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An image-based method for the determination of aircraft position and yaw and pitch orientationswith respect to
the runway during night landing is described. Information derived from a model of the airport lights together with
video images acquired by an onboard video camera and roll attitude angle sensed with a roll sensor are integrated
in a Kalman � ltering algorithm. Simulation results are presented to demonstrate the feasibility of the proposed
concept.

I. Introduction

L ANDING is one of the most demanding� ight regimes in � xed-
wing aircraft operations. It involvescontrollingand coordinat-

ing all six degreesof freedomof the aircraft to bringit in coincidence
with a reference path to the touchdown point on the runway. Due to
the complexity of the task, landing phase of � ight alone accounts
for 29% of the accidents.Approach and landing accidents together
accountfor 41% of the accidents.1 Additionally,researchshows that
nightapproachaccidentratesare abouteight times theday rate.2 This
is attributableto dif� culties associatedwith reduced lightingduring
the nighttime hours. For example, cockpit references, ground refer-
ences, navigation, landings, and the abilities to gauge the position
and speed of other air traf� c are signi� cantly impacted during peri-
ods of darkness.Furthermore, the human body is primarily adapted
for daytime activity.Night � ying places the pilot’s eyes, which pro-
vide the primary sensory information needed for � ight, in an envi-
ronment for which they are only partially suited. Limitations of the
human visual system along with aircraft motion are responsible for
numerous static and dynamic illusions that have dangerous impli-
cations during night landing.3 Thus, in addition to the usual landing
hazards such as windshear and crosswind, and dif� culties such as
complex approachproceduresemployed at airports near population
centers, night landing can further add to the pilot workload.

The chief motivation for the current research is to producea pilot
aid that can help reduce night approach and landing accidents. Al-
though cockpit instrumentsallow the pilot to determine the orienta-
tion with respect to the local horizontal and position with respect to
some reference location such as the departing airport, they do not
directly provide position and attitude of the aircraft relative to the
runway desired for landing. Landing aids such as the Instrument
Landing System (ILS) and the Microwave Landing System (MLS)
can be used to ameliorate the dif� culties.However, due to their cost,
these systems are likely to be availableonly at a few major airports.
Emerging Global Positioning System (GPS) technologies can also
be used for this purpose. In the future, systems such as integrated
InertialNavigationSystem/DifferentialGPS are expected to deliver
the accuracies needed for landing.4 Given the advantages of all-
weather landing at any airport, large commercial air carriers may
equip their airplanes with such systems. Currently, ILS systems are
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available at major U.S. airports that are used by these air carriers to
land their airplanes. Unlike these large air carriers, air carriers and
general aviation aircraft that are not equipped with ILS receivers
can use only visual landingaids such as approach and runway light-
ing to obtain alignment guidance. Glide slope information during
visual approach is provided by visual approach slope indicator or
precision approach path indicator lights.

The objectiveof this research is to developa vision-basedsystem
for ILS like pilot aiding for landingsat airportswithout ILS or MLS.
A signi� cant advantageof such a system is that instrumentapproach
to most airports will be possible by all classes of aircraft. For ILS
or MLS equipped aircraft, such a system could serve as a backup
landing system.

There are two possible approaches toward the development of
such a system. One is to develop an independentsensor system that
accomplishesthis goal.The second is to developa sensor system in-
tegratedwith a low-cost GPS system such that the combined system
generatesaccuratemeasurementsfor landing.In Ref. 5 an integrated
GPS–machine vision system for position determination was de-
scribed.The attitudewas assumedto beknown.In thispaperonly the
roll attitude information is used. The other two orientationsare esti-
mated along with the three components of runway relative position
vector.The approachis an extensionof the earlierpaper.As opposed
to the earlier paper, GPS was not used because the purpose here is
to explore the limits of a minimally aided vision-based system.

This paper is organized as follows. First the landing operation
is described in Sec. II. Next, Sec. III describes the standard airport
lightinglayoutbasedon Ref. 6. Section IV describesthe variousref-
erence frames. The vision-based algorithm is described in Sec. V.
Details of the simulation and results are given in Sec. VI. The con-
clusionsare summarized in Sec. VII. Finally, implementationdetails
of the Kalman � lter are given in the Appendix.

II. Aircraft Landing Operation
The � nal approach segment of the aircraft arrival � ight to the

destination airport is used for navigating the aircraft and properly
positioning it with respect to the runway to permit safe landing.
The procedures commonly used during the � nal approach are the
nonprecisionand precisionapproaches.During precisionapproach,
a precision approach aid is used to � y the aircraft along the � nal
approach path, which is also known as the glide path.7 Figure 1
shows a 3-deg glide slope approach. Glide slope º is de� ned as

tan º D h=xgo (1)

where h is the altitude and xgo is the distance-to-go to the touch-
down point. For precision approach, the glide slope is between 2.5
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Table 1 Aviation navigation accuracy
requirements

Category Cross track, ft Altitude, ft

I §56:1 §13:45
II §17:06 §5:58
III §13:45 §1:97

Fig. 1 Glide slope, altitude, time, and distance relationships.

and 3 deg (Ref. 8). The optimum length of the � nal approach is 5
miles; the maximum length is 10 miles (Ref. 8). The glide slope in
conjunction with the location of the touchdown point speci� es the
desired aircraft position with respect to the runway threshold as a
function of altitude. The touchdown point is speci� ed in terms of
distance from the runway threshold.From Fig. 1 it may be seen that
the 3-deg glide slope requires the aircraft to be at a distanceof 6633,
2816, and 908 ft corresponding to altitudes of 400, 200, and 100 ft.
These distances translate to 30, 13, and 4 s to the runway threshold
for an approach speed of 220 ft/s (130 kn).

