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Electro-optical sensors can be used to compute range to objects in the flight path of a helicopter. The computation
is based on the optical flow/motion at different points in the image. The motion algorithms provide a sparse set of
ranges to discrete features in the image sequence as a function of azimuth and elevation. For obstacle avoidance
guidance and display purposes, these discrete sets of ranges, varying from a few hundred to several thousand, need
to be grouped into sets that correspond to objects in the real world. This paper presents a new method for ebject
segmentation based on clustering the sparse range information provided by motion algorithms together with the
spatial relation provided by the static image. Object grouping allows interpolation within a group and enables the
creation of dense range maps. The paper presents object segmentation results for a sequence of flight images.

I. Introduction

The sparse set resulting from the range computations does not

HE design of intelligent guidance systems for helicopters will

require information about objects in the vicinity of the flight
path of the vehicle. The sensor system on the helicopter should
be able to detect objects such as buildings, trees, poles and, wires
during flight. A complete obstacle detection system may consist of
an active ranging sensor and passive ranging using electro-optical
sensors. Object location information over the field of view (FOV)
is referred to as range map. Several techniques have been proposed
for determining range using electro-optical cameras.! ~® These tech-
niques use optical flow resulting from the relative motion between
the camera and objects on the ground together with the helicopter
states from an inertial navigation system to compute range to various
objects in the scene.

One of the difficulties in the range computation occurs due to the
assumption that objects on the ground correspond to unique points
in the image. In reality an object on the ground is more likely to
occupy a region in the image. Complications are also caused due to
the ambiguity in matching features in the images that are projections
of the same object on the ground. These difficulties result in range
maps where range is available only in certain parts of the image.

define an explicit relationship between its members. For obsta-
cle avoidance guidance and display purposes, these discrete sets
of ranges need to be grouped into sets that correspond to objects
in the real world. The reduction of discrete ranges, varying from
a few hundred to several thousand, to a small number of objects
improves the display and simplifies the computation of obstacle
avoidance algorithms. The goal in this paper is to achieve object
segmentation in sparse range images by using range relations in the
three-dimensional world and interpixel relations in the image. The
grouping or segmentation of a range map enables one to assume
the range to be continuous within a group. It is possible to create
a dense range map via interpolation within the groups. Modeling
of dense range images has been studied by several authors.” The
dense range images can be modeled into objects by fitting surfaces
using polynomials, splines, Delaunay triangles, etc. The grouping
of sparse range measurements makes it possible to extend the mod-
eling techniques developed for dense range images to sparse range
maps.

This paper is organized as follows: Section II provides a brief in-
troduction to the range estimation algorithm. The clustering method-

objects in the field of view.
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ology is described in Sec. III. Section IV describes the two heli-
copter flight image sequences used. Section V describes a technique
for classifying features based on separation in depth. A K-means
algorithm for grouping based on separation in the horizontal plane
is presented in Sec. VI. Next, an algorithm based on the minimum
spanning tree (MST)'© that groups features based on the separation
in the image plane is described in Sec. VIL. Finally, Sec. VIII pro-
vides the results for the flight sequences. Ideas on future research
and some concluding remarks are presented in Sec. IX.

II. Range Estimation Algorithm

Consider a helicopter-mounted camera that observes a point P on
a stationary object in the environment, as shown in Fig. 1. The image
point {u, v} corresponding to the point P is given by the perspective
projection equations as follows:

v = fy:/zs )

u= fx/zs,

where x,, y,, and z; are components of p,, the object’s position
relative to the camera, and f is the focal length of the camera lens.
As the camera moves, the image of P will also move. If P is assumed
fixed in the Earth frame, the rate of change of p; in the camera’s axes
system can be determined using the Coriolis equation as follows:

Ps=—Vs— w5 X ps 2

where V, = {Vy,, Vi, Vi5} and w; = {wys, 0y, @y} are the cam-
era’s translational and rotational velocities with respect to the Earth
frame. Differentiating the perspective projection equations with re-
spect to time and substituting for o, according to the above equa-
tion yields the well-known optic-flow equations that relate camera
motion, object motion in the image, and the object’s range. The
optic-flow equations are

