However, the time required for an iteration grows unacceptably quickly as the 

number of scans involved increases, making this impractical for expansive environments. Another 

shortcoming of the iconic system is that it doesn’t result in a compact and concise map representa- 

tion. A set of scans can serve as a crude map, but a better representation is  desirable. 

There are even more variations of the iconic estimator than were presented in this chapter. The 

ability to customize an iconic estimator is one of the strengths of the method. The number of 

points used in  the calculation can be reduced to attain faster cycle time. The type of map used can 

be either hand-measured, automatically-generated, or simply raw scan data. Several scan poses 

can be relined simultaneously with respect to each other to reduce the total registration error. 
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4 Contour Mapping Theory 
This chapter presents the ideas and algorithms of contour mapping and some results. More results 

are presented separately in Chapter 5. 

4.1 Introduction 
In this chapter a map representation which we call “contours” is  introduced, and a contour-based 

map-building system is described. A contour is one of the planar curves formed by intersecting the 

scene with a horizontal plane at sensor height. A map is a set of contours. In previous chapters we 

have described registering scans to a&ed map (with the exception of multiple simultaneous pose 

estimation). In this chapter, the map is reshaped as each new scan in acquired, through a process of 

contour refinement. 

A new definition of the error between scan and map is required to allow concurrent pose estima- 

tion and reshaping of the map to minimize the total error in the map. The error metric used in  the 

iconic pose estimators in Chapter 3 does not perform properly when fitting a contour to several 

overlapping scans. 

The map is refined to reduce the total error in the map by reshaping the contours to better f i t  the 

scans. Like pose estimation, an iterative least squares error minimization is used to reduce the 

error between the contours and the scans. However, the Gauss-Newton method can diverge if a 

degree of freedom is unconstrained, so the line search gradient descent method is used instead. 

Line search is also used for the pose estimation error minimization for the same reason. 

After we develop the ability to fit scans to the map (pose estimation) and the ability to reshape the 

map to better fit the scans (contour refinement), we combine the two into a system that incremen- 

tally constructs a map as each new scan is acquired Because there is no external reference, it is 

inevitable that error will accumulate in the map. The main result of this thesis is to reduce this 

accumulated error without external reference by alternately refining all of the pose estimates 

(keeping the contours fixed) and then refining all of the contours (keeping the scans fixed). In this 

way the scans and the contours concurrently “pu1l”each other closer until the total error is mini- 

mized. 

4.1.1 The Contour Representation 

To allow registration, most of the area mapped is scanned at least twice. The scans do not overlap 

exactly because of-error in one or more of the pose estimates. The underlying structure of the 
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scene is assumed to lie somewhere between or among the scans. Our approach is to take an edo- 

cated guess as to where the scene actually is by fitting a contour to the all of the scans. 

We represent a contour with a polyline. There are two key differences between this polyline con- 

tour map representation and traditional line segment maps. First, the contour linc segments are 

short, allowing modelling of curved contours. Second, there are no gaps between neighboring con- 

tour line segments. Contours could be represented using splines or other such components. There 

is nothing to prevent mixing lines and arcs for example, except that the benefit might not justify 

the added complexity. 

A polyline contour is represented as a doubly linked list of polyline vertices, in a counter-clock- 

wise order. The ordering is imposed to indicate which side the contour was sensed from. The list 

can be circular, forming a closed polygonal contour. 

4.1.2 The Incremental Map-Building Cycle 

Building iconic maps was accomplished in the single operation of pose estimation. There was no 

additional processing of the scans to integrate them into a map representation such as contours. 

Constructing contour maps requires two additional steps: map expansion and contour refinement. 

For now, the environment is assumed to be static, although this assumption is lifted in later in this 

chapter. It is assumed that the sensor is stationary while scanning or that the scanning speed is so 

fast that the movement during scanning is negligible. The initial pose estimate can be obtained by 

a number of methods: dead reckoning of the sensor’s mobile platform, rough estimate from system 

operator, an INS, GPS, or by pacing it off. In a real robotic mapping system, the method of choice 

would be dead reckoning, because it requires no human interaction, it’s not prohibitively expen- 

sive, and it is sufficiently accurate. The initial estimate is only required to give the pose estimation 

software a good enough starting point so that it will converge to the correct correspondence. 

.Map expansion occurs when a part o f  the scene is scanned for the first time. There must be some 

overlap between the new scan and the map to enable pose estimation, but some pan of the new 

scan must not overlap the map, allowing expansion of the map. New contours are roughly tit to 

parts of the new scan that don’t overlap existing contours. After this map expansion step, al l  new 

contours and all contours that were overlapped by the new scan are refined. The new contours 

need to be refined because the initial contour fit is rough. Contours that are overlapped with new 

scan data are refined to take advantage of the new information. 

These steps form a map-building cycle which is: 
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1 .  Acquire scan and initial pose estimate. 

2. Refine pose estimate. 

3. Expandmap. 

4. Refine contours. 

5. Move sensor. 

4.1.3 Overview 

The five steps of the map-building cycle are described in this chapter, followed by a description of 

concurrent refinement, and then extensions to allow mapping of dynamic environments. 

4.2 Acquiring a Scan 
We assume that the sensor has a sufficient maximum range, fie.ld of view, and density of data to 

allow matching overlapping parts of scans. The exact values for maximum range and density of 

data de.pends upon the scale of the environment. However, a 360 degree field of view is advanta- 

geous regardless of scale. Both of the real sensors used in this thesis and all of the synthetic scn- 

sors are 360 degree sensors. The two real sensors are described in Appendix B and Appendix C. 

Synthetic scan generation is described in Chapter 5. 

Regardless of whether the scan is read real-time from the sensor, read from disk, or generated syn- 

thetically, there is some preprocessing done before the scan is passed to the rest of the system First 

[he scan is trimmed to the user-specified minimum and maximum ranges, with data points outside 

this interval discarded. Next a median filter removes outliers. The size of the filter is selectable, 

and is most useful with the older sensor, Cyclone, which seems to be more susceptible to outliers 

caused by mixed points. With the newer sensor, Typhoon, the median filter is often disabled by set- 

ting the filter size to 1, The third and most important step in preparing a scan for further processing 

is segmentation into "partial scans". A partial scan is a sequential subset of points in the scan 

bounded by discontinuities which e.xceed a threshold and specified by the start index and end 

index within the array of scan points. The assumption is that neighboring scan points should be 

connected because they densely sample part of the same object or portion of the environment. 

However. if the spacing between neighboring scan points exceeds the threshold, then either an 

occlusion has occurred, the density has decreased because of a shallow angle of incidence, or the 

distance to the object is so great that the angular spacing between consecutive range measurements 

results in a large separation. 
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4.3 Pose Estimation 
Pose estimation is the computation or refinement of the sensor’s 2D pose (x, y. 8). We assume that 

only a rough initial estimate of the sensor’s pose is available. For example, the robot is told to exe- 

cute a trajectory and the robot controller reports successful completion of the trajectory. An 

approximate position of the robot can be determined by dead reckoning. It is further assumed that 

no menns of pose estimation is possible except to register the new scan to the map. Pose estimation 

is accomplished i n  two major steps: first determining the correspondence between a scan and the 

mup and second adjusting the sensor pose to minimize the error of the correspondence. These two 

steps are described below, after introducing a new error metric. 

4.3.1 Scan to Contour Error Metric 

Concurrent pose estimation and contour refinement requires minimizing the same error in two dif- 

ferent ways (by adjusting the scan poses and by reshaping the contours), so the same error metric 

must be used for both pose estimation and contour refinement. However the iconic error metric 

cannot be used for contour refinement because it gives more “weight” to a more dense portions of 

a scan. This becomes a problem when a contour is being fit to multiple scans. 

The new error metric is an integral that can be considered a “continuous” version of the “discrete” 

iconic error metric. The unit operation is to compute the integral of the squared distance. (See 

Figure I 7  on page 46.) Integrating distance would compute the area between the scan and the con- 

tour. This is not useful because it does not provide a unique solution. 

4.3.2 Correspondence Between a Scan and the Map 

The correspondence between a scan and the map is computed by attempting to match each of the 

wan’s component partial s a n s  to every contour in the map. Thus the unit operation is to compute 

the correspondence between a partial scan and a contour. This unit operation is described in the 

remainder of this subsection. 

The new error metric described above requires eliminating the endpoint correspondences that were 

allowed in the iconic pose estimators of Chapter 3. The distance threshold still applies because we 

are matching a scan to an evolving (and therefore incomplete) map. We assume that a scan point 

corresponds to the nearest contour segment, subject to three conditions: 

I .  The scnn point must lie between the two imaginary perpendicular lines drawn through 
the endpoints of the contour segment. 
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2. The sensor position must lie on the correct side of the contour segment (to prevent 
matching scans from one side of a wall to acontour that rcpresents the other side of the 
wall). 

