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Runway Obstacle Detection by Controlled
Spatiotemporal Image Flow Disparity
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Abstract—This paper proposes a method for detecting obstacles
on a runway by controlling their expected flow disparities. The
runway is modeled as a planar surface. By approximating the
runway by a planar surface, the initial model flow field (MFF)
corresponding to an obstacle-free runway is described by the data
from on-board sensors (OBS). The initial residual flow field (RFF)
is obtained after warping (or stabilizing) the image using the
initial MFF. The error variance of the initial MFF is estimated.
The initial RFF and the error variance are first used to identify
the pixels corresponding to the obstacle-free runway and then to
noniteratively estimate the MFF and RFF. Obstacles are detected
by comparing the expected residual flow disparities with the RFF.
Expected temporal and spatial residual disparities are obtained
from the use of the OBS. This allows us to control the residual
disparities by increasing the temporal baseline and/or by utilizing
the spatial baseline if distant objects cannot be detected for a
given temporal baseline. Experimental results for two real flight
image sequences are presented.

Index Terms—Motion vector estimation, obstacle detection,
residual optical flow control, temporal and spatial optical flow
disparities.

I. INTRODUCTION

T HE ability of automatically detecting obstacles is es-
sential for autonomous landing or navigation. Obstacles

of interest are stationary or moving objects on a runway or
road. Most of the existing methods for obstacle detection
are based on temporal or spatial flow disparities estimated
from image sequences [1]–[8]. A global or model flow field
(MFF) is first computed from the whole image [1], [3]–[5].
This estimated global field could be affected by obstacles that
cover a large area of the image. The method in [3] also uses
velocity information from vehicle sensors moving parallel to
the ground, but the accuracy of the computed flow vector was
not taken into account, thus yielding less reliable detection
results. Methods based on spatial disparities [6]–[8] use a pair
of identical cameras. They use a threshold for spatial disparity
of obstacles which is set manually without a geometrical
interpretation. All of these methods are based on a fixed
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temporal (or spatial) baseline and so it is difficult to detect
distant objects when they do not give detectable disparities.

In this paper, we propose a method for detecting obstacles
on the runway by controlling their expected flow disparities. A
block diagram of our algorithm is shown in Fig. 1. Note that
our algorithm is based on the current image and those delayed
by both one and frames. (The part of the detection method
based on the spatial disparities is not implemented yet. The
right image sequence is used for the purpose of comparing
spatial disparities with temporal disparities.) The runway is
modeled as a planar surface. By approximating the runway by
a planar surface, the initial MFF corresponding to an obstacle-
free runway can be described by the data from airborne sensors
such as inertial navigation unit, laser tracker, or DGPS. The
term on-board sensors (OBS) is used to represent all such air-
borne sensors in this paper. The initial residual flow field (RFF)
is noniteratively obtained after warping (or stabilizing) the im-
age using the initial MFF. The error variance of the initial MFF
is estimated. The initial RFF and the error variance are first
used to identify the pixels corresponding to the obstacle-free
runway and then to noniteratively estimate the MFF and RFF.
Obstacles are detected by comparing the expected residual
flow disparities with the RFF. Expected temporal and spatial
residual disparities are estimated from the use of the OBS. This
allows us to control the residual disparities by increasing the
temporal baseline and/or by utilizing the spatial baseline if dis-
tant objects cannot be detected for a given temporal baseline.
Using the vanishing line, which is also determined from the
OBS, the image locations corresponding to the ground are au-
tomatically identified. The residual flow vectors are estimated
by using the well-known optical flow equation from which
a new measure for the error variance of the estimated flow
vector is derived using singular value decomposition (SVD).
The terms, ground and runway are used interchangeably.

Novel aspects of our approach include:

1) control of spatiotemporal disparities depending upon de-
tection system’s configuration and the minimum height
of obstacles to be detected (This allows the use of mul-
tiple temporal baselines which increases the expected
residual disparity for the distant object with a given
height which cannot be detected by the existing methods
based on a fixed temporal or spatial baseline);

2) introduction and utilization of error variances of the OBS
data;

3) two-step technique to noniteratively compute the MFF
and RFF;
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Fig. 1. Our approach for obstacle detection.

