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1 INTRODUCTION

Georeferencing can be defined as a process of obtaining knowledge about the origin of some event
in space-time. Depending on the sensor type, this origin needs to be defined by a number of
parameters such as time, position (location), attitude (orientation) and possibly also the velocity of
the object of the interest. When this information is attained directly by means of measurements

from sensors on-board the vehicle the term direct georeferencing is used [ Skaloud, 1999].

For georeferencing the image data, the position (Xo, Yo, Zo) and orientation (o, ¢, k) of the sensor,
which also are called as exterior orientation elements, should be known. Then, the uncorrected
image vector is transformed to the corrected georeferenced position and the relation between the
local image coordinate system and the global object frame is solved. The traditional way of
georeferencing of airborne imagery is to use ground control points (GCPs) which counts a major
cost for photogrammetry projects. A number of different vehicles and methods can be used for
direct georeferencing of airborne imagery depending on the sensor and platform type. Today,
differential kinematic GPS positioning is a standard tool for determining the camera exposure
centres for aeria triangulation [Heipke et a, 2002]. Airborne GPS can greatly reduce, but not
completely eliminate the need for ground control.

Since the need for GCP and overlapping imagery cannot be eliminated with the use of GPS, the
integration of GPS and the inertial technology became a subject of research in this field. Inertia
navigation relies on knowing the initial position of the object, velocity and attitude, and thereafter
measuring the attitude rates and accelerations. An Inertial Navigation System (INS) consists of an
Inertial Measurement Unit (IMU) or Inertial Reference Unit (IRU), and navigation computers to
calculate the gravitational acceleration. However, in this report, the terms INS and IMU are used
for the same purpose. An IMU is composed of gyroscopes, which is used for determining the
rotation elements of the exterior orientation, and accelerometers, which provides the sensor
velocity and position. In this report, use of the term INS is preferred. In principle, a GPS/IMU
sensor combination can yield the exterior orientation elements of each image without aerial

triangulation.

The application of direct georeferencing to the image data provides some important advantages,

which can be summarized as:

¢ Direct georeferencing enables a faster acquisition of the exterior orientation, since the
computational burden for automatic aeria triangulation is higher compared to the effort for
GPSlinertial integration [Cramer, 1999].



¢ Direct georeferencing removes limitations to the flight path during image acquisition.
Continuous absolute GPS tragjectories, as obtainable by on-the-fly (OTF) methods, would in
principle permit an aeria triangulation without ground control points. For that purpose a
certain number of images has to be captured in the well-known photogrammetric block
configuration. However, this flight configuration can be disadvantageous, if only small areas
have to be captured or if alinear flight path is aspired for tasks like the supervision of power
lines or the image acquisition at coast lines [Cramer, 1999].

¢ Additional problems of image matching required for automatic aerial triangulation are avoided
if direct georeferencing is applied [Cramer, 1999].

Integrated systems will provide a system that has superior performance in comparison with either a
GPS, an INS, or vision-based stand-alone system. The main strengths and weakness of INS and
DGPS are summarized in figure 1.1.

INS DGPS
= high position velocity accuracy over = high position velocity accuracy over
the short term thelongterm

= accurate attitude information * noisy attitude information (multiple
antenna arrays)

= accuracy decreasing with time = uniform accuracy, independent of
time

= high measurement output rate * |ow measurement output rate

= autonomous *  non-autonomous

= nosignal outages » cycledipand lossof lock

= affected by gravity = not sensitive to gravity

INS'DGPS
high position and velocity accuracy

precise attitude deter mination

high data rate

navigational output during GPS signal
outages

cycle dip detection and correction

gravity vector determination

Figure 1.1: Benefits of INS/DGPS Integration [Skaloud, 1999].

The overall performance of the direct orientation method is limited primarily by the following
components:
¢ Quality of the calibration of the integrated system:



— Imaging sensor modeling

— Lever arm between INS and GPS antenna

— Boresight transformation between INS and camera frames
In-flight variation of the calibration components

Rigidity of the imaging sensor/INS mount

Quiality of the IMU sensor

Continuity of the GPS lock

Kaman filter design [Grejner-Brzezinska, Toth, 2000].

* & & o o

Before using the position and orientation components (GPS antenna and IMU) for sensor
orientation, we must determine the correct time, spatial eccentricity, and boresight alignment
between the camera coordinate frame and IMU. The calibration of the GPS/IMU and the camerais
vital since minor errors will cause major inaccuracies in object point determination [Sanchez,
Hothem]. Direct georeferencing of airborne imaging data by INS/DGPS is schematically depicted

infigure1.2.




Kalman Filter is an extremely effective and versatile procedure for combining noisy sensor outputs
to estimate the state of a system with uncertain dynamics. In GPS/INS integration case, noisy
sensors include GPS receivers and IMU components, and the system state include the position,
velocity, acceleration, attitude, and attitude rate of a vehicle. Uncertain dynamics include
unpredictable disturbances of the host vehicle and unpredictable changes in the sensor parameters
[Grewal et a., 2001]. Kalman filter optimally estimates position, velocity, and attitude errors, as

well as errorsin the inertial and GPS measurements [Grejner-Brzezinska and Toth, 1998].

Main purposes of this report are to figure out basic system requirements of direct georeferencing of
airborne imagery using GPS and INS, to explain the fundamentals of GPS/INS integration with
Kaman Filtering and limitations of the integration, and to describe the common problems and

results reported in the literature.

In the second and third parts of this report, the fundamentals and basic error models of GPS and
INS are introduced, respectively. The theory of Kalman filtering for discrete and continuous
processes are explained in the fourth part. While the integration purposes and types of GPS and
INS are provided in the fifth part, a general overview of the applications seen in the literature is

given in sixth part. The conclusion and future work is placed at the and of this report.



2 FUNDAMENTALS of the GPS

The GPS, officially aso known as NAVSTAR (Navigation and Satellite Timing and Ranging), is
part of a satellite-based navigation system developed by the U.S. Department of Defense. GPS
belongs to a large class of radio navigation systems that allow the user to determine his range
and/or direction from a known signal transmitting station by measuring the differential time of
travel of the signal. The Global Orbiting Navigation Satellite System (GLONASS) developed by
Russia has amost an equivalent structure and used for satellite radio navigation purposes similar to
GPS. Terrestial radio navigation systems predate the satellite systems and include such as VOR
(VHF Omnidirectional Range) and DME (Distance Measuring Equipment) for civilian aviation; the
military equivalent, Tacan (Tactical Air Navigation); and low-frequency, long-range systems such
as LORAN (Long Range Navigation) and OMEGA (Jekeli, 2000).