3. The distance between the scan point and contour segment must be below a threshold. 

F i p r e  16 on page 44 shows a partial scan (the set of points) and a contfiur (the polyline). The 

shaded rectangle is  the region specified by conditions 1 and 3 for one of the segments of the con- 

tour. The length of the shaded rectangle is the length of the contour segment. The height of the 

rectangle i s  twice the correspondence threshold, dcorresp, The second condition is satisfied because 

sensor pose P is on the proper side of the contour segment. This test is possible because contour 

points are always stored in a counter-clockwise order. The correspondences are illustrated with 

lines that connect scan points to the contour segment. 

A’ 

0 
P 

FI(;URE 16. A partial scan (the set of points) and a contour (the plyline,. The 
shaded rectangle is the region specified by conditionq 1 and 3 for one of the 
segments of the contour. The length of the shaded rectangle is the length of the 
contour segment. The height of the rectangle is twice the correspondence 
threshold, d,,,,,,. The second condition is satisfied because sensor pose P b on 
the prnper side of the contour segment. This test is possible because contour 
points are always n t o d  in a counterclockwise order. The correspondences are 
illustrated with lines that connect scan points to the contour segment. Point A fails 
condition 3 and point B fails condition I .  

To compute the correspondence between a partial scan and a contour, all partial scan points have 

to he checked against all of the contour segments. If all three conditions are met, and the scan point 

isn’t already matched to a closer contour segment, the scan point and contour segment are paired. 

If the scan point is already matched to a more distant contour segment, that pairing is 0verwritte.n. 

because we assume that a scan point corresponds to exactly one point in the scene. After all partial 

scan points have been checked and possibly matched to the contour, the pairings for each contour 

segment are sorted such that the set of scan points that correspond to a particular contour segment 



are ordered according to their position along a vector parallel to the contour segment. This is nec- 

essary to support computation of the error in the fit between the partial scan and the contour. 

This simple algorithm becomes very inefficient when the map is much larger than a scan’s maxi- 

mum range. To counteract this problem, a simple speedup was implemented by maintaining 

bounding circles around all contours and partial scans. This allows a computationally inexpensive 

test to he performed between a partial scan and a contour to reject pairings before conducting the 

exhaustive test. If the distance between the cente.rs of the bounding circles of a partial scan and a 

contour are more than (rpSwn + rconlour + dcorresp) then no point in the partial scan can correspond 

to any segment in the contour. 

It should be noted that, even with the speedup, this correspondence determination is computation- 

ally expensive (O(MN) where N is the number of scan points and M is the number of contour seg- 

ments). If the map is fixed and several pose estimates are to be computed in the same area, it might 

he practical to build a lookup table to greatly speed up the correspondence determination (reducing 

it  to O(N)j [Gonzalez92] [Shaffer93]. However, since we are building the map and therefore fre- 

quently modifying it, a lookup table is not practical. 

4.3.3 Correspondence Error Minimization 

Minimization of correspondence error is a nonlinear optimization problem with 3 degrees of free- 

dom (x, y, 0). We use a line search technique [Dahlquist74] to minimize the correspondence error. 

Line search requires computation of the error and its gradient and then performing a binary search 

in the direction of the gradient to find a delta for all of the degrees of freedom which will decrease 

the total error. The parameter which represents the distance along the search line is hand  will be 

referred to in later sections. Line search has the desirable property that if modifying one of the 

degrees of freedom has little or no effect on the total error, then that degree of freedom is not mod- 

ified. 

Correspondence error is defined by treating the scan points as a polyline (as is the contour) and 

calculating the integral of the square of the perpendicular distance between the partial scan and the 

contour. Note that the imaginary polyline formed by connecting the partial scan points that corre- 

spond to a contour segment is generated from the sorted list of correspondences produced by the 

correspondence engine. Therefore the order of the scan points is not necessarily the same as their 

ordering within the partial scan (which is dependent upon the sensor pose). Correspondence error 

is computed one contour segment at a time by computing the above integral between the contour 
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segment and the polyline formed by the sorted corresponding scnn points. Figure I7 on p g e  46 

and Equation I show the contribution,f, to the total error, F, due to scan points (xi, y,) and (x, ,  ,i) 

and the contour segment with endpoints (xs, y,) and (xe, ye). Remember (x ,  y, 8) is the scan pose 

estimate and the vectors rand ff are the range and azimuth vectors (the scan). 

FIGURE 17. The shaded a m  shows the integration 
region for the ermr contribution. 

There are three degrees of freedom (n, y, O),and the gradient therefore has three components. The 

gradient calculation equations appear in  Equation 2. 
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k4 = h r , w s ( 8 + a , j  - a r i s i n ( 8 + a 4 )  

The initial h value for the line search is shown in Equation 4, where F is the total error and dcorrcsp 

is the correspondence distance threshold. This initial 1 limits the search such that the maximum 

change in x or y is dconeSp. The resolution of the search is typically submillimeter. 

The minimization loop appears below: 

I .  Compute correspondence 

2. Compute x and y components of gradient 

3. Perform line search to refine x and y 

4. Compute theta gradient 

5 .  Perform line search to retine theta 

6. Update pose estimate 

7. Check termination conditions 

It is necessary to recompute the correspondence on each iteration because updating the pose esti- 

mate changes the correspondence. On the first iteration the dcorresp is set fairly high (typically 3 

m), according to the maximum expected error in the initial pose estimate. On the second and later 

iterations, this threshold is decreased (typically by a factor of 0.9) to the final error expected based 

mostly on the expected noise level in the sensor data (typically 0.1 m). 

It became clear that computing the l inea degrees o f  freedom separately from the angular degree of 

freedom was necessary. When all three were computed simultaneously, convergence was very 

slow. The nature of the error is that it is very sensitive to changes in 8 and much less so to changes 

in x and y, so there was oscillation wound the correct orientation and very slow converge.nce to the 

proper x and y. 
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There are four termination conditions for the pose estimation loop: 

the gradient is small 

the computed his  small 

the change in pose is small 

iteration limit is reached 

Unfortunately, there has to be an iteration limit because the error is not guaranteed to monotoni- 

cally decrease throughout the minimization process. The reason for the nonmonotonicity is that 

the correspondence is recomputed at each iteration. Scan points that were unmatched in a prcvious 

iteration due to being beyond the correspondence distance threshold can slightly mise the error. 

Sometimes this leads to an oscillatory behavior. 

The resulting accuracy in the sensor pose estimate depends upon the accuracy of the sensor data, 

the quality of the map, the correctness of the correspondence determination, and the validity of the 

correspondence error metric. 

A pose estimation example appears in Figure 18 on page 49. 
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FIGURE 18. A n  example of pose estimation by matching a scan to a set of 
contours. 

4.4 Map Expansion 
After the pose of a new scan has been computed, the next step in the map-building cycle is to 

expand the map by creating new contour segments where the new scan does not overlap an exist- 

ing contour. For now, we assume the world is static, so after computing the correspondence 

between a scan and the map, any scan points that do not correspond to the map are the result of 

viewing previously unscanned areas. One of three operations is performed to incorporate this new 

scan data into the map: create a new separate contour, extend an existing contour, or connect two 

existing contours with some new contour segments. 
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4.4.1 Creating a Contour 

When no points of apartial scan correspond to any contour in the map. a new contour i s  created. 

We use a polyline contour representation with "small" nominal segment length. The length ofthe 

segment depends upon the quality of the range data, the desired level of detail, and the required 

speed. The first point of the contour is the first point of the partial scan, and the last point of the 

contour is the last point of the partial scan. The intermediate vertices of the contour also coincide 

with partial scan points, and they are determined by a minimum contour segment length require- 

ment. This is a very rough fit of the contour to the scan data, and it is greatly improved the first 

time the contour is refined. 

4.4.2 Extending a Contour 

When some point(s) of a partial scan corresponds the last segment of a contour, but all remaining 

points in the partial scan do not correspond to anything, the contour must be extended. New con- 

tour segments are created starting where the last correspondence occumd and ending at the last 

point of the partial scan. Extending the beginning of a contour happens analogously, adding new 

contour segments onto the beginning of the contour until the first point in the partial scan. 

4.4.3 Connecting Contours 

When there is at least one correspondence between apartid scan and the last segment of acontour, 

then some unmatched partial scan points, then correspondence to the first segment of a contour, 

the IWO contours should be connected. The partial scan overlaps the end of one contour and the 

beginning of another, which indicates that they are actually the same contour in the scene. The end 

of the first contour is extended using the above contour creation algorithm and connected to the 

beginning of the second contour. Note that this might connect the end of a contour to the beginning 

of the same contour, forming a closed (polygonal) contour. 