= (—fvxs + qu.v)/Zs =+ (f‘%)wxs

-1+ W/ ) wys + vy
3
2
b= (= f Vs + vVis)/2s + f(l + -;—z)a)

uv

— —f—a)ys ~ Uy
Decomposing the optic flow into components due to camera trans-
lation (i,, v,) and rotation (&,, v,) gives

=0+ )
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where
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With the optic-flow equations, range to an object z; can be deter-
mined given measurements of the camera’s motion state (V;, w;),
the object’s location in the image (#, v), and the optic flow (&, v).
Note that only the optic flow due to translation (&,, 7;) is a func-
tion of the object’s range; therefore, range can be estimated only
when the camera is translating. Furthermore, the optic flow due to
translation will be zero at an image location (f Vi / Vs, fVis/ Vi)
known as the focus of expansion (FOE). Since the FOE corresponds
to the intersection of the velocity vector with the image plane, range
estimates cannot be obtained for objects along the camera’s instanta-
neous direction of motion. Additionally, the ability to estimate range
deteriorates for objects whose translational optic flow is small, such
as objects that are far away or that appear near the FOE.

Optic-flow information and ultimately a range estimate is asso-
ciated with features in an image, where a feature is defined as a
small region of interest within the image. The optic-flow measure-
ments are obtained from the difference between an object’s location
in successive images. The number of features for which range esti-
mates can be obtained depends directly on the ability to select robust
features that can be unambiguously tracked between images. The
quality of range estimate for each feature depends on the ability to
accurately track the feature between images. In this implementation
features are squares of 11 x 11 pixels that exhibit intensity variance
greater than some user-specified minimum threshold value. A cor-
relation method is used to determine the feature’s location in each
new image.

Using the optic-flow equations (3), we formulate the computa-
tion of range as a state estimation problem using a Kalman fil-
ter. The Kalman filter is well suited to this application because it
combines redundant measurements to recursively improve its esti-
mate over time. In addition, the state covariance matrix provided by
the Kalman filter gives an indication of the estimate accuracy. The
Kalman filter also yields a prediction of the state vector, the state
covariance matrix, and an expected location of the feature for the
next sample time. This latter information is used to constrain the
search area for locating the feature in the next image. As the range
information improves, the search window becomes smaller and less
computation is required to locate the feature.

Several Kalman filter implemeniations were studied in Ref. 1,
where the best results were obtained by selecting the state vector

Obstacle

Fig.1 Geometry for passive range estimation.
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X = p; and the measurement vector Z = {u, v}. With these def-
initions, the Coriolis equation (2) becomes the state equation and
the perspective projection equations (1) become the measurement
equations. The state and measurement equations can be written as

X =-[o)X -V,

Z =h(X) =1fxs/2s, [¥s/2s) ©
where
0 —Wy  Wys
o= g 0 —og )
—Wys Wy 0

The state equation is a time-varying linear system that depends on the
camera’s translational and rotational velocities. The measurement
equation is a nonlinear function of the state.

The continuous-time state and measurement equations can be
converted to their discrete-time equivalents assuming that V; and
w; are constant during the sampling interval AT . The discrete-time
system equations are

Xk+1)=®®R)X(K) +T®UK) +Ta®K)s: (k)  (8)
Z(k) = h[X (k)] + £ (k) &)

where ®(k) is the state transition matrix, I'(k) is the input dis-
tribution matrix, U (k) = —V,(k) is the control matrix, I';(k) is
the disturbance distribution matrix, and (k) and ¢, (k) model
the process noise and measurement noise, respectively. Zero-mean
Gaussian white noise is assumed such that R(k) = cov(¢;) and
Q(k) = cov(Z,). The state transition matrix and the control dis-
tribution matrices have been derived in Ref. 1. The measurement
equation is linearized about the current estimate of X, giving

Z(k) = Hk)X (k) + ¢, (k) (10)
3h(X
H@) = _a(x_)
1/zs O —xs/zf]
_ f[ an
0 1z —»/4 ps=psk—1)

where H (k) is computed based upon the best state estimate avail-
able just before the measurement update. The discrete-time state
equation (8) and the linearized measurement equation (10) are used
to recursively estimate the state vector X and the state covariance
matrix P.

