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Abstract

Numerous upcoming NASA misions need to land safely
and precisely on planetary bodies. Accurate and robust
state estimation during the descent phaseis necessary. To-
wards this end, we have developed a new approach for im-
proved state estimation by augmenting traditional inertial
navigation techniqueswith image-basedmotion estimation
(IBME). A Kalman ¯lter that processesrotational veloc-
it y and linear accelerationmeasurements provided from an
IMU has beenenhancedto accomodate relative posemea-
surements from the IBME. In addition to increasedstate
estimation accuracy, IBME convergencetime is reduced
while robustnessof the overall approach is improved. The
methodology is described in detail and experimental results
with a 5DOF gantry testbed are presented.

1 In tro duction

NASA's roadmap for solar systemexploration is ¯lled with
missions that require landing on planets, moons, comets
and asteroids. Each mission has its own criteria for suc-
cess,but all will require somelevel of autonomoussafeand
precise landing capability, possibly on hazardous terrain.
Previouswork [1] hasfocusedon machine vision algorithms
that, given a stream of imagesof a planetary body taken
from a singlenadir pointing camera,can produceestimates
of spacecraftrelative motion, spacecraftbody absolutepo-
sition and 3-D topography of the imaged surface. These
estimates in turn can be used by spacecraft control sys-
tems to follow precisetra jectoriesto planetary surfacesand
avoid hazardousterrain while landing.
Our current research, and the focusof this paper, augments
inertial navigation techniques [2] with the earlier devel-
oped image-basedmotion estimation (IBME) algorithms
[1]. The main contribution of this work is the development
of an enhancedKalman ¯lter (KF) that is able to process
relative pose measurements from IBME as well as inertial
measurementsfrom an Inertial Measurement Unit (IMU).
This generalmethodology can be extended to any type of
relative measurements (di®erencesbetween previous and
current states of the system). In order to accommodate
relative posemeasurements, the KF has beenmodi¯ed to
duplicate the exact sameestimate of the poseof the system
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and have these two (di®erently evolving) estimates inter-
act.
The bene¯ts of this approach include increasedstate esti-
mation accuracy, reduced convergencetime of the IBME
algorithm and improved robustnessof the overall system.
Accuracy increasesdue to additional sensordata for the
KF, convergencetime decreasesbecausethe KF output can
be used to initialize the IBME algorithm and robustness
improvessincethe inertial sensorsallow continued tracking
of spacecraftstate even when the IBME fails to follow an
adequatenumber of features. This approach can be used
as an enabling technology for future NASA missionsthat
require a safeand preciselanding capability.

1.1 Previous W ork
The work of Qian et al. [3] is similar to ours in that they
fuseboth inertial data and imagery using a KF to produce
motion estimates. However, we are di®erent in two key as-
pects. First, we combine both orientation (rate gyros) and
position information (accelerometers)with image motion
estimates. Qian et al. only fuse orientation information
(absolute from magnetometersand rate from gyros) with
image motion estimates. Second,our method is meant for
an application, safeand preciselanding for spacecraft,that
is expected to have large shifts in rotation and translation
during the spacecraftdescent phase. This will drastically
e®ectthe ¯eld of view after only a few frames, and thus
we make no assumption for the reappearenceof features
in more than two subsequent images. Consequently , our
method works by tracking features only between pairs of
consecutive images,and not a stream of imagesas in [3].
Bosseet al. [4] use an Extended Kalman ¯lter to merge
IMU, GPS, sonar altimeter, and cameramotion estimates
into a navigation solution for an autonomous helicopter.
Their approach is applicable to a lessdiverseset of envi-
ronments for two reasons. First, they use an optical °ow
basedmethod for motion estimation while we usea corre-
lation basedmethod. Optical °ow is restricted to domains
where the motion betweenimagesis expected to be small,
which is not the case for our application. Second, they
make the assumption that the surfacebeing imaged is pla-
nar, which may not be the caseduring landing on planetary
surfaces. Our method can handle terrain with rugged to-
pography.
Amidi et al. [5] have presented a visual odometer to es-
timate the position of a helicopter by visually locking on
to and tracking ground objects. Attitude information is
provided by a set of gyroscopeswhile position is estimated



basedon template matching from sequencesof stereovision
data. In this approach attitude estimates are not derived
from the vision algorithm and it is assumedthat the ¯eld
of view changesslowly while the helicopter hovers above
the samearea. New templates are acquired only when the
previous onesdissapear from the scene.