4.5 Contour Fitting 
After contours are created or modified in the Map Expansion step of the map building cycle, or if 

contours are ove.rlapped by new scan data, they are refined to better fit the scan data. An error min- 

imization is performed using line search where the contour vertices are the variables in the mini- 

mization equations. As with pose estimation, there are two main components to the error 

minimization: computing correspondence and line search. 
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4.5.1 Determining Correspondence Between a Contour and Scans 

To determine the correspondence between a contour and a set of scans, the correspondence algo- 

rithm (described in Section 4.3.2 on page 43) i s  run on the contour and every existing partial scan. 

4.5.2 Minimizing Correspondence Error to Improve Contour Fit 

To improve the fit of a contour to scan points, we use the line search method described in 

Section 4.3.3 on page 45 to minimize the correspondence error. There are 2N degrees of freedom 

(the coordinates of the N contour vertices), and the gradient therefore has 2N components. The 

equations for the gradient appear in Equation 4. The line search method was chosen over the 

Gauss-Newton method because the latter exhibited undesirable behavior for degrees of freedom 

whose gradient components were near zero. In this case, the Gauss-Newton method can change 

the degree of freedom by a large amount, causing divergence. The large number of degrees of free- 

dom would also require inversion of a large matrix (2N x 2N) if the Gauss-Newton method were 

used 

The initial h value for the line search is found by the formula: 

The minimization loop appears below: 

1, Remove degenerate contour segments 

2. Compute correspondence 

3. Compute gradient 
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4. Perform line search 

5. Update contour vertices 

The first step, removal of degenerate contour segments is necessary because in the course of fitting 

contours to scan data, some segment5 become very small and can cause the gradient calculation to 

be numerically unstable. Additionally, if a contour segment is  smaller than the noise level in the 

range scans, it allows the sensor noise to be propagated into the contour. In the current implemen- 

tation, no new contour segments are added during the fitting process, although this is desirable in 

some cases and might he added in the future. 

It is necessary to recompute the correspondence on each iteration because updating the contour 

vertices generally changes some correspondences, meaning some scan points correspond to differ- 

ent contour segments or to nothing at all. 

There are live termination conditions: 

the number of contour segments is fewer than 2 

the maximum gradient is small 

the initial his very small 

the maximum change in any degree of freedom between iterations falls below a thresh- 
old 

iteration limit is reached 

As with line contour-based pose estimation, there must be an iteration limit. Sometimes there is 

oscillation due to the recomputation of correspondence on each iteration. When the iteration limit 

is reached, the error has not been completely minimized. The change in the error due to these 

oscillations is small. An example of contour refinement appears in Figure 19 on page 53. 
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FIGURE 19. A portion of a contour overlaid on its corresponding scan 
points before and after contour refinementThe thin line segments am an 
indication of the cormpondence between scan point and line. 

4.6 Sensor Placement 
The last step in  the map-building cycle is moving the sensor to a new vantage point. Automatic 

sensor placement was not addressed in this thesis, but it has been the topic of research by others 

such as Sedas [Sedas93]. For the work presented in this thesis, sensor placement was done manu- 

ally. choosing what seemed to be the obvious locations for scanning. In the mine, this amounted to 

taking a scan at each “intersection” and usually halfway between intersections. The density of 

scans required and the exact layout depends upon the geometry of the particular environment 

being mapped. One simple algorithm for automatic sensor placement is to record a scan at a cho- 

sen spatial interval. 

4.7 Concurrent Refinement 
A contour map is constructed by iterating the map-building cycle presented at the beginning of this 

chapter, inserting one scan at a time, and extending the map. However, it is inevitable that some 

error will exist in the map since only relative pose estimation is performed. Without external refer- 

ence, the best course of action is to reduce the speed that the error accumulates. Loops in the lay- 

out of the environment caribe used to reduce the total error. Our technique is  to iterate between re- 

refining each of the sensor poses (keeping the contours fixed), and then re-fitting all of the con- 
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tours (keeping the scans fixed). Contours and scans are “pulled” toward each other as the total 

emor in the map is gradually reduced. This is the main result of the thesis. 

Concurrent refinement does not have to be done only once after all the scans are acquired. For 

maximum accuracy, concurrent refinement could be performed after each scan is inserted into the 

map. 

An example appears in Figure 20 on page 55 and Figure 21 on page 56. A map formed from 9 

scans is shown. The most apparent error is indicated with an arrow. At that location, a concrete 

block wall was scanned from both sides. Two contours were f i t  to the wall, which is correct --one 

for each side of the wall. The error is that, in the figure, the two sides of the wall overlap each 

other, which is physically impossible. Looking at Figure 21 on page 56, after concurrent refine- 

ment, the two sides of the wall are in the correct position in relation to each other. The refinement 

ran overnight on a S p a c  20. A graph of the improvement in the 9 poses appears in Figure 22 on 

page 57. 
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FIGURE 20. Before concurrent refinement. 
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FIGURE 21. After concurrent refinement 
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FIGURE 22. Improvement in sensor poses as a 
lpsult of concurrent refinement. 

4.8 Dynamic Environments 
Until now, we have assumed that the environment is static. In this section, we describe the exten- 

sions that are necessary to lift this assumption. There are several philosophies in dealing with a 

“dynamic” environment. For our purposes, a dynamic environment is one that exhibits changes 

over time that are detectable by our sensor. One could assume that only new objects are appearing, 

so only add to and extend the map. One could assume that objects only disappear. In general. both 

are occurring. So then, what are the ways to deal with this dynamic environment? Moravec’s grid 

maps handle dynamic environments gracefully -- it makes no difference if something appears or 

disappears. There are no conditions or special cases detected. The probability for the effected cells 
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is simply updated. However, change in the map is slow. We take advantage of the strong assump- 

lions that can be made given the high accuracy of a laser range sensor. 

Scans of previously unscanned areas require addition of new map segments, even in a static envi- 

ronment. However, there are several more cases that occur when the environment is no longer 

static. In a static environment, all that is necessary to expand the map is adding completely new 

contours, extending existing contours, and possibly connecting the end of a contour to the begin- 

ning of a contour. Map expansion in a dynamic environment requires all of the same capabilities as 

expanding a static environment plus the ability to splice into existing contours. Detecting where 

the splicing needs to be done is the challenge. 

As a simple example, consider the situation when a previously mapped wall (say IO meters long) 

has  a vending machine placed against it in the middle of the wall. Assume the vending machine is 

slightly trapezoidal so it’s possible for three faces of it to be seen from one vantage point. The next 

time that wall is scanned, there are many scan points that don’t correspond to any part of the map. 

[These are the reflections from the vending machine.) What do you do to the contours to reflect 

this change in the environment? Probably everyone would agree that the three sides of the vending 

machine that do not face the wall should have new contour segments fit to them, but what about 

the fourth side of the vending machine, the side that faces the wall? It’s very unlikely that it will 

eYer be scanned. Should the wall contour segments that are now occluded be deleted? Should the 

vending machi= contour segments be connected to the wall contour segments? These are some- 

what philosophical questions. Our philosophy is as follows. The occluded wall contour segments 

should be left alone and the vending machine segments should be connected to the wall contour 

segments. Our reasoning is as follows. There is no direct evidence that the section of the wall dis- 

appeared -- it is simply occluded. If the vending machine is moved, that part of the wall is proba- 

bly still there. The second half of the question (should the vending machine be spliced into the 

wall) is a little tougher to answer. If the wall had not been scanned before the appearance of the 

vending machine, the vending machine would simply be part of the wall. (Range sensors can’t 

really tell the difference between vending machine and wall.) For this reason, we splice the vend- 

ing machine into the wall to form one contour. This simple example illustrates all of the key issues 

Tor adding newly appearing parts of the scene to the map. 

Disappearing objects can be handled at two levels: the contour level and the scan point level. In 

other words, given a new scan, new contour segments could be fit to all of the new scan and then 

compared against existing contour segments to determine where discrepancies exist. The other 
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possibility is to compare new scan points against existing contour segments. The tirst alternative. is 

attractive because there is less data involved. However the interpretation becomes more diUicult 

and prone to errors. The brute force method seems to be the better alternative, comparing new scan 

points to cxisting contour segments. However, another philosophical point surfaces - what to 

assume regarding the laser beam divergence. Should each scan point be modelled as a line with 

gaps between neighboring scan points? Or should two neighboring scan points form a triangle of 

coverage because of the laser beam divergence? We chose the latter because there is a significant 

beam divergence and we know what it is. Thus handling disappearing objects amounts to a single 

unit operation of intersecting a triangle with a line segment. 

This remainder of this chapter details the cases that can arise and presents a few examples to illus- 

trate these points. 

4.8.1 Appearance 

The approach in contour editing is to logically reason about the causes of conHicts in  the map after 

a new scan is placed and correspondence is computed. Several different types of conHicts can 

occur. To determine what type of conHict occurs, it is necessary to step through each new partial 

scan sequentially, point by point, from start point to end point, looking at correspondences (or lack 

of correspondence) and logically deduce what happened in the scene. At the transitions, the deduc- 

tion takes place and the required contour modification is performed. 

