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Abstract

Highway obstacle detection is a challenging problem. Highways present an unknown

and dynamic environment with real-time constraints. In addition, the high speeds of travel force

a system to detect objects at long ranges. Although there are a number of methods that can suc-

cessfully detect moving vehicles, the more difficult problem of finding small, static road debris

such as tires or crates remains unsolved. Systems such as the Automated Highway System

(AHS) which demand high levels of safety are not feasible unless these critical problems are

addressed. Although the problem of detecting static obstacles has been tackled in both the cross-

country and indoor mobile robot navigation literature, these systems have operated at low

speeds (5 - 10 mph or less) and short range.

This thesis will improve on the current state-of-the-art, by demonstrating how small

static road debris can be safely detected at long distances and high speeds. In particular, it will

focus on using two sensor modalities: laser reflectance and stereo vision. Laser reflectance, to our

knowledge, has not been used for obstacle detection before. The thesis will show that reliable

detection can be achieved by using the right methods (sensitive enough) and the right models

(no more complicated than necessary) for both road and sensor.

We will develop two detection systems, laser and stereo-based, which can detect 20 cm

high obstacles at 60 meters. The first system uses laser intensity to provide a more direct means

of measuring surface orientation than traditional laser range-based processing: vertical obstacles

should provide stronger laser returns than the horizontal road. The second system proposed is a

predictive, model-based stereo method. Accurate modeling of the road and CCD sensor will

enable obstacle detection without expensive 3-D reconstruction.
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1. Introduction

Obstacle detection is one of the key problems in computer vision and mobile robotics.

Because of its necessity for mobile robot platforms, there has been extensive work on obstacle

detection in a number of domains. Recently there has been a great amount of work for on-

road obstacle detection. As road-following systems have become more capable, more atten-

tion has been focused on the collision avoidance problem, much of it driven by programs

such as AHS (Automated Highway System) [4] or PROMETHEUS which seek to revolution-

ize automobile transportation, providing consumers with a combination of “smart” cars and

smart roads.

Highway obstacle detection is a challenging problem. Highways present an unknown

and dynamic environment with real-time constraints. In addition, the high speeds of travel

force a system to detect objects at long ranges. While a variety of competing methods have

been proposed for on-road obstacle detection [6],[7],[13],[16],[18],[29],[31] most of the work

has focused on detecting large objects, especially other vehicles. There are a number of meth-

ods that can successfully detect moving vehicles [6],[9],[16],[18], but the more difficult prob-

lem of finding small, static road debris such as tires or crates remains unsolved. Systems such

as AHS which demand high levels of safety are not feasible unless these critical problems are

addressed [4]. Although the problem of detecting static obstacles has been tackled in both the

cross-country [15],[21],[26] and indoor mobile robot navigation literature [2],[5],[8] these sys-

tems have operated at low speeds (5-10 mph) and short range.

Current methods of roadway obstacle detection often fail to achieve reliable detection

because the methods have not been adapted to the specific problem. Sometimes the road or

sensor models (or lack thereof) are at fault -- the methods either assume too much so that the

models are unrealistic, or too little so that the signal is effectively lost in the noise. Other

times, the method may be poorly suited to the problem (lack of sensitivity), or basic safety

requirements or complicating factors (such as unintentional sensor movement) may have

been ignored. My thesis will demonstrate how small static road debris can be safely detected

at long distances and high speeds. In particular, it will focus on using two sensor modalities:

laser reflectance and stereo vision. Laser reflectance, to our knowledge, has not been used for

obstacle detection before. While it is fruitless to account for every possible complicating fac-

tor, this thesis will show that more reliable detection can be achieved by using the right meth-

ods (sensitive enough) and the right models (no more complicated than necessary) for both

road and sensor. Currently, a locally planar road model appears to be adequate (See section 4.

on page 6). Sensor models are discussed in Sections 5 and 6.

We will develop two detection systems, laser and stereo-based, which can detect 20

cm high obstacles at 60 meters. Additionally, we will produce the necessary sensor signal

models and geometric road models to achieve this goal. Sensor models will include noise

models for our CCD cameras and signal processing models for the laser devices. Since know-

ing the failure modes of any system is important, we will perform sensitivity analyses of the

algorithms to changing geometric parameters. Some sensitivity analyses may be done with

the aid of our highway simulator, SHIVA [30], since it can produce images with known cam-

era orientations and road geometry. We plan to integrate the two detection systems to pro-

vide greater reliability, although this may be constrained by vehicle hardware limitations

(power systems, etc.).
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2. Basic System Safety Requirements

There are a number of system-level requirements and basic difficulties that are associ-

ated with high-speed obstacle detection regardless of the sensor system used. We’ll address

these first before we examine stereo or laser in particular.

Kelly, in his Ph.D. thesis, codified the major safety requirements for a cross-country

autonomous navigation system[15]. He described these requirements as falling into four cat-

egories: response, throughput, acuity, and fidelity. As his analysis showed, the performance

limits for highway speed navigation are quite different from those for cross-country (rela-

tively low-speed). Many of the assumptions that can be made in one scenario do not hold for

the other. However, the basic safety requirements are the same and we may use his formula-

tion.