2 Approac h

2.1 Inertial sensing and Na vigation
Inertial navigation systems (INS) have been used for
decades for estimating the position and orientation of
manned or autonomous vehiclessuch as aircrafts [6] and
spacecrafts [7, 8]. In recent years, similar systems were
employed for localization of autonomous ground vehicles
[9, 2]. The coreof most INS is an inertial measurement unit
(IMU) comprisedof 3-axial accelerometersand gyroscopes.
Appropriate integration of their signalsprovides estimates
of the location of the vehicle. The quality of these esti-
mates dependsprimarily on the accuracyand noisepro¯le
of the IMU. Such systemscan track very accurately sud-
den motions of short duration but their estimates quickly
deteriorate during longer traversesdue to the noise that
contaminates the IMU signals. More speci¯cally, the in-
tegration of the low frequency noise component (bias) in
the accelerometerand gyroscope measurements results in
tracking errors that grow unbounded with time. In order
to sustain positioning accuracy, inertial navigation systems
usually include additional sensors(such as compass,incli-
nometers, star trackers, GPS, deep space network radio
signal receivers, etc.) that provide periodic absolute atti-
tude and position measurements. Over the yearsa variety
of approacheshave beenproposedfor optimally combining
inertial with absolute measurements. Most current INS
employ someform of Kalman ¯ltering for this purpose.
Previously, spacecraftduring the entry , descent and land-
ing (EDL) phase of their trip had to rely solely on IMU
signals in order to track their position. Lack of absolute
position and/or attitude measurements resulted in large
positioning errors and therefore left little room for naviga-
tion to a desireddestination. In addition, tedious postpro-
cessingof their data was necessaryfor determining their
landing site.
In order to improve tracking accuracy during EDL, addi-
tional sensingmodalities that provide positioning updates
are necessary. Camerasare lightweight, space-proven sen-
sors that have been successfullyused in the past to pro-
vide motion estimates between consecutive image frames
[1]. As aforementioned, most INS depend on the avail-
abilit y of absoluteposition and orientation information in
order to reducetracking errors and cannot directly process
relative posemeasurements unless these are expressedas
local velocity measurements and processedas such. As it
is discussedin detail in [10] this can be problematic, es-
pecially in caseswhere the relative posemeasurements are
available at a lower rate than the IMU signals. For this rea-
son we have developed a variant of a 6DOF Kalman ¯lter

that is capable of optimally fusing inertial measurements
from the IMU with displacement estimates provided by a
vision-basedfeature tracking algorithm. At this point we
will defer the derivation of this estimator for Section 2.3
and describe ¯rst the IBME algorithm.

2.2 Visual Feature Tracking and Na vigation
There exist many di®erent typesof algorithms for Image-
basedMotion Estimation (IBME). For e±ciency, we usean
algorithm that falls in the category of two-frame feature-
basedmotion estimation [11]. To obtain complete 6DOF
motion estimates,our algorithm is augmented by altimeter
measurements for scaleestimation. Below we give a brief
overview of our motion estimation algorithm; for more de-
tails, pleaseseeour previous work [1].
The steps of the algorithm are as follows. At one time
instant a descent cameraimageand a laseraltimeter read-
ing are obtained. A short time later, another image and
altimeter reading are recorded. The algorithm then pro-
cessesthese pairs of measurements to estimate the rigid
6DOF motion betweenreadings. There are multiple steps
in our algorithm. First, distinct features are selected in
the ¯rst image and then tracked into the second image.
Given thesefeature matches, the motion state and covari-
anceof the spacecraft,up to a scaleon translation, arecom-
puted. Finally, the magnitude of translation is computed
by combining altimetry with the motion, and the motion
and motion covariance are scaledaccordingly. Thesemea-
surements are then passedto the Kalman ¯lter where they
are combined with inertial measurements to estimate the
state of the vehicle.

2.2.1 Feature Detection and Tracking:

Figure 1: Tracked Features

The ¯rst step in two-frame motion estimation is the ex-
traction of featuresfrom the ¯rst image. Feature detection
has been studied extensively and multiple proven feature
detection methods exist, so we electedto modify a proven
feature detection method instead of redesigningour own.
Since processing speed is a very important design con-
straint for our application, we selectedthe e±cient feature
detection algorithm of Benedetti and Perona [12]. This