When looking at the sequence of correspondence and loss of correspondence, there are eight cases 

that arise. These eight are actually built up from two basic occurrences: intersection with an inte- 

rior segment, intersection with a s t d e n d  contour segment. Intersection, in this context, is when a 

scan point corresponds to a contour segment 

There are a few operations that might be required, depending on the condition that is encountered. 

They are all simple operations: cut, detach, extend, splice, join, create. 

Cut - divide a contour segment into two (not necessarily in halo. creating two new end- 
points where there was none before 

Detach -disconnect two adjacent contour segments such that the shared endpoint is 
duplicated 

Extend - create new contour segments starting from an existing contvur point 

Splice - cut a segment and connect another segment to one of the newly created end- 
points 



- Join - create new contour segments starting from an existing contour point, either to 
start or end of partial scan 

I .  condition: beginning of partial scan, transition from no correspondence to correspon- 
dence to first segment of a contour 

e 
m e  

action: extend beginning of contour 

2. beginning of partial scan, transition from no correspondence to correspondence to an 
interior segment of a contour 

e *  e 

action: join contour 

3. partial scan corresponds to end segment of one contour and start segment of another 

w e - e 

action: connect contours 
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4. panial scan corresponds to two interior segments of a contour(s) 

0 .  

action: splice into both contour segments and create new segment(s) 

5. partial scan corresponds to end of one contour and interior segment of another 

action: extend end of first contour and splice into segment 

6. partial scan corresponds to beginning of one contour and interior segment of another 

action: extend beginning of contour and splice into segment 

7. partial scan corresponds to end segment of a contour and then nothing else 
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action: extend end of contouI 

8. partial scan corresponds to an interior segment of a contour and then nothing else 

a * a  a a *- 

action: splice into segment and then extend end 

- a  

4.8.2 Disappearance 

When part of the scene disappears after it has been mapped, it will need to be scanned again and 

the map will need to be modified accordingly. Some researchers have used a fadeaway technique 

to handle this problem. This may be appropriate for highly dynamic environments, but it is a very 

pessimistic approach for a mostly static environment. It might also be appropriate for systems that 

rely on dead reckoning, and therefore the position error builds very quickly. We do not remove a n y  

data from the map due to age alone, only after conflicting scans are incorporated into the map. We 

assume that the laser beam divergence provides full coverage between adjacent scan points, and 

that the pose estimate for the scan is reasonably good. If the triangle formed by a pair of adjacent 

scan points (and the  pose of the scanner) overlaps a contour segment, the intersection of triangle 

and segment is removed from the map. More specifically, if all of the following conditions are 

true, the intersection is removed: 

1. the triangle overlaps the segment such that the segment intersects the two sides of the 

2. the distance from scan point to segment is over a threshold (does not “correspond”) 

3. the view angle from the scanner pose to the segment is not too glancing (don’t want to 

triangle that share the scanner pose 

remove whole segments that the scanner is “looking along”) 

An example appears in Figure 23 on page 63 
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FIGURE 23. An example of updating the map after a change in the environment. In 
the top image, the doors at A are closed. The lower image shows the map after a 
second scan was acquired with the doors at A open. 
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4.9 Summary 
This chapter described a contour-based mapping system for static 2D environments and then 

extended the theory to handle dynamic environments. The map is constructed incrementally by 

inserting range scans using a series of steps. These steps are referred to as the map building cycle. 

They are: scan acquisition, pose estimation, map expansion, contour refinement. and sensor place- 

ment. The first scan is fixed and contours are fit to it. The next scan is matched to the existing con- 

tours to determine its pose, and then the map is expanded using the new information provided by 

the  new scan. In areas where the new scan overlaps existing contours, those contours are refined to 

take advantage of the new information. In areas where the scan does not overlap existing contours, 

new contours are created. The sensor is then moved and the cycle repeats for the third and subse- 

quent scans. Concurrent refinement of poses and contours can be performed at any time to mini- 

mize the global error. The map can be edited to account for changes in the environment. 

Figure 24 on page 65 illustrates the first two cycles of a map-building run. 
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FIGURE 24. The first two cycles of a contour map building run. 
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5 Experimental Results 
To test the contour-based mapping system in an expansive unknown area, a room-and-pillar coal 

mine was chosen. This type of mine is modelled as 2D by mine engineers, because it follows coal 

“seams” that are fairly level. Workable seam heights are typically 3 - 8 feet and don’t vary by 

much throughout the mine. The room-and-pillar technique of mining removes coal, leaving a 

matrix of untouched coal pillars behind which support the load from the overburden, the earth 

above the mine. There is a network of tunnels (‘‘moms’’) between the pillars left behind where the 

coal was removed. The exact dimensions of the rooms and pillars are different depending on sev- 

eral factors including the amount of overburden. To give an example, a current production-ori- 

ented mine we visited used 40’ x 40’ square pillars and 20’ mom widths. A small section of their 

mine map from their survey office appears in Figure 25 on page 66. 

FIGURE 25. Mine survey map of a high-production room-and-pillar coal mine. 

The quadrilaterals in Figure 25 on page 66 are pillars of coal, roughly 4Wx40’. The rooms 

between the pillars are roughly 2 0  wide. The narrow double lines connecting the pillars represent 

concrete block walls that were built to control ventilation. Some of the surveyed locations are 

marked with circles and numbered. These are the numbers in the 600’s. The other numbers, the 

ones in the 800’s designate the elevation of the mine in feet. T h i s  is only a small part of a “produc- 

tion mine” that covers many square kilometers. It was mined with a coal excavating machine 



called a “continuous miner” that removes the coal with a vertically sweeping cutter. It is this vert- 

cal shearing motion and the fact that the coal seam is nearly level that allows the mine to be mod- 

elled with a 2D map. 

Preliminary to getting a large data set of a mine, two pretests were performed. First, a test was per- 

formed to verify that our laser range sensor would perform properly in the mine environment. 

Then the work on the iconic pose estimator and eventually the contour-based system took place. 

The second pretest, used throughout development of the mapping code. was to test the system on 

synthetically generated scans. Finally, a large data set from an underground mine was collected for 

the ultimate test of the mapping system. 

5.1 Realscans 
To verify that the Cyclone laser range scanner (see Appendix B for description) would function 

properly in a mine, we tested it in the mine pictured in Figure 26 on page 67. This was more or less 

a binary test. Would the reflectance of the coal mine walls provide enough of a return signal for the 

sensor to get an accurate range reading? Figure 26 on page 67 shows three overlapping 1000-point 

scan?. A graphical user interface allowed a person to visually determine the relative poses of the 

three scans by manipulating poses with a mouse. 

, . . . I  
,;.”’. 

. .  .. .. .. 

i 
1 

i.......; ...._ 

,? 

FIGURE 26. Three 1000-point Cyclone range scans from the Marrowbone mine. 

67 



5.2 Simulated Mapping of a Mine 
Synthetic range scans facilitated testing of the mapping system. Systematic and random error in  

the sensor could be controlled (and eliminated) to allow testing the mapping system tirst on perfect 

range data. After the system worked on perfect data, random and/or systematic error waq added to 

ensure that the mapping system could handle realistic amounts of error. Synthetic scans were gen- 

erated through software by “scanning” a 2D world model composed of line segments. Ground 

truth (the sensor pose) was given, and therefore not a source of error. And because the scans were 

generated from a given line segment model, the ultimate goal ofthe mapping system was also 

known. If all worked as it should, the resulting map should agree with the given 2D model that the 

scans were generated from. The two most illustrative tests used a large synthetic room-and-pillar 

mine similar to the real mine in Figure 25 on page 66. 

5.2.1 Generating Synthetic Data 

Before synthetic scans could be generated, a synthetic world had to be constructed. A simple frac- 

tal technique was used to add a random component to a matrix of squares representing a room- 

and-pillar coal mine. The approximate dimensions from the production mine in Figure 2.5 on 

page 66 were used: pillars 12m on a side and 6m wide rooms. Each line segment was split with 

random error added to the midpoint until segment size fell below a threshold, about Zm, resulting 

in the synthetic world pictured in Figure 27 on page 69. 
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FIGURE 27. Synthetically generated line model of a room-and-pillar type of mine. 

Synthetic scans were generated by intersecting rays form a given sensor pose with every line seg- 

ment in the world model, and taking the distance to the nearest intersection. Random noise was 

added to the range. The following parameters controlled synthetic scan generation: 

number of scan points 

maximum range 

minimum range 

start angle 

angular resolution 

range resolution 

standard deviation of range 

Initial pose estimates were created by adding random noise to the known poses from which scans 

were generated. The set of 42 scans plotted at the initial poses appears in Figure 28 on page 70. 
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FIGURE 28. A ret of 42 synthetically generated 2048 point range scan5 
plotted a l  initial p e  eslimales. The initial poses wem generated b) adding 
random noise to the actual poses. 