Once on the glide slope, the aircraft is � own to a designated al-
titude known as decision height where a decision must be made by
the pilot to continue descent or to abort. There are prescribed land-
ing categories with associateddecision heights up to which aircraft
can be � own with instruments. Decision heights of 200, 100, and
50 ft correspond to category I (CAT I), II, and III, respectively.The
performance speci� cations for Federal Aviation Administrationde-
� ned precisionapproachand landingcategoriesare given in Table 1
(Ref. 9). These accuracy requirements will be used to evaluate the
performance of the machine vision-based algorithm described in
this paper.

Because the machine vision-based algorithm described in this
paper uses information derived from images and the model of the
airport lighting layout, the arrangement of airport lights and the
information provided by them is discussed in the next section.

III. Airport Lighting Layout
The purpose of airport lighting is to provide information about

correctairport/runwayidenti� cation,approachdirection,alignment,
and attitude information for safe landing. The lights are placed at
� xed distances and color coded to meet these objectives. Standard
airport lighting is composed of the approach and runway lights.6

Both the approach and the runway lighting systems are described
next.

Common con� gurationsfor approachlightingare the Calvert sys-
tem and the standardcon� guration-Asystem.6 The Calvert systemis
widely used in Europe and elsewhere.The standardcon� guration-A
approach lighting system is the national standard for civil and mili-
tary use in the United States. Both systemsare 3000 ft long.Figure 2
illustrates the standard con� guration-A approach lighting system.

In the standard con� guration-A approach lighting system, the
centerline bars are composed of � ve white lights separated by 40.5
in. There is a sequenced � asher in front of each centerline bar.
The distance between the centerline bars is 100 ft. The cross bar,
located 1000 ft from the runway threshold, consists of eight white
lights on each side of the centerline bar. These lights are separated
from each other by 5 ft. The threshold bar is located 10 ft from the
runway threshold and consists of green lights arranged 5 ft apart.
The threshold bar runs along the entire width of the runway and
extends 45 ft beyond the runway on each side. The wing bar is
located at a distance of 100 ft from the threshold bar. The wing bar
consists of � ve red lightsplaced symmetricallyabout the centerline.
The interlight separation is 40.5 in. The terminating bar is located

Fig. 2 Standard con� guration-A approach lighting system.

Fig. 3 Runway lighting system.

at a distance of 200 ft from the threshold bar and consists of � ve
red lights, 40.5 in. apart at the centerline, and two sets of three
red lights, 5 ft apart, placed symmetrically about the centerline.
Approach lights are usually placedon pedestalsof differentheights.
The speci� cationsfor mounting approach lights in the United States
are available in Ref. 10.

For operations in reduced visibility such as category II or lower,
the InternationalCivil AviationOrganizationspeci� cationsare used
for the lightingwithin 1000 ft of the runway threshold.The remain-
ing 2000 ft of the lighting system is left as is. For the standard
con� guration-A system, this means that nine rows consisting of
three red lights each are placed on either side of the centerline be-
tween the threshold bar and the cross bar. Additionally, two rows
with four white lights each are placed at 500 ft from the threshold,
symmetrically about the centerline.Detailed layout of the category
II approach lighting system is described in Ref. 6.

A medium approach lighting system (MALS) is often used at
smaller airports for nonprecision approaches. This system is only
1400ft longasopposedto the3000-ft-longstandardcon� guration-A
approach lighting system. Also, the threshold bar is not continuous.
Only four lights are placed on each side of the threshold to indicate
the approach direction. A MALS layout is also given in Ref. 6.
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The runway lighting system consists of edge lights, centerline
lights, and touchdown zone lights. A typical runway lighting layout
is shown in Fig. 3. Standards for design and installation of runway
lighting systems are given in Refs. 11 and 12.

The runway edge lights are high-intensity white lights, except
for the last 2000 ft. In the last 2000 ft they are colored yellow to
indicate a caution zone. The edge lights are located 10 ft away from
the pavement, and the distance between the lights is 200 ft.

The centerline lights are 50 ft apart and run all the way to the end
of the runway. The � rst centerline light is 75 ft from the runway
threshold. These lights are white, except for the last 3000 ft in the
approach direction where they are color coded. The lights for the

Tb= i D

2

4
cos Ã cos µ sin Ã cos µ ¡sin µ

¡sin Ã cos Á C cosÃ sin µ sin Á cos Ã cos Á C sin Ã sin µ sin Á cos µ sin Á

sin Ã sin Á C cos Ã sin µ cos Á ¡cosÃ sin Á C sin Ã sin µ cosÁ cos µ cos Á

3

5 (3)

� rst 2000 ft are alternately red and white, whereas the last 1000 ft
are all red.