Fig. 2. Geometrical model.

4) use of SVD for flow estimation to select the reliable
components of the flow, resulting in the better flow
estimation.

The paper is organized as follows. In Section II, a geometri-
cal model and the MFF are described. In Section III, the steps
of estimating the MFF using the initial residual flow vectors
are presented. In Section IV, an approach for the control of
temporal and spatial disparities is explained. For concreteness,
numerical examples are shown for the second sequence used in
our experiments. (The second sequence is called the stationary-
truck sequence since it was taken from a camera mounted on
a helicopter flying over six stationary trucks (A, B, C, D, E,
and F) in Fig. 10(a) on the runway.) In Section V, the step of
obstacle detection is described. In Section VI, our algorithm
is summarized. In Section VII, two experimental results are
presented. Finally, Section VIII concludes with a summary
and future work.

II. M ODEL FLOW FIELD

A runway is represented by
in a world coordinate system as shown in
Fig. 2. Consider image coordinates (in pixels)
and at two time instants and , respectively.
Let , and denote a matrix for three-dimensional (3-D)
rotational velocity, a column matrix for 3-D translational
velocity, and a column matrix for a normal vector to plane
(runway) at in the sensor coordinate system. Let a matrix

represent internal camera parameters as follows:

(1)

where , and are the focal length, aspect ratio,
and the row and column coordinates of the camera center (in
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Fig. 3. Standard deviation of the initial temporal MFF betweenI213 and I212 for the stationary-truck sequence.

pixels), respectively. Then, a 3 3 matrix is defined as
follows:

(2)

Normalizing the matrix by dividing its nine elements by
the last element, we have

(3)

Define . Then, a flow vector at between a

pair of frames, , induced by a rigid planar
motion is written as follows [9]:

(4)

(5)

Therefore, the temporal flow field for planar motion is de-
scribed by a set of eight coefficients. The spatial relationship
of the right and left images is derived in the same way.
Rewriting the above equations, we have

(6)

where is a scale factor. This expression is known as a
homography relation and allows us to easily compute
given .

The initial (or equivalently ) for obstacle-free ground or
runway is computed from 19 parameters from the OBS (one
for the altitude of the runway in the world coordinate
system, 12 for the transformation from world to body and from
body to sensor coordinates, and six for the body velocities).
In addition, the four intrinsic parameters for the
camera are included in. This initial will be refined later
although it should be accurate enough to describe the MFF
exactly in an ideal case.

III. ESTIMATION OF MODEL FLOW FIELD

In this section, we describe how to estimate the MFF.
First, the error variance of the initial MFF is computed to
judge its accuracy resulting from the use of OBS. Second,
we describe how to obtain the initial RFF. Third, we describe
the segmentation of the initial RFF into obstacle-free runway
pixels. Then, the process of estimating MFF and RFF based
on the segmentation is presented.

A. Error Variance of the Initial MFF

We assume that the errors in the initial MFF result from the
inaccuracies of the OBS data. Therefore, the 23 parameters

(19 from OBS and four intrinsic parameters from
the camera) mentioned in Section II can be treated as random
variables which are assumed to be mutually uncorrelated for
simplicity.

