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Abstract 

1 Introduction 

I h c  to the sniall si/e. il-regular shape and variable 
\ i~~. f ' i~cc  p~-opertica 01' small hociies. ;ICCLIS;I~~ 111011011 

~,st ini i~t iori  1s ncedecl l'ol- safc and pr-ecise small hody 
~~\plorat ion.  f3ccai1se of' the communicatiori delay incluccd 
I I ~  the I q x  distances between the earth antl targctccl small 
1,odies. la~lt l ing on small hociic\ milst he clone 
autonomo~~sly using on-hoard sc~isors anti algol-ithms. 
( ' L I ~ I Y I I ~  11;1\1gation technology does not prov~dc the 
pl.cc~sion nccessal-y to accurately land on a sn~all  bodies. so 

11o\eI ~ i iot ion cstinx~tion teclinicl~~es I ~ L I S ~  he cicvelopccl. 
( 'onl lx~tcr \ lsion ol'l'ers a possible solution to precise 
t i ~ o t i o ~ i  estini:~tion. 

I l~ \ io r~ca l l ! .  optical na\ igatlon has heen i.isetl I'ol- (whit 
tlclcl.m~natio~i and inst~.umcnt pointing during close f l ) -h>\  
01' \111;lII IIOdle\ ;1nd 1110011s o f  the OllteI- pI;lnet\. (iellcl-;lll>. 
i111\ h;i\ hCcv1 ~mplcmen~ct l  h) gl-o~rnd-based ilnagc 
~ ~ I ~ O C C \ ~ I I ~ ;  i o  c\t[-;ict centroids 01. sniall ret'cl-encc l ~ r ~ c t s  
I I ~ C  ~ \ t c ~ - o i d \  :~nd tiloons t'l-on1 \vli1cl1 ta~-ge( rcl;~ti\,c 
\pacecraft attitude and position are conipi~tecl. 

' I l i c ~  Neal- I:artIi Asteroid l i cn t l c / \ o~~s  (NE/ \K) ,  a cul-I-ent 
I I ~ I \ ~ I O ~  t11'1t \ \ i l l  ~ - e n d c / \ o ~ ~ s  w ~ t l i  xstero~d has 4.33 111 

I~~~I~LI ; I I~> 2000.  uses opt~c;iI n ~ ~ v i y t i o ~ l  exteiisi\eI) l'or orhit 
tletel-niinatio~i and sniall body 3-11 modeling 151. I h c  base- 

lined n n ~ i g a t i o ~ l  technique ulll combine rnan~~al ly  
clesignatecl lanclrnarks from iniage~.y o f  Eros and 
radiometric clata to compute and control the trajectory ofthe 
orhitc~-. '['he N E A R  mission wi l l  c,lcarly dcrnonstratc the 
el'f'ectivencss o f  optical navigat io~~. However, this ground- 
based p;w;~digm wi l l  not map to niissions involving small 
hody exploration and landing. 

Small body exploratiori requires multiple precise targct 
relative Inaneuvcrs during a brief clcscent to the surface. The 

loi~ncl trip light time prohibits the determination of the 
ncccs\ar\ tr;!jectory control mancu\ers o n  the ground. 
F~~rthcl-more. typical onhoml pos~tion sensors do not have 
the accuracy ~iccdetl for s~n;dl hocly landing (e.g., during a 

s~nall  hotly tlescent taking a few houl-s accelerometer crl-ors 
wil l  grow to the hilon1etc1- level). tlowcver, the required 
positional accuracies can be obtained il' autonomous real- 
l ime optical navigation ~ncthocls a[-c clevclopccl. 