The touchdownzone lights start at 100 ft from the runway thresh-
old andextend to 3000 ft in thedirectionof approach.The zone lights
consist of three white lights, which are 5 ft apart and located at a
distance of 30 ft about the centerline. The rows of zone lights are
100 ft apart from each other.

IV. Reference Frames
To utilize the visual information provided by the airport lighting

for estimating the runway relative position and orientation of the
aircraft, the lightinggeometryhas to be related to its image acquired
by an onboard camera as a function of runway relative position and
orientation of the aircraft. This requires several reference frames
and an imaging model. These are described in this section.

Various reference frames used are illustrated in Fig. 4. In this
� gure, i is the origin of the inertial frame attached to the runway
threshold. Because the locations of all lights are given with respect
to the thresholdbar, it is a naturalchoice for the locationof theorigin
of the inertial reference frame. Furthermore, because the centerline
lights form an axis of symmetry, following the � ight dynamics con-
vention, the x axis of the inertial frame is aligned with the runway
centerline in the approachdirection,and the z axis points down. The
y axis completes the right-handed triad. The origin of the aircraft
body axes is located at the point b, which is also the aircraft center
of mass. Its position with respect to the inertial frame is given by
the vector Xi

b with components xb , yb , and zb in the inertial frame.
The camera frame is located at c. The camera position with respect
to the body frame is given by the vector Xb

c with components lx ,
ly , and lz in the body frame. Because the camera is rigidly attached
to the aircraft structure, the vector Xb

c is assumed to be constant
in the present research. Let p be a light on the runway, and let its

Fig. 4 Reference frames.

position with respect to the inertial frame be given by the vector Xi
p

with components xp , yp , and z p in the inertial frame. Also, let the
positionof point p with respect to the camera frame be given by the
vector Xc

p with components xcp , ycp , and zcp in the camera frame.
The position of the point p with respect to the aircraft with com-

ponents in the inertial frame is given by the vector

Xi
p ¡ Xi

b D [.xp ¡ xb/; .yp ¡ yb/; .z p ¡ zb/]T (2)

The transformationmatrix from the inertial frame to the body frame
Tb= i can be obtained in terms of the yaw attitude Ã , pitch attitude
µ , and roll attitude Á as13

The positionof point p with respect to the aircraft with components
along the body frame axes can be obtained as

Xb
p D Tb= i

¡
Xi

p ¡ Xi
b

¢
(4)

Similarly, thepositionof point p with respectto thecameraframe re-
solvedin Cartesiancomponentsalongcameraframe axes is givenby

Xc
p D Tc=b

¡
Xb

p ¡ Xb
c

¢
(5)

where Tc=b is the constant transformation matrix from the body
frame to the camera frame. Combining Eqs. (4) and (5),

Xc
p D Tc=bTb= i

¡
Xi

p ¡ Xi
b

¢
¡ Tc=bXb

c (6)

Because the camera is assumed to be � xed with respect to the body,
the product¡Tc=b Xb

c is a known constantvector k with components
kx , ky , and kz along the camera frame axes. Furthermore, if r1 –r9

are de� ned as the elements of the transformation matrix from the
inertial frame to the camera frame, Tc= i D Tc=bTb= i , the components
of the position vector Xc

p can be obtained from Eq. (6) as

xcp D r1.x p ¡ xb/ C r2.yp ¡ yb/ C r3.z p ¡ zb/ C kx (7)

ycp D r4.x p ¡ xb/ C r5.yp ¡ yb/ C r6.z p ¡ zb/ C ky (8)

zcp D r7.x p ¡ xb/ C r8.yp ¡ yb/ C r9.z p ¡ zb/ C kz (9)

Equations (7–9) show the relationships between the location of
the airport lights in the camera frame and the aircraft position and
orientation.

The location of the light p in the image plane is given by the
perspectiveprojectionequationsbasedon the pinholecamera model
shown in Fig. 5. The camera reference frame has its origin at c
(Fig. 4). The x axis of the camera frame is aligned with the optic
axis. The z axis points down, and the y axis completes the right-
handed coordinate system. Based on the geometry shown in Fig. 5,
the componentsof the positionvector Xc

p can be related to the image
coordinates u p and vp by the following two perspective projection
equations14:

u p ¡ uc

f
D

ycp

xcp

(10)

vp ¡ vc

f
D

zcp

xcp

(11)

where uc and vc are coordinates of the camera center with respect
to the image frame origin located at the top left-hand corner of the
image and f is focal length of the camera. The u axis is directed
from left to right, and the v axis is directed from top to bottomof the
image plane. Introducinguc and vc coordinatesresults in positiveu p

and v p coordinates.Note that the images generated by real cameras
produce discrete pixel locations indexed by rows and columns.
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Fig. 5 Pinhole camera with frontal image plane.