Figure 29 on page 71 shows the same set of scans plotted at the pose estimates resulting from run- 

ning the contour-based mapper. The maximum pose estimate error is 4cm and 0.05". Figure 30 on 

page 72 shows the resulting map. It consists of 109 contours with a nominal segment length of 

0.5m. For this example the maximum deviation of any contour from ground truth is approximately 

30 cm, with an average deviation of less than 5 cm. 
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FIGURE 29. The set of 42 synthetically-generated scans plotted at their 
refined poses resulting from the contour-based mapping system. 



FIGURE 30. The resulting contour map. It is virtually indistinguishable 
from the ground truth map in Figure 27 on page 69 

5.3 Mapping a Real Mine 
Figure 31 on page 73 shows part of another room-and-pillar coal mine map, from a research mine 

in which we were able to get a dataset. It is an old mine which now serves as a research mine for 

the U.S. Bureau of Mines in Pittsburgh. It was mined over at least a 90 year period with a small 

amount of mining still occurring for research purposes. The map in Figure 31 on page 73 was 

drawn from approximately 200 hand-surveyed points. It is not complete. (Some of the pillars 

aren't fully represented.) The layout is not nearly as regular as the modem production mine from 

Figure 25 on page 66. There are many more "crib block supports to augment the roof support 

than in the production mine, and there are even some 2' square timber pillars by design. The room 

widths are generally smaller, often only about 10' to 12' wide. 
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FIGURE 31. Hand surveyed mine map from a research (low-production) 
mine. 

This 100x200 meter area of the mine was scanned at 102 locations. The location and orientation of 

the sensor was surveyed using a total station at each location for evaluation purposes. A data set 

consisting of laser range scans, inertial navigation system packets, and total station survey data 

was collected. The total station survey data served as ground truth for the position and orientation 

of  the range scanner and the inertial navigation system. The ultimate comparison is between the 

automatically generated map from laser range data and the hand-measured map. 

5.3.1 Sensor Platform 

The laser range scanner and the inertial navigation system were mounted to a 4’ x 8‘ sheet of 3/4” 

plywood. The INS was bolted rigidly. The laser was mounted in a 2-axis gimballed mount. Three 

reflective targets were attached to the scanner, and three to the platform to allow measuring the 3D 
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positions (in the mine coordinate system) of the scanner and the INS (platform) using the total sta- 

tion. The laser scanner was levelled manually using a SmartLevel (resolution of 0.1"). 

FIGURE 32. Photo of the sensor platform. 

Scans were acquired with the sensor platform stationary and surveyed. A total of 102 scan loca- 

lions spaced approximately 10 m apart. For part of the area, the sensor platform was carried on a 

flatcar on rails. For the areas that were not accessible by rail, it was carried by a Cushman, which 

also allowed more control over the placement of the sensor. The height of the sensor varied with 

the elevation of the bottom of the mine, by as much as 2 feet between overlapping scans. The lev- 

elling of the scanner probably had more of an effect on the overlap. It was levelled to k0.1". 

At each scan location, the following data was collected: 

thirty 2048-point single line range scans 

INS northing, easting, elevation, azimuth, roll, pitch 

roll and pitch of sensor platform measured with SmartLevel 

roll and pitch of Typhoon according to internal clinometers 

7 reflectors' distance, vertical angle, horizontal angle measured with total station 
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(3 on Typhoon, 3 on sensor platform, and 1 on INS) 

An example 2048-point scan appears in Figure 33 on page 75. 

, 

k.. 
L.. 

FIGURE 33. An example 2048 point range scan. 

Taking 30 single line scans allows for using some statistical methods (such as averaging or taking 

the minimum) to generate an improved single scan The INS position was initialized each morning 

to the location reported by the total station. 

Using the laser scans, and a rough estimate of scanner position from either corrupted INS or cor- 

rupted total station, a 2D map can be generated. In an actual mapping system, the scans could be 

more closely spaced and keep track of its own position without the need for INS or total station. 

Alternatively, an operator could estimate the displacement between scans by stepping it off or by 

indicating the approximate location on a graphical display. 

An example of mapping an expansive area of an underground coal mine is presented in Figure 34 

on page 76 through Figure 39 on page 80. Figure 34 on page 76 shows a set of 33 2048-point 

range scans plotted at their surveyed poses and overlaid on the surveyed mine map for compari- 
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son. The pose of the robot is indicated by the arrows. The crosshairs within the arrowhead mark 

the position of the sensor, and the direction of the arrow indicates the orientation of the sensor. To 

give a sense of scale, the arrowhead is 2m wide. Figure 35 on page 77 shows the same set of scans, 

but plotted at erroneous poses. These poses were generated by adding random error to the sur- 

veyed poses with ox = 0.33, q, = 0.33, and oe = 3.33. So the maximum error in x and y is I m and 

the maximum error in orientation is 10 degrees. These numbers were chosen based on the fact that 

the corridor width is roughly 4m, so it should be possible to place the sensor closer to the center 

than the walls without measuring, and he should be able to pace off 10 meters with 1 meter accu- 

racy. Likewise, a person should be able to place the sensor to within IOdegrees, using acompass if 

necessary, If the sensor is deployed on a robot, dead reckoning should suffice, given that the spac- 

ing between poses is roughly 10m. 

FIGURE 34. Set of 2048-point range scans from the Bureau of Mine Safer! 
Keseareh Mine plotted at their surveyed poses. 
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Figure 36 on page 78 shows the improved sensor poses after running the contour mapper. The con- 

tours that resulted are shown in Figure 38 on page 79 overlaid on the presurveyed map. The gener- 

ated contour map is shown alone in Figure 39 on page 80. The presurveyed map was only used for 

display; the contour mapper software did not use it for any other purpose. 

RCURE 35. Set of 2048-point range scans fmm the Bureau of 
Mine Safety Research Mine plotted at their initial pose 
estimates. 

77 



FIGURE 36. Set of 2048-point range scans from the Bureau of Mine Safety 
Research Mine plotted at their refined pose estimates. 

FIGURE 37. A graph of the 
pose error corresponding to 
Figure 36 on page 78. The 
orientation error peaks at 
3.9", although it is usually less 
than 2 O .  
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FIGURE 38. Contours overlaid on ground truth. 
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FIGURE 39. The generated map by itself. It consists of 359 
contours. Over 60,000 range measurements were processed to map 
this area of approximately 5,000 m2 with more than 1 km of 
contours. 

5.4 Discussion 
The fundamental assumption of this thesis is that the area to be mapped can be accurately mod- 

elled as 2D. That the walls are vertical and the floor is flat. The research mine violated this 

assumption significantly. The floor was not flat, causing a height difference of as much as 2 feet 

between overlapping scans. This would not be a problem if the walls were perfectly vertical and 

the scanner was perfectly level. The walls were deteriorated due to age. Significant portions had 

crumbled away, In addition, part if not all of this mine was mined by undercutting and blasting as 

opposed to the shearing action of a continuous miner. The vertical shearing action of a continuous 

miner leaves nearly vertical walls behind. The scanner was levelled as well as we could level i t ,  

but even a tenth of a degree can cause a problem. The entries were narrow, which reduced the use- 

ful range of the scanner. For these reasons? the 2D assumption was grossly violated in some por- 

tions of the mine. As a result, only about half of the area scanned was mapped. Spacing the scans 

more closely might mitigate some of these assumption violations. 
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6 An Application for Robotic Mapping 
Automated mine equipment could enhance productivity, access unworkable mineral seams, and 

reduce human exposure to the inhospitable environment of dust, noise, gas, water, moving equip- 

ment and roof-fall. Room-and-pillar mining is accomplished by repetition of a well-defined cycle 

of cutting coal, removing coal, and supporting the roof. Each of these operations is performed 

using different machines, thus allowing incremental automation o f  the entire mining process. This 

chapter describes a system that automates the first step in the cycle: cutting of coal with a continu- 

ous miner. 

Automation of the continuous miner’s task requires the ability to maneuver the miner in highly 

constrained corridor-like environments, and to accurately position it for cutting coal. Our system 

(MINENAV) consists of a modified continuous miner, a scanning laser range sensor, a SPARCsta- 

tion, and software for autonomous control. Data from the laser range scanner is used to model the 

environment and to compute the position of the miner. The various cutting and loading append- 

ages of the miner are all controllable from the SPARCstation. 