The total variance or errors of the initial model flow vector
at in the direction of some unit vector is given by

(7)

where each is provided by the OBS manufacturer.
Let denote an image at . Consider an example

of the initial MFF between two consecutive images and
for the second sequence used in our experiment. We found

that the values of and due to and (errors
in the image plane center) are small compared to those of

and since they are dependent on flow vectors which
are expressed as as in (4) and (5), thus the image
center errors cancel out. Fig. 3 shows the total error defined
as at each pixel for the same sequence. This

total error value increases as the distance between camera and
runway decreases since the magnitude of the motion vector
becomes larger.
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B. Estimation of Initial Residual Flow Field

If the image intensity signal is written as a function of
position and time, the standard gradient formulation of an
optical flow vector is expressed as follows:

(8)

Consider two consecutive image framesand , at and
, respectively. Let represent the initial MFF from

to corresponding to the part of obstacle-free runway. Let
represent the warped image of using . We will

consider the flow vectors between and instead of those
between and since the magnitude of the flow vector
after warping becomes smaller and so we can use the gradient
formulation in (8). An initial residual flow vector between
and , denoted by , is the least squares (LS) solution to
the following overdetermined set of linear equations, assuming
the flow is constant within a small spatial window(11 11)
in our experiments) centered at [10]

(9)

where, for points

(10)

(11)

The matrix is by 2. The SVD of is given by
where there are normally only two nonzero entries in the 22
diagonal matrix , and ( 2) and (2 2) are
orthogonal matrices. Note that ( : a
2 by 2 identity matrix). Let denote the columns
of ; and let denote the columns of . Then,
the LS solution to (9) is given by [11]

(12)

(13)

where represents the pseudoinverse. This can be rewritten
as follows:

(14)

where and . Here, and
represent the norm and the unit vector of, respectively.
When the rank of is less than two, the SVD gives a solution
with the smallest norm value of . This degenerate case
corresponds to the aperture problem where the only normal
component of a flow vector can be computed.

To analyze the uncertainties of the flow vectors obtained
from (8), three additive noise terms and with
zero mean and the variance are added to the equation as

follows (The same variance is used since the derivatives are
numerically computed from the digitized values of intensity):

(15)

Our goal is now to solve for the errors of and , denoted by
and , respectively, due to three noise terms. By ignoring

the second order product terms, and , we have

(16)

where

(17)

For a small window , we have from (9)

(18)

where the is a column vector of uncorrelated noise terms
at each point in , and therefore

(19)

where

(20)

Assuming that a uniform quantizer is used and the derivatives
are computed numerically, is equal to where is the
spacing between quantization levels in the intensity. Therefore,
the value of becomes . The covariance
matrix of the error vector is obtained using (12) for by
replacing with of (18)

(21)

where denotes expectation, and are the singular values
and column vectors of . Note that if the value of is
very small, we ignore the corresponding term. Therefore, the
noise-corrupted is expressed as follows:

(22)

where . The gives a good way of
estimating the error variance of theas long as the linear error
analysis presented in the above is valid. It was experimentally
confirmed that the value of is small compared to
where represents an Euclidean norm of a vector.

For reliability, only of flow whose is greater than a
threshold is used in the later computation.
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Fig. 4. Temporal flow disparity field induced by a 3.2 ft.-high object betweenI213 and I212 for the stationary-truck sequence. The dark area represents
the values less than 0.2 pixels.

C. Segmentation of Initial Residual Flow Field

The initial MFF obtained from the OBS does not describe
MFF accurately due to errors in the OBS data and other
sources of noise such as interlacing and tape jitter which
are not considered in our error estimation of the initial MFF.
Therefore, it should be estimated by using the initial RFF
described in the previous section. The problem is that those
pixels corresponding to obstacle-free runway should first be
segmented. The error variances of the initial MFF from the
OBS are used to segment out runway candidate pixels.

Consider two image frames. For eachunder consideration,
the residual flow vector component of (14)
is considered as belonging to the runway if the following
condition is satisfied:

and (23)

where is defined in (7). Note that the condition implies
that the residual flow vector component whose magnitude is
smaller than 0.14 (which is experimentally chosen) belongs to
the runway regardless the total error value. The factor 1.5 is
experimentally set to account for other sources of distortion
not included in our model.