First, let us define a few terms. Stopping distance is the minimum distance needed to

bring the vehicle to a full stop from the onset of braking. Although we may often be able to

switch lanes upon detection of an obstacle in our current lane, our baseline mode of opera-

tion must give the vehicle the ability to come to a full stop before striking the object. Our first

rule then states that the necessary lookahead distance for an obstacle detection system is the

distance the vehicle travels in the time it takes to sense, process and detect an object, and

apply the brakes, plus the stopping distance where v0 is the initial velocity of the vehicle, a is

the braking deceleration (a < 0) and t sense, t process, and t brake are the latencies associated with

sensor acquisition, computer processing, and braking reaction.

The second rule states that the throughput ratio, ρcyc, must not exceed unity (to guar-

antee coverage of the road), where the throughput ratio is given by:

where Tcyc is the cycle time and ∆R is the projection of the pixels examined by the algorithm

in a single cycle on the ground plane (see Figure 1). Equivalently, 1/ρcyc is the terrain over-

sampling factor. Oversampling factors greater than one may allow the system to track a

potential obstacle over multiple frames for increased system reliability. ∆R is limited by the

vertical field of view of the sensor, although the algorithm may use only a portion of the

available field-of-view. We may translate this throughput rule into a vertical field of view

constraint (see Figure 2).

lookahead v0tdelay dstopping+=

lookahead v0 tsense tprocess tbrake+ +( )
v0

2
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-------–=⇒
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vTcyc
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Figure 1. The vehicle must look ahead a distanceL so that it can react in time. It must also examine
enough terrain (∆R) at each time step to guarantee coverage.

Figure 2. We can translate the throughput requirement on∆R into a requirement on the vertical field-of-
view (VFOV), shown here asθ.

In Figure 2, θ is the necessary VFOV for throughput requirements. We can solve the

following equations for θ:

Kelly uses two rules to determine the necessary acuity of the sensor. The first, which

he calls the minimum acuity rule, is concerned with calculating the pitch of the vehicle when

navigating rough terrain where there may be significant elevation differences between the

two vehicle axles. This will not be considered here since it is unimportant for highway appli-

cations where we plan to avoid anything that violates the flat ground plane assumption. The

second, based on the Nyquist sampling theorem, states that at least two pixels must fall on a
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vertical obstacle for it to be detected. Throughout the paper, we will consider p = 20 cm as the

minimum obstacle height. The acuity rule can then be stated:

where dz  is the projection of a single pixel onto a vertical surface. We can relate dz  to the ver-

tical angular resolution of the sensor (see Figure 3) with the following equation:

In general, however, this greatly underestimates the necessary vertical angular resolution

since oversampling is desirable for improved reliability of the detection system. As we

explain later (See section 5. on page 8), this acuity constraint is less important for the laser

reflectance sensor.

Figure 3. The vertical height a single measurement subtends,dz , is related to the vertical angular
resolution of the sensor,∆θ.

The last of Kelly’s requirements, on system fidelity, concern the vehicle’s ability to fit

between two detected obstacles. We expect a very low density of obstacles on the highway

(besides other vehicles), however, so we will ignore these rules here. In a highway system,

we expect that the vehicle will either stop or move out of a lane if a static obstacle is detected

in it.

It is instructive to calculate values for a typical highway scenario.

Table 1: Typical Values for Highway Obstacle Detection

Variable Meaning Value
Given (G) /

Calculated (C)

v vehicle velocity 26.7 m/s (60 mph) G

adec max. deceleration -6.9 m/s2 (0.7 g) G

tdelay processing/braking delays 0.5 s G

L Lookahead distance 65 m C

p Obstacle height 0.2 m G

dz
p
2
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We should note that according to the calculated values in the table above, the neces-

sary vertical field of view of the sensor need to be no more than the angular resolution of the

sensor for the sample configuration. This is a rather surprising result and occurs because of

the low grazing angles of the sensor sweep. This indicates that given a horizontal surface

(except for obstacles), and a line scanner with a 0.1 degree spot size, we could guarantee cov-

erage of the surface operating at only 3.3 Hz (although for reliability we probably want to

oversample the area). Unfortunately, once we consider road surfaces with non-planar sur-

faces and vehicle pitch variations, we will see that it becomes more difficult to guarantee cov-

erage with a single line-scan.

3. On-road versus Off-road

Although there have been good results published for vehicle detection, there have

been no satisfactory solutions so far to the problem of small static obstacle detection at high-

way speeds. Moreover, the few results reported for static obstacle detection have generally

been in vague terms which give the reader little ability to compare methods. Papers on cross-

country obstacle detection systems are typically no better at reporting results in a standard-

ized way, although this is more excusable since rough terrain is difficult to describe in an ana-

lytic fashion and an obstacle may be less well-defined in cross-country applications. There

has been some success in cross-country obstacle detection, however, so it is worth briefly

examining the problem.