The GPS comprises a set of orbiting satellites at known locations in space and their signals can be
observed on the Earth. Three distances to distinct satellites having known positions provide
sufficient information to solve the observer’s three-dimensional position. The system is designed so
that a minimum of four satellites is always in view anywhere in the world to provide continual
positioning capability. This is accomplished with 24 satellites distributed unevenly in six
symmetrically arranged orbital planes.

The applications of GPS range from military navigation, vehicle monitoring, to sporting activities.
For geodetic applications, the precise measurement of baselines (relative positioning) in static
mode of GPS is widely used. Static positioning involves placing the receiver at a fixed location on
the Earth and determining the position of that point. Opposite to this, kinematic positioning refers
to determining the position of a vehicle or a platform that is moving continually with respect to
Earth. It is dso known as real-time positioning. The term navigation is used for real-time
processing of the positioning data. Differential GPS (DGPS) is a technique for reducing the error in
GPS-derived positions by using additional data from a reference GPS receiver at a known position.
The most common form of DGPS involves determining the combined effects of navigation
message ephemeris and satellite clock errors at a reference station and transmitting the pseudorange

correctionsin real time, to auser’sreceiver (Grewa et al., 2001).

The GPS is not without problems and limitations (Jekeli, 2000). It is not a self-contained,
autonomous system. The user must be able to “see” the GPS satellites. Satellite visibility may be
obstructed locally by intervening buildings, mountains, bridges, tunnels, etc. For kinematic
applications, the effects of electronic interference or brief obstructions may cause the receiver to

miss one or more cycles of the carrier wave. The frequency of the data output in most receiversis



often 1 Hz. Most of the error in GPS positioning come from medium propagation effects that are

unpredictable to model such as atmospheric effects.

2.1 Clocksand Time

Each GPS satellite carries an atomic clock to provide timing information for the signals transmitted
by the satellites. The clocks are oscillating at a particular frequency. The relationship between the
phase ¢, frequency f, and thetimeis:
dg(t) 2.1)

dt

where t represents true time. The phase of an oscillating signal is the angle it sweeps out over time

=

(0<¢<2m) and has the units of cycle. The frequency of the signal is the rate at which the phase

changesin time and has the units of Hertz (cycles per second).

#(t) = p(t0) + [ F(E)elt (2.2)
tpissomeinitial time. t denote the indicated time related to the phase:
(=P = (ti — 9o 23)
0

fo is some nominal (constant) frequency since the initial indicated time does not coincide with
initial phase (#(to) # ¢ ).

The oscillator clock time (t) and the true time (t) differ from each other both in scale and in origin.
The true time reflects the atomic clock timein U.S., which also differs from Coordinated Universal
Time (UTC) by 2000 with 13 seconds. However, the GPS true time is calibrated by U.S. atomic
time. The true time reflects the fact that the times indicated on satellite and receiver clocks are not
perfectly uniform and must be calibrated by master clocks on the Earth. The relationship between
the phase-time, 1, and the truetime, t, is:

()=t - to + (to) + IT(t), (2.4)

where,
1’(
o) ==|5f(t")dt'
) fj £t)

The abbreviated form of (2.4) is:
T(t)=t - A t(t) (2.5)



2.2 GPS Signals

The signd is a carrier wave (sinusoidal wave) modulated in phase by binary codes that represent

interpretable data. It can be represented mathematically by:
S(t)= AC(t)D(t)cos(2rt) (2.6)

where f is the frequency of the carrier wave, and A is the amplitude of the signal. The code
sequence C(t) is a step function having values (1, -1), also known as chips or bits. D(t) represents a

data message.

Each satellite actually transmits two different codes, the C/A (coarse acquisition) code and the P-
code (precision code). The P-code has 10 times higher chipping rate and wavelength in comparison
with C/A code. They are transmitted on two separate microwave regions, an L, signal with carrier
frequency f; = 1545.72 MHz and with wavelength A,=0.1903 m; and an L, signal with carrier
frequency f, = 1227.6 MHz and with wavelength A,=0.2442 m. The transmission on two
frequencies alows approximate computation of the delay of the signal due to ionospheric
refraction. The total signal transmitted by the satellite is given by the sum of three sinusoids, two
for the two codes on the L, carrier and one for the P-code on the L, carrier. The total signal
transmitted by a GPS satellite is given by

S (H)=AP ()W (t) D (t)cos(2rf1t) + AcCT(t) DP(t)sin(2nfqt) + BeP ()W (H)DP()sin(2rfat)  (2.7)

Ap, Ac, and Bp represent amplitudes of the corresponding codes, C and P represent C/A and P
codes, D represents the data message, superscript pidentifies a particular satellite, and W represents

aspecial code which is used to decrypt amilitary code.

The codes serve two operational purposes: determining the range between the satellite and receiver
and to spread the signal over a large frequency bandwidth, thus permitting small antennas on the
Earth to gather the transmitted signal. Both codes consist of unique sequences of binary states that
are generated using a pseudorandom noise (PRN) algorithmic process. The PRN for C/A code is
different for each satellite and repeats every millisecond. For P-code, it is much longer and repeats
only after 38 weeks. Each satellite uses only one distinct week’s worth of the code. The satellites
are distinguished by the codes rather than by frequency.



2.3 GPSReceaiver

Before the signal is processed by the receiver, it is pre-amplified and filtered at the antenna, and
subsequently down-shifted in frequency to a more manageable level for processing (Jekeli, 2000).
The mixed signal is given by

Si(t) S°(t)=A cos(2nf ot) cos(2nfst + (1))

= gCOS(ZN(fs-fLo)t + (D) + i; cosZn(fs+fLo)t + (1) 28)

where S(t) isthe pure signal sinusoid generated by the receiver oscillator, f| o isthelocal oscillator

frequency, S'(t) is the satellite signal with frequency fs, and A is an amplitude factor.

The satellite signal is then shifted to an intermediate frequency (IF), and appropriate filters are
applied to control the amplitude of the signal for subsequent processing. The signal then passes to

the main signal processing part of the receiver.