D. Estimation of Model Flow Field

Consider two image frames and . In an ideal case,
should be perfectly warped or stabilized to by using

from the OBS so that the residual flow vectors at those
pixels corresponding to the runway should be zero vectors.
Since this is not the case in reality, a MFF is estimated
from the components of the initial residual flow vectors
corresponding to the runway as described in the previous
section. In other words, a new set of eight coefficients for
obstacle-free runway, denoted by , is computed. Denoting
the MFF by , we have

(24)

The only component of whose is greater than a
threshold is used in the computation of. This greatly
improves the resulting MFF. From (14) and (24), we arrive at

(25)

Therefore, for , we have

(26)

Therefore, we have at most two equations at each pixel. The
terms in each equation are rearranged in the form of ,
if , where and which are derived from (26)
are a row vector and a scalar, respectively. Then, a set of
overdetermined linear equations is solved for the unknown set
of eight coefficients .

IV. CONTROL OF SPATIOTEMPORAL DISPARITY

The expected flow disparity between ground and obstacles is
controlled by pairing the current left image with one delayed
by an adequate number of frames to increase the temporal
baseline, and/or with its right image.

Consider two frames and . The expected flow disparity
between the runway defined to be at altitude 0 and an

obstacle at altitude is given by

(27)

The cannot be estimated since it represents a hypothetical
rigid planar motion at altitude . Therefore, the is
approximated by the MFF from the OBS data

(28)

Let the current frame be . Fig. 4 shows ,
the temporal flow disparity field for a 3.2 ft.-high hypothetical
object, between and . It is obtained by using the
OBS data in the Stationary-Truck sequence. Since the disparity
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Fig. 5. Temporal flow disparity field induced by a 3.2 ft.-high object betweenI213 and I198 for the stationary-truck sequence. The dark area represents
the values less than 0.2 pixels.

values are less than 0.1 pixels for those image locations near
the trucks B, C, D, and E [see Fig. 10(a)], it is difficult
to detect such obstacles from and . One way of
solving the problem is to increase the residual disparity at
those pixels. The flow disparity can be increased by using the
larger temporal baseline of a camera. The temporal baseline is
increased by pairing the current image frame with one delayed
by frames. The temporal flow disparity between and

is shown in Fig. 5. The length of temporal baseline is
increased from 2.85 ft. to 42.75 ft. and it is now possible to
detect those four distant trucks. In this way, we can achieve the
larger disparity, but there is a tradeoff. Since those two frames
have different resolutions of the 3-D scene (current close view

versus previous distant view ), it is desirable to use
two frames which are as temporally close as possible while
achieving a certain level of disparity. Ideally, a current frame is
combined with those frames delayed in such a way as temporal
disparity remains constant throughout the pixel locations under
consideration. In our current implementation, the image frame

is paired with two previous frames ( and ) for
simplicity. Close and distant obstacles will be detected from

and , and and , respectively.
Suppose that the desired minimum temporal disparity is.

Fig. 6 shows an example when 0.2. It shows the expected
temporal flow disparity and its corresponding partitions of
for stationary-truck sequence. Fig. 6(a) shows the values of

between the current frame and two previous
frames and . The 3-D plot consists of two distinct
surfaces. The larger surface shows the disparity field between

and (delayed by one frame). The other surface (where
the disparity values from one frame delay are less than),
present the disparity field between and (delayed
by 15 frames). The disparity values less than 0.2 pixels are
represented by the dark area where obstacles still cannot be
detected from temporal disparity. This area corresponds to
a well-known FOE where structure from motion cannot be

estimated. Fig. 6(b) shows the partitions of with three
different grey levels (The black margin area surrounding the
inside rectangular part of the image is not processed by our
algorithm since it corresponds to the image boundary and the
sky which is defined to be above the vanishing line): The wide
area covering the lower part (middle grey level) results from
the and pair with the disparity corresponding to the
larger surface in (a). The brightest area shows the pixels which
result from the image pair and . The small dark area
at the center top describes the pixels where disparities are less
than 0.2.