The Kalman filter consists of two parts: the measurement update,
which improves the state estimate given a new measurement, and the
time update, which propagates the state forward in time according to
the system dynamics. Before each iteration of the Kalman filter, we
know Q(k) and R(k) and we have estimates of X (k) and P (k). The
measurement update is then performed according to the equations

X(k) = X (k) + K(O)[Z (k) — HK) X (k) "
P(k) =[I — K(x)HK)P(K)

where H (k) is computed from b'¢ (k) as described above and the
Kalman filter gain K (k) is computed using the equation

K(k) = PROHTOHEPOWHT (k) + ROI (13)
The time update equations are

Xk +1) = o)) X (k) + TK)U (k)
(14)
Plk+1)= k) PR)PK)T + Ti(k) Q)T (k)T

As noted above, the Kalman filter requires initial estimates for X
and P. The initial estimate for X can be derived from the optic-flow
equations and the perspective projection equations given a feature’s

location in two images and the camera’s translational and rotational
velocities, which are assumed constant during the interval between
images. First, the optic-flow equations (3) are solved for z,. The
optic-flow equations actually comprise an overdetermined system
of two equations in the one unknown z;, so a single quadratic equa-
tion in z, is formed by summing the squares of the two optic-flow
equations. Once z; is found, x; and y, can be determined from the
perspective projection equations (1). The initial estimate of the state
covariance matrix is chosen a priori.

This section has outlined the determination of range as a function
of azimuth and elevation using a sequence of images from an electro-
optical sensor. The range estimation algorithm described in this
section has some characteristics that are similar to a electro-optical
(EO) tracker used in infrared search and track (IRST) systems.!!
Both systems track features in successive images. The EO tracker
tracks a single object, usually several kilometers away, after selec-
tion either manually or from a target recognition algorithm. It does
not have the ability to detect and track several hundred features,
with widely varying, optical-flow or track velocity, typical of a low-
altitude scenario.

III. Clustering Methodology

The output of the passive ranging algorithm may consist of S00—
1000 discrete ranges. The actual number depends on the image se-
quence. Corresponding to each range p;, we have the quintuple
iy vis X, ¥is 2,1 = 1,2, ..., n) where (u;, v;) refers to the loca-
tion of the ith point in the image plane, (x;, y;, z;) corresponds to
the estimated range or location of this point in the three-dimensional
world, and » is the number of range points. The location (x;, y;, z;)
can be expressed in camera, body, or earth coordinate systems. Each
object in the image is represented by many features and the number
of objects is small compared to n. The segmentation of the range
map into groups, where each group corresponds to an object, is a
combinatorial optimization problem.

Clustering'? has been used for a long time in many disciplines,
such as biology, geology, and psychiatry. In computer vision, clus-
tering has been used for classification of multispectral data and
image segmentation using attributes like gray level, color, texture,
and gradient. Our clustering work is related to work in perceptual
grouping using simulated annealing.'® Ideas such as hierarchical
approach and problem-dependent constraints are natural tools to re-
duce the amount of computation in practical problems. Strong search
methods, the name for problem-dependent constraints in artificial
intelligence, have been used to reduce the number of combinations
in automatic target recognition.!* The hierarchical approach allows
the problem to be solved as a series of subproblems.

We first construct a set of higher confidence discrete range points
by checking if the points existed in a number of range maps corre-
sponding to previous images in the sequence. One of the advanatages
of this step is that new or unreliable range points are eliminated. For
the flight image range maps used in this paper only those points
were selected that existed in at least 10 of the 15 previous range
maps.

Next, we divide the range into groups based only on how far the
objects are directly in front of the vehicle. It is assumed that some of
the viewed physical objects are separable in depth. The depth values
of the features, corresponding to each of these objects, are expected
to have a distribution. For the sake of mathematical convenience we
assume these distributions to be Gaussian. The grouping process
involves the construction of a depth histogram and its approximation
by a number of Gaussians. Grouping involves assigning the features
to the groups defined by the Gaussians.