V. Position and Attitude Estimation
Each airport light p within the � eld of view of the camera appears

at .u p; vp/ location in the image acquired by the camera. Equa-
tions (10) and (11) relate this location to the location in the camera
frame. The camera relative location can be obtained in terms of
the inertial location and orientation using Eqs. (7–9). Thus, if the
locations of several lights in the image are associated with their re-
spectiveinertiallocations,Eqs. (7–11)can be usedfor determination
of the runway relative position and orientation of the aircraft.

If the u p and vp location of two lights could be identi� ed un-
ambiguously and if the camera orientation is known, the position
of the camera can be uniquely determined. This follows from the
fact that Eqs. (7–9), when combined with Eqs. (10) and (11), result
in two equations with three unknowns: xb , yb , and zb . Because both
the inertial locationand the image plane location are known, xp , yp ,
z p , u p , and vp are known. Two lights yield four such equationswith
three unknowns that can be solved to obtain a least-squaresposition
estimate. If more than two lights can be identi� ed, a more complex
least-squares solution can be obtained.

Problem complexity increases considerably if, in addition to the
runway relative position, the orientation is also unknown. Initially,
it appears from Eqs. (7–11) that a complete solution requires deter-
mination of the three position components and nine elements r1 –r9

of the transformation matrix. This, however, is not true. By using
the orthogonality and right-handed property of the transformation
matrix, it is known that the transformation matrix can be written
as15

Tc= i D
2

6664

r1 r2 §
p
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1 ¡ r 2

2
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1 ¡ r 2
4 ¡ r 2

5

§
p

1 ¡ r 2
1 ¡ r 2

4 §
p

1 ¡ r 2
2 ¡ r 2

5 §
p

¡1 C r 2
1 C r 2

2 C r 2
4 C r 2

5

3

7775

(12)

It has been shown in Ref. 15 that, if r1 , r2 , r4, and r5 and the sign
associated with r3 can be found, the other elements can be deter-
mined. Hence, the complete solution requires determination of � ve
quantities of the transformation matrix and three position compo-
nents. As discussed earlier, each light that is successfully located
both in the inertial and image frames provides two equations; thus,
a minimum of four lights are needed for solution of the problem.
Clearly these four lights should provide an independentset of equa-
tions. It may also be noted that Eqs. (7–9) are nonlinear in terms of
the unknown quantities.

The methods discussed earlier require the image coordinatesand
the corresponding inertial coordinates of several lights. This corre-
spondence is not easy because in black and white images there are
no distinguishing features between lights. Additional information
such as color and ordering of the lights is essential for successful
correspondence.For the present study, black and white images are

Fig. 6 Solution family using shape properties in the image plane.

assumed. Instead of resorting to direct correspondence, the over-
all shape features of the lighting layout observed in the image can
be used for establishing correspondencewith shape features of the
model to enable solution of the problem. This procedure is shown
in Fig. 6. The solution procedure relies on the fact that an image of
the lighting layout can be predicted using the camera model with
assumedcamera positionand orientation.Thus, the differenceof the
features extracted from the predicted image and that extracted from
the actual image of the airport lighting as seen by the camera can be
recursivelydriven to zero to estimate the position and orientationof
the aircraft with respect to the runway reference frame. It may be
observed that the procedure described in Fig. 6 closely follows the
traditional state estimation procedure used in control theory.

The keys to state estimation using the procedure in Fig. 6 are the
shapefeatures.A few shapefeaturesbasedon statisticalpropertiesof
thedistributionof theairportlightingarrangementin the imageplane
are de� ned in the following. Raw measurement from the camera
image consists of the coordinatesof the lights observedin the image
plane. Let the coordinatesof light p be . Qu p ; Qvp/ such that

Qu p D u p C ´u (13)

Qvp D vp C ´v (14)

with ´u and ´v representing the errors in the imaging process. The
terms ´u and ´v are assumed to be independent scalar white noise
processes. The coordinates of several lights can be combined for
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constructing shape features such as arithmetic means and higher-
order moments. The following six image-based shape features em-
ployed in Ref. 5 are also used here:

z1 D
X

1 · p · N

Qu p

N
(15)

z2 D
X

1 · p · N

Qvp

N
(16)

z3 D
X

1 · p · N

¡p
Qu2

p C Qv2
p

¢

N
(17)

z4 D

s X

1 · p · N

. Qvp ¡ z2/2

N
(18)

z5 D

s X

1 · p · N

. Qu p ¡ z1 C Qvp ¡ z2/2

2N
(19)

z6 D

s X

1 · p · N

. Qu p ¡ z1/2

N
(20)

The term N in the preceding equations is the number of lights de-
tected in the image. It may be veri� ed that errors in these shape
features are of the order of errors in the imaging process. The last
three shape featuresgiven in Eqs. (18–20)may be compactlywritten
as

z j D

s X

1 · p · N

[. Qu p ¡ z1/ sin ¿ j C . Qvp ¡ z2/ cos ¿ j ]2

N
(21)

with ¿ j D 0, 45, and 90 deg for j D 4; 5, and 6, respectively.
The � rst and second shape features are the arithmetic means of

positions of the lights visible in the image plane. The third shape
feature is the mean distance from the origin of the image frame.
The fourth shape feature is the moment about an axis that is parallel