Typical speeds for cross-country applications are on the order of 5 to 10 mph. Typical

highway speeds, however, are many times this. Since stopping distance is proportional to the

square of speed, the stopping distance for on-road applications is much larger, perhaps by 2

orders of magnitude. In addition, a cross-country vehicle moving at relatively slow speeds

can climb larger objects without damage to the vehicle than the typical passenger car travel-

ling on the highway. For the highway scenario, we must be able to detect any objects larger

than a few inches. Coupling these facts together, we see that the sensor resolution necessary

for on-road obstacle detection may be 2 to 3 orders of magnitude greater if we use standard

techniques from cross-country with similar sensor field-of-views. Given higher speeds, we

must also examine a greater amount of terrain. Although the effect of latencies on lookahead

distance are generally dwarfed by the stopping distance for highway applications, it is still

Tcyc Cycle time 0.3 s G

∆R ground range 8.01 m C

h height of sensor 1 m G

VFOV vertical field of view 0.0017 rad (~0.1o) C

∆θ sensor vertical angular
resolution

0.0015 rad (~0.1o) C

Table 1: Typical Values for Highway Obstacle Detection

Variable Meaning Value
Given (G) /

Calculated (C)
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important to have small latencies in the processing system. High latency systems can cause

problems in vehicle control.

These difficulties might make the on-road problem seem almost intractable given that

the off-road obstacle detection problem is still far from being solved. Fortunately, however,

roads are reasonably planar (locally, at least). Given our previous analysis, it should be quite

clear that we need to use this fact in order to win in this scenario. Although cross-country ter-

rain processing methods need to build explicit maps (since obstacle density may be high),

estimate heights of objects, and check for rollover conditions, etc., these steps are unneces-

sary for roadway navigation. We only need to find areas which violate the planarity con-

straint and avoid them.

4. Road Geometry Considerations

Before we start using the planarity constraint to help solve our obstacle detection

problems, we must examine how close a highway is to being planar.

One metric for highway design is the vertical crest stopping sight distance. The high-

way design manual allows a maximum road surface curvature (for a crest) by specifying that

a driver in a vehicle must be able to see a 1/2 foot object in the road at a minimum distance L.

The driver’s eyes are assumed to be 3.50 feet above the road, and L is dependent on the

designed speed of the road. For 60 mph, the specified L is 580 feet. We can calculate the mini-

mum radius of vertical curvature of the road using the following diagram and equations.

Figure 4. Highway design specifications state that a driver at heighth = 3.5 feet above the road surface
must be able to see an object of heightp = 0.5 feet on the road at a distanceL. L is dependent on
the designed highway speed. GivenL, we can calculate the radius of vertical curvatureR.

From the diagram above, we can write the following equations:

Using the trivial assumptions  and , and solving the above equations for R, we

h
p

R R R

x1 x2

L
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2

R
2

+ R h+( ) 2
= x2
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= x1 x2+ L=
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have:

We now calculate how much the road deviates from planar over our lookahead distance, L. If

we have a sensor aimed so that in the planar case it hits the road at our lookahead L, where

does it hit the pavement if the road has a maximum curvature (with respect to highway spec-

ifications)?

Figure 5. Our sensor is normally inclined at angleθ to intersect a planar road at distanceL. However,
because the road has a finite radius of curvature,R, the ray from the sensor intersects at a
distanceL’ , and at a depth ofa below the assumed surface.∆h is the depth of the road below
the assumed surface at the nominal lookahead distanceL.

Substituting in for a, we have:

Coupling vehicle and sensor pitch variations with this curvature effect, we see we can not

know a priori at what depth a sensor ray should intersect the road. Clearly methods that

attempt to detect obstacles based on absolute depth are unlikely to work. Pitch variations in

R
L

2

2 h p 2 hp+ +( )
------------------------------------------ 25309ft 7714.3m= = =

a

h

∆h

L

θ

R RR L’

Let L 60m=

∆h R R
2

L
2

–– 0.234m= =

θtan h a+
L′

------------ h
L
---= =

R a–( ) 2
L′2+ R

2
= 

 
a

L′2

2R
------- since=⇒ a R a L′«,«

L′ h L′2 2R( )⁄+
θtan

----------------------------------= 
 

L′⇒ Rh
L

-------
Rh
L

------- 
  2

2Rh–– 95.74m= =



8

the vehicle and sensor might force linear sensor-based methods to have cycling rates faster

than the rate of pitch variation to guarantee coverage, depending on pitch variation ampli-

tude.

According to our calculation for ∆h, we see that the deviations from flat world may be

as large as the obstacles we are trying to detect. Allowable changes in road grade for “sag”

vertical curves may be nearly twice that for vertical crest curves [1]. Thus, flat world models

simply can not be relied upon for small obstacle detection on many highways.

A locally planar model, on the other hand, results in much smaller model errors. The

best fit line of length L to a circular arc of radius R results in a maximum residual error x ,

where:

So if we approximate a 40 meter section of a worst-case vertical crest curve road with a plane

(which may be centered about the area of interest), we get a maximum model error of only

1.3 cm, which is much smaller than our obstacle size. Thus, a locally planar model appears to

be adequate.