The system has been tested on a mobile robot in a mock coal mine and on an actual continuous 

miner in a real coal mine. This system is the first instance of an intelligent robotic system for cut- 

ting coal. This chapter first describes the system and each of its components, and then presents the 

results of system tests 

c o a m  Initial state. 

comdor 

After the Box Cut After the Slab Cut 
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6.1 System Overview 
The general concept of the system is simple: use a laser rangefinder to guide a continuous miner to 

navigate and to cut coal. In room-and-pillar mining, a corridor is extended by executing two paral- 

lel cuts: the box cut and the slab cut. See Figure 40 on page 81. The miner must precisely maneu- 

ver into position before the box cut, then maneuver to reposition for the slab cut. After the slab cut, 

the miner must back out to make way for the roof bolter. To accomplish this advancing of the sec- 

tion, each maneuver is planned in advance, and the perception and control modules guide the vehi- 

cle along the preplanned trajectories to get in position and cut coal. 

The system configuration is shown in Figure 41 on page 83. The ovals represent software modules 

while the rectangles represent hardware devices. The software modules can be classified into three 

broad categories: planning, perception, and control. Most of the software modules are integrated 

through a central Task Control Architecture (TCA) [Fedor911 module, which provides cornmuni- 

cation and coordination services between modules. 

The Task Planner computes the sequence of maneuven and cuts that are necessary to accomplish a 

goal such as advancing the section. The motion trajectories for each maneuver are planned by the 

Path Planner. 

The resulting task plan is executed by the control modules with assistance from perception. The 

vehicle control modules include the Cutter module and the Path Tracker module. The Cutter mod- 

ule controls the various cutting and loading appendages of the miner while cutting coal. The Path 

Tracker controls the locomotion of the vehicle to maneuver it between cuts. The perception mod- 

ules process data from the range sensor to compute the position and heading of the vehicle as it 

moves. Two modules, the Feature-Based Pose Estimator (FPE)and the Iconic Pose Estimator (IPE) 

are employed depending on the navigation requirements. Each of these software modules and 

hardware devices is described in the following section. 

6.2 Planning 

There are two levels of planning in the coal mining software: task planning and path planning. The 

Task Planner generates a sequence of subtasks consisting of miner maneuvers in open space and 

cuts into the coal face. The motion trajectories for maneuvers are then planned by the Path Planner 

and queued for execution. 
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PLANNING e 0 Task P h n u  CONTROL 

l - l  Range Sewor 

FIGURE 41. System configuration. 

6.2.1 Task Planning 

Based on the coarse geometry of the problem, the Task Planner determines the sequence of sub- 

tasks required to advance the coal face. Two types of subtasks are employed: maneuvering and 

cutting. Maneuvering involves locomotion of the miner in the corridor to position for coal cutting, 

while cutting involves locomotion of the miner and activation of its appendages to physically 

engage the coal face. Each subtask is parameterized by geometric constraints on the motion of the 

miner, goal points to permit the fusing of adjacent subtasks in the sequence, and ordering con- 

straints on the appendage operations. The Task Planner utilizes task tree facilities of the Task Con- 

trol Architecture to assemble the subtask sequence. 

6.2.2 Path Planning 

The Path Planner module uses a line segment map of the environment to plan a safe sequence of 

poses for the miner to travel between an initial pose and a goal pose. A geometric model of the 

miner (a bounding polygon) is tested for intersections with the map during a search process to find 

a safe path. The search space is the set of all poses or confgurutions. The search space is three- 

dimensionsl, with each configuration in the space consisting of the miner's position and heading. 

A gradient descent scheme is used to find trajectories efficiently for simple cases. An A* approach 

[Nilsson71] is employed for more difficult cases. For storage efficiency, the search space is  stored 

83 



as an octree. Since the complete task is composed of several subtasks queued by TCA, planning of 

subtask n+l can occur concurrently with execution of subtask n,  so the effective planning time is 

usually zero. The result of the path planner is a piecewise linear path that connects the initial point 

to the goal point. This path has two important characteristics: it is both safe and kinematicallyfen- 

sible. It is safe in that if the path is tracked by the miner properly, it will not collide with any obsta- 

cles that are in the map. The path is kinematically feasible in that the miner is physically capable 

of the motions required to properly track the path. 

6.3 Perception 
In order to properly track paths and cut coal, the perception subsystem must be able to measure the 

position and heading (pose) of the continuous miner. There are two interchangeable perception 

subsystems: map-based pose estimation and triangulation-based pose estimation. The triangula- 

tion-based system is much more limited in capability: it has a 35 foot maximum range of opera- 

tion, and requires line of sight between miner-mounted targets and external lasers. However. the 

sensor that is currently used for map-based perception is not rugged enough to survive on a contin- 

uous miner, and is not explosion-proof, so until one is built, we use triangulation in our under- 

ground tests. 

6.3.1 Map-Based Pose Estimation 

Map-based perception matches range data to an a priori map of the miner's environment to com- 

pute the pose of the miner. Both the feature-based and iconic mapbased pose estimation systems 

use data from a radial scanning laser range sensor. A typical range scan from an underground coal 

mine appears in Figure 42 on page 85.  It consists of 1OOOpoints in a 360" horizontal planar field of 

view. The cross indicates the sensor position. Both feature-based and iconic pose estimation are 

described in earlier chapters of this thesis. 
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FIGURE 42. An example range scan from a mine. 

6.3.2 Triangulation-Based Pose Estimation 

The CMU range sensor, the Cyclone[Singh91], does not meet the requirements for operation on a 

continuous miner (ruggedness, explosion proof, etc.), so our underground tests have wed an alter- 

nate pose estimation system. Lasernet is a commercially available system which consists of a 

scanning laser and a reflective target. Using two externally mounted lasers, and two rniner- 

mounted targets, the pose of the miner can be determined accurately to a maximum range of about 

35 feet. The Cyclone is vehicle-mounted, and therefore does not have a limited range of operatlon. 

For details on the triangulation-based system, see Anderson [Anderson91]. 
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6.4 Control 
The continuous miner must be controlled to execute two types of operations: coal cutting and 

maneuvering between cuts.The miner i s  a tracked (skid-steer) vehicle that has a large rotating cut- 

Square up. 

Sump in. 

Shear down 

Remove cusp. 
FIGURE 43. The sumpshear cycle. 
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ter head on the front and a conveyor from the cutterhead to the rear of thc machine 

6.4.1 Cutting 

The coal cutting cycle consists of four steps: squaring up to the coal face, sumping in, shearing 

down, and removing the cusp. (See  Figure 43 on page 86.) This cycle is repeated until the desired 

depth of penetration into the wall of coal is achieved. Squaring up refers to aligning the miner with 

the desired heading of the cut. For the initial sump, this is accomplished by driving the miner into 

the wall, letting the tracks continue to drive after impact, and stopping when the heading has 

reached the desired value. 

Sumping in means turning on the rotating cutterhead and driving into the wall o f  coal. Shearing 

down involves stopping the tracks and allowing gravity to pull the rotating cutterhead down 

through the coal until it reaches the floor. Due to the cylindrical shape of the cutterhead, there is a 

“cusp” of coal left on the floor. Cusp removal is the process of driving the machine backwards 

with the cutterhead spinning to shave off the cusp. 

The cutting aspect of the control is straightforward: sequence the appendages in the proper order, 

and repeat the cycle until the perception system (the pose estimator) confirms that the desired 

depth of cut has been accomplished. 

6.4.2 Maneuvering 

Control of the continuous miner during maneuvering is the responsibility of the Path Tracker. The 

module is an implementation of the “pure pursuit” algorithm [Wallace85]. At each time interval, 

the current position and heading of the vehicle are sensed, and a trajectory that will intersect the 

desired path at a desired lookahead distance is computed. The correction trajectory usually con- 

sists of an arc followed by a straight line, but if the vehicle is far off the path, a turn-in-place might 

he required. Since the miner is currently capable of only one turning radius other than zero, some 

corrections would be impossible without turning in place. The cruising speed of the miner is about 

three inches per second, and the minimum time interval between corrections for stable control is a 

few seconds. 

6.5 Results 
The system was tested in three environments: an indoor mine mock-up using the Locomotion 

Emulator (LE) mobile robot, a pseudo-coal comdor using a Joy CM16 continuous miner, and a 

real underground coal mine using a Joy CM14 continuous miner. 
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For the first test setup (shown in Figure 44  on page 88) a wooden frame with the dimensions of a 

continuous miner was attached to the LE, and the LE controller emulated the skid-steer continuous 

miner. The Cyclone range sensor was mounted on the LE along with a SPARCstation. The system 

successfully maneuvered through a wooden mine corridor mock-up, and simulated the coal cutting 

cvcle. 

FIGURE 44. LE test setup. 

The second test setup (shown in Figure 45 on page 89) involved a real continuous miner (Joy 

CM16). and a moIe realistic mine mock-up. The spinning cutterhead sumping into the pseudo-coal 

is shown. The Cyclone sensor could not be used since it is not rugged enough to be mounted on a 

continuous miner. Instead, the Lasernet system provided the needed position and heading feed- 
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back. Th mine mock in iitai tion coal that 

FIGURE 45. CM16 test setup. 

allowed us to test the cutting software. This environment was still ideal in that the floor was Rat 

concrete instead of bumpy rock. 