To calculate the distance between the satellite and the receiver, the time tag of the signal at the time
of transmission and the time of reception at the receiver is compared, and using the speed of the
light, the delay is converted to the distance. It is not the true range if the satellite and the receiver

clocks differ; and therefore, the calculated range is called pseudorange.
2.4 GPS Observablesand Errors

A broad overview of GPS errors is provided in table 2.1. The largest error is due to the receiver
clock. The next significant error source is the medium in which the signal must travel. This
includes the lonosphere, which has an altitude between 50 km to 1000 km and has many free
electrons; and the Troposphere, which is a non-dispersive medium and contains mostly electrically

neutral particles.

Table 2.1: Error sources in GPS positioning (Jekeli, 2000).

Error Source Typical Magnitude
Receiver clock error (synchronized) 1 us (300 m)
Residual satellite clock error 20 ns (6m)
Satellite synchronizationto UTC 100 ns (30 m)
Selective Availability (cancelled by 2001) | 100 m
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Orhit error (precise, IGS) 20cm

Tropospheric delay <30m

lonospheric delay <150 m

Multipath <5 m (P-code); <5 cm (phase)

Receiver Noise 1 m (C/A code); 0.1 m (P-code); 0.2 mm (L, phase)

Other errors in GPS observables include the multipath error (the reflection of the GPS signal from
nearby objects prior to entering the antenna), equipment delays and biases, antenna eccentricities

(phase center variations), and the thermal noise of the receiver.

The pseudorange is formulated as

SfP(Tr):pr(Tf) + C( A Tr(t) - A Tp(t- A tl"j) + A pPiono’r + Spp'r (29)
where prP(Tr) is the true range between the satellite and the receiver, At is the time of transit,
A p", is the ionospheric error for each satellite, ¢ is the speed of the light, and Spp,r represents

pseudorange observation error (different for each satellite). For simplicity, the Tropospheric delay,
the equipment and antenna offsets, the multipath error, and the time registration error due to the

receiver clock error are excluded.

The phase observable can be expressed as follows:

¢rP(Tr)=% prP(Tr) + fo(An(t)- A Tp(t' A trF)) + oy - ¢0P_ NS+ A ¢F;0noyr + 8P¢Yr (2.10)

where ¢, and ¢ are the arbitrary phase offsets N, is the integer representing the unknown

number of full cycles and also called as carrier phase ambiguity, spw is the phase observation error.
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3 FUNDAMENTALSof INERTIAL NAVIGATION

3.1 Basic Concepts of Inertial Navigation

Inertia is the propensity of bodies to maintain constant translational and rotational velocity, unless
disturbed by forces or torques, respectively (Newton’s first law of motion). An inertial reference
frame is a coordinate frame which Newton’'s law of motion are valid. Inertial reference frames are
neither rotating nor accelerating (Grewal et al., 2001). Inertial sensors measure rotation rate and
acceleration by gyroscopes and accelerometers respectively. Accelerometers cannot measure
gravitational acceleration, which is an accelerometer in free fall or in orbit has no detectable input.
The input axis of an inertial sensor defines which vector component it measures. Multiaxis sensors

measure more than one component.

Inertial navigation uses gyroscopes and accelerometers to maintain an estimate of the position,
velocity, attitude, and attitude rates of the vehicle in or on which the INS is carried. An INS
consists of navigation computers, to calculate the gravitational acceleration and to integrate the net

acceleration, and an inertial measurement unit containing accelerometers and gyroscopes.

Literaly, there are thousands of designs for gyroscopes and accelerometers. Not al of them are
used for inertial navigation. For example, gyroscopes are used for steering and stabilizing ships,
missiles, cameras and binoculars, etc. The acceleration sensors are also used for measuring gravity,

sensing seismic signals, leveling, and measuring vibrations.

Traditionally, inertial systems have been divided into three groups according to the free-running
growth of their position error (Skaloud, 1999):

. the strategic-grade instruments ( performance ~ 100 ft/h)

« the navigation-grade instruments (performance = 1 nm/h)

. thetactical-grade instruments (performance ~ 10-20 nm/h)

In a further categorization, the inertia navigation systems are designed in two main groups. the
platform (or gimbaled) systems and the strapdown systems. In a gimbaled system the
accelerometer triad is rigidly mounted on the inner gimbal of three gyros (see figure 3.1.b). The
inner gimbal is isolated from the vehicle rotations and its attitude remains constant in a desired
orientation in space during the motion of the system. The gyroscopes on the stable platform are
used to sense any rotation of the platform, and their outputs are used in servo feedback loops with

gimbal pivot torque actuators to control the gimbals such that the platform remains stable. These

12



systems are very accurate, because the sensors can be designed for very precise measurementsin a
small measurement range.

In contrary, a strap-down inertial navigation system uses orthogonal accelerometers and gyro triads
rigidly fixed to the axes of the moving vehicle (figure 3.1.8). The angular motion of the system is
continuously measured using the rate sensors. The accelerometers do not remain stable in space,

but follow the motion of the vehicle.

PIVOTS
SENSOR CLUSTER OF
3 ACCELEROMETERS
I GYROSCOPES
STAHLE
ELEMENT
|
MOUNTED ON COMMON
RIGID BASE ATTACHED
TO HOST VEHICLE GIMBAL
RINGS
{aj Strapdown {h} Gimbaled

Figure 3.1: Inertial measurement units (Grewal et al., 2001).

3.2 Common Sensor Error Models

Gyroscopes, which are used as attitude sensors in inertial navigation, are also called as inertial
grade. There are many types of gyroscope designs, such as momentum wheels, rotating
multisensor, laser gyroscopes, etc. Error models for gyroscopes are primarily used for two
purposes: predicting performance characteristics as function of gyroscope design parameters and
calibration and compensation of output errors. The common error sources for gyroscopes are output
bias, input axis misalignments, combined (clustered) three-gyroscope compensation, input/output

non-linearity, and accel eration sensitivity.
Depending on the purpose, acceleration sensors also have severa designs such as, gyroscopic

accelerometers, pendulous accelerometers, strain-sensing accelerometers, etc. The main error

sources for accelerometers are biases, parameter instabilities (i.e., turn-on and drift), centrifugal
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acceleration effects due to high rotation rates, center of percussion, and angular accelerometer

sensitivity.