'l'hc Deep Space I m i s s i o ~ ~  as part o f  the Ncw 
Millennium I'rogram i s  flying ,111 ai~tonomous optical 

na\ig;~tiori technology clcmonstratio~~. Thc DS- l  
AutoOpNi~\ 5ystem wi l l  use onhoarcl ccntroicling o f  
rcl'crence a5tcroids l'ol- autonomou\ navigation during small 
body fly-hys 161. They expect to obtain automatic position 
esti111;1tc\ \4 ith accul-acies on ordcl- 01' I 00  kilometers. Fol- 
scicntilic ~ n s l r ~ ~ n i c n t  pointing purposes. this accuracy i s  

sul'licient. ('ontrollecl small hocly I;~ricliny wil l  require much 
better position antl motion c.stimation accul-aciex. 
f+urthernio~-e. since the appeal-allcc o l  the small hody i\ 
\:\I-iahle. s ~ i i d l  body landing c.annol alway5 rely o n  
I-cl'crence lariclniark\ for navigatiol~. The [IS- I AutoOpNa~\, 
systeni \\ 1 1 1  clcmonstratc autonom! ;1nd conipi~ter vi5ion in 
\pee. IIO\+~~\~CI- I'or sni;111 hotly land~ng a niorc versatile and 
accurate sy\tem i s  rccli~il-ecl. 

'l'liis p;ipc~- clcscrihcs ;I I'~111y akltonornous and onhoarcl 
solutiol~ 1 0 1 -  accurate antl ~ - o h ~ ~ \ t  iiiotion e\tirnation neiu- a 

proximal \niall lxxly. OLW tcchnlcl~~es :we hased on 
autoniatic I'eatul-c tracking bet\\ ccn a pair o f  inlagcs 
l'ollo\\ccl h! t \ io  I'rarne motion cstirnation and scale 
reco\cl-> i ~ \ ~ n g  laser altimctl-y data. The o~ltput o f  our 

;~Igorithni i4 a11 estimate ol' rigltl motion (attitude and 
p o \ ~ t ~ o r i )  and niotion covariance hetwccn frames. 1h1s 
motioll estiniatc ciui he p:rssecl cl~rectly to the spacecraft 
pi11d;111ce na\,~gation ancl control system to enable rapid 
exccutlo~l 01' sale and precisc tr;~jei.rorie. 

- ~- -~ - ~ --pp ~~ -- -- p~ 
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2 Motion Estimation 

Motion estimation from images has a long history in the 
machine vision literature. The algorithm presented in this 
paper falls in the category of two-frame feature-based 
motion estimation algorithms Once the spacecraft sensors 
arc pointed at the small body surface, our algorithm works 
,I\  follows. At one tirnc instant a descent camera image and 
,I laser- altimeter reading are taken. A short time later. 
another irnage and altimeter reading are taken. Our 
algorithm then processes these pairs of measurements to 
cstimate the rigid motion between readings. There are 
multiple steps in our algorithm. First. distinct features. 
which are pixels that can be tracked well across rnultiple 
Images. arc detected in the first image. Next, these features 
are located in the second image by feature tracking. Given 
these feature matches. the motion state and covariance of 
the spacecraft, up to a scale on translation, are computed 
 s sing a two stage motion estimation algorithm. Finally the 
scale of translation is computed by combining altimetry 
with the motion estimates using one of two methods which 
depend on the descent angle. The block diagram for motion 
estimation is shown in Figure 1. 

2.1 Feature Detection 

The tirsr step in two-frame motion estimation is the 
cxtruction of features from the first image. Features are 
pixel locations and the surrounding image intensity 
neighborhood (call this a feature window) that can be 
tracked well across multiple images that may under go 
arbitrary, but small. changes in illumination or viewing 
direction. A qualitative definition of a good feature is a 
feature window that has strong texture variations in  all 
d~rections. 

Feature detection has been studied extensively and 
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Figure 1 : Block diagram for motion estimation. 

multiple proven feature detection methods exist. 
Consequently, we elected to implement a proven feature 
detection method instead of redesigning our own. Since 
processing speed is a very important design constraint for 
our application, we selected the state of the art feature 
detection algorithm of Benedetti and Perona [2]. This 
algorithm is an implementation of thc well know Shi- 
Tomasi feature detector and tracker (71 modified to 
eliminate transcendental arithmetic. 

Surfaces of small bodies generally appear highly 
textured. so good features to track are expected to be 
plentiful. 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). The speed of 
feature tracking can be increased up to two orders of 
magnitude by using a random search strategy. instead of an 
exhaustive search for all good features, while still 
guaranteeing that the required number of features are 
detected. Suppose that N features are needed for motion 
estimation. Our detection algorithm selects a pixel at 
random from the image. If the random11 selected pixel has 
an interest value greater than a predetermined threshold, i t  
is selected as a feature. This procedure is repeated until N 
features are detected. 