algorithm is an implementation of the well known Shi-
Tomasi feature detector and tracker [13] modi¯ed to elimi-
nate transcendental arithmetic. Although they ultimately
implemented their algorithm in hardware on a recon¯g-
urable computer, we have found that their algorithmic en-
hancements alsodecreasethe running time of software im-
plementations.
Usually feature detection algorithms exhaustively search
the image for every distinct feature. However, when the
goal is motion estimation, only a relatively small number
of features need to be tracked (» 100). Consequently , we
can speed up feature detection by using a random search
strategy instead of exhaustive search while still guarantee-
ing that the required number of features is obtained. Sup-
pose that N features are needed for motion estimation.
Our detection algorithm selects a pixel at random from
the image (uniform distribution in row and column direc-
tions). It then computes the sums of intensity derivatives
in a neighborhood of the pixel that are used to determine
if the pixel is good for tracking. Intensity derivatives are
only computed if they have not beencomputed previously.
If the sums of intensity derivatives are large enough (see
[12]) then the pixel is selectedas a feature for tracking.
This procedure is repeated until N features are detected.
Next, features are tracked from the ¯rst frame to the sec-
ond. As with feature detection, there exist multiple meth-
ods for feature tracking in the machine vision literature.
Feature tracking can be split in to two groups of algo-
rithms: correlation basedmethods and optical °ow based
methods. Optical °ow feature trackers are appropriate
when the motion between imagesis expected to be small.
Sincewe cannot make this assumption for our application
(autonomous EDL for spacecraft), we chose a standard
correlation-based feature tracker [14]. This tracker has
beenmadee±cient through register arithmetic and sliding
window of sums for correlation computation. An exam-
ple of features selectedand tracked betweentwo frames is
given in Fig. 1.

2.2.2 Motion Estimation:
The motion between two camera views is described by a
rigid transformation (C(q); t) wherethe rotation C(q), rep-
resented as a unit quaternion q, encodes the rotation be-
tweenviews and t encodes the translation betweenviews.
Once features are tracked between images, the motion of
the camera can be estimated by solving for the motion
parameters that, when applied to the features in the ¯rst
image, bring them close to the corresponding features in
the secondimage.
During estimation the motion parametersareconcatenated
into a single state vector a

a = [q; t] = [q1; q2; q3; q4; tx ; ty ; tz ]T (1)

Features in the ¯rst image are represented in unit focal
coordinates as hi = [hoi ; h1i ] and in the secondimage as
h0

i = [h0
oi ; h0

1i ]. The cost function that is minimized to

estimate the motion parameters is

L (a) =
X

i

kh
0

i ¡ P(hi ; a)k2 (2)

where P is the projection of the features in the ¯rst image
into the second.P is de¯ned as follows. Let X i be the 3-D
coordinate of feature hi at depth ®i then

X i = [hoi ®i ; h1i ®i ; ®i ]T (3)

The 3-D coordinates of feature h
0

i are then

X
0

i = [x
0

i 0; x
0

i 1; x
0

i 2] = C(q)X i + t (4)

and the projection of hi into the secondimage is

P(hi ; a) = [x
0

i 0=x
0

i 2; x
0

i 1=x
0

i 2]T (5)

L (a) is minimized using a robust Levenberg-Marquardt
nonlinear minimization algorithm, this algorithm requires
an initial estimate of the motion parameters and feature
depths. In our implementation, the feature depths are all
initially set to 1. An initial estimate of the motion pa-
rameters can be obtained using any number of methods
including: unaided inertial navigation, a robust 8-point al-
gorithm [1], or global search. For the results generatedin
this paper the initial estimate comesfrom a simple global
search that ¯nds the global minimum of L(a) by searching
a coarsediscretization of the rotation space,assumingzero
translation, and then searching a coarsediscretization of
the translation spaceusing the best rotation.
During minimization, a robust technique is usedto prevent
features that are inconsistent with the motion estimate
from the previous iteration from corrupting the motion
estimate for the current iteration. During each iteration
of the minimization, the projection residuals of the fea-
tures are stored in a vector R = [r i ; : : : ; r N ] and sorted. If
r i > r N =2 + 3(r 3N =4 ¡ r N =4) then the corresponding feature
is consideredan outlier and is removed from the computa-
tion of L (a) for the current iteration. After a few iterations
(< 10), the estimation convergesto the best estimate of
the motion â. Using this estimate, the Fisher information
matrix