3.3 Initialization and Alignment

INS initialization is the process of determining initial values for system position, velocity, and
attitude in navigation coordinates. INS position initialization ordinarily relies on external sources
such as GPS or manual entry. INS velocity initialization can be accomplished by starting when it is

zero (i.e., the host vehicle is not moving) or by reference to the carrier velocity.

INS alignment is the process of aligning the stable platform axes parallel to navigation coordinates

(for gimbaled systems) or that of determining the initial values of the coordinate transformation

from sensor coordinates to navigation coordinates (for strapdown systems). There are four basic

methods for INS alignment (Grewal et al., 2001):

i) Optical alignment using either optical line-of-sight reference to a ground based direction or an
on board star tracker.

ii) Gyrocompass alignment of stationary vehicles, using the sensed direction of acceleration to
determine the local vertical and sensed direction of rotation to determine north.

iii) Transfer alignment in a moving host vehicle, using velocity matching with an aligned and
operating INS.

iv) GPS-aided alignment, using position matching with GPS to estimate the alignment variables.

3.4 System-Level Error Models

Since there is no single, standard design for an INS, the system-level error sources vary very much.

General error sources can be classified as:

i) initialization errors, comes from initial estimates of position and velocity;

i) alignment errors, from period for initial alignment of gimbals or attitude direction cosines (for
strapdown systems) with respect to navigation axes,

iii) sensor compensation errors, occur due to the change in the initial sensor calibration over the
time;

iv) gravity model errors, is the influence of the unknown gravity modeling errors on vehicle

dynamics.

14



4 KALMAN FILTERING BASICS

Within the significant toolbox of mathematical tools that can be used for stochastic estimation from
noisy sensor measurements, one of the most well known and often-used tools is what is known as
the Kalman Filter. The Kalman filter is named after Rudolph E. Kalman, who in 1960 published
his famous paper describing a recursive solution to the discrete-data linear filtering problem
(Kaman, 1960). The Kalman Filter is essentially a set of mathematical equations that implement a
predictor-corrector type estimator that is optimal in the sense that it minimizes the estimated error
covariance—when some presumed conditions are met. Since the time of its introduction, the
Kalman Filter has been the subject of extensive research and application, particularly in the area of

autonomous or assisted navigation.

Basicaly, Kaman Filter is a specia case of sequential least sguare estimation, where initia
measurement is equal to the first measurement and design matrix of the second position is an
identity matrix. Kalman Filter also takes the velocity as an unknown parameter. Three sequential
algorithms; Triangular Factor Update (TFU) with Gauss/Cholesky decompositions, Givens Update
and Kalman Update for photogrammetric processing of images were emphasized by Gruen (1984)
and Gruen and Kersten (1992). For more detailed information on least squares filtering of dynamic
linear systems and Kalman filtering, see Gelb (1974), and Salzmann (1993).

4.1 Discrete Kalman Filter

Basic concepts of random processes can be found in the appendix. The Kalman Filter addresses the
general problem of trying to estimate the state xe R" of a discrete-time controlled process that is
governed by the linear stochastic difference equation
Xk =AXk1 +BUK + Wig 4.1)
with ameasurement ze R" that is
Z=HX + Vi (4.2)
The random variables wy and vi represent the process and measurement noise (respectively). They
are assumed to be independent (of each other), white, and with normal probability distributions
p(w)~N(0,Q) (4.3)
P(V)~N(O,R) (4.4)
In practice, A, the process noise covariance Q, and measurement noise covariance R matrices

might change with each time step. However, here, they are assumed to be constant.
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Let'sdefine X,ceR" asapriori state estimate at step k given the knowledge of the process prior to

step k, and XeR" as aposteriori state estimate at step k given the measurement z. A priori and a
posteriori estimate errors and error covariances are;

8c=Xc Xi. , R=Ele. & ]

=X X | PeElece ]
The linear combination between a posteriori state estimate X, , a priori state estimate X, , and a
weighted difference between an actual measurement z, and measurement prediction H X, is:

X= X +K(Z-HX) (4.9)
In the equation, (z - HX, ) is called measurement innovation or the residual. K matrix is also
called as Kalman gain matrix and can be shown as:

K= PcHT(HPH'+ R™ (4.6)
The Kalman Filter estimates a process by using a form of feedback control: the filter estimates the
process state at some time and then obtains feedback in the form of (noisy) measurements. As such,
the equations for the Kalman Filter fall into two groups: time update equations and measurement
update equations. The time update equations are responsible for projecting forward (in time) the
current state and error covariance estimates to obtain the a priori estimates for the next time step.
The measurement update equations are responsible for the feedback—i.e. for incorporating a new
measurement into the a priori estimate to obtain an improved a posteriori estimate (Welch and
Bishop, 2002). After each time and measurement update pair, the process is repeated with the
previous a posteriori estimates used to project or predict the new a priori estimates in recursive

nature (figure 4.1).

Mensurement Update *Correct™)

Time Update (“Predict™)

(13 Compute the Kalman gain

i].\F‘rn_in'_t thie state aheod ﬂ-i — ';J; H',r'[ HF; H I + H}_]
i, = Ak, +Bu, '

(2) Updlate estimate with measurement 2

(2) Project the error covariunce whead v, = v+ K. (7. —HY)
.I'-- e € ;L i X oA (o - M)
.'”'r.L = .\P:\ ] AT+ Q) i3) Update the error covariance
P, = (I-K,H)P,

Inatial estimates for :LJ. l.\,ll'll_““ll' i

Figure 4.1: A complete picture of the Kalman Filter (Welch and Bishop, 2002).
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4.2 The Extended Kalman Filter

Extended Kalman Filter (EKF) linearizes the current mean and covariance when the process to be
estimated or the related measurement is non-linear. The stochastic difference equation of the state
vector xe R" of the non-linear processis defined as:
X = f(Xe1, Uk, Wic1) 4.7)
with a measurement ze R" that is
Z= (X, W) (4.8)

where the random variables wy, and vk represent the process and measurement noise. We can
approximate the state and measurement vectors as:

Xk = f(Xk, U, O) (4.9

Zx=h(X,0) (4.10)
where X isaposteriori estimate of the state. The actual state and measurement vectors related with

the approximated state and measurement vectors are:

X & Xt AXie1 - Xier) + WWiqy (4.11)
L~ zk+H(Xk-)?k)+ W (412)
where;
o1, ~
A itk =2 (R, Ui, 0) (4.13)
OX(j]
ol , ~
Wi, jik = —— (Xk1, Uk, 0) (4.14)
OW ] '
Hii, J1k=m X1, 0) (4.15)
OX(j]
N1, ~
V[i,j]k:J(Xk, , 0) (4.16)
M
The definitions of the prediction error and measurement residual are respectively:
€ =%~ Xk =AXk1-Xi1) + & (4.17)
éZkEZk-zk zHéxk+nk (418)

where g, and ny represent new independent random variables having zero mean and covariance
matrices and , with and asin WQW' and VRV , with Q and Rasin (4.3) and (4.4) respectively.