5. Laser Reflectance

Traditional methods of laser range processing for off-road obstacle detection involve

transforming the range image into an elevation map. Since the elevation map is generally

sparse and noisy, smoothing is generally necessary. Then a terrain-typing algorithm is run to

classify areas of the elevation map as navigable or unnavigable. Besides being a fairly com-

plicated process, this method has another drawback in that elevation maps may not repre-

sent obstacles well, since they cannot represent vertical planes because of the discrete grid

size [3]. On the other hand, laser reflectance ought to provide us with a more direct means of

finding obstacles or vertical surfaces. At the long lookahead distances and grazing angles

typical of high-speed travel, horizontal surfaces should provide very weak (or nonexistent)

laser returns. Vertical surfaces, however, should result in stronger signals.

Preliminary tests with the ERIM laser rangefinder have shown that laser reflectance

can detect small obstacles at ranges of around 20 meters using simple processing (see Figure

6 to Figure 8). The image in Figure 8 was obtained without explicit sensor modeling. A qua-

dratic curve was fit to all reflectance values of road pixels (masked by hand) as a function of

image row. The processed image is just the residual between the actual data and the best-fit

quadratic. Automatic masking of non-road pixels should be possible either by interfacing

with a road follower such as RALPH, or by performing road-edge detection in the reflectance

image. We hope to show that laser reflectance provides adequate means for obstacle detec-

x
L

2

16R
----------=
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tion at longer ranges through more direct modeling of the sensor.

Figure 6. A laser reflectance image taken with the ERIM laser scanner. A block of wood 4x4
(approximately 4 inches high) was placed in the middle of the road at approximately a 20 meter
distance. It is visible as the bright spot near the top middle of the image.

Figure 7. The ERIM range image of the same scene. The block of wood is not visible in this image. Darker
pixels are closer and brighter pixels are farther with the exception of the change in brightness at
the ambiguity interval of the sensor.

Figure 8. The processed reflectance image. Processing emphasizes those points in the image that don’t fit
the reflectance model well. Note that the non-road pixels were masked out by hand. The block of
wood corresponds to the darkest spot.

Analysis of laser reflectance is complicated by its dependence on other factors such as

range and material type of the sensed object. Assuming the diffuse component of the laser

reflection is Lambertian, we can model the laser reflectance signal with the following rela-

tion:

Preturn
ρ θcos

z
2

---------------∝
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where Preturn is the power in the returning laser pulse, ρ is the actual surface reflectance

( ), θ is the angle of incidence of the beam with the surface and z  is the depth [23].

Assuming a vertical object with square corners, θ should be anywhere from zero to 45

degrees (due to rotations about the z-axis). For horizontal surfaces at distances over 20m,

however, θ should be between 87 and 90 degrees and should provide a much smaller return.

The digital intensity value returned by the sensor may not be proportional to the

returned power, however. The ERIM laser, for example, passes the returned signal through a

log amplifier to reduce the dynamic range of the signal before sending it through the analog-

to-digital converter [25]. Given the transfer functions of the filtering stages, however, we can

calculate a reflectance value which is proportional to the power returned. Using either the

range signal from the laser or the current road model, we can find z , allowing us to correct

for range dependencies. Although we showed a flat world model is inadequate for detecting

small obstacle by their height, it may prove adequate for estimating the range for normaliza-

tion of reflectance. Correcting for the range by assuming a flat world is simple and has the

advantage that it will also emphasize or brighten obstacles since points on above-ground

obstacles are closer to the sensor than the road model would predict [10]. By also predicting

the orientation, calibrating for constants, and having some knowledge of the reflectance

(given a well-maintained road), we could a priori generate an expected reflectance image.

Comparing actual data with expected data would reveal potential obstacles.

Detection of obstacles would then require the following steps (see Figure 9). First

using the laser signal processing model, a laser power image could be calculated from the

intensity image. Next, assuming a flat ground plane, we can normalize the power for dis-

tance and angle effects by using the following relationships:

where α is the inclination of the sensor, γ is the inclination of an individual laser ray, k  is a

row factor, and h is the height of the sensor. We can produce a reflectance image from the

power image by the following equation:

Note that for vertical obstacles, z  is smaller than predicted and cosθ is much larger than pre-

dicted, so pixels corresponding to vertical obstacles will be given a very high ρ value. Any

points with unusually high ρ values should correspond to vertical obstacles. A diagram of

0 ρ 1≤ ≤

γ α ky+=

z
h

γsin
----------=

ρ x y,( ) z
2
P x y,( )

θcos
------------------------ and for ground plane points,θ π

2
--- γ–= =
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the processing is shown below.

Figure 9. A laser intensity processing flow diagram. Given an intensity image, a laser signal processing
model is used to obtain a value proportional to the returned laser power. A geometric road
model is then used to normalize the power value for variations in range and angle of incidence
to obtain a true reflectance image. Ground plane points should have acceptable reflectance
values while obstacles should have much higher reflectance values.