The third and ultimate test setup was in a real underground coal mine using a Joy CM14 continu- 

ous miner and the Lasernet sensor. (See Figure 46 on page 90.) The SPARCstation was off-board 
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the miner and connected through a single serial line. The system successfully extended the mine 

corridor several feet by executing a series of box and slab cuts. 
I 

1 Map before cutting. After cutting. 

FIGURE 46. CM14 engaging real coal. 

6.6 Summary 
A robotic system for automating a continuous miner was presented. A laser range sensor was used 

to guide the vehicle while maneuvering in tight corridors and positioning for coal cutting. The sys- 

tem succeeded in initial tests in the lab and in the mine. In contrast to previous script-based sys- 

tems, this work is the first instance of a robotic system with ptential for fully automating il 

continuous miner. 

Given a mine-hardened laser range sensor that could survive aboard a continuous miner, the iconic 

and contour-based pose estimation systems could be used to navigate mine equipment and to build 

mine maps autonomously. 
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7 Conclusion 

7.1 Summary 
The general problem addressed in this work is the that of incrementally constructing a model from 

a sequence of point sets. More specifically, this dissertation develops algorithms for using a laser 

range sensor to incrementally map an expansive unknown environment. A progression of tech- 

niques was presented starting with feature-based pose estimation, then iconic pose estimation, and 

finally contour maps. Some ideas for how the ideas presented in this dissertation could be inte- 

grated into an application (autonomous underground mining) were presented. 

The contour mapping system builds on the capabilities of the feature-based and iconic pose csti- 

mators, resulting in a system capable of assembling an unlimited number of scans of an expansive 

unknown dynamic environment into a detailed, complete, compact, and concise representation. 

This work has extended the state of the art in 2D mapping for mobile robots working in unknown 

environments and has demonstrated potential for automating mining. Specifically, the contribu- 

tions of this thesis are: 

the first system to map an expansive unknown area without external reference 

first system to reduce global error in a map by performing concurrent refinement of 
poses and contours 

the tirst mapping system using an encircling laser range sensor to be shown valid for 
coal mining 

7.1.1 Mapping of an Expansive Unknown Area 

This thesis demonstrated 2D mapping of an expansive unknown area. Specifically, a large portion 

of an underground room-and-pillar coal was mapped automatically. We are not aware of another 

automated mapping system that can build a model of similar quality of an area so large and 

unstructured. Most previous results have demonstrated mapping of relatively simple indoor envi- 

ronments. 

7.1.2 Concurrent Refinement 

Two methods of whole map refinement were demonstrated. One of the incarnations of the iconic 

pose estimation system allowed refinement of multiple poses simultaneously. Every point of every 

scan was used to reduce the total error in the map by matching all the scans to each other. Contour 

maps can be refined if the scans used in making them are stored. The procedure is to iterate 

91 



between refining all of  the contours in the map (keeping the scans fixed) and then refining each of 

the scan pose estimates individually (keeping the contours fixed). 

7.1.3 Mining 

A n  encircling laser range sensor entered an underground mine for the first time. The potential for 

this type of sensor to assist mining operations was demonstrated, as a mine mapper and as a pose 

estimator for underground mobile equipment. 

7.2 Improvements and Future Work 
There are several areas of the existing system that could improved, and we have some ideas about 

future directions. 

7.2.1 Approximations in Error and Gradient Computations 

For the contour mapping system, the error and gradient calculations are integrals that are calcu- 

lated piecewise. In the current implementation, the calculation is simplified by ignoring the error 

contributed around the vertices of contours. The effect of this approximation is assumed to be 

insignificant, but has not been verified. 

7.2.2 Front End on Pose Estimation 

When mapping, accuracy is more important than execution time. so whenever there way a trade- 

off, speed was traded for accuracy. The pose estimation process is slow because the correspon- 

dence is recalculated on every iteration and the convergence thresholds are small. Line search is 

slower than the Gauss-Newton approach used in the iconic estimator. One idea for speeding up the 

contour-based pose estimator without sacrificing efficiency is to use the iconic estimator to bring 

the pose error down from its initial level to a much smaller level, and then to use the contour-based 

pose estimator to do the fine adjustment. 

7.2.3 Scan Preprocessing 

The density of range data is highly variable, depending on the geometry of the scene. Close to the 

scanner, the density is higher than it needs to be. For the contour mapper, efficiency could be 

gained by preprocessing the scans to reduce the density. This would reduce the computation timc 

greatly for all subsequent correspondence, error, and gradient computations. Little accuracy would 

bc lost by cutting the density to a reasonable level. Another preprocessing technique that could be 
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exploited if the robot is stationary during scanning is to take several scans and use some statistical 

means to generate an improved composite scan. Some quick checks have indicated that using the 

minimum of a set of readings provides a more precise measurement. 

7.2.4 Better Map Expansion 

Because of noise in the scan data and several interrelated thresholds, there Lire some defects in the 

contours that are generated. Some of this is best fixed by removing redundant contours. Some of it 

can only by fixed by a better implementation. 

7.2.5 Speed Improvements 

Because the priority of the mapping system is accuracy, speed has been sacrificed for higher accu- 

racy wherever the two came in conflict. We suspect that for purposes of  navigation, a version o f  

the iconic estimator that uses a relatively small number o f  points could provide a nice trade-off 

between speed and accuracy. 

7.2.6 Extending to 3D 

Extending the mapping system to build a 3D model from laser range data would provide a much 

more correct and complete picture of the environment. The sensing technology exists, and it's 

becoming more affordable every day. The results presented in this thesis used the single line scans 

that were collected in acoal mine. That data set also included a set of 360" x 40", 2048 pixel x 200 

pixel range images. An example is shown in Figure 47 on page 94. A 3D analog of the 2D system 

presented here would construct a planar facet model from a sequence of range images. 
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FIGURE 47. A Typhoon range iniage of a mine. The top hall of 
the image shows the front 180' x 40': the bottom half shows the 
rear 180" x 40". 

Most of the examples used real data from underground coal mines, because it was viewed as an 

excellent example of an expansive unknown environment. However the pose estimation methods 

developed in this thesis are not specific to the mine environment. There are no requirements on 

the layout or shape of the environment, only that there is enough overlap between scans to allow 

for registering to the map. Our rule of thumb was to have at least 50% overlap. It would be useful 

to know if there is an optimal amount of overlap between scans. 

Self-contained concurrent mapping and pose estimation are two of the basic capabilities that 

enable a mobile robot to interact autonomously with its environment. We would like to see this 

kind of software become a "black box" for mobile robots in the near future. 
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Appendix A Gauss-Newton Error Minimization 
The following symbols are used in this appendix 

r =  array of range measurements from an arbitrary scan 

a = array of angle measurements corresponding to r 

(x, y, 9) = pose of scan composed of rand ff 

rm= array of range measurements for scan #m 

a, = m a y  of angle measurements corresponding to r,n 

i = index into rm and a,,, or rand a 

(I,,, ym, 9,) =pose of scan #m 

rn= array of range measurements for scan #n 

a, = array of angle measurements corresponding to r,, 

j = index into rn and a, 

(I=, yn, e,,) = pose of scan #n 

I = length of a map line segment 

(xs, y,) = start point of a map line segment 

(x?, y,) =end point of a map line segment 

A.1 Feature Matching 
For this section only, the following symbols will be used in addition to those already defined: 

(x,,, y,,) = predicted point feature in robot frame 

(r,?, e,,) = predicted line feature radius from origin and orientation in robot frame 

(x,, y,) = robot (sensed) point feature 

(rp qr) = robot (sensed) line feature radius from origin and orientation 

To carry out the minimization, we transform the predicted features from the world frame into the 

robot frame. There are generally fewer predicted features than sensed features, so we chose to 

transform the smaller set and work in the robot frame. The transformation formulas appear in 

Equation 6 with the untransformed predicted feature parameters primed. 
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x I )  = ( X ' - - X ) C D S ~ +  P ( y , ' - y ) ~ i n e  

Y P = -(x,,'-x)sin0+ ( y  P ' - y ) c o s e  

r P P  = r '-xcosQ-ysin0 

e = 0 ' -e 
I' P 

A.l. l  Computing F 

The vector of error components, F, is composed of each of the individual correspondence errors. 

There are two cases: point and line. For points, the correspondence error is  separated into x and y 

components. For line correspondences, the error is represented as difference in orientation and dif- 

ference in perpendicular distance from origin. See Equation 7. 

(EQ 7) 

fz = XP - x, 

f, = . v - - Y  

fe = ep-er  

P - r  

P f, = r - r r  

A.1.2 Computing J 

There are twelve derivative which make up the Jacobian, three for each of the types of error. The 

formulas are listed in Equation 8. 
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A.1.3 Computing D 

There are two elements in the F vector for each correspondence. There are six elements in thc J 

matrix for each correspondence. See Equation 9. 