We then start with the grouping based on depth and split them
based on their separation in the horizontal plane. The splitting oper-
ation is done within the groups. The rationale for separating in the
horizontal plane is twofold: first, we prefer, low-altitude helicopter
maneuvers that are limited to flying around the object and, second,
objects that are at the same depth may be far apart in the horizontal
plane. In such a situation a Euclidean distance measure may sepa-
rate these objects in the horizontal plane. From a rotorcraft guidance
point of view, if the separation between two objects is greater than
the rotor diameter, then a path between the objects is of interest. If
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Fig.2 Hierarchical clustering method.

the separation is not sufficient, then the two objects form a single
obstacle (single object) in the flight path. With this point of view, the
rotor diameter is the natural distance measure used by the K -means
algorithm for constructing groups whose means are separated by at
least the rotor diameter.

The next level of grouping takes place in the image plane. The
computation of range in the optic-flow algorithms is usually done
on a local basis to reduce the amount of computation. Thus the
range computation does not take into account the interpixel rela-
tions between ranges belonging to the same group. The groups are
examined for consistency in the image plane, and any groups with
inconsistent members are subdivided. We use the MST algorithm
to achieve grouping in the image plane.

The hierarchical steps are summarized in Fig. 2. The figure shows
that the discrete range points are grouped into three groups, A, B,
and C, based on fitting Gaussians to the depth histogram. The group
B is then partitioned into three groups, B, B; and Bs, by using the
K -means algorithm in the horizontal plane. Finally, the group B, is
further split into three groups, By, Bz, and By, by application of
the MST algorithm in the image plane. The hierarchical clustering
algorithm groups the discrete points into seven groups, A, C, By,
B3, By, Bay, and By for this example.

IV. Helicopter Flight Images

The clustering methodology for object segmentation described in
the previous section will be applied to two helicopter flight image
sequences. The first image sequence is named Line sequence and
the second one is named Posts sequence. These image sequences
are part of a database being developed at NASA to support the
verification of computer vision algorithms. The flight image se-
quences were acquired by a camera mounted under the rotorcraft
nose and oriented roughly in the direction of the flight so that the
designated obstacles could be observed. The position of the camera
and its orientation with respect to the rotorcraft were held constant
throughout the flight. The details of the methodology used to de-
velop the flight database consisting of imagery, rotorcraft and sensor
parameters, and ground-truth range measurements are described in
Ref. 15.

The line flight image sequence consists of 240 images. The 45th
image is shown in Fig. 3 and the 60th image in Fig. 4. The ob-
jects in the view of the imaging sensor are labeled A, B, ..., H in
Fig. 3 where A, B, C, D, and E are trucks on the runway, F is the
time stamp, G is the runway, and H is the rotorcraft nose boom.
Trucks A, B, and C are arranged with A being closest to the cam-
era and C being farthest and B in between. Truck D is in front of
truck E.

The posts flight image sequence consists of 90 images. The 45th
and the 60th images are shown in Figs. 5 and 6, respectively. The
various objects are labeled A, B, . .., M inFig. 5. Theroad is labeled

Fig.3 Forty-fifth image, line sequence.

Fig. 4 - Sixtieth image, line sequence.

Fig. 5 Forty-fifth image, posts sequence.

G. Some of the posts along the side of the road are labeled A4, ...,
F,H,...,J.Abuilding in the back is labeled K. The time stamp
and the rotorcraft nose boom are labeled L and M, respectively.

V. Separation in Depth

Several coordinate frames are encountered in relating object co-
ordinates in the real world to its image coordinates in the camera
image plane. The various coordinate frames are shown in Fig. 1. As
described in Sec. II, the ranging algorithm outputs a sparse range
map that consists of a set of features with the following attributes:
the u and v location in the image plane, an identification tag, and a
depth. The u, v, and depth are directly related to the x, y, and z loca-
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Fig. 6 Sixtieth image, posts sequence.

tions in the earth frame via the inverse perspective projection equa-
tions, the camera-to-body and body-to-earth transformation matri-
ces. The identification tag helps identify the feature through a series
of images.

It is assumed that some of the viewed physical objects are sep-
arable in depth. The depth values of the features, corresponding to
each of these objects, may be expected to have a distribution. This
is due to curvature of the object being viewed and incorrect depth
estimates. For ease of mathematical modeling we assume these dis-
tributions to be Gaussian.

The first step in the grouping process is the construction of a
histogram (see Figs. 7 and 8) consisting of the number of features
as a function of the depth.