There are several variations on this architecture depending on whether all obstacle

candidates are passed to the vehicle controller or whether the system obtains road location

information and filters out those obstacles which are out of the vehicle path. Road location

information might be obtained from a road follower or found using laser intensity or reflec-

tance data (before or after normalization for range). Although a flat world model is inaccu-

rate when used in estimating road height as we showed previously, it is still reasonably

accurate for purposes of distinguishing obstacles from road surface orientation. We expect

that the difference in obstacle versus road intensity values will be large enough that a better

road model is not needed. Some of the above steps may also prove to be unnecessary. In par-

ticular, it may not be necessary to normalize for angle of incidence variations over the road

surface. Obstacles might be detected easily from a pseudoreflectance image (where pixel

intensities are proportional to ρcosθ).

The ease with which we can detect obstacles at long distances depends on numerous

sensor parameters. Increased laser power improves the signal-to-noise ratio and increases

the range (but decreases eye safety). Sensor angular resolution and beam size combine to

determine overall sensor acuity. Pixel and frame rates effectively limit sensor resolution for

mobile applications. To gain insight into how the factors affect system performance, we will

test the method described above with up to 3 different lasers -- the ERIM, Riegl, and Z&F (see

Table 2 on page 12 for sensor specifications). The ERIM and Z&F lasers are both continuous

wave devices, and the Riegl is a pulsed laser. Although the Riegl has the longest range (over

100 m), the pulsed laser may prove unsuitable since amplitude measurements of a pulsed

signal are likely to be less reliable than that of a continuous wave. We will design a distinct

laser signal processing model for each of the lasers. Although some of our current laser sen-

sors have a larger instantaneous field-of-view (IFOV) than required by our acuity constraint

(see Table 2 on page 12) of 0.1 degrees (as listed in Table 1 on page 4) to detect a 20 centimeter

obstacle at 65 meters, we believe that we can scale down our experiments appropriately with

these sensors. Even without the necessary acuity, a laser with a large spot size may be able to

detect an obstacle since a larger spot averages the reflectance signal over a larger area.

Although the averaged signal provided by a laser with a spot size larger than the target pro-

vides us with a weaker signal difference, it will provide adequate coverage and may prove

Road Model
Laser Signal
Processing

Model

Intensity Power
Image

Reflectance
Image

Threshold

Obstacle
Candidates

Image
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sufficient.

If the above method does not prove sufficient, more sophisticated modeling of the

road and/or laser may be necessary. Empirical evidence will then be collected to verify and

refine the relationship between the return laser power, the range, the reflectance, and the

angle of incidence.

6. Stereo Vision

There has been a large amount of research into using stereo vision for obstacle detec-

tion. Off-road and indoor work makes up the bulk of it, but more recently, there have been

stereo vision systems designed for highway obstacle detection.

The first step in traditional stereo methods involves calibrating the camera setup. This

involves finding the epipolar geometry of the two or more cameras. Once the epipolar geom-

etry is known, the disparity at a pixel may be computed by searching along its corresponding

epipolar line in the second image for the “best” match. Since in the general case, a rectangu-

lar window in the first image does not match to a rectangular region in the second image, the

images may be rectified before matching so that the epipolar lines correspond to the image

scanlines. This has the added benefit of making the search easier to implement. A match

value is then found by computing the sum of squared differences (SSD) of the pixel values

(or a similar metric) between a region around the point and the corresponding region around

the hypothesized matching point. The point on the epipolar line that results in the lowest

SSD value is chosen as the best match. In this way, the disparity may be estimated at each

pixel in the image. The disparity map often needs to be filtered using left-right-line-of-sight

(LRLOS) consistency checks, smoothing, and/or other techniques [22]. From the disparity

map, obstacles might be detected in a number of ways -- by building elevation maps or look-

ing for edges in the disparity map, etc. Knowing the precise position of image points in carte-

sian world coordinates requires some additional calibration.

There are a variety of pitfalls with this basic method. First of all, it is computationally

Table 2: Laser Parameters

ERIM Riegl Z&F

Average Laser Power 150 mW 1.6 mW 40 mW

Signal Type Continuous Pulsed Continuous

Wavelength 820 nm 904 nm 780 nm

IFOV (Beam divergence) 0.5 deg 3.3 mrad ~ 0.2o 0.3 mrad ~ 0.02o

Resolution 256x64 variable variable

Total FOV 80o x 30o 360o x 30o 360o x 30o

Laser Pixel Rate 92 kHz 12 kHz 500 kHz

Frame Rate 2 Hz 0.04 - 4.0 Hz 0.04 - 4.0 Hz

Intensity resolution 8-bit 8-bit 16-bit
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expensive -- it takes O(N*M*K*L*D ) operations where N and M are the dimensions of the

image, K and L are the dimensions of the window, and D is the number of disparity levels

searched per pixel. Second, reliable matches can only be found in textured areas of the image.