I =
X

i

(dL i =da¤ dL i =daT ) (6)

where
dL i =da= ¡ 2(dPi =da)(h

0

i ¡ P(hi ; a)) (7)

is computed and passedto the Kalman ¯lter for usein gen-
erating the covariance of â.
A fundamental shortcoming of all image-basedmotion es-
timation algorithms is the inabilit y to solve for the magni-
tude of translational motion ktk, so the output of motion
estimation is a 5DOF motion composedof a unit vector de-
scribing the direction of heading and the rotation between
views. As described in [1] laser altimetry can be combined
with the 5DOF motion estimate to compute the complete
6DOF motion of the vehicle. However, for the gantry re-
sults presented in this paper, the altimetry data was too



coarse,so the magnitude of translation was derived from
the changein gantry positions betweenimage captures.
For each image pair, the output sent to the Kalman ¯l-
ter for image-basedmotion estimation is the relative pose
measurement [zp zq]T and its corresponding covarianceRr

calculated basedon the motion state a, the magnitude of
translation ktk and the Fisher information matrix I .

2.3 Fusion of Inertial and Relativ e Sensor data
In this section we derive the equations for the modi¯ed
Kalman ¯lter that processesthe relative pose measure-
ments from the IBME algorithm. Sinceour formulation is
basedon sensormodeling, we usethe Indirect form of the
Kalman ¯lter that estimates the errors in the estimated
states instead of the states themselves. The interested
reader is referred to [15, 2, 16] for a detailed description of
the advantagesof the Indirect KF vs. the Direct KF.
In what follows, we assumethat at time tk the vehicle
is at position G p(tk ) = G p1 with (quaternion) attitude
1
G q(tk ) = q1 and after m steps it has moved to position
G p(tk+ m ) = G p2 with attitude 2

G q(tk+ m ) = q2. Frames
f Gg, f 1g, and f 2g are the inertial frames of referenceat-
tached to the vehicle at times t0, tk and tk+ m correspond-
ingly.

2.3.1 Relativ e Position Measuremen t Error:
The relative position measurement zp betweenthe two lo-
cations f 1g, and f 2g can be written as:

zp = 1p2 + np = G
1 CT (q)(G p2 ¡ G p1) + np (8)

where np is the noise associated with this measurement
assumedto be a zero-meanwhite Gaussian processwith
covariance Rp = E[npnT

p ]. G
1 C(q) is the rotational ma-

trix that expressesthe orientation transformation between
frames f Gg and f 1g.
If ¢ pi is the error in the estimate of position pi and ±q is
the error in the estimate of attitude q then:1

pi = ¢ pi + bpi ; i = 1; 2: ; q = ±q ­ bq

Equation (8) can now be written as:

zp = G
1 CT (±q ­ bq)(G bp2 + ¢ p2 ¡ G bp1 ¡ ¢ p1) + np (9)

The estimated relative position measurement is:

bzp = G
1 CT (bq)(G bp2 ¡ G bp1) = G

1 CT (bq)G bp1;2 (10)

The error in the relative position measurement is:

¢ zp = zp ¡ bzp

By substituting from Eqs. (9), (10) and employing
the small error angle approximation ±q ' [±~q 1]T '
h

1
2
~µ1 1

i T
, it can be shown [10] that:

¢ zp ' G
1 CT (bq1)bG bp1;2c~±µ1 +
G
1 CT (bq1)¢ p2 ¡ G

1 CT (bq1)¢ p1 + np (11)
1Note that from here on q refers to q1 and ±q refers to ±q1 . We have

also dropp ed the vector symbol from the real, measured, estimated
and error position to simplify notation.

where b c denotesthe crossproduct matrix of a vector

b~V c =

"
0 ¡ V3 V2

V3 0 ¡ V1

¡ V2 V1 0

#

In Eq. (11) the ¯rst term expressesthe e®ectof the ori-
entation uncertainty at time tk on the quality of the esti-
mated measurement. Note that if at time tk there was no
uncertainty about the orientation of the vehiclethat would
mean ±~µ1 = 0 and thus the error in the relative position
measurement would depend only on the errors in the esti-
mates of the previous and current position of the vehicle.