2.2 Feature Tracking 

The next step in motion estimation is to locate the 
features detected in the tirst frame i n  the second frame. This 
procedure is called feature tracking. As with feature 
detection, there exist multiple methods tor feature tracking 
in the machine vision literature. Feature tracking can be 
split in to two groups of algorithms: correlation based 
methods and optical flow based methods 171. Correlation 
based methods are appropriate when the motion of features 
in the image is expected to be large. For small motions, 
optical flow based methods are more appropriate because in 
general they require less computation than correlation 
methods. We use the Shi-Tomasi feature tracker an optical 
flow based mcthod for feature tracking, because in our 
application of precision landing, we know a-priori that the 
motion between image frames will be small. Our 
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Figure 2: Unit focal length imaging geometry. World 
coordinate origin 0 is on image plane and optical cen- 
ter C is 1 unit behind image plane. 



~ ~ i i p l e n i e ~ i t a t i t , n  of' f e a t u ~ ~  11-acking fo l lows that i n  171 l'or 2- 
1) ( no t  a f l inc)  f u t u r e  mot ion .  

2.3 Two Frame Motion Estimation 

' l ' l ic ~ i i o t i o n  het\z,cc~i  t w o  caniera L i e ~ v s  cat1 he clescrihed 
17) a r i g i d  t ransformat ion ( K . 7 . )  where K ericotlcs the 
~ r o l a t ~ o ~ i  h e t ~ \ e e ~ i  v i e u s  ~ i t l  T e~icoclcs t l ie translation 
I ~ c t \ \ c c n  L i c \ \ \ .  0 1 i c e  l ' e i~ tu l -~s  are tr;~ched het t lecn Images. 
l l ~ e   no^ i o ~ i  of ' t l ie c;~rnel-a can he est imated b y  so lv ing  I'oI. [he 
mo t i on  Ixmrneters  that. \vhen appl ied to  the features i n  the 
111.s1 111i;lge. h r i ~ i g  the111 close t o  the c o n e s p o i i ~ i g  fcarures 
I 11 t lic x ~ c o n d  i rnage. 

I n  our  a l yo r i t hn~ .  m o t i o ~ i  cat in lat ion is a t w o  .;tagc 
I ~ I ~ K L ~ \ \ .  t i r s t  a n  i n i t ia l  estimate o f  the n ~ o t i o n  is computed 
i ~ s i r i y  ;I l i~ i~ ,x  irlgor-ithni. J l i i s  a lgor i t l im is appl ied m ~ ~ l t i p l e  
t1111e\ 11\11ig dil'l 'ere~it sets 01' t 'eat~~r-es to  e I i~ i i in ;~ te  I'~;I~LIIT 
11-ach out l iers and cletcl-mine a robust L M c d S  estimate ol' 
mot ion .  'T'he I-csult o f  this a lgor i thm is then used as input to  
a mol - r  accurate n o n l i ~ i c a r  a lgor i thm that solve\  f o r  the 
mot lo l l  1x11-anleters direct ly.  Since an good  in i t ia l  estimate is 
~ i ~ e d e t l  to  ~ ~ i i t i a l i / e  any ~ i o n l i n c a r  f ' ea t i ~ re -b~scd  ~ i i o t i o n  
cs t~r i ia t ion  a lgor i thm.  th is t w o  stage approach is c o m m o n  
1 I I 1. O u t p t  l~ rorn  the 1101ili11ei1r d g o r i t l i r i ~  is  t l ie estirii:~te o f  
t l ic l i \ c   notion p:rramctcr\ and their  coL~ariancc. O u r  
alyol- i t l in i  a\sumes that the camera tak ing the i~nnges  Iias 
I lecn ~ n ~ ~ n ~ i s i c ; ~ I I y  c ;~ l i b r ;~ t~c I  (i.e.. focal length. r;~~li;~l 
d i \ ~ o r t ~ o ~ i .  o p t ~ c d  centet-. skew i~ t ic l  ;~\pect :ire :ill k110\\1i). 