Fig. 7 shows the spatial flow disparity between (from
the left camera) and the other image from the right camera
where the spatial baseline is 3 ft. Note that there still exists a
part of the image where obstacles cannot be detected. Fig. 8
compares the temporal disparities between and with
the spatial disparities at . The spatial disparity works better
near the FOE although it is smaller than the temporal disparity
at most pixels in .

Table I shows the values of temporal disparity
at six image locations between and , and and

. The spatial disparity values between the left
and right images are also shown for comparison. In this
case, it is desirable to use and in order to detect
reliably Truck B, C, and D. Therefore, given an approximate
camera’s position and orientation with respect to the runway,
the disparity values can be controlled by spatiotemporally
stabilizing the current frame with the appropriate frames.

For the experimental results presented later, the temporal
disparity field such as in Fig. 6 was used.

V. RESIDUAL FLOW FIELD AND OBSTACLE DETECTION

Our goal is to detect an obstacle that is higher than the
ground by by controlling the spatiotemporal disparity. As-
sume that and between two frames are available.
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(a)

(b)

Fig. 6. Example of the temporal flow disparity field controlled in such a way as disparity values are greater than 0.2 (except the area near FOE) and
its corresponding image partitions induced by a 3.2 ft.-high object betweenI213; I212 and I198 for the stationary-truck sequence. (a) The controlled
temporal disparity field: the plot consists of two distinct surfaces. The larger surface shows the disparity field from the image delayed by one frame,
and the other presents the disparity field from the image delayed by 15 frames. The dark area represents the values less than 0.2 pixels to emphasize
the image area where obstacles still cannot be detected from temporal disparity. This area corresponds to the FOE. (b) Three corresponding partitions
of I213 (the black area surrounding the inside rectangle is not processed by our algorithm): the wide area covering the lower part (middle grey level)
of I213 is paired withI212, with the disparity corresponding to the largest surface in (a). The brightest area shows the pixels which are stabilized with
I198. The small dark area represents the values less than 0.2 pixels.

Using (24), the resulting residual flow vectorat can be
estimated as follows:

(29)

For ground pixels, the value ofshould be zero. For obstacle
pixels, the magnitude of the resulting flow vector should
be greater than the magnitude of the expected flow disparity

caused by an obstacle at altitude. Note that only
those components of the flow whose SVD values
are used. Therefore, from (14), (28), and (29), the pixel at
is considered as an obstacle which is higher than the ground

by if

(30)

where

if
if and
if and

(31)

(32)
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Fig. 7. Spatial flow disparity field induced by a 3.2 ft.-high object betweenI213 (from the left camera) and the other image from the right camera for
the stationary-truck sequence. The dark area represents the values less than 0.2 pixels.

Fig. 8. Difference between the temporal (Fig. 5) and the spatial (Fig. 7) disparities atI213 for the stationary-truck sequence. The dark area represents
the values less than 0.2 pixels.

Here, is a minimum desired disparity value and is used
to limit the maximum value of expected disparity.

VI. A LGORITHM

Given input image sequences, our goal is to detect obstacles
that are higher than the ground by. Only those parts of
the image below the vanishing line are considered to detect
flows corresponding to obstacles. For simplicity, only two
temporal baselines are used. A block diagram of our algorithm
is shown in Fig. 1 and the steps of our algorithm for each
are summarized below. Input image sequences are assumed to
be spatiotemporally filtered.

Algorithm:

1) Disparity Control Based on the OBS Data:
Let be those pixels below vanishing line in and
let be the desirable minimum disparity value.

a) Find the set of those pixels, denoted by, where
the expected disparity between and

from (28) is greater than .

b) Increase temporal baseline until between
and is greater than at those pixels in

(except the area near FOE).

2) Estimation of Model Flow Field: between and
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TABLE I
TEMPORAL AND SPATIAL DISPARITY (IN PIXELS) AT SIX IMAGE

LOCATIONS OF I213 FOR THE STATIONARY-TRUCK SEQUENCE

a) Warp to using the initial MFF
between and obtained from the OBS.

b) Compute the initial residual flow vector at each
pixel in from and .

c) Find the vector components ofwhich satisfy the
condition in (23) and denote them by a set .

d) Compute linearly from .