The equations (4.17) and (4.18) are linear, and they are similar to the equations (4.1) and (4.2) from
Discrete Kalman Filter. A second (hypothetical) Kaman Filter can be used with the actua

measurement residual ézk in equation (4.18) and the prediction error to € _given by equation

17



(4.17) to estimate €k which can be used to obtain the a posteriori estimates for the original non-
linear process as.

f(kz ik+ ék (419)

The random variables of eguations (4.17) and (4.18) have approximately following probability
distributions:

P(8.) ~ N(O, E[ 8,8+, 1)

p(ex) ~ N(O, WQW)

p(nK) ~ N(O, VRV")
Given these approximations and letting the predicted value of €y be zero, the Kalman Filter
equation used to estimate €y is:

ek=Ky€y (4.20)
By substituting equation (4.20) back into equation (4.19) and making use of equation (4.18) we get:

Xk= X+ K€ 2

= X+ Ky (z-Z) (4.20)

Equation (4.21) now can be used for the measurement update in the extended Kalman Filter. A
complete set of EKF equations is shown in figure 4.2. The term X is substituted with X, to be

consistent with Discrete Kalman Filter equations.

Mlemsuremient Lpdate Correct ™)
— e
Tina Upddato ("Fredict™) (1 Compure the Kalman gain
{171 Project the state ahead . = p = . ca—1
|I]r||.-ll.|'| apate ahead ""'J,_ - 'P.I,f”'rlff,l,'rlﬂ'r'f.':l ‘Ii'r":.[ll'..l'rb
X, = flx, _ . u.,0) '
i -1k
) " (2 Upsdante estumate with measurcnwnl o
-'_1|J"|-.'-il.'.| the error covariance ahexd _'1-'.- = .'-r;- + 'H.l;‘ Iy — hi I'.l._' LIRY]
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Figure 4.2: A complete picture of the operation of the extended Kalman filter (Welch and Bishop,
2002).
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5GPSand INSINTEGRATION

The Galileo’'s Law, sx= 0.5dat?, illustrates the position prediction precision of a moving platform,
where X, da, and t represent variation in position, change in acceleration, and the time interval
respectively. Therelatively low data output rate of GPS receivers (usually 1 Hz) might not meet the
cm level accuracy requirements of aerial photogrammetry. This problem becomes more serious
when the potential temporarily loss of a GPS signal occurs or phase ambiguity resulting from cycle
dlips considered. INS provides the dynamics of motion between GPS epochs at high temporal
resolution and complements the discrete nature of GPS in the occurance of cycle dips or signa

|oss.

In addition, positioning with INS requires the integration with respect to time of accelerations and
angular rates, the measurement noise accumulates and results in long wavelength errors. GPS
errors do not accumulate, but in short term, they are relatively larger and the measurements have
poorer resolution. INS is an autonomous system, except the initialization requirements, and do not

ask for externa support.

Due to the complementary nature of both system, the integrated GPS/INS has become widely used
positioning purposes, especially on mobile mapping systems. The integrated systems are in use on
different platforms, such as aircrafts, ground vehicles, satellites, etc. Several systems have been
devel oped around the world.

When the navigation information is provided by an integrated INS/DGPS system, the equation of
direct georeferencing for aerial frame cameras takes the form:

" = Mingages () + Re"(H)[S R ri(t) + & (6.1
where,
r," is coordinate vector of a specific point (i) in the mapping frame,
IMingages () IS coordinate vector of INS center in the mapping frame, determined by INS/DGPS
integration,
R,"(t) is the attitude matrix from INS body frame to the mapping frame, , determined by
INS/DGPS integration,
S is a scale factor between the image and mapping coordinate frames for a specific point (i),
usually determined by processing the captured imagery in stereo pairs,
R? is the rotation matrix (orientation offset) between the camera frame and the INS body frame
determined from calibration,
ri(t) is the vector of coordinates (i.e., X, y, -f) observed in the image frame for a specific image (t)

and point (i),
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a” is the vector of the trangdation offset between the INS and the camera centre in the INS body

frame determined by terrestrial measurements as part of the calibration process (Skaloud, 1999).

However, some small changes should be done in this equation when pushbroom cameras or other
applications such SAR are considered. For SAR applications, see Dowman (1995) for laser
applications see Favey et a. (1999).

5.1 Integration Modes

The types of integration can be categorized by the extent to which data from each component aid
the other’s function. First one is coupling of the systems and depends on the mechanization or the
architecture of the system. The second categorization parameter is by the method of combining or

fusing the data to obtain position coordinates.

The system mechanization is generally understood in two ways, tight coupling and loosely
coupling; where no coupling implies no data feedback from either instrument to the other for the
purpose of improving ist performance. Tightly coupled sensors are treated as belonging to a single
system producing complementary types of data. The produced data are produced simultaneously
and optimaly, and used to enhance the function of of individual sensor components where
possible. In aloosely coupled system, processed data from one instrument are fed back in an aiding
capacity to improve the utility of the other’s performance, but each instrument still has ist own

individual data processing algorithm.

The real-time feedback of INS velocities to the GPS receiver enables an accurate prediction of GPS
pseudorange and phase at next epoch, thus allowing a smaller bandwidth of the receiver tracking
loop in a high-dynamic environment with a subsequent increase in accuracy. Conversely, inertial
navigation improves if the GPS solution functions as an update in a Kalman filter estimation of the
systematic errors in the inertial sensors. Similarly, GPS positions and velocities may be used to aid
the INS solution in a high-dynamic situation by providing a better reference for propagating error
states based on the linear approximation. (Jekeli, 2000)

There are two basic categories of processing algorithms that are centralized and de-centralized. In
centralized processing, the raw sensor data is are combined optimally using one central processor
to obtain a position solution. This kind of processing is usualy associated with tight system
integration. Decentralized processing is a sequential approach to processing, where processors of
individual systems provide solutions that subsequently are combined with various degrees of

optimality by a master processor. In principle, if the statistics of the errors are correctly propogated,
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the optimal decentralized and centralized methods should yield identical solutions (Jekeli, 2000). In
some certain cases, such as system fault detection, isolation, and correction capability and the
relative computational simplicity makes the decentralized approach more favourable. The
centralized approach provides the best performance in navigation solutions that a single robust

Kaman filter model. Different forms of integration are evaluated in table 5.1.