The algorithm may find wildly wrong disparity values in bland areas of the image (fortu-

nately, these potential errors are generally detectable by looking at the shape of the SSD

curve). Third, using the SSD metric over a window assumes that the pixels in the window are

at a constant depth. Even after image rectification, if the pixels in a window lie at multiple

depths, a rectangular window in the first image will not map well to a rectangle in the second

image. This may result in poor estimates of the disparity value. It is the second and third con-

cerns that lead to a conflict when deciding how large the matching window should be. The

window must be large enough to contain some texture, but small enough so that it doesn’t

cover multiple depths. It is this conflict that led Kanade and Okutomi to propose the variable

window size stereo algorithm[14]. The last drawback is that the standard algorithm treats

each pixel individually in the final disparity estimate. It is poor form that the algorithm

makes the implicit assumption that adjacent pixels are close to one another (through the use

of the SSD window), yet does nothing to either verify or assure this in the final disparity

map. This leads a number of artifacts that make it difficult to rely on individual pixel values.

With regards to performing road-based obstacle detection, using this standard approach

would be too slow and would ignore a lot of approximately known scene structure.

6.1. A Model-Based Approach for Stereo Obstacle Detection

We propose a model-based stereo vision approach for road-based obstacle detection.

It is based on the fact that roads are nearly planar for the areas we will consider in a given

image. The first step in the obstacle detection algorithm is to generate a disparity map. First

we will consider the flat world assumption, and then we will assume an incremental polyhe-

dral model. In both cases, we will show that, over the region of interest, disparity is a linear

function of image row of the form , where y  is the image row and a and b are the

offset and slope of the function.

6.1.1. Flat World Assumption

We start with the basic stereo equation:

where z  is the distance to the world point, b is the distance between the image centers or

baseline, f  is the focal distance, and d is the disparity (measured in units of distance).

d a by+=

z
bf
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Figure 10. A point in the world, when imaged by two parallel cameras with focal lengthsf  and separated
by a baselineb, appears in locationsx1  and x2  in the images. The distance to the point,z , may
be determined from the disparityd = x2  - x1 .

Figure 11. A camera with an angle of inclinationα images a ground pointQ. Point Q lies along a ray at an
angleθ to the optical axis.The perpendicular distance from the focal point toQ is L.

Assuming a camera height of h above a flat world and a perpendicular distance L to a point Q
on the ground plane as in Figure 11, we can write the following equations:

Solving for disparity as a function of distance between the image row y  and the image center,
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we have for image rows below the horizon (disparity is zero for rows above the horizon):

where yh is the row that images the horizon (the location of zero disparity). Although the

units of disparity and image row must be measured in distance for the former equation, the

latter equation holds for disparity and image rows measured in pixels. Although most of the

variables in the above equation may be considered constant, vehicle motion will result in

some pitching motion in the camera that will affect α, the angle of inclination. Bohrer, et. al.,

claims vehicle pitch variations of +/- 5 degrees are typical [6]. To find the right disparity

model for a flat world given the constant parameters, we need only search for α, the angle of

inclination. Alternatively, we note that for small α, cos α is nearly constant so that the slope,

k , of this function will be nearly constant, and we may search just in the offset term (yh in the

latter equation). This allows us to calibrate for the slope and offset of the linear function via

search using initial images without solving or calibrating for any of the individual parame-

ters such as b, f , and h (although b and h are easy to measure approximately and may be

used to compute an initial estimate of k ).

The implicit assumptions here are that the images have been rectified so that the epi-

polar lines correspond to the scanlines (just as in the standard stereo algorithm) and that

camera roll about the optical axis is negligible so that points on a scanline are at a constant

depth.

6.1.2. Polyhedral Earth

Some roadway obstacle detection methods have made the flat earth assumption [6],[11]. As

we showed earlier, this is a poor model since deviations from the flat earth may be as large or

larger than the obstacles we wish to detect. Now we consider the case where the road has

vertical curvature as shown in Figure 12. We have previously shown that a best-fit plane can

adequately model the area of the road we are inspecting.

Figure 12. We have replaced the flat world from the previous figure with a curved road. We approximate
the road by a planeP at an inclination δ for all rows of interest y in the image. The camera’s

d
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effective angle of inclination becomesα−δ and we create a new variableheff for the effective
height of the cameras.

If the best planar approximation P to the region of interest is inclined at an angle δ, our effec-

tive horizon is also tilted by this angle, since the two must be parallel so that they meet at

infinity. We can see that the geometry is the same as in the flat world case with two slight

modifications. First, our angle of inclination must be replaced by (α−δ), the angle the optical

axis makes with the planar road and the pseudohorizon. Second, the height h must be

replaced by the effective height heff, which is the perpendicular height of the focal point

above the plane P. Thus, we can rewrite our disparity equation:

where yph is the row that images the pseudohorizon (the location of zero disparity). To find

the best fit disparity model, we now have to find two parameters, αeff and heff, both of which

may vary over time. Since heff is a function of δ and other constants, the parameter search

could be done in α and δ instead. However, it is probably simplest to search (at each time

step) for the composite slope and offset parameters (k’  and yph in the latter equation) to

avoid unnecessary calibration of the constants. Since δ should vary slowly, we would expect

the slope of the disparity function, k’ , to vary slowly while the offset, yph, should vary more

rapidly (due to camera pitch variation). Both of these terms may be bounded by further geo-

metric calculation and empirical results.