2.3.2 Relativ e A ttitude Measuremen t Error:
The relative attitude measurement error between the two
locations f 1g, and f 2g is:

¢ zq = zq ¡ 1
2bq = 1

2q + nq ¡ 1
2bq (12)

where nq is the relative attitude measurement noise. We
assumethat nq is a zero-meanwhite Gaussianprocesswith
covariance Rq = E[nqnT

q ]. Since

1
2q = 1

0q ­ 2
0q¡ 1 = q(tk ) ­ q¡ 1(tk+ m ) = q1 ­ q¡ 1

2

and

qi = ±qi ­ bqi ; i = 1; 2:

1
2q can be written as:

1
2q = ±q1 ­ 1

2bq ­ ±q¡ 1
2 (13)

By substituting Eq. (13) in Eq. (12) we have:

¢ zq = ±q1 ­ 1
2bq ­ ±q¡ 1

2 ¡ 1
2bq + nq (14)

with

±q1 =

·
±~q1

±q14

¸
; ±q2 =

·
±~q2

±q24

¸
; ±q¡ 1

2 =

·
¡ ±~q2

±q24

¸

In order to simplify the notation we set:

1
2bq = q =

·
~q
q4

¸

For small attitude estimation errors ±q1 and ±q2 we make
the following approximations: ±q14 ' 1; ±q24 ' 1; ±~q1 <<
13£ 1; ±~q2 << 13£ 1. The ¯rst term in Eq. (14) can be
written as:

±q1 ­ 1
2bq ­ ±q¡ 1

2 '
·

~q + q4(±~q1 ¡ ±~q2) + b~qc(±~q1 + ±~q2)
q4 ¡ ~qT (±~q1 ¡ ±~q2)

¸

(15)
By multiplying both sidesof Eq. (12) with the matrix

¥ T (1
2bq) = ¥ T (q) =

£
(q4 I ¡ b~qc) ¡ ~q

¤
(16)

we de¯ne the vector attitude measurement error as:

¢ ~zq = ¥ T (1
2bq)¢ zq = ¥ T (1

2bq)( 1
2q + nq) ¡ 0

= ¥ T (1
2bq)(±q1 ­ 1

2bq ­ ±q¡ 1
2 ) + ¥ T (1

2bq)nq (17)



By substituting from Eqs. (15), (16) the ¯rst term in the
previous equation can be written as:

¥T (1
2bq)(±q1 ­ 1

2bq ­ ±q¡ 1
2 ) ' ±~q1 ¡ 1

2C(1
2bq)±~q2 (18)

Eq. (17) is now expressedas:

¢ ~zq '
1
2

(±~µ1 ¡ 1
2C(1

2bq)±~µ2) + ~nq (19)

where we have used the small angle approximation ±~qi =
1
2
~µi ; i = 1; 2 and ~nq = ¥T (1

2bq)nq with

~Rq = E[~nq~nT
q ] = ¥T (1

2bq)Rq¥( 1
2bq)

2.3.3 Relativ e Pose Measuremen t Error:
The Indirect Kalman ¯lter estimates the errors in: (i) at-
titude ±~µ, (ii) gyroscopesbiases¢ ~bg, (iii) velocity ¢ ~v, (iv)
accelerometersbiases¢ ~ba , and (v) position ¢ ~p. The error
state vectors estimated by the ¯lter at times tk and tk+ m

for i = 1; 2 are:

¢ x i =
£

±~µi
T ¢ ~bgi

T ¢ ~vi
T ¢ ~bai

T ¢ ~pi
T

¤ T

The errors in the relative position and attitude (pose)mea-
surements calculated in Eqs. (11) and (19) are:

¢ ~zk + m =

·
¢ zp

¢ ezq

¸
= X

·
¢ zp

¢ zq

¸
(20)

= ¡ [D 1 D 2 ]

·
¢ x1

¢ x2

¸
+ X nr = H

·
¢ x1

¢ x2

¸
+ enr

with

¡ =

·
G
1 CT (bq1) 0

0 G
1 CT (bq1)

¸

D 1 =

·
bG bp1;2c 0 0 0 ¡ I

( 1
2 ) G

1 C(bq¡ 1
1 ) 0 0 0 0

¸

D 2 =

·
0 0 0 0 I

(¡ 1
2 ) G

2 C(bq¡ 1
2 ) 0 0 0 0

¸

X =

·
I 3£ 3 03£ 4

03£ 3 ¥ T (1
2bq)

¸

Both noisevectorsnr and enr are assumedto be zero-mean
white Gaussianprocesseswith

Rr = E
£
nr nT

r

¤
=

·
Rp Rpq

Rqp Rq

¸
; eRr = E[enr enT

r ] = X Rr X T

As it is evident from Eq. (21), the relative posemeasure-
ment error is expressedin terms of the current ¢ x2 =
¢ x(tk+ m ) and the previous ¢ x1 = ¢ x(tk ) (error) state
of the system. Therefore the Kalman ¯lter state vector
has to be appropriately augmented to contain both these
state estimates. Note that tk and tk+ m are the time in-
stants when the two imagesprocessedby the IBME were
recordedand thus the relative pose(motion estimate) mea-
surement provided by the IBME corresponds to the time
interval [tk ; tk+ m ].