. \  I'urirl~rnicrlral shol-t cm~n i r i g  (dl' a l l  irn;igc-ha\etl rnotiori 
L , \ ~ I ~ I ; I I ~ ~ I I  a lgor i thms is the inability to  .olvc I'or the 
I I I ; I~ I I I~M~~ 0 1  t ~ . ; ~ ~ i s l a t i o ~ i ; ~ l  ~ i i o t i o n .  I n t i ~ i t i \ e l j ~  the re:1so11 1'01. 

2.3.1. K o l ~ ~ s t  I,inear hlotion listinlation 

l l i c  III.\I \ tayc 01' ~ i ~ o t i o ~ i  c s t i ~ n i i t i o ~ i  i ~ s e s  ;I I inc;~r 
; ~ I ~ o r i t l i r i ~  to  L ~ O I ~ I ~ L I ~ C  t l ic ~ n o t i o ~ i  b e t \ \ e e ~ i  \ icv,\ 1.41. Since 
~ l i c ~  I l ~ i i > a r  a l yo l -~ th rn  ha\ :I closed fol-m so lu t i o~ i .  ~ i ~ o t ~ o r i  can 
IN* c c ~ n ~ p u ~ e d  c l ~ ~ ~ c h l j .  HOMC\CI-. the li11e;ir a I g o ~ . i l I i n ~  doc\  
1101 \ o l \ c  1.01- illc ~ i i o t i o n  parameters clil-ectlq. so its ~.csults 
\ \  1 1 1  1101 hi' a \  accurate a \  tho\c' obtained u \ i ny  the ~ ion l inea l -  
L ~ l ~ o ~ - i l l l n i .  (1111- linc:~s ; ~ l g o ~ . l t l i ~ n  is ;II~ i l i l l > l e t i l ~~ l t ; ~ t i o I I  0 1  illc 
, r l ~ c ~ ~ . i t h m  p.c\cntccl I n  (101 a ~ ~ y ~ i i e ~ i t c c l  I>> ~ i o r ~ i i a l ~ / a t i o ~ ~  
~ ) r c ~ \ c n l ~ ~ . l  III 13 1 101. better IILIIIICS~C;I~ c o ~ l d ~ t ~ o l i i n g .  T o  l i l t c r  
out po\s ih lc out lie^-\ i n  I ' e a t ~ ~ ~ - e  dc t cc t i o~ i .  \ \e  use a rohu\ l  
IIIIC\;II. 1 i101 to1 i  c ~ t i ~ i ~ ; ~ t ~ o t ~  ; ~ l g o r i ~ l i ~ ~ i  l x ~ s e d  OJI le:~st t i i e d i ; ~ ~ ~  01. 

2.3.2. Nonlinear Motion Estimation 

Robust l inear  notion c s t i m a t i o ~ i  serves t w o  purposes: i t  
p r o ~ i t l c  a11 in i t ia l  e s t i m a ~ e  o l ' r he  5 D o F  mo t i on  between 
\, iews and i t  detects and e l iminate \  f u t u r e  track outl iers. 
T h e  non l i nc iu  a lgo r i t hm takes the  niti id l inear cstirnatc o f  
the n io t ion  and relines i t  b y  rn in im i / i ng  an cr-ror term that i s  

a funct ion o f  the mo t i on  parar-nete~-s and the outlier-I'ree 
k a t ~ ~ r c  tracks. There  exists nrany nonl inear mot ion  
c ~ t i n i a t i o n  a lgor i thms i n  the v is ion  l i terature. Instead of 
starting I ' r o ~ i i  scratch. the non l inear  a lgor i thm we  have 
t le\~elopct l  col i ib i r ies the at t ract i \c elements o f  r n~ r l t i p l c  
algor i thms to  p r o d ~ ~ m  an d g o r i t l i n i  that i s  computat ional ly 
ef l ic icnt .  ~ i u m c r i c a l l y  stable and ;recurate. Fo r  ~ iu rnc r i ca l  
stability, L\.C u \e  the ca1ncl-a mot lc l  p iu-arncter i~at ion o f  
h/arhayq ian i  and Pentlantl l  I ] .  Fo r  h igh l y  accurate mo t i on  
pm;rnletcr est imat ion we  LIW thC IAe \ ,~nbe rg -Marq~ ra r t l t  
a lgor i thm as proposccl b y  S ~ e l i s k i  and Kang lX ] .  Final ly,  fo r  
computat ional  el'licicncy. we  r e r i i o w  the scene structiwe 
I ' r o~ i i  the nonl i r iear m in im iza t i on  a \  suggested b y  Wcng  et 
i l l .  i n  1 I 1 1 .  