The simple linear relation of disparity to image row allows us to warp the right image

so that points on the road match the left image. If we assume a polyhedral earth, we need to

search during operation (at each time step) for both the proper slope and offset parameters

for the disparity function. This is done by calculating the normalized correlation (or other

metric such as SSD) over all pixels in the left image that have a match in the right image (as

determined by the disparity function) for a range of k’  and yph values (see Figure 13). The

disparity function  that produces the maximum correlation between the

entire images is chosen as the correct one.

Figure 13. This shows a simulated left-right stereo pair. For all pixels on the road, the pixel locations in the
two images may be related by the equationx2 -x1  = k’ (y -yph). The first step of our algorithm,
after image rectification, performs a normalized correlation between the two images for a
variety of k’  and yph values. The regions outlined in black contain the pixels that are included
in the correlation for a givenk’  and yph (in this case, the correct values).

d
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This method has a number of advantages over the traditional stereo method for cal-

culating the disparity map. First, it has a reduced computational complexity of O(M*N*Y)

where M and N are the image dimensions and Y is the number of values searched in the hori-

zon for the flat world case, or O(M*N*D) where D is the number of disparity levels that has to

be matched for each image row (which is dependent on the variability in the slope and offset

parameters) for the polyhedral earth case. More importantly, it can use the features of the

entire image to produce a match at every pixel while still maintaining the proper relationship

of depth between adjacent pixels (for pixels which actually lie on the road). It uses the known

structure of the road to produce a consistent disparity map of the form .

This work is most closely linked to that of Koller, Luong, and Malik which uses essen-

tially the same road model [16]. They formulate the problem a bit differently, however, allow-

ing only one degree of freedom in the effective angle of sensor inclination, αeff. Their model

does not allow for changes in heff which are caused by road curvature [16]. Their approach

also differs in how they distinguish obstacles from road, our next topic. They detect obstacles

using the model-based disparity map, while we use a comparison of expected versus actual

image intensities.

6.1.3. Detecting Obstacles in the Difference Image

Given the disparity map from the previous step, we can subtract a warped version of

the right image from the left image. Ideally, points that lie on the ground plane should “dis-

appear” (have a value of zero) in this difference image, making the obstacles easily detect-

able. In practice of course, this does not happen. Problems can occur for a number of reasons.

First, discretization of the images will keep us from warping one image to exactly match the

other (see Figure 14), and since we warp each image once to rectify them and warp the right

image to match the left, we may introduce a number of re-sampling artifacts. Second, intensi-

ties of correctly matched points are generally not the same since camera gains may be differ-

ent and the images are noisy. Finally, our model parameters may not be exact due to

discretization of the parameter search space, noise, or large obstacles which violate our

assumptions. Given these problems, we need to develop a method for determining whether

a non-zero area in the difference image is caused by an obstacle or other artifacts.

Figure 14. If we warp the right image by the proper disparity function, we obtain the left image of this pair
which looks very similar to the left image of the original stereo pair (the white area at the
bottom-left indicates pixels where no match was possible). If we subtract this image from the
original left image we obtain a difference image (we have inverted the image for clarity). Notice
that most of the ground plane disappears except at some edge boundaries. The vehicle ahead of
us shows up easily.

One approach to determine whether a non-zero area in the difference image is caused

d k′ y yph–( )=
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by an obstacle is to attempt to calculate the actual disparity for the non-zero region and com-

pare that with the expected disparity. However, this has the problem that individual dispar-

ity calculations for a finite window may be unreliable and occasionally, drastically wrong.

Instead, our method models the intensity values themselves to determine whether a non-

zero area is caused by an obstacle. We warp the right image by the disparity function (see

Figure 14). Linear interpolation is performed between adjacent pixel values for non-integral

disparities. For every pixel in the left image, we compare a rectangular window around it to a

rectangular window located at the same place in the warped image. The size of the window

will be a trade-off between noise immunity, sensitivity, and computational expense. Large

matching errors indicate potential obstacles.

To define “large matching error”, we use an approach taken from Matthies [20] and

model the signals from the stereo images as offsets of the same intensity signal with noise

added to each image:

where I(x)  is the intensity signal and d is the true offset or disparity between images I l and

I r, and nl and nr are noise (in pixel brightness). The noise is assumed to be Gaussian with

zero mean and equal variance, σ2, in each image. A single row in the warped version of the

right image may be described by:

where ∆x  is how far we’re off from the correct match (this should be small). Given a signal

with a single disparity (a single image row with no obstacles), and using the sum of squared

differences (SSD) as our error metric (which we can obtain by squaring the pixel values in the

difference image), we have:

where x0 is the point around which we are matching, and the x i are the offsets for the pixels

in the window. For small ∆x :

where  is the intensity gradient, measurable from the image. By combining the noise terms,

simplifying and using the linearization, we obtain:

With the best disparity model for an image, we should be close to the correct disparity value

for ground-plane pixels. If errors are only caused by sampling problems, then .