2.3.4 Augmen ted-state propagation:
If ¢ xk=k is the state estimate at time tk (when the ¯rst
image was recorded) we augment the state vector with a
secondcopy of this estimate:

¢ x̧ =
£

¢ xT
k =k ¢ xT

k =k

¤T

Since initially , at time tk , both versionsof the estimate of
the error state contain the same amount of information,
the covariancematrix for the augmented systemwould be:

P̧k=k =
·

Pk k Pk k

Pk k Pk k

¸

where Pkk is the covariance matrix for the (error) state of
the vehicleat time tk . In order to conserve the estimate of
the state at tk , necessaryfor evaluating the relative pose
measurement error at tk+ m , during this interval only the
secondcopy of the state estimate is propagated while the
¯rst one remains stationary.2 The propagation equation
for the augmented system basedon Eq. (26) is:
·

¢ x1

¢ x

¸

k+1 =k
=

·
I 0
0 Fk +1

¸ ·
¢ x1

¢ x

¸

k=k
+

·
0

Gk +1

¸
~wk

or

¢ x̧k+1 =k = F̧k+1 ¢ x̧k=k + Ģk+1 ~wk

where ¢ x1 is the non-moving copy of the error state of
the vehicle.3 The covariance of the augmented system is
propagated according to Eq. (27) and after m steps is:

P̧k+ m=k =
·

Pk k Pk k F T

F Pk k Pk + m=k

¸
(21)

where F =
Q m

i =1 Fk+ i and Pk+ m=k is the propagated co-
variance of the evolving state at time tk+ m .

2.3.5 Up date equations:
When the relative posemeasurement is received the covari-
ancematrix for the residual is given by Eq. (28):

S = H P̧k+ m=k H T + eRr (22)

where eRr = X Rr X T is the adjusted covariance for the the
relative posemeasurement and Rr is the initial covariance
of this noise as calculated by the IBME algorithm. We
de¯ne the pseudo-residualcovariancematrix as eS = ¡ ¡ 1S¡
and by substituting from Eqs. (21), (22):

eS = D 1Pk k D T
1 + D 2F Pk k D T

1 + D 1Pk k F T D T
2 + D 2Pk + m=k D T

2 + R r

2 In the derivation of the equations of the Kalman ¯lter that pro-
cessesrelativ e pose measurements, we duplicated the state estimate
and its corresponding covariance at time tk and allowed each of them
to evolve separately. We have coined the term stochastic cloning for
this new technique. From the Oxford English Dictionary: [ad. Greek
·¸ ¶! º twig, slip], [clone, v. To propagate or reproduce (an identical
individual) from a given original; to replicate (an existing individ-
ual).]

3The discrete time state and system noise propagation matrices
Fk +1 , Gk +1 are described in detail in [17, 16, 10].



where R r = ¡ ¡ 1 eRr ¡. The updated covariance matrix is
calculated from Eq. (30) as:

P̧k + m=k + m = P̧k + m=k ¡ P̧k + m=k H T S¡ 1H P̧k + m=k (23)

= P̧k + m=k ¡

·
Pk k D T

1 + Pk k F T D T
2

F Pk k D T
1 + Pk + m=k D T

2

¸
eS¡ 1 £

£
D 1Pk k + D 2F Pk k D 1Pk k F T + D 2Pk + m=k

¤

The updated covariance matrix for the new state of the
vehicle will be (lower-right diagonal submatrix):

Pk + m=k + m = Pk + m=k ¡

(F Pk k D T
1 + Pk + m=k D T

2 ) ~S¡ 1(D 1Pk k F T + D 2Pk + m=k )

The Kalman gain is calculated by applying Eq. (29):

K =

·
K 1

K 2

¸
= P̧k + m=k H T S¡ 1 (24)

with
K 2 = (F Pk k D T

1 + Pk + m=k D T
2 ) ~S¡ 1¡ T (25)

The residual is calculated as in Eq. (31):

~r k + m = ¢ ~zk + m = X ¢ zk + m =

·
zp ¡ ẑp

¥ T (1
2bq)(zq ¡ ẑq)

¸

wherezp, zq are the relative position and orientation mea-
surements provided by the IBME,