First. t l ie homogenous coordi11;ltes o f  each feature are 
clete1-1i1i1iecl h y  pro jcc t ing  t h a n  on to  thc uni t  local  plane. 
Th i s  ~ w o ~ e c t i o ~ i  w i l l  t lepentl o n  the lens. i~nagel-. and camera 
moclel ~ ~ s c t l .  A s imple  model  l i ~ r -  the 11-ansformarion 01' a 
1>;11~1rc at p ixe l  l o c i ~ t i o n  ( / I , . ( / , )  t o  i ts h o m o g c n o ~ ~ s  
c o o r t l i n ; ~ t c  r r i  i\ 

w l ic re  (C;,.C',/) 1s the C C I I ~ C ~  o f t h e  C;IIIW~;I i n  p ixe l  irnits.,f is 
the local  lengrl i  of' the caniera i n  p ~ w l  uni ts and .s iz the 
aspect rat io o f  the pixels.  Th is  rnoclel acsilme9 n o  radial 
t l i \ to r t ion  i n  the cali lcra. Mol-e sophisticirted models thal  
include racl~al  d istort ion ill-e used \ \hen riccessary 101. 

13cl'orc. l i e  c m  exprc\ \  the el-I-or l u~ l c t i o r i .  L\'C need to  
dct:~iI the r n o t i o ~ i  p : ~ ~ - a ~ n c t c ~ - s  OLCI- ~411icIi the ~ ~ i i ~ i i n i i / a t i o ~ i  
\\ill take place. F I I - \~  ol 'a l l .  the m c i ~ i o n  hetwccn framcs i s  

p c s c ~ i t e d  :I\ :I t~ -a~ i s l a t i o t i  ;IIKI ~ ~ o t a t i o t i  pa i r  ( f ? , T ) .  To 
\ i ~ i i p l i ( y  tlle para~neter  cs t i n i a l i o~ i .  \ \ c  represent the r o t a l i o ~ l  

I 

\\it11 ;I ,init c l ~ ~ ; ~ t e r n i o ~ i  11 = l;i ( / I  (12 (id i i ~ i c r c  t ~ i e  

'l'hc' tran\latiorl is I-eprescnred b y  a uni t  vector 



1 
(1 = [(I,, Ill q2 T ,  7.)  7.j ( 3 )  

Nonll~ical ~ i iot lon estimation attempt$ to mininiizc ttic 
Ilnage plane erl-01- bctwcc~i the Seati~rcs in tlie second vicu 
c ~ ~ ~ d  the p r o ~ ~ c t i o ~ i  01- the I'C;I~LI~CS in the lirst view, into the 
\cconcl \ iew gi\en tlie ~ i io t ion  hetween frames. 

I l  the unit local coordinates (clclinctl by Equation I ) ol' 

111 iliiagc .I .  t l ie~i  tlie 11nage plane cssor i s  

\\liere f'rcpresents the projection o f  the f'eaturcs 11,' into 
Ilnagc .I g i \ c r  the motioli a. Correct image projection 
IC~UII.L'\  hno~ ledge  o f  the depth to i r  t'catusc and a 
p e r p e c t i c  camera nioclcl. Using the niodel 01' 
A/;u-ha)qian~ and Pentland I I ] ,  i f  the ( i~nhnown) I'eati~se 
tlcptli\ i'roni tlie image plane arc a,. then the relation 
lwt\\ecn u n ~ t  focal I'eati~re coordinates and 3-D feature 

i.oord111ates i\ 

Ihc I ~ u u r c <  111 image I are transformc.cl into itiiagc .I 
, 1 ~ ~ ~ o r d l n ~  I0 

(6) 

('onihining t.cluat~on 5. Equation 6, arid Equation 8 results 
111 ,I completc del in~tion 01' Equation 3. 

To