3) Obstacle Detection:Between and

a) Compute the residual flow vector from (29) for
each pixel in .

b) Select those pixels with (29) and label
them as belonging to obstacles.

A simple temporal median filtering of the detected results
is performed to further improve the results.

VII. EXPERIMENTAL RESULTS

Two image sequences which were taken from cameras
mounted on the helicopter flying along the runway are used
[12]. They are first bandpass-filtered using two spatial Gaus-
sians with a standard deviation of two and four pixels, respec-
tively, and then lowpass-filtered with a temporal Gaussian with
a standard deviation of 1.5 frames. The algorithm described in
the previous section is applied to the sequences. The amount
of delay was set to 15. The values of the desired minimum
disparity was set to 0.2 pixels, and the singular value
used for reliable residual flow components was 14. The
in (32) is equal to and is set to 1.0. If a multiscale-
based flow computation is used, the larger value ofcan be
used. The flow values range from 0 to 13 pixels/frame. The
parametrization of the flow field of the runway by the planar
motion described in Section II was experimentally found to
be adequate to obtain the accurate model flow field and thus
to detect the obstacles.

We used a four-processor SGI POWER Challenge server
and could process several frames per second without paral-
lelizing our code.

A. Moving-Truck Sequence

Fig. 9(a) and (b) show one frame of the first sequence (to
) and the detection result of a moving truck, respectively.

The is set to 4 ft. above the ground, which is 10% of camera
altitude with respect to the ground.

The runway-crossing truck is easily detected. For this se-
quence, the truck can be detected from a pair of successive
frames since it moves horizontally in the left direction at the
speed of about 0.6 pixels/frame. The distance to the truck at

(a)

(b)

Fig. 9. Moving truck: (a) imageI31 and (b) detection result ofI31.

the pixel location (280, 225) was about 400 ft. which was
estimated from the OBS data and. This sequence shows
that our algorithm does not give false alarms near the high
contrast regions near the tire marks.

B. Stationary-Truck Sequence

Fig. 10(a) and (b) show one frame of the second sequence
( to ) and the detection result of stationary trucks,
respectively. Note that the shadow behind the trucks (B, C,
D, and E) are also detected. Theis set to 3.2 ft. above the
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(a)

(b)

Fig. 10. Stationary trucks. (a) ImageI213. (The labels A, B, C, D, and E
are used to identify trucks.) (b) Detection result ofI213.

ground, which is also 10% of camera altitude with respect to
the ground.

The close trucks A and E are detected from the temporal
residual disparities between and as we can see in
Fig. 6(b) and 10(b). The four trucks (B, C, D, and E) are
detected from the disparities between and . The ranges
to six trucks from the optical center are 326 (A), 527 (B), 670
(C), 662 (D), 363 (E), and 136 (F), respectively. They were
calculated from the OBS data and[all units are in feet (ft.)].

VIII. SUMMARY AND FUTURE WORKS

We proposed a method for detecting obstacles on the runway
by controlling their residual disparities.

By the estimation of spatial and temporal residual disparity,
the disparity values can be controlled up to a certain degree.
The disparity analysis also shows that the location of FOE is
very important since obstacles cannot be detected near FOE if
temporal disparities are the only source of data available. For
this area, the spatial disparities should be used.

It is experimentally confirmed that the OBS data provides
useful information such as the initial MFF and the expected
residual disparity, although it is not accurate enough to be used
directly to compute the MFF. Therefore, we divided the MFF
calculation into modeling, based on the OBS, and refinement
based on the runway part of the imagery.

Our method can be easily implemented in a high-speed
parallel machine since the computation is local in nature and
involves only noniterative computation.

Although our images were taken from a camera mounted
on a helicopter flying over a runway, the same approach can
be applied to images taken from cameras on a moving ground
vehicle.
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