U .k/ D

2

6666666666666664

1 0 0 1t 0 0 0 0 0 0

0 1 0 0 1t 0 0 0 0 0

0 0 1 0 0 1t 0 0 0 0

0 0 0 1 0 0 0 0 0 0

0 0 0 0 1 0 0 0 0 0

0 0 0 0 0 1 0 0 0 0

0 0 0 0 0 0 1 0 cos Á.k/ sec µ.k/1t sin Á.k/ secµ .k/1t

0 0 0 0 0 0 0 1 ¡sin Á.k/1t cos Á.k/1t

0 0 0 0 0 0 0 0 1 0

0 0 0 0 0 0 0 0 0 1

3

7777777777777775

(24)

to the u axis and passes through the point de� ned by the mean.
Similarly, the � fth shape feature is the moment about an axis that
passesthroughthepointde� nedby themeanand is inclinedat45deg
to both the u and v image axes. Finally, the sixth shape feature is the
moment about an axis that passes through the mean and is parallel
to the v axis.

The shape features described in Eqs. (15–20) can be related to
the runway relative positionand orientation states of the aircraft via
the vector of functions h[X.k/] at the kth time instant as

Z.k/ D h[X.k/] C ³z.k/ (22)

where Z.k/ is the 6 £ 1 vector of shape features z1 –z6 , X.k/ is the
state vector, and ³z.k/ is the 6 £ 1 vector of white noise sequences
with covariance R.k/. The white noise sequences are assumed to
model the errors in the shape features. Observe that the errors in
shape features result from the errors in the raw measurements in
Eqs. (13) and (14). From Fig. 6 it may be seen that, if an accurate
estimate of the runway relative position and the orientation of the
aircraft were available, the differences between the shape features
computed from the actual image and the predicted image would
be due to errors in the imaging process. The elements h1–h6 of the
vectorof functionsh[X.k/] are alsogivenby the shapefeatureslisted
in Eqs. (15–20) except that the values are computedusing the image
coordinates u p and vp of the lights in the predicted image instead
of Qu p and Qvp , which are based on the actual image. Note that, for
these computations, the number of lights observed in the predicted
image M has to be used instead of N , which is the number of lights
observed in the actual image. Initially, the number of lights in the
predicted images and that in the actual images are quite different
because of the differences between the estimated and the actual
states of the aircraft. As the estimates improve, the number of lights
in the predicted image approaches the number of lights observed in
the actual image.

In addition to the relationship between the scalar features and
the runway relative position and orientation states of the aircraft at
every time instant, the temporal evolution of states are given by the
equationsofmotionof the aircraft.The six-degree-of-freedom equa-
tions of motion are described in Ref. 13. Using only the kinematic
equations, the temporal evolution of the states can be described by
a linear discrete time state model of the form

X.k C 1/ D U .k/X.k/ C ³x .k/ (23)

where X.k/ is the state vector at the kth time epoch. To represent a
six-degree-of-freedom model of the aircraft, 12 states are adequate.
Because the roll attitude angle is assumed to be available from a roll
sensor, the two states consistingof the roll attitude angle and the roll
rate are not needed.The state model can thereforebe constructedby
using the following 10 states: 3 components of the runway relative
aircraft position xb , yb , and zb; 3 components of the aircraft inertial
velocity Vb x , Vb y , and Vbz ; yaw and pitch Euler angles Ã and µ ; and
the yaw and pitch body rates r and q. With these 10 states, the state
transition matrix

can be formed by assuming that the orientation angles are constant
during the time interval1t. During landing, the aircraft trajectoryis
expected to closely follow the glide slope. Minor deviations about
this nominal trajectory can be modeled by driving the linear and an-
gular accelerationcomponentsby white noise.This is accomplished
via ³x .k/, which is a vector of discrete time white noise sequences
with covariance Q.k/.

Given the fact that a measurementequationof the form in Eq. (22)
anda stateequationof the form in Eq. (23) canbe formed, the runway
relative position and orientation estimation problem can be conve-
niently cast as a Kalman � ltering problem. Using the measurement
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and state equations,the state estimateand its error covariancecan be
computed recursively using the Kalman � lter.16 Because the steps
required for implementingKalman � lters are well known and avail-
able in several textbooks, only a brief description of the Kalman
� lter algorithm is provided in the Appendix. The details of the var-
ious matrices that are required for implementing the Kalman � lter
are also described in the Appendix.