The second step in the grouping process is detection of the peaks
of the histogram. A peak is defined as a maximum bounded on both
sides (left and right) by minima such that the difference between the
peak and the valleys exceeds a threshold (“peakiness”). A peak is
determined by bracketing it between a proper left minimum and a
proper right minimum such that the peakiness criterion is satisfied. A
proper minimum is determined by bracketing the minimum between
two peaks such that the peakiness criterion is satisfied with respect
to the bounding peaks. For the histograms in Figs. 7 and 8, the
circles around the peaks show the detected peaks. The peakiness
value used was 0.1. Next, we approximate the histogram as a sum
of m Gaussians. The approximation to the histogram is achieved by
minimizing the sum of the squares of the error:

min el 1<j=<m (15)

k e
jblj.Of
Jji#jeO) \<izn

where

-k exp(

1<j<m

2
- u,) ) 16)

Here, k; is the scale factor, ut; is the mean, and o; is the stan-
dard deviation of the jth Gaussian. At n depth locations, the
depth is &; and the normalized frequency is ¢;. For minimization,
a MINPACKS routine LMDIF1 is used. The routine LMDIF1 is
a modified version of the Levenberg-Marquardt algorithm. Based
on the detected peaks, an initial estimate of the k;, i}, and o; for
each Gaussian is provided to the minimization routine. The indi-
vidual Gaussians approximating the depth histogram (in Fig. 7) are
shown in Fig. 9. Similarly, the three Gaussians approximating the
Posts flight sequence depth histogram (see Fig. 8) are shown in
Fig. 10.

Finally, the features are assigned to the groups represented by the
Gaussians. For this purpose, consider two Gaussians next to each
other. In order for them to intersect, the following relationship must

hold:
6 - u)? G —p)’
klexp(————ZTI—lz——— = kzexp _T‘; (17)
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Fig. 7 Depth histogram, line sequence.
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Fig. 8 Depth histogram, posts sequence.

This simplifies to:

(02 - 01)82 (ulazz - ;1,2012)8

+([L%022—M§Ul) — 20707 ln%— =0 (18)
This equation may be solved to obtain the depth § at which the two
Gaussians intersect. It may be noted that if the standard deviations
o1 and o7 are equal, Eq. (18) is reduced to a linear equation.

The intersection depth marks the outer limit of Gaussian 1 and
inner limit of Gaussian 2. By repeating this procedure, inner and
outer limits are determined for each Gaussian. The minimum depth
marks the inner limit for the first Gaussian and the maximum depth
marks the outer limit of the last Gaussian. Each feature is allocated
to one of the Gaussians based on whether the depth corresponding
to the feature lies within the inner or outer limits of that Gaussian.
The resulting grouping is coded in a matrix G, where the number
of columns is equal to the number of groups and the identification
tags of all features belonging to a particular group are stored in a
single column. The number of members in each group is coded in a
vector N. This way each member of the group is accessible via the
vector N and the matrix G.

VL. Separation in Horizontal Plane
The previous section was devoted to grouping based on depth
only. In this section we start with the grouping based on depth and
split them based on their separation in the horizontal (x,.-y. plane
in the earth axes) plane. The splitting operation is done within the
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Fig. 9 Gaussian approximation, line sequence.
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Fig. 10 Gaussian approximation, posts sequence.

groups. For example, three objects at the same depth but separated

along the y, axis will be split into three groups by this method.
Given the u, v, and z; (depth) coordinates of the features in the

image plane, the x; and y; locations of the object in the camera

frame may be found by using the perspective projection equations
(1) as

UZs
.= 19
x 7 (19)
VZs
= — 20
¥ 7 20)

where f is the focal length of the camera.
In the body frame, the feature location is given as

Xb lxs Xy
Yo t = lys + Toys 4 ¥s 21
Zb L s

Here Iy, l;, and I are the coordinates of the camera and x;, ys,
and z, are the coordinates of the feature, both with respect to the
body in the body frame. The term T}, is the transformation matrix
from the camera frame to the body frame. Similarly, the feature
position in the earth frame is given as

Xe lxb Xp
Ye g =3 bw t +Tepp § ¥ (22)
Ze L Zp
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Fig. 11 K-means clustering, line sequence.
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Fig, 12 K-means clustering, posts sequence.

where x,, y,, and z, are the coordinates of the feature in the earth
frame; U, lys, and I, are the coordinates of the body in the earth
frame, and T, is the transformation matrix from the body frame to
the earth frame.