Table 5.1: Different forms of Kalman filter implementation (Skaloud, 1999).

I mplementation Advantages Disadvantages
Open loop « KF may berun external to INS, « Non-linear error model due to
suitable for platform INS large second-order effect
« Used when only navigation solution | « Extended KF needed
from INS available
Closed loop « Inertial system errors, linear model |« More complex processing
is sufficient « Blundersin GPS may affect INS
« Suitablefor integration at software performance
level
Loosely coupled « Flexible, modular combination « Sub-optimal performance
(decentralized) . Small KF, faster processing « Unredlistic covariance
« Suitable for parallel processing « Four satellites needed for a stable
solution
« INSdata not used for ambiguity
estimation
Tightly-coupled « Oneerror state model « Largesize of error state model
(centralized) « Optimal solution « More complex processing
« GPS measurements can be used
with less than 4 satellites
« Direct INS aiding throughout GPS
outages
o Faster ambiguity estimation.

The vector state estimation can be implemented in open or closed, whether the estimated sensor
errors are fed back to correct the measurements. When properly designed, the closed-loop
implementation generally has better performance and is therefore the preferred implementation
when using a strapdown INS. The loosely-coupled filtering approach has been highly popular due
its modularity and smaller filter size. Although the arguments for choosing either form of the
implementation have been very balanced, the tightly-coupled approach is currently gaining more

weight mainly due to the rapid increase in computational power (Skaloud, 1999).

5.2 Integration Limitations

The performance of an integrated INS/DGPS is a complex process depending on a variety of
parameters including

« quality and type of inertial sensors
« thebasdline length
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« Operational aspects
« thevalidity of error models
« theestimation algorithm. (Skaloud, 1999)

The improvements in trajectory determination are usually sought in the development of better
models and estimation algorithms. With the rapid increase of computational power, the trend of
finding the most suitable error model for a specific system and specific conditions is being replaced
by using a multi-model approach in conjunction with some type of adaptive estimation. Another
limiting factor band frequency. In the lower frequencies, the INS/DGPS integration reduces the
overal error; and in the high frequencies, the overall error is not reduced (Skaloud, 1999).
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6 A SPECIAL APPLICATION AREA: DIRECT GEOREFERENCING of
AIRBORNE IMAGERY

In the literature, there are several system designs for georeferencing of airborne images; and
regarding to these designs, different integration methods are proposed. In general, strapdown INSs
are preferred due to its low-cost character. The trend is tending to implementation of integration
methods for low-cost IMU and most of the applications are in this manner. However, different
systems ask for different accuracies. A brief overview of accuracy requirements for different
applications areas can be found in Schwarz et a (1994), and Schwarz (1995).

In the University of Calgary the INS/GPS integration strategies are analyzed and different design
methods for severa system implemetations are suggested. The results of two different
implementations, a low-cost system and a high-cost navigation grade system, using strapdown
INSs are presented by Schwarz (1995). Error models for INS/GPS integration and design methods
for improving attitude accuracy are discussed by Skaloud and Schwarz (2000).

Skaloud (1999) developed a Kalman filtering method for optimizing the airborne survey systems
by INS/DGPS. The centralized and decentralized approaches are compared with respect to on-the-
fly (OTF) GPS ambiguity estimation. In this work, the operational procedures; such as sensor
placement, effect of vibrations, alignment of the inertial system, sensor synchronization and
calibration; are investigated to eliminate or substantially reduce error sources of the integrated
system. A strapdown INS, dual frequency GPS receivers, and a frame aerial camera are used for
demonstration of the developed method in atest project with 47 GCPs and image scale 1/6000. As
aresult, 15-20 cm and 20-25 cm planimetry and height positioning accuracies are gathered with
and without using GCPs, respectively. Although the decentralized approach gives the flexibility of
INS selection, since the centralized Kalman Filtering increases the probability of resolving
ambiguities faster and with fewer satellites as compared to its decentralized counterpart, this form
of filtering is recommended for direct georeferencing by INS/'DGPS. The imaging sensor is
recommended to be mounted together with the inertial system on a common, solid structure
connected to the aircraft via vibration absorbers. The spatial distance between individual sensors
are advised to be kept as small as possible. Also, inflight alignment is recommended over the static

alignment due to better time efficiency when using INS.
The European Organisation for Experimental Photogrammetric Research (OEEPE) has embarked

on a multi-site test investigating sensor orientation using GPS and IMU in comparison and in

combination with aerial triangulation. The focus of the test was on the obtainable accuracy for large
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scal e topographic mapping using photogrammetric film cameras. The accuracy of the results was
assessed with the help of independent check points on the ground in the following scenarios:

- conventional aerial triangulation,

- GPS/IMU observations for the projection centres only (direct sensor orientation),

- combination of aerial triangulation with GPS/IMU (integrated sensor orientation) (Heipke et al.,
2002).

For the test, an aeria film camerais used in atest flight with image scale 1/5000. GPS data are
acquired by dua frequency GPS receivers using differential carrier phase measurements with a
data rate of 2 Hz preferably with identical receivers for the aircraft and reference station. A short
base line between aircraft and reference station was set. A high quality off-the-shelf navigation
grade IMU as typically used in precise airborne attitude determination was also established. The
accuracy potential of direct sensor orientation as determined from the best results lies at
approximately 5-10 cm in planimetry and 10-15 cm in height when expressed as RM S differences
at independent check points, and at 15-20 um when expressed as o, values of the over-determined
forward intersection in image space. These values are larger by a factor of 2-3 when compared to
standard photogrammetric results. The maximum errors are in the range of 30-50 cm. When the
results of integrated sensor orientation are compared to direct sensor orientation, the a posteriori
standard deviation of the image coordinates o, is greatly reduced. This finding confirms the
expectations that a local refinement of the image orientation is achieved by introducing tie points.
oy is in the same range as for the photogrammetric reference solutions. Consequently, integrated
sensor orientation does allow for stereo plotting in the same way as conventional photogrammetry.
In planimetry the RMS differences in object space are only dslightly better than in the case of direct

sensor orientation. Improvements have primarily occurred in height (Heipke et al., 2002).