ẑp = 1 p̂2 = G
1 CT (q̂1)( G p̂2 ¡ G p̂1) ; ẑq = 1

2 q̂

and

¥ T (1
2bq)ẑq = ¥ T (1

2bq)1
2 q̂ = 03£ 1

Thus

~r k + m =

·
zp ¡ G

1 CT (q̂1)G p̂1;2

¥ T (1
2bq)zq

¸

Finally, the updated augmented state is given by Eq. (32):

x̧k+ m=k + m = x̧k+ m=k + K ~r k+ m

From Eq. (25) the (evolving) state will be updated as:

xk + m=k + m = xk + m=k + (F Pk k D T
1 + Pk + m=k D T

2 ) ~S¡ 1 £
µ

Z k + m ¡

·
G p̂1;2

0

¸¶

where

Z k + m =

·
G
1 C(q̂¡ 1

1 )zp
G
1 C(q̂¡ 1

1 )¥ T (1
2bq)zq

¸

is the pseudo-measurement of the relative displacement
(pose) expressedin global coordinates. The quantities
q̂¡ 1

1 , 1
2q̂ = 1

G q̂ ­ 2
G q̂¡ 1 = q̂1 ­ q̂¡ 1

2 , and p̂1;2 = G p̂2 ¡ G p̂1 are
computed using the previous and current state estimates
from the ¯lter. Note that the current state estimates at
time tk+ m are calculated by propagating the previous
state estimates at time tk using the rotational velocity
and linear accelerationmeasurements from the IMU.
The same process is repeated every time a new

set of relative pose measurements z(tk+ ¸m ) =
£
zT

p (tk+ ¸m ) zT
q (tk+ ¸m )

¤T
; ¸ = 1; 2; :: becomes avail-

able. The previous treatment makes the assumption that
the measurements z(tk+ ¸m ) are mutually independent,
i.e. E f z(tk+ ¸ i m )zT (tk+ ¸ j m )g = 0. If the IBME algorithm
usesthe sameset of features from an intermediate image
to track the pose of the vehicle through two consecutive
stepsthen thesemeasurements are loosely correlated:

E f z(tk+ ¸m )zT (tk+( ¸ +1) m )g 6= 0

Ef z(tk+ ¸m )zT (tk+( ¸ +1) m )g << Ef z(tk+ ¸m )zT (tk+ ¸m )g

In this casethe correlations have to be explicitly addressed
by the estimation algorithm. The interested reader is re-
ferred to [18] for a detailed treatment of this case.

3 Exp erimen tal Results

3.1 Gan try description
Experiments were performed on a 5DOF gantry testbed
at JPL, shown in Fig. 2. The gantry provides a hard-
ware in the loop testbed for collecting data of a simulated
planetary surfaceuseful for validating algorithms in a con-
trolled environment. It can be commanded to move lin-
early at constant velocity in x, y, and z and can also pan
and tilt. The gantry providesground truth linear measure-
ments with 0.35 millimeter resolution and angular mea-
surements with 0.01degreeresolution at up to a 4 Hz data
rate. It can carry payloads weighing up to 4 pounds and
still pan and tilt while heavier payloadscan be carried with
linear motions only. For our experiments, we attached an

Figure 2: 5DOF Gantry Testbed

electronics package containing sensors,onboard comput-
ers, and battery power to the gantry . The sensorsinclude
a Crossbow DMU-V GX IMU, a downward pointing laser
altimeter and greyscaleCCD camera. Only the IMU and
CCD camera were used for these experiments. The laser
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Figure 3: Trajectories estimated by integration of (i) the rel-
ativ e pose measurements provided by the IBME
vision-based algorithm, (ii) the IMU signals, and
(iii) the gantry .

altimeter will be integrated into the approach in the future.
For our experiments, only linear motions werecommanded,
pan and tilt was held at zero degreesorientation due to
weight constraints as described above. All sensor and
ground truth gantry data were gathered while following
thesetra jectoriesand then processedand analyzedo®-line.

3.2 Preliminary results
In the results presented here the motion of the vehicle
is tracked after it has been accelerated to a speed of
v = [42:7 ¡ 42:7 0]T mm=sec at t = 5:5sec. For the
rest of the time the vehicle follows a straight line, almost
constant velocity, tra jectory until time t = 18sec when
it deceleratesto a full stop at t = 19:6sec. In order to
extract the actual body acceleration during this motion,
the local projection of the gravitational accelerationvector
L ~g = G