VI. Simulation and Results
The performance of the position estimation algorithm described

in Fig. 6 is evaluated using a computer simulation.
To simulate the imaging process, the camera is assumed to be

� xed to the aircraft, looking down along a 3-deg glide slope. The
camera focal length is assumed to be 600 pixels, and the image is
assumed to be digitized on a 512 £ 512 pixel array. For image
synthesis, the true location and orientation of the aircraft and the
known inertial location of the lights are used in Eqs. (7–9). The
resulting coordinates with respect to the camera frame are used in
the perspectiveprojectionequations,Eqs. (10) and (11), to compute
the u p and vp image locations. These locations are then quantized
within 1 pixel by using a quantizationintervalof half a pixel and are
marked in the image plane. The image is then clipped to � t within
the camera’s � eld of view. A sample simulated image is shown in
Fig. 7. This image corresponds to the camera located at an altitude
of 95 and 812 ft downrange from runway threshold.

For generatingmeasurements for the Kalman � lter, the image co-
ordinates Qu p and Qvp correspondingto visible lights are � rst extracted
from the simulated image. Next, the image coordinates Qu p and Qvp

are used in Eqs. (15–20) for computing the measurements z1– z6.
It may be noted that the lights that are farther from the camera are
merged together in the image plane due to perspectiveprojectionas
shown in Fig. 7. Thus, fewer than the actual number of lights are
detectable and available for processing.

Like the elements of the measurement vector Z.k/, the elements
of the measurement model vector h[X.k/] are also computed using
Eqs. (15–20) for the Kalman � lter. However, in this case, the image
coordinatesare basedon the predictedimage as shown in Fig. 6. The
predicted image is constructed using the airport lighting database,
the estimated position, and yaw and pitch orientations of the air-
craft along with the known roll orientation. Note that this image is
different from that acquired by the camera. To make the predicted
measurements compatible with the actual measurements, light po-
sitions in the database that appear within 1 pixel in the image plane
are counted only once.

Fig. 7 Airport image.

In addition to the measurement model vector that is based on the
predictedimage, the observationmatrix needed by the Kalman � lter
is also computed using the predicted image, estimated state, and the
known roll orientation.

To evaluate the performance of the proposed position estimation
system, the aircraft � ight along the glide slope shown in Fig. 1
was simulated. At the beginning of the simulation, the aircraft is at
400 ft altitudeand 6633 ft downrangefrom the runway threshold.Its
approach speed is 220 ft/s. The aircraft is crabbed at a 10-deg angle
with respect to the runway centerline to compensate for crosswind.
Thus, the crossrange is zero throughout the approach and landing
phases. The total duration of the � ight beginning at 400 ft altitude
and ending at the touchdown point is 34 s.

For the landing scenario simulated, initially both the approach
lights and the runway lights are visible in the image. As the aircraft
proceeds along the descent path, the approach lights start moving
out of the � eld of view below 230 ft altitude. Finally, below 70 ft
altitude, the threshold bar and other runway lights move out of the
� eldof viewof thecamera.Fortunately,thisdoesnot causeproblems
for the algorithmbecause by then the state estimates are converged;
therefore, lights not seen in the actual image are also not seen in the
predicted image.

For generatingnumericalresultsusing thevision-basedalgorithm
described in this paper, the Kalman � lter was initialized with the
runway relativeposition components in error by 1000 ft along the x
axis, 100 ft along the y axis, and 100 ft along the z axis with respect
to their true values. The inertial velocity states, orientation states,
and the body rate states were all set to zero.

The error residuals for the position components for the chosen
initial conditions are shown in Fig. 8. The error residual is de� ned
as the differencebetween the estimatedand the actual values. It may
be observed that it takes about 5 s for the along-track estimate to
converge to within §100 ft. The cross-track position and altitude
estimates, which are more critical for landing, converge to within
§5 ft in 1 s and §12 ft in 6 s, respectively.The cross-trackposition
and altitude error residuals at several decision heights (DH) are
summarized in Table 2.

The error residuals for the yaw and pitch orientationsare given in
Fig. 9. It may be seen that the estimates converge to within §0:2 deg
in less than 1 s. Starting with initial errors in the yaw and pitch ori-
entationsof 10 and 3 deg, the algorithm is able to correctlyestimate
these angles. Note that the initial errors in the yaw and pitch orienta-
tion angles are signi� cant. An error of 10 deg in the yaw orientation
angle translates into a 22-kn crosswind correction based on the ap-
proach speed of 130 kn. A crosswind of 22 kn is considered to be
large for a general aviation aircraft.6 The 3-deg pitch orientation
angle error assumes that the camera is looking straight ahead while
the actual camera is aligned along the glide slope.

The usefulnessof the estimation schemecan be assessedby com-
paring the achieved accuracy with the desired accuracies listed in
Table 1. It may be seen from Table 2 that the present navigation
scheme meets the CAT I objectives listed in Table 1. Additionally,
it meets the cross-track accuracy requirements for CAT II and CAT
III. The algorithm is also able to provide very accurate yaw and
pitch attitude estimates. Because the yaw orientation angle and the
pitch orientation angle of the camera are related to the aircraft crab
angle and the glide slope, the algorithm can be used for providing
this important information.