Once the features are transformed to the earth frame, the z, coor-
dinate (altifude) is ignored and the K-means algorithm, described
below, is used for grouping them in the horizontal plane.

The K -means algorithm may be summarized as follows.!” Given
a group of features, the group mean is found. Next, a feature that is
farthest from the mean is found. We will call this feature the new
pivot. All the features are then allocated to the two groups based
on their closeness to the mean or the pivot. New means for these
two groups are determined. This completes the initialization of the
K -means grouping. Next, a new pivot feature is found based on its
distance from the two group means. For this purpose a minimum
distance from a feature to the groups is computed. This is the smallest
distance between a feature and any of the group means. This is
repeated for all features, and the feature whose minimum distance
to the groups is a maximum is selected as the pivot for the new
group. Features are then allocated among the previous groups and
the new group based on their closeness to the group means and the
pivot. The group means are then updated. If the distance between
any two group means is less than the specified rotor diameter, the
groups are merged. This process is continued until it is no longer
possible to create a new group. Finally, groups with a small number
of features are eliminated.

The above process is repeated for all the groups obtained pre-
viously by separation in depth. For the example groups, shown in
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MST Main Diameter

73

Broken MST
Fig. 13 MST for truck A, line sequence.

Figs. 9 and 10, the results of the X-means grouping algorithm are
shown in Figs. 11 and 12. The X -means algorithm regroups the nine
groups into four groups for the Line sequence and three groups into
four groups for the Posts sequence. The group means are demar-
cated by squares in Figs. 11 and 12. For these examples, a rotor
diameter of 60 ft was used. Groups with less than five features were
eliminated.

VII. Separation in the Image Plane

The basic motivation for grouping in the image plane is that fea-
tures that could not be separated based on depth alone or by the sep-
aration algorithm in the horizontal plane may be widely separated in
the image plane and, therefore, may belong to different objects. An-
other aspect of grouping in the image plane is that (u, v) are direct
measurements, whereas (x., y., z.) locations are estimated values.
One of the possible ways of separating objects in the image plane is
by using the K -means algorithm. However, unlike in the horizontal
plane, where the rotor diameter was used as a distance measure,
no such measure is directly available in the image plane for use by
the K-means algorithm. The MST provides a relationship between
the features that may be used to construct reasonable distance mea-
sures. A spanning tree is defined as a connected set (contains paths
between any pair of points) with no loops that contains all points of
the problem. The MST of a set is that spanning tree whose sum of
the edge lengths (distance between connected points) is a minimum.
It has been shown in Ref. 10 that properties of the MST may be used
to successfully cluster a point set into groups such that points within
the group are close to each other.

The application of the MST algorithm'® to the group correspond-
ing to truck A (see Fig. 3), obtained after separation in depth and
in the horizontal plane, is shown in Fig. 13. For clarity the MST
has been shown enlarged. End nodes are defined as nodes of the
MST that have only one neighbor. For the example MST shown in
Fig. 13, some of the end nodes are encircled. The main diameter of
the MST is defined as the longest path connecting two end nodes.
This path may be thought of as the trunk of the tree.

To this point, the only information directly coded in the MST
data structure is of local nature. However, the global relationships
between the nodes may be extracted by starting at an end node and
creating a parent-node-children-node tree structure. We start with
an end node and assign it zero weight. Each node, except the starting
node, has a parent node and may have one or more children nodes.
Each parent-child pair has a weight (distance) assigned to it. The
weight associated with each node is equal to the sum of the weight of
the parent plus the associated parent-child weight. The node that has
the largest weight forms the other end of the diameter. This process is
repeated for all the end nodes. The end-node pair that has the largest
weight forms the main diameter. The main diameter computed by
the above algorithm is shown next to the MST in Fig. 13. The two
nodes shown encircled on the main diameter are the end nodes.
After determining the main diameter, the next step is to determine
inconsistencies along the main diameter. We start with an element
on the main diameter and examine the nodes near the two ends
of the element and compute the average weights. If the element
weight is significantly different than the average weights of the
element end nodes, the element is inconsistent. The average weight
of the end node is determined by using the weights of the elements

near the end node. The broken MST is shown below the MST in
Fig. 13. The MST is broken up in places where inconsistencies were
detected.