L C(q)T G~g has to be subtracted from the accelerom-
eter signals. Even small errors in the attitude estimate q̂
can causesigni¯cant errors in the calculation of the ac-
tual body accelerations. This is more prevalent during
slow motions with small body accelerations as the ones
during this experiment. The estimated velocities and posi-
tions through the integration of the IMU are susceptibleto
large errors due to the magnitude of the gravitational ac-
celeration comparedto the minute body accelerationsthat
the vehicle experiencesduring its actual motion. With L ~g
being the dominant acceleration in the measuredsignals,
error analysis based on the propagation equations of the
IMU integrator has shown that even for small attitude er-
rors such as ±µ = 1± the errors in position can grow as
¢ px ' kgk ±µ t2 = 171 t2 mm while the vehicle only
moves as px ' vx t = 42:7 t mm. This is evident in Fig.
3 where the position estimates calculated by appropriate
integration of the IMU signalsare valid for only a short pe-
riod of time beforethe errors grow unbounded(e.g. for the
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Figure 4: Trajectories estimated by (i) the integration of the
relativ e posemeasurements provided by the IBME
vision-based algorithm, (ii) the Kalman ¯lter, and
(iii) the gantry (x-y).

y component of position the ¯nal error is over 1500mm).
Note also that during this relatively slow motion the inte-
gration of the IBME estimatesprovidessigni¯cantly better
results with only small errors intro duced at the begining
of the experiment (end of the accelerationphase).
By combining the IBME relative posemeasurements with

the IMU signals within the Kalman ¯lter, positioning er-
rors are substantially reduced. The vehicle tra jectory es-
timated by the KF follows closer the ground truth path
(recorded by the gantry) when compared to the tra jecto-
ries estimated previously by either the IMU or the IBME.
The position estimates for (x ¡ y) and (z ¡ t) are shown
in Figs. (4) and (5a) respectively. The average(absolute)
errors in theseestimateswere j ¢ p j= [4:5 4:7 4:2]T mm
for the KF, j ¢ p j= [17:4 41:4 29:9]T mm for the IBME
and j ¢ p j= [53:5 464:7 126:1]T mm for the IMU.
The availabilit y of intermitten t (relativ e) positioning in-
formation enablesthe ¯lter to also update the estimates
of the biases in the accelerometerand gyroscope signals
as depicted in Fig. (5b). This in e®ectreducesthe errors
in the linear accelerationand rotational velocity measure-
ments and allows the KF estimator to operate for longer
periods of time before an external absolute posemeasure-
ment is necessary. Finally, we should note that since the
information from the IBME corresponds to relative and
not absoluteposemeasurements the ¯lter estimated errors
will continue to grow, albeit at a slower rate. This rate
is determined by the frequency and quality of the IBME
measurements.

4 Summary and Future W ork
The motivation for this work is to advance the state
of the art in technologies that enable autonomous safe
and precise landing on planetary bodies. However, the
general Kalman ¯lter methodology described here can be
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Figure 5: (a) Trajectories estimated by (i) the integration
of the relativ e posemeasurements provided by the
IBME vision-based algorithm, (ii) the Kalman ¯l-
ter, and (iii) the gantry (z-t). (b) z-axis accelerom-
eter bias estimates.

extended to any application that combines traditional
inertial sensorswith those that provide relative measure-
ments (di®erencesbetween previous and current states of
the system).
We have shown that augmenting inertial navigation
with image-basedmotion estimation provides advantages
over using each method separately by increasing state
estimation accuracy. In addition, the fusion of IMU mea-
surements with motion estimatesfrom the IBME increases
the robustnessof the Kalman ¯lter estimator due to the
fact that thesetwo sensingmodalities have complimentary
operating conditions and noise characteristics. The IMU
is capable of tracking sudden motions but drifts fast
during longer smoother tra jectories while the IBME is
best suited for low frequency movements and is immune
to low frequencydrifts. Finally, although propagatedpose
estimates from the KF were not used to initialize IBME
at this stage,we expect that this will increasethe speedof
convergenceof the IBME algorithm by reducing the size
of the search space.
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A Indirect Kalman Filter equations
Propagation

¢ xk +1 =k = Fk +1 ¢ xk =k + Gk +1 wk (26)

Pk +1 =k = Fk +1 Pk =k F T
k +1 + Gk +1 Qk GT

k +1 (27)

Up date
S = H Pk +1 =k H T + R (28)

K = Pk +1 =k H T S¡ 1 (29)

Pk +1 =k +1 = Pk +1 =k ¡ Pk +1 =k H T S¡ 1H Pk +1 =k (30)

r k +1 = zk +1 ¡ bzk +1 = ¢ zk +1 (31)

xk +1 =k +1 = xk +1 =k + K r k +1 (32)
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