The attempts to extend this algorithmfor roll orientationangle es-
timationwereunsuccessfulusingtheavailablemeasurements.In ad-
dition to the six measurements,the correlationcoef� cient in Ref. 14,
orientationof the principalaxis in Ref. 17, and the eigenvaluesof the
covariance matrix were used as additional measurements. A possi-
ble reason for the inability to estimate the roll angle based on these

Table 2 Position error residuals

Category DH, ft Cross track, ft Altitude, ft

I 200 · h · 300 §0:60 §11:29
II 100 · h < 200 §0:25 §10:10
IIIa 50 · h < 100 §0:85 §2:54
IIIb and c 10 · h < 50 §1:36 §0:86
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Fig. 8 Error in position estimates.

measurements is that no additional information useful for roll an-
gle estimation is contained in these measurements. The complete
information from the covariance matrix is already captured by the
z4 –z6 measurements. It is therefore recommended that roll estima-
tion should be attempted by consideringmeasures based on higher-
order moments. However, it should be noted that higher-ordermo-
ments in general have increasingly smaller magnitudes.17 This fact
may have a signi� cant impact for roll orientation angle estimation
becausea Kalman � lter, like other least-squaresestimators, is biased
toward larger errors. The errors associated with smaller magnitude
measurements may be smaller.

Fig. 9 Error in yaw and pitch orientation estimates.

VII. Conclusions
A vision-basedalgorithm for estimation of runway relative posi-

tion components and yaw and pitch attitudes during night approach
and landing was described. The algorithm uses a Kalman � lter to
integrate airport images acquired by an onboard camera, a model
of the airport lighting, a kinematic model of the aircraft, and the
measured roll orientation. In addition to the position and attitude
estimates, the Kalman � lter provides estimates of the inertial ve-
locity and yaw and pitch angular rates. The performance of the
estimation algorithm was evaluated in a computer simulation. The
cross-track position and altitude estimation errors resulting from
the algorithm were found to be well within category I performance
objectives. Lateral accuracy for categories II and III was also met.
Additionally, the algorithm was able to provide accurate estimates
of the yaw and pitch orientation angles.

Appendix: Kalman Filter Algorithm
Present formulation of the Kalman � lter follows the research re-

ported in Ref. 18. To set up the Kalman � lter, the measurement
equation given in Eq. (22) and the state equation given in Eq. (23)
are used. The Kalman � lter consists of two parts, namely, mea-
surement update and process update. The measurement part of the
Kalman � lter improves the estimateof state and its covariancebased
on a new measurement. The updated values are

QX.k/ D OX.k/ C K.k/fZ.k/ ¡ h[ OX.k/]g (A1)

QP.k/ D [I ¡ K.k/H.k/]P.k/ (A2)

where OX.k/ is the estimated state vector, Z.k/ is the measurement
vector based on the camera image, h[ OX.k/] is the measurement
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model vector based on the predicted image, K.k/ is the Kalman
gain matrix, I is the identity matrix, H.k/ is the observationmatrix,
and P.k/ is the state error covariance matrix. The Kalman gain is
computed using

K.k/ D P.k/HT .k/[H.k/P.k/HT .k/ C R.k/]¡1 (A3)

where R.k/ is the measurement noise covariance matrix. The ob-
servation matrix H.k/ is evaluated as follows:

H.k/ D @h.X/

@X

­­­­
X D OX.k/

(A4)

The time update or process updatepart of the Kalman � lter accounts
for systemdynamicsandpropagatesthe stateand its errorcovariance
until the next measurement is taken. The propagated values are

OX.k C 1/ D U .k/ QX.k/ (A5)

P.k C 1/ D U .k/ QP.k/ U T .k/ C Q.k/ (A6)

where U .k/ is the state transition matrix given in Eq. (24) and Q.k/
is the process noise covariance matrix. The other quantities are as
de� ned before.

The key element of successful implementation of the Kalman
� lter is the constructionof the observation matrix H.k/. Computa-
tion of the H.k/ matrix requires partial derivatives of the elements
of the h.X/ vector with respect to the estimated state. Because the
elements of the h.X/ vector, h1 –h6 , are related to the aircraft posi-
tion and orientation states via the image coordinates u p and vp , the
partial derivatives of u p and vp are required as intermediate steps.
These partial derivatives can be evaluated from Eqs. (10) and (11)
as follows:

@u p

@±i
D f

xcp.@ ycp=@±i / ¡ ycp.@xcp=@±i /

x2
cp

(A7)

@vp

@±i

D f
xcp .@zcp=@±i / ¡ zcp.@xcp=@±i /

x2
cp

(A8)

where i D 1; : : : ; 5 and ±1; : : : ; ±5 correspondto theaircraftposition
and orientation states: xb , yb , zb , Ã , and µ . The term f is the focal
length of the camera. The partial derivativesof xcp , ycp , and zcp can
be obtained from Eqs. (7–9) as

@xcp

@±1
D ¡r1 (A9)

@xcp

@±2
D ¡r2 (A10)

@xcp

@±3
D ¡r3 (A11)

@xcp

@±4
D .x p ¡ xb/

@r1

@±4
C .yp ¡ yb/

@r2

@±4
C .z p ¡ zb/

@r3

@±4

(A12)