I . . .  .., ...I 

A.2 Iconic Matching 
The distance between a scan point and its corresponding map line segment is defined as the mini- 

mum of 

distance between scan point and map line segment end point 

distance between scan point and map line segment start point 

perpendicular distance between scan point and line which contains map line segment 
(provided that the scan point lies between the endpoints of the segment) 

Let the unknown sensor pose be (x, y, 0) the scan (in the sensor reference frame) be il vector of 

range values, I, and a vector of azimuth angles, a, and consider a representative map line segment 

with start point (xs, Y , ~ )  and end point (xe, v,). The three different distances (dx, if,. and i f L )  are 

defined in Equations 10 through 12. 
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Matching a set of scan points to a set of line segments is  an overdetermined nonlinear optimization 

problem. The unknowns are the deltas in the three degrees of freedom of the sensor pose (A.r, A,- 

A,) and the quantity to be minimized is the sum of the squared correspondence errors and is 

denoted by cp. The Gauss-Newton method [Dahlquist74] is summarized below in Equation 17. 

The number of point-to-segment correspondences is in. F is an m x I column matrix ofcorrespon- 

dence errors (ds, de, or dL), J is an m x 3 Jacobian matrix of F with respect to the sensor pose (x, y, 

e), and D is a 3 x 1 column matrix of deltas for each sensor pose degree of  freedom. By subtracting 

the delta from the sensorpose at each iteration, the sum of the correspondence error is reduced and 

the sensor pose estimate is improved. 

A.2.1 Computing F 

Computing the F matrix is straightforward once the correspondence between overlapping parts of 

scans has been computed as described above. For each of the rn correspondences, there is an ele- 

ment in the F matrix which is the distance between point and line segment. The formula for an 
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errnr component,f, due to an endpoint correspondence appears in Equation 13. The roormula for 

the error due to a point to segment correspondence appears in Equation 14. 

A.2.2 Computing J 

Computing the J matrix is straightforward; there are two cases. 

The correspondence is between a scan point and a map line segment endpoint, in which 
case the correspondence error is either d, or de. 

The correspondence is between a SCM point and an interior point of a map line s e g  
ment, in which case the correspondence error is d l .  

The Jacobians for each case appear in Equations 15 and 16. 

(EQ 15) 

x + r i c o s ( 9 + a , )  -xY 

y + r j s i n ( B + u i )  -?s 

af - 
ax f 
81 - 
JY f 

af - ( r i c o s [ B + a i ) )  ( ~ - 3 , ~ )  - ( r i s i n ( e + a , ) j  ( X - X , ~ )  

ae f 

- -  

- _  

- -  
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A.2.3 Computing D 
Computing the D matrix is accomplished by iteratively applying the formula shown in Equation 

17. On each iteration, the sensor pose is adjusted by subtracting the three components of D (Ax, A,* 

A,) from the sensor pose 

(EQ 17) 

One can iterate computation of F, J, and D until a desired level of convergence is achieved (the 

deltas are sufficiently small). The resulting accuracy in the sensor pose estimate will depend upon 

the accuracy of the sensor data, the correctness of the correspondence determination, and the 

validity of the correspondence error mctnc. 



A.3 Multiple Iconic Matching 

A.3.1 Computing F 

m ~ e  correspondence is between a point of an adjustable scan (xa, y,) and a segment formed by 

connecting two adjacent points (x,, y,j and (xc, y,) in another scan. The error is the minimum of 

the distance from (xa, ya) to (xp. y,) Or cXe, ye), or if (xa, ya) lies between (xs,  y,) and (x,. yc). the 

perpendicular distance from (xa. y,) to the line containing (xr, ysj and (xe, ye). The three possibili- 

ties are summarized in Equation 18. 

A.3.2 Computing J 

Computing the J matrix is straightforward; there are four cases. The correspondence is between a 

point of an adjustable scan (referred to as scan #m) and 

I .  a point from an adjustable scan #In 

2. a segment from an adjustable scan #n 

3. a point from a tixed scan #n 

4. a segment from a tixed scan #n 

The Jacobians for cases 1 through 4 cases appear in Equations 19 through 23 



(EQ 19) 

af - 
a% 
- -  





A.3.3 Computing D 

The method of solving for D is the same as in the single pose case in Equation 17. The matrices are 

just larger. See Equation 23. In our implementation, to reduce the storage requirements, we don't 

actually build the J matrix. Instead, we incrementally compute the JTJ matrix. Inverting the JTJ 
matrix takes n long time. 
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Appendix B Cyclone 
The Cyclone laser range sensor ws developed at the CMU Field Robotics Center [Singh91] to 

acquire fast, precise scans of range data over long distances (up to 5Om). The sensor consists of a 

pulsed Gallium Arsenide infrared laser transmitter/receiver pair, aimed vertically upward. Like a 

lighthouse, a mirror in the tower part of the scanner rotates about the vertical axis and deflects the 

laser so that it shoots parallel to the ground, creating a 360" field of view. The tower rotation is 

belt-driven by a motor at speeds from 0SHz to 5Hz. The resolution of range measurements is I O  

cm; the accuracy is +20 cm. The angular resolution is selectable from one of 256,512, 1024,2048, 

4096, or 8192. 

Developer 

CMU Field Robotics Center 

1987 

Physical Specifications 

- approximately 6"xI6"x24" 



approximately 80 Ibs 

Range Sensor Specifications 

time of flight 

minimum range approx 4 m 

maximum range approx 100 m 

range resolution I O  cm 

range accuracy 1 std dev = approx 10 cm (depends on conditions) 

Laser Specifications 

custom made by Riegl Inc. 

wavelength 905 nm 

output energy 600 nJ/pulse 

pulse width 30 to 40 ns 

maximum pulse rate 7.2 kHz 

beam divergence 4 mrad 

Scanning Specifications 

rotation rate programmable up to 7 Hz 

vertical field of view n/a 

horizontal field of view 360 deg 

vertical angular resolution n/a 

horizontal angular resolution approx 0.044 deg 

resolution is selectable between 512 and 8192 sarnples/rev 

Interface 

16 bit parallel 
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Appendix C Typhoon 
The Typhoon laser range sensor was developed by KZT Inc. to serve as a mapping, navigation, 

and/or obstacle detection sensor for underground coal mining. The sensor consists of a laser which 

points vertically upward at a rotating mirror. The mirror deflects the laser in a programmed scan 

pattern, capable of a maximum 40 degree vertical by 360 degree horizontal field of view, and a 

maximum resolution of 200 lines of 2048 points. 

Manufacturer 

K2T Inc., Pittsburgh, PA 

1994 

Physical Specifications 

approximately 1 cubic foot 

I12 



approximately 20 Ibs 

Range Sensor Specifications 

time of flight 

niinirnum range approx 1.5 m 

maximum range approx 45 rn 

range resolution approx 4.4 cm 

range accuracy 1 std dev = approx 4.4 cm (depends on conditions) 

Laser Specifications 

custom made by Schwartz Electro-optic Inc 

wavelength 905 n m  - output energy 50 nJtpulse 

pulse width 7.5 ns 

maximum pulse rate 20 kHz 

beam divergence 1x3 mad 

Scanning Specifications 

rotation rate approx 10 Hz 

vertical field of view 40 deg 

horizontal field of view 360 deg 

vertical angular resolution 0.2 deg 

horizontal angular resolution approx 0.17 deg 

scan pattern and resolution are highly programmable 

Interface 

high speed 16 bit parallel 
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Appendix D Locomotion Emulator 
The Locomotion Emulator (LE) is  a mobile robot that was developed at the CMU Field Robotics 

Center as a testbed for deve.lopment of mobile robotic systems. The LE consists of a locomotor, a 

mechanism capable of completely general locomotion on a flat surface, and an emulrrror, a soft- 

ware environment that enables this mechanism to mimic the characteristics o f  different vehicles. 

The locomotor is a powerful all-wheel steer, all-wheel drive base with a rotating payload platform. 

The steering motions of the LE’S three wheel modules are belt driven by one motor; its three drive 

motions are belt driven by another. Two shock-isolated enclosures, located between the wheel 

modules, house the onboard electronics and computing. Shore power is provided to the LE via a 

tether. The emulation software suppom the four most common steering modules of wheeled 

robots -- unicycle, A c k e m ,  skid, and articulated. See Fitzpatrick [Fitzpatrick89]. An operator or 

computer host can issue commands specific to any of these configurations, and the LE generates 

appropriate motions of its steer, drive, and payload platform to emulate the target vehicle. 

FIGURE 48. The Lammotion Emulator with Cyclone, a Sun 3/60 and a wlor 
monitor on top. Photo is from 1990. 
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