A digital Airborne Integrated Mapping System (AIMS) for large-scale mapping and other precise
positioning applications is being developed in the Center for Mapping in Ohio State University
(Grejner-Brzezinska and Toth, 1998). A medium accuracy strapdown INS is tightly integrated with
the GPS on an aerial platform. By the authors, AIMS is the first tightly integrated system which
provides sub-decimeter accuracy for large-scale applications. A frame CCD camerais used on the
platform. The system architecture of AIMS is given in figure 6.1. A closed-loop Kalman filtering
method is also used for the integration. A single Kalman Filter, with number of states equal to 21
plus the number of double differences, is used to process the GPS double-differenced phases,
combined with the inertial solution. The state unknowns are errors in position, velocity, and
orientation, three biases and three scale factors for the accelerometers, three gyro drifts, two
deflections of the vertical and the gravity anomaly. In addition, GPS ionospheric delay is estimated
for every satellite in the solution (table 6.1). The first performance test results are provided by Toth
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and Grejner-Brzezinska (1998) for an image scale of 1/2400. The coordinate differences between
GPS/INS positions and aerotriangulation are around 15 cm in both horizontal and vertical
directions. The system calibration issues for AIMS and a performance analysis test result with an
image scale 1/6000 are also introduced by Grejner-Brzezinska (1999) and Toth (1999).
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Figure 6.1: The conceptual structure of AIMS (Grejner-Brzezinska and Toth, 1998).

Table 6.1: System parameters of AIMS (Grejner-Brzezinska and Toth, 1998)

Kalman Filter Sates Number of states

Navigation parameters
- Position errors
- Velocity errors
- Attitude errors

R N W W

- Heading errors

Accelerometer errors (random walk)

w

- Biases
- Scale factor errors

Gyro errors (random walk)
- Drifts 3

Gravity
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- Deflection (Gauss-Markov, 20 nmi) 2

- Anomaly (Gauss-Markov, 20 nmi) 1

GPS errors

- lonospheric delay (random walk) Number of double differences

The Applanix Corporation in Canada has developed an off-the-shelf Position and Orientation
System for Direct Georeferencing (POS/DG) for airborne applications and several test projects in
collaboration with University of Calgary are implemented (Lithopoulos, 1999; Mostafa and
Schwarz, 2000). Scherzinger (2000) described two levels of inertial-GPS integration for the
purpose of aobtaining inertially aided real-time kinematic. A loosely coupled integration has the
advantage of being generic and simple to implement, and the disadvantages of no visibility of user
into the functions beyond the interface specification and dropping down the loosing navigation
solution when fewer than 4 GPS satellites are visible. In a tightly coupled integration, the GPS
receiver is used as a source of observables and satellite orbital and clock parameters. The integer
ambiguity search function is combined with the integration Kalman filter, so that i) there is no limit
on visibility of data/information between these modules, and ii) the integer ambiguity search is by
construction inertially aided. Furthermore the benefit of tightly coupled inertial-GPS integration,

i.e. uses observables data when fewer than 4 satellites are visible, is realized.

The POS/DG system is tested with several image sensors. Different calibration methods of the
integrated system such as, airborne calibration and terrestrial calibration, are explained and
performance analysis of the system with low-cost digital cameras is reported by Mostafa and
Schwarz (2001), Mostafa and Hutton (2001), and Mostafa (2002).

In the University of Stuttgart, the sensor integration and system calibration issues for three line
scanner imagery are discussed by Cramer, Stallmann, and Haala (1999). For the test fligts, a
strapdown INS is used and the GPS/INS data are combined in the aeria triangulation. System
calibration issues including self-calibration are provided by Cramer and Stallmann (2002). In
addition, Terzibaschian and Scheele (1994) introduced the attitude and positioning system used for
georeferencing of WAQOSS three-line scanner. Poli (2001) provided a sensor model for direct
georeferencing of three-line scanner (TLS) images using GPS/INS observations for external

orientation. However, no Kalman filtering method isimplemented in these studies.

A new combined block adjustment approach using GPS data is introduced from the University of
Hannover. GPS ambiguity terms are improved using the independent position information from the
bundle adjustment (Jakobsen, 1996). After this, GPS and IMU data are together combined in a

bundle solution (Jakobsen 1999). The potential and limitation of this combined sensor orientation is
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evaluated by Jakobsen (2000). The calibration aspects of the sensors are provided by Jakobsen
(2002) and Wegmann (2002).

Another integrated system calibration and combined block adjustment work related with the
OEEPE test is reported by Forlani and Pinto (2002).

Azizi et a. (2001) provide a solution with GPS/INS data and GCPs with a Kaman filtering
approach during the phototriangul ation. Requirements for the Kalman filtering process are satisfied
by employing standard collinearity condition equations as the prediction model. The state vector in
this problem is considered to include the coordinates of the projection centers of the camera during
the exposure time, camera orientation parameters, and the ground coordinates of the tie paints.
measurement model linear interpolation algorithm that accepts the GPS/INS observables during the
aerial photography flight mission. Any additional observations such as the coordinates of the

ground control points may also be tailored into the measurement model.
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7 CONCLUSIONSAND FUTURE WORK

The usage of GPS and INS for the solutions of navigation problems in photogrammetric
applications provide a challenging opportunity in the last decade. Basically, there are two different
approach for georeferencing of airborne imagery using GPS and INS data. Direct georeferencing
gives the exterior orientation parameters, projection center coordinates and attitude data, as the
result of navigation process with GPS and INS observations without using control points in the
navigation solution for airborne imagery. The precision of the georeferencing depends on the
application parameters such as, image scale, camera specifications, etc. However, the accuracy
results of directgeoreferencing reported in the literature is till 2-3 time lower than the traditional

photogrammetric aerotriangul ation results (Heipke et al., 2002).

The second approach for georeferencing includes an integrated solution of GPS/INS data together
with ground control and tie points in the bundle block adjustment process. This process provides
the same accuracy with traditional triangul ation methods. In addition, out of the topic of this report,
only GPS measurements can be added to the photogrammetric triangulation (Gruen et al, 1993;
Ackermann, 1996; ASPRS, 1996). However, an integration with INS reduces the errors of GPS
position data and provides attitude data.