@xcp

@±5
D .x p ¡ xb/

@r1

@±5
C .yp ¡ yb/

@r2

@±5
C .z p ¡ zb/

@r3

@±5

(A13)

@ ycp

@±1

D ¡r4 (A14)

@ ycp

@±2
D ¡r5 (A15)

@ ycp

@±3
D ¡r6 (A16)

@ ycp

@±4
D .x p ¡ xb/

@r4

@±4
C .yp ¡ yb/

@r5

@±4
C .z p ¡ zb/

@r6

@±4

(A17)

@ ycp

@±5
D .x p ¡ xb/

@r4

@±5
C .yp ¡ yb/

@r5

@±5
C .z p ¡ zb/

@r6

@±5

(A18)

@zcp

@±1
D ¡r7 (A19)

@zcp

@±2
D ¡r8 (A20)

@zcp

@±3

D ¡r9 (A21)

@zcp

@±4
D .xp ¡ xb/

@r7

@±4
C .yp ¡ yb/

@r8

@±4
C .z p ¡ zb/

@r9

@±4

(A22)

@zcp

@±5
D .xp ¡ xb/

@r7

@±5
C .yp ¡ yb/

@r8

@±5
C .z p ¡ zb/

@r9

@±5

(A23)

wherer1–r9 are thecomponentsof the inertialframe to cameraframe
transformationmatrix similar to those in Eq. (3).

Once these partial derivativesare evaluatedfor each light p in the
image plane, partial derivatives of h1 , h2 , and h3 are computed as
follows:

@h1

@±i
D 1

M

X

1 · p · M

@u p

@±i

(A24)

@h2

@±i
D

1
M

X

1 · p · M

@vp

@±i

(A25)

@h3

@±i
D

1
M

X

1 · p · M

u p.@u p=@±i / C v p.@vp=@±i /p
u2

p C v2
p

(A26)

where M is the number of lights in the predicted image. Similarly,
the partial derivatives of h4 , h5 , and h6 are evaluated as

@h j

@±i
D

Äp;i; jq
M

P
1 · p · M [.u p ¡ h1/ sin ¿ j C .vp ¡ h2/ cos ¿ j ]2

(A27)

with ¿ j D 0, 45, and 90 deg for j D 4, 5, and 6, respectively. The
term Äp;i; j is given as

Äp;i; j D
X

1 · p · M

»
[.u p ¡ h1/ sin ¿ j C .vp ¡ h2/ cos ¿ j ]

£
µ³

@u p

@±i

¡ @h1

@±i

´
sin ¿ j C

³
@vp

@±i

¡ @h2

@±i

´
cos¿ j

¶¼
(A28)

The complete observation matrix H.k/ can now be written in
terms of the partial derivatives of the six measurements:

H.k/ D

2

66666666666666666664

@h1

@±1

@h1

@±2

@h1

@±3
0 0 0

@h1

@±4

@h1

@±5
0 0

@h2

@±1

@h2

@±2

@h2

@±3
0 0 0

@h2

@±4

@h2

@±5
0 0

@h3

@±1

@h3

@±2

@h3

@±3
0 0 0

@h3

@±4

@h3

@±5
0 0

@h4

@±1

@h4

@±2

@h4

@±3
0 0 0

@h4

@±4

@h4

@±5
0 0

@h5

@±1

@h5

@±2

@h5

@±3
0 0 0

@h5

@±4

@h5

@±5
0 0

@h6

@±1

@h6

@±2

@h6

@±3
0 0 0

@h6

@±4

@h6

@±5
0 0

3

77777777777777777775

(A29)

In addition to the speci� cation of the observation matrix, the
process noise covariance matrix Q.k/ and the measurement noise
covariance matrix R.k/ have to be speci� ed for using the Kalman
� lter algorithm. Because six image-based measurements are used,
the dimension of the measurement noise covariance matrix R.k/ is
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6 £ 6. The variances of the errors due to the imaging process are
assignedas diagonalelementsof this matrix.The standarddeviation
of the measurement errors is assumed to be 0.5 pixels. Because 10
states are estimated, the process noise covariance matrix Q.k/ is
chosen to be a 10£10 diagonalmatrix.The diagonalelementvalues
are selected to suitably tune the Kalman � lter.

For initializing the � lter, initial estimates of the state X̂.0/ and its
error covariance matrix P.0/ are required. Initially, large values are
placed in the diagonal locationsof the state error covariancematrix.
The off-diagonal terms are set to zero. Large variance values result
in a higher reliance on the measurement during the � rst few steps.
As the state error covariance matrix converges, the Kalman � lter
weight on the process model increases.

Because the moment of inertia about the roll axis is the smallest,
roll dynamics are the fastest. Assuming a roll time constant of 1 s
for a general aviation aircraft19 results in a Nyquist sample rate of
two samples per second.Therefore, the integration time step should
be chosen to be less than 0:5 s. The Kalman � lter step size of 0.1 s
is chosen in this research to be compatible with the camera frame
rate of 10 frames per second.
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