Given a noise model and gradient information for the original images, we can use this error

model to calculate whether the error for a region around a given pixel is too large to be

caused by sampling and noise differences or whether it is caused by an obstacle. We can use
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İ
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a similar metric based on the sum of absolute differences (SAD).

So far, we have ignored the effect of different camera gains in the model. One way to

reduce the effect of different gains is to apply a Laplacian of Gaussian filter to the images.

The Gaussian removes some of the high frequency information some of which is due to

noise, and the Laplacian removes the low frequency data such as that caused by different

gains. Unfortunately, this also greatly reduces the information content in the image. Perhaps

a better error metric that would not require pre-filtering is normalized correlation (as we

already used to find our optimal disparity function). Choosing an appropriate error metric

for both finding the best disparity model and for finding obstacles in the difference image

will be one of the important elements of the thesis work.

6.1.4. Stereo Architecture Summary

Before running the system, calibration of the epipolar geometry of the stereo cameras

must be performed to calculate the image rectification matrices. There are a number of meth-

ods proposed for this [12],[26]. We use the 2-plane method to calculate the epipolar geometry

[24] and choose rectification matrices which minimize image distortion [26]. When running

the system, the images are digitized and then rectified. After rectification, the system

searches for the disparity function that best matches the right image to the left. The parame-

ters of this function may be used to constrain the search space on the next image pair. Once

the optimal disparity function is found, the right image is warped to match the left and a

window about each pixel in the left image is matched to the same window in the warped ver-

sion of the right image. An error metric (still to be determined) is then used to determine

whether a poor match corresponds to an obstacle or not.

Potential difficulties that might hinder detection include: sensitivity to unmodeled

parameters such as camera roll about the optical axis, high camera noise and camera gain

variability, and our road model being led astray by the presence of large obstacles.

6.2. Experimental Setup

We have built a strapdown stereo jig for use on the CMU Navlab 5 research vehicle.

The cameras are attached to a stiff, rigid bar which should keep epipolar geometry nearly

constant. Currently, the jig has a 1.25 m baseline, and is located at a height of approximately

1.0 m. The focal length of the lenses is 16 mm. This configuration was chosen to balance a

number of trade-offs. A large baseline was chosen to maximize the depth resolution. Nor-

mally, baselines are kept smaller to allow for more overlap between the camera fields of view.

However, at the long distances we are considering, the baseline has little effect (compared to

the field of view) on the overlap. The depth difference (and hence detectability) between an

object and the road increases as the sensor height is reduced -- at the limit, where the sensor

height equals the object height, the camera is looking at the object or infinity. Thus, the jig

was placed on the hood of the vehicle rather than the roof. This height should be enough to

see over vertical crest curves according to the highway design specifications previously men-

tioned. Finally, to obtain an ample field of view, we chose the minimum focal length that

would provide detectability according to the equation:

where f  is the focal length required to obtain an n pixel difference in disparity between the

f
ncLh

bp
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road and an obstacle of height p at a distance L given a camera baseline b, height h, and

physical cellsize c . For a 1/2” 640 x 480 CCD, a 10 cm object at 65 meters will result in over a

3-pixel change in expected disparity for 16 mm lenses. Our lenses provide a 20o horizontal

field of view which allows us to see around highway curves without steering the camera jig.

This field of view also will enable us to cope with significant variations in camera pitch due

to vehicle motion. If this configuration does not provide adequate detection, we may double

the lens focal length at the cost of halving our field of view.

7. Conclusion

Highway obstacle detection is a difficult problem and crucial to the future of such

programs as AHS. Despite extensive work on the problem, it remains unsolved. By compari-

son with the cross-country problem, we see that a road model is needed. While a flat world

model may be sufficient for detecting large objects, we have shown it is not accurate enough

for small obstacle detection. We must not choose poor models for the sake of convenience.

Only by examining sensor design and actual road design can we rigorously verify our mod-

els’ accuracy.

We have presented two methods for highway obstacle detection. Preliminary results

with ERIM laser reflectance look promising, and better modeling of the sensor internal pro-

cessing should improve results. Two additional lasers, the Riegl and the Z&F, will be tested

and modeled. A practical model-based stereo method has also been presented. Based on our

calculations presented here, we expect that a locally planar road model will be sufficient to

detect 20 cm obstacles at 60 m. However, further experimentation and calculations will be

used to verify the model’s accuracy and sensitivity to other parameters such as sensor roll.

8. Expected Contributions

We expect to develop a system that will be able to detect small static obstacles (20 cm

high) at high speeds and long distances (60 m). We hope to demonstrate the feasibility of

using laser reflectance as a sensor modality for obstacle detection. A number of elements will

be generated to reach this goal:

• analysis of how road geometry affects obstacle detection (by examining highway design
manuals)

• laser reflectance characterization and modeling (through analysis of processing circuitry)

• analysis of error metrics for stereo vision applications (through signal modelling and
empirical results)

• a design for a practical, model-based stereo method for roadway obstacle detection

• a novel method for using laser reflectance for obstacle detection
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