There are GPS/INS integration solutions without any noise filtering. However, application of a
linear filtering methods provides better positioning and attitude estimation results. In GPS/INS
case, Dicrete Kalman Filtering is commonly performed to the integration projects in the literature.
Since the designed GPS/INS systems varies almost in every project, different Kalman filters are
implemented for each. Centralized and decentralized filter approaches are applied to the integrated
systems designed in loosely coupled or tightly coupled manner. Both filtering approaches have
their own advantages and disadvantages. In general, decentralized approach is preferred due to the
flexibility in INS selection. Centralized approach is preferred for tightly coupled devices.

Since the INS systems cost much more than GPS, the research trends go towards low-cost IMUSs.
Due to the strapdown INS systems are cheaper than the platform systems, for airborne
georeferencing projects, strapdown INSs are integrated with GPS. The Kalman filtering designs are
also developed for this kind of integrations. No platform (gimbaled) INS/GPS integration report
could be found in the literature. However, gimbaled systems provide higher accuracy. A future

work can be done using thistype of INS systems.

Another distinction can be done according to the image sensor type used. SAR, laser scanners,

analog frame cameras, frame CCD cameras, and pushbroom line cameras can be said as the basic
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sensor types for aerial applications. The most common georeferencing applications are done using
analog or CCD frame cameras. The system implementation using Kalman filter approach are also
reported for this type of sensors. Although some authors mentioned in section six were worked on
pushbroom CCD systems, no filtering approach for GPS/INS observations can be found. New

investigations can be done with directgeoreferencing of line CCD cameras with GPS/INS.
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APPENDI X

RANDOM PROCESSES: BASIC CONCEPTS

A random variable is a function whose values depend on the outcome of a chance event. The
values of a random variable may be any convenient mathematical entities; real or complex
numbers, vectors, etc. For simplicity, we shall consider here only real-valued random variables, but
thisis no rea restriction. Random variables will be denoted by X, v, ... and their valuesby &, n, ....

Sums, products, and functions of random variables are also random variables.

A random variable x can be explicitly defined by stating the probability that x is less than or equal
to somereal constant €. Thisis expressed symbolically by writing

Pr(x. &) = Fx(€); Fx(— =) =0, Fx(+ «») =1

Fx(€) is called the probability distribution function of the random variable x. When Fx(€) is
differentiable with respect to €, then fx(§) = dFx(€)/d¢ is called the probability density function of

X.

The expected value (mathematical expectation, statistical average, ensemble average, mean, etc.,

are commonly used synonyms) of any nonrandom function g(x) of a random variable x is defined

by

: . 1
Ex )= E[m(x)] Iiﬂ ) T O ey [ £ T T T @)

-

Asindicated, it is often convenient to omit the brackets after the symbol E. A sequence of random
variables (finite or infinite)

{x(©)} = ..., x(-1), x(0), x(2), ... 2

is caled a discrete (or discrete-parameter) random (or stochastic) process. One particular set of
observed values of the random process (2)

-, §(-1), §(0), §(1), ...

is caled arealization (or a sample function) of the process. Intuitively, a random process is simply
a set of random variables, which are indexed in such a way as to bring the notion of time into the

picture.

A random processis uncorrelated if

Ex(t)x(s) = Ex(t)Ex(s) (t#9
If, furthermore,
Ex(t)x(s) =0 (t#s9)
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then the random process is orthogonal. Any uncorrelated random process can be changed into

orthogonal random process by replacing x(t) by X (t) = x(t) — Ex(t) since then,
Ex ()X (s) = E[X(t) — Ex(D)][X(s) — EX(9)]= EX(t)(s) — EX()EX(S) = 0

If arandom processis orthogonal, then,
E[X(t) + X(t) + ...]2=BX(t) + BXC () + ... (L # L £ ...)

If X is a vector-valued random variable with components x1, ..., xn (which are of course random
variables), the matrix

[E(x — Ex)(5 — EX)] = E(x —Ex)(x' —EX") = cov X (3
is called the covariance matrix of x.

A random process may be specified explicitly by stating the probability of simultaneous occurrence

of any finite number of events of the type

provided the required derivatives exist. The expected value EQ[X(t,), ..., X(t,)] of any nonrandom
function of n random variables is defined by an n-fold integral analogousto (1).
A random process is independent if for any finite ty#...#t,, (4) is equal to the product of the first-

order distributions
PiIx(ty) <€ ... Prix(ty) <&

If aset of random variables is independent, then they are obviously also uncorrelated. The converse
is not true in general. For a set of more than 2 random variables to be independent, it is not

sufficient that any pair of random variables be independent.

Frequently it is of interest to consider the probability distribution of a random variable x(t, . 1) of a
random process given the actual values &(ty), ..., &(t,) with which the random variables x(ty),...,.X(t,)
have occurred. Thisis denoted by

PrX(tn+ 1) <EnealX(t) = €1, ..., X(ts) = &
R PR (S v o
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which is called the conditional probability distribution function of x(t..1) given x(ty), ..., X(t,). The
conditional expectation

E{gx(tr)]IX(t), -, X(tn)}

is defined analogously to (1). The conditional expectation is arandom variable; it follows that
EE{gIX(tn )] IX(t2), ..., X(tn)}] = E{ 9[X(tns2)]}

In al cases of interest in this paper, integrals of the type (1) or (5) need never be evaluated
explicitly, only the concept of the expected value is needed.

A random variable x is gaussian (or normally distributed) if

FiE) exp |- S5=E0

[ZnE(x — Ex¥F] | } Eix-Ex)

which is the well-known bell-shaped curve. Similarly, arandom vector x is gaussian if

I .
¥ |ﬁ| X ; ({4 s - 'I{', LE
(2" '||."|'.'CI'- l -

where C™ is the inverse of the covariance matrix (3) of x. A gaussian random process is defined

similarly.

The importance of gaussian random variables and processes is largely due to the following facts:
Theorem: (A) Linear functions (and therefore conditional expectations) on a gaussian random
process are gaussian random variables.

(B) Orthogonal gaussian random variables are independent.

(C) Given any random process with means Ex(t) and covariances Ex(t)x(s), there exists a unique

gaussian random process with the same means and covariances. (Kalman, 1960)
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