This procedure is applied to all the groups resulting from the
separation in the horizontal plane.

VIII. Results

All the algorithms described above were applied sequentially to
group the features shown in Figs. 4 and 6. The results are described
below. As shown in Figs. 7 and 9, the depth histogram of the Line
sequence features is approximated by nine Gaussians; therefore,
all features are members of one of the nine groups. Similarly, the
features of the Posts sequence are members of the three groups cor-
responding to the three Gaussians shown in Fig. 10. These Gaussians
approximate the depth histogram shown in Fig. 8. The resulting nine
groups for the Line sequence and three groups for the Posts sequence
were then processed by the K-means algorithms with small group
elimination to regroup the features based on their separation in the
horizontal plane. For these examples a distance of 60 ft between the
means was used as the merging criterion. The algorithm resulted in
four groups for both sequences, as may be seen in Figs. 11 and 12.
The MST for the groups of the Line sequence are shown in Fig. 14.
The four groups based on the separation in the horizontal plane were
further processed by the MST algorithms for regrouping based on
their separation in the image plane. It may be noted that each group
was broken up if inconsistencies were detected along the main di-
ameter of their MST. The broken MSTs for the Line sequence are
shown in Fig. 15. The broken MSTs are regrouped into new groups
by the MST grouping algorithm. For the Line sequence example, 6
groups shown in Fig. 16 are obtained after MST grouping. Similarly
for the Posts sequence, 11 final groups shown in Fig. 17 are obtained.
A comparison of Figs. 16 and 17 with Figs. 3 and 3, respectively,
indicates that the object segmentation algorithm is able to group
most objects correctly. The algorithm cannot identify objects like
the helicopter nose boom (see objects H in Fig. 3 and M in Fig. 5)
for which no range estimates are available.

\\)/3 L

Fig. 14 MST, line sequence.

Fig. 15 Broken MST, line sequence.
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Fig. 16 Final groups, line sequence.

Fig. 17 Final groups, posts sequence.

IX. Concluding Remarks

We have described an approach to cluster range estimates from
a passive sensor into groups of objects useful in building a world
model that can be used for obstacle avoidance during helicopter
flight. The approach consists of hierarchical grouping methodology
combined with problem-dependent constraints to reduce the number
of combinations in the problem. Object segmentation results were
presented using two helicopter flight images.

Successful grouping using the sum of Gaussians to represent the
depth histogram depends on the number of features representing
the object and the separation between the objects. The first property
affects the height of the Gaussians and therefore that threshold that
would detect the peak. The second property results in small overlap
of the fitted Gaussians. Usually objects that are far away will not be
grouped separately but will be grouped with a larger object that is
relatively closer to the camera. This is because objects that are far
away occupy few pixels in the image and, therefore, only a few range
features are determinable that correspond to this object. Both peak
detection and approximation with Gaussian algorithms have been
extensively tested on a number of images. The algorithms perform
consistently and correctly.

For separation in the horizontal plane the K-means split-and-
merge algorithm was developed. The idea for the K-means algo-
rithm is not new. The key idea is the maximum minimum distance
by which the next possible group is started. Usually, the K-means
algorithm employs a distance measure as a stopping criterion. In
other words, when the distance between any two means is smaller
than a specified number, the algorithm is stopped. This criterion
results in at least one group whose diameter is approximately the

size of the specified distance. This occurs when the groups are not
widely separated. In our version of the algorithm we have not used
the distance measure in this sense; rather, if the distance between
the two means is less than the distance measure, we group the two
sets of features, represented by the two means, as one group. This
is the merging operation. If no new groups are created by repeating
the algorithm, the algorithm is stopped. The K-means split-and-
merge algorithm was tested on a number of images. In all cases the
algorithm converged.

The MST concept was implemented by developing the algorith-
mic details for the design of the data structure, determination of the
end nodes, extraction of the main diameter, checking for inconsis-
tencies along the main diameter, and grouping using the MST. The
algorithm has been tested on a number of images.

The object segmentation algorithm is able to group most objects
correctly. The combination of range estimation algorithm and the
grouping technique described in this paper provides a basis for the
object information required for helicopter guidance.
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