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ABSTRACT

Existing maritime navigation and reconnaissance systems require man-in-the-loop situation awareness for obstacle
avoidance, area survey analysis, threat assessment, and mission re-planning. We have developed a boat with fully
autonomous navigation, surveillance, and reactive behaviors. Autonomous water navigation is achieved with no prior
maps or other data — the water surface, riverbanks obstacles, movers and salient objects are discovered and mapped in
real-time using a circular array of cameras along with a self-directed pan-tilt camera. The autonomous boat has been
tested on harbor and river domains. Results of the detection, tracking, mapping and navigation will be presented.
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1. INTRODUCTION

There has been significant progress in autonomous navigation for air and land vehicles. However, current technologies
do not take advantage of the opportunities nor account for the constraints of water navigation. The surface water domain
is flat to the horizon or shoreline and contains few obstacles. Absolute localization is generally available via GPS but
prior map information on water hazards and obstacles is not dependable and does not have the accuracy needed for
precision navigation and sensor directed reconnaissance. Transitory obstacles such as other boats or floating debris are
best detected and analyzed at navigation time with visual means. Sophisticated visual automation techniques have not
previously been developed in the surface water domain.

We have performed research and development on a wide range of perception and behavior components to demonstrate
autonomous river navigation and sensor directed reconnaissance. Rivers provide a challenging environment for
autonomous operation as mobility is constrained, and the close proximity of riverbanks provides a cluttered
environment with strong surface water reflections. The critical needs addressed with our video processing algorithms
include riverbank detection and safe-area delineation, long-range tracking and mapping of stationary objects, and
tracking and detection of moving objects. In addition, a variety of cues were developed to enable focus of attention for
a pan-tilt-zoom camera, and automatic acquisition and recording of salient objects seen along the path of the boat. All of
these technologies were implemented in a real-time system onboard a boat which we called Roboat. Details of the
algorithms, instruments, and demonstrations are described in this paper.

2. WATER SURFACE DETECTION AND OPTICAL FLOW

A first requirement for water surface navigation is to robustly determine where the shoreline or riverbank is relative to
the watercraft and so to first approximation where the craft can venture. But modeling water in order to determine its
boundary is challenging. Color and texture may provide strongly distinctive cues in some situations, but a change in
environment or weather can completely obviate these cues. For example water can sometimes be differentiated by color
modeling, but this frequently fails in real environments due to strong reflections. Water surfaces also undergo non-rigid
motion and vary in reflectivity resulting in a challenging surface to model and delineate.

Our work depends on a key observation: water surfaces observed by a camera provide sparse, short-lived and non-
rigidly moving flow. While these factors are unfortunate for many applications, here they are leveraged to help
distinguish the water surface from the riverbanks, and so determine the shoreline. In this section the water-surface
properties that affect flow are explained.

Water has no inherent surface texture. Its appearance is a result of a combination of transmitted light, diffuse body
emission, and reflected light. In general the transmitted light from the river bottom is negligible, and that body emission
is roughly uniform. The remaining sources of texture are twofold. Texture is generated as the ratio of emitted light to
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reflected light varies. Also the texture of the shoreline or nearby objects is reflected. These factors and their impact on
optical flow are considered in detail below.

Typically the body light emitted from the water is much darker than the light reflected from the sky. Now as the water
surface normal varies relative to the observer, the ratio of reflected light to body light emitted from each point on the
water will vary. The larger the incident angle from the normal the greater the reflected component. Hence waves,
which result in variations of water normal relative to an observer, can generate texture even with diffuse uniform
incident light. This texture, however, typically has weaker gradients and provides fewer features than natural or
manmade scenes. In addition, since waves move, this texture will continuously change in appearance and provide poor
matches between successive images. Therefore, a video corner detector can be used to delineate water from other
surfaces.

The second source of texture is reflected light. In open water areas much of this is sky with little or no texture. But in
confined areas riverbanks and structures may have textures that are reflected or may generate textures on the water
waves due to the varying surface normal. These reflected textures are strongest in calm water and become negligible in
rough water. In addition direct sunlight can create texture on the water surface. In all of these cases the texture will
vary in a non-rigid fashion over time. Thus features that are detected will often not find good matches over many
frames, and when they are tracked they can be discarded by their non-rigid motion.

Figure 1 illustrates corner detection and tracking of features on water and on the shoreline over a short time interval.
Most of the water features are eliminated after one second, and the ones that remain have significant random motion
even though the camera was stationary in this case.

Figure 1 (@) The 1000 top features detected using a typical corner detector. Some but not many are detected on the water surface.
(b) After tracking for one second at 10 frames per second most of the water features are lost whereas features on the land and a
foreground object maintain track. While the camera has not moved, the water features have shifted considerably. In this example
the detector and tracker used is that by [1] and it shows similar ability to exclude water surface features to our optical flow algorithm.

For real-time implementation our optical-flow algorithm was based on the work of [11]. The algorithm computes
sparse, two-frame optical flow by applying Harris corner detection in the first frame, then searching for matches in the
second frame using normalized correlation. Detected features are forced to be roughly uniformly distributed across the
whole image by breaking the image into 16x16 pixel blocks and choosing the top N highest contrast corner features in
each block. The blocks are also used as a spatial indexing mechanism for quickly locating candidate features within a
predetermined radius for match score computation. Code bottlenecks such as normalized correlation computation are
hand-coded in Intel Pentium MMX for maximum speed.

3. RIVERBANK ESTIMATION

Two complementary approaches were developed for riverbank estimation. One was based on elevation angle of objects
in the images, and the other used a structure-from-motion approach. Both techniques depend on a careful calibration of
the images and are described in this section.
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3.1 Calibration

Six cameras provide a 360-degree field of view, with each camera covering roughly 65 degrees with 1024 pixels. The
cameras were individually calibrated for intrinsic parameters (including radial and tangential distortions) using
Bouguet’s calibration code [2, 4]. Since object distance is large compared to the camera spacing, all cameras were
approximated as having the same center of projection. Then using overlapping regions all six cameras were calibrated
for relative extrinsic parameters as well as an additional correction on focal length. By enforcing a 360 total field of
view, the individual fields of view, which are primarily determined by the focal lengths, can be made consistent and in
so doing improve the focal length estimates.

Once calibration parameters were determined, lookup tables for desired measures were created. The undistorted,

optically centered and focal-length-normalized pixel positions u,,V, are obtained:

@,,9,)=L,(u,v,i). (1)

where u, v are the pixel coordinates of camera i. These undistorted values are used by the multi-camera stereo.
Similarly a lookup table was created mapping pixels to aspect and elevation angles, denoted as:

(H(b),¢(b)):La (U,V,i) 2)
where ¢, ¢” are the aspect and elevation angles in boat coordinates respectively.
3.2 Optical Sonar

Since the water surface is horizontal, the simplest measure for distance to an object is the elevation angle to a point on
the water surface. Using this, the distance to water-surface objects and the shoreline can be obtained from single
images. The following technique was developed to estimate nearby objects.

The transformation in equation (2) puts all camera measurements into a single boat coordinate system. These boat
parameters can be transformed into world coordinate system parameters by forming a unit vector p® =
(cos(Hb))cos(Jb)), sin(ﬂb))cos(ﬂb)), sin(¢(b))), then rotating this by the boat’s rotation, R, as obtained from an onboard
Inertial Measurement Unit (IMU) to get:

b
p=Rp". 3)
The aspect and elevation angles in world coordinates, denoted 6, ¢, are obtained directly from p .

Before using this flow, it is important to eliminate any points tracked on the water surface as these will confuse the
shoreline estimate. First an epipolar-like constraint can be used. The direction of the boat’s motion is denoted by

vector d in world coordinates. The normal to the flow in the viewing direction p is given byn = pxd . The
instantaneous flow can be expanded in angular space as:

op op
=—A0+—Agp. 4
Ap 20 o0 ® 4)

The rigid-motion constraint requires that the flow be orthogonal to n, that is:
n-Ap=0. (6]

An example of valid flow directions is given in Figure 2. Applying this constraint eliminates the non-rigid motion of
flow on the water surface. Additionally, unlike water features, shoreline points are generally clustered in high-density
regions, and so by estimating the density of features and climinating features in low-density regions, most of the
remaining water surface features can be eliminated.
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Figure 2 Plot of flow directions consistent with boat motion of 7/4 in aspect angle. Aspect and elevation angles are shown in radians
and displayed horizontally and vertically respectively.
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Figure 3 (Top) The flow over 10 frames in world coordinate aspect-elevation space (6, ¢). Flow for points at infinity should be
zero since boat rotation is removed. (Bottom) The projection of points below the horizon onto the plane is shown with units in
meters. The inverse-convex hull technique is used to find a safe region and is illustrated by the boundary. The projection of this
boundary is plotted on the top chart, and points below this are the ones that were eliminated.

It is now possible to leverage the shore-finding properties of optical flow. The flow calculated over 10 frames at 7.5
frames/sec from all cameras is transformed into aspect-elevation space as illustrated in Figure 3. Some of these points
are eliminated using the procedure described above. Flow points below zero degrees elevation are potentially on the
shoreline, and their position in the world space can be obtained by projecting them along the line from the camera
center-of-projection on top of the mast to the water plane. These are shown in the lower portion of Figure 3 with non-
rigid and isolated points removed. This will over-estimate the distance to points that are actually above the water plane,
but that is okay since the points of interest are on the shoreline close to the water and the goal is to achieve the boundary
formed by these. This boundary is found using an inverse convex hull technique described in Section 3.4, and typical
results are shown in Figure 3. The cameras act similar to sonar giving a distance-to-object at orientations around the
boat, and hence we call this optical sonar. An important limitation of this technique is the accuracy to which the
vertical is known as this will significantly affect the accuracy of point positions close to the horizon. The IMU used
here was accurate to 2 degrees, and thus a set of virtual points 2 degrees below the horizon were added to limit the
extent of the boundary. With the mast at 2.25m, this limits the range to 65m.

An important advantage of optical sonar is that its scale is known, unlike structure-from-motion approaches where scale
must be set using known boat distance traveled. It is useful for estimating nearby shorelines and objects and works
equally well in all directions. For longer-range objects and shorelines a motion-based estimation is used as described in
Section 3.3.
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3.3 Multi-camera Stereo

Multi-frame analysis using optical flow avoids many of the single-image shoreline-finding problems by also
capitalizing on the fact that water reflections will not support a persistent track of features over many frames.
Additionally if the tracks are required to be consistent with stationary points as in the case of a riverbank feature even
more on-water detections are eliminated. Described next is the use of six synchronized and calibrated cameras to
provide data for implementing 3D structure from motion by optical flow. River bank estimation is then obtained by
processing the 3D points to detect the boundary of non-water locations.

Multi-camera stereo processing of simultaneous frames not only provides full 360 degree coverage but also yields an
optimal numerically conditioned estimation problem. For a pair of opposite facing cameras, camera rotation gives
similar flow in both camera’s data while camera translation gives flow of opposite signs in both camera’s data. Singular
value decomposition of the Jacobian matrix describing this relation shows minimal spread in the singular values while
for the single camera analysis the opposite is true. Moreover the use of six equally spaced in azimuth cameras virtually
eliminates degenerate cases, except for the case where the boat is completely stationary.

To use all cameras simultaneously in a single stereo calculation, all the camera images are rotated into a common boat
image plane, in our case facing upwards:

ﬁ(b)

<)

<)

a® =|5® |=R

w®

(6)

where R; is the appropriate rotation for camera i. Then features from all cameras can be treated uniformly as if from
one camera, and the epipolar geometry between two boat positions, &, 4, written as:

~nT -
i B =0, %

with E being the Essential matrix. The essential matrix can be robustly solved for using Random Sampling Consensus
(RANSAC) to eliminate outliers, followed by a full non-linear optimization of feature points and boat rotations to
obtain 3D structure and boat motion. An example is shown in Figure 4, that shows significantly greater range capability
than optical sonar.

3.4 Inverse Convex Hull

Once points on the plane are estimated, both the optical sonar and the multi-camera stereo techniques need to obtain a
safe area for boat motion. Ideally this is the largest region around the boat with no shoreline points in it, however the
shoreline is only sparsely sampled. Thus an “inverse convex hull” was created. For multi-camera stereo, 3D points are
then projected to a plane parallel to the river surface yielding a scatter plot of points centered about the camera system
(boat position). As the inside, rather than the outside, of this point distribution is needed, points are transformed to have
the same angle but the inverse distance from the center. Then the convex hull of this is taken to find which are the
appropriate boundary points. Details for this method are as follows. Denote (x;,y;) as the location of point i with,

B =tan” 2 and 7, =+/x7+y7. ®)

X.

1

The inverse rooted distance

d(a)=r, " ©)
is computed along with the points

e —d @eos(s), ma v =d(a)sin(p) 10
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Boundary points are the parents of the points defining the convex hull of {xiinv ,¥:;"}. Depending on the density of

points, the inverse parameter, a, can be varied to determine how many of the nearby points to include in the boundary.
Experimentation has shown a = 0.05 is a suitable value for a typical density of 100 tracks per camera.

River bank and river direction are gotten by further processing the identified boundary points. Second order moments
of the 2D distribution of the boundary points are computed along with the major and minor axes. If the major axis is
strongly indicated by the ratio of the major to minor moment the river direction can be associated with the direction of
the major axis. The major axis also can be used to bifurcate the boundary points into two sets identifying each bank of
the river.

The convex hull is used to define boundaries for safe navigation. Figure 4 shows the safe navigation boundary derived
with the optical multi-camera stereo convex hull algorithm.
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Figure 4 (a) The inverse hull for shoreline points determined by multi-camera stereo. (b) The resulting safe area produced by
connecting the points from the inverse convex hull. (¢) The riverbanks where the boat is the + in the center. Units are in meters.

4. CLUSTER TRACKING, MAPPING AND MOVING OBJECT DETECTION

Most 3D estimation techniques operate on a collection of single features. This works for short-term tracking in single
cameras, but it fails when an object moves between cameras. Also since individual features are not reliable they cannot
be used on their own to detect moving objects but require a later global grouping as in [Costeira95]. In our system we
wished to track objects for long periods of time and maintain track of them even as they passed from one camera to the
next, and simultaneously to map them if they are stationary, or determine if they are moving. Hence rather than working
on the flow features in image space, we proposed tracking clusters of features in aspect-elevation space. Clusters give
more reliable tracks whose motion can be individually determined to be stationary or moving, and by working in aspect-
elevation space from overlapping cameras, clusters are naturally tracked between cameras. These clusters are generated
by initially laying a grid of rectangular regions over the aspect-elevation space and using mean shift to converge each of
these to a local maxima of feature density. Initial feature clusters are shown in Figure 5. Clusters are tracked using a
rigid 2D model with scaling. When new features are found, they are added to the closest cluster if their motion is
compatible with the 2D motion of that cluster. Features in that cluster that fail to fit the 2D model with scaling are
excluded using RANSAC. A fixation point is maintained for each cluster even though features are continuously added
and removed. This is similar to the affine tracking done of Hayman et al. [8], although here tracking is done in a world-
based aspect-elevation space enabling us to use a more constrained 2D plus scale model. With this model a minimum of
two points, rather than 3 for affine, are needed to maintain a cluster, and we found that clusters could be reliably tracked
over hundreds of frames. Periodically new clusters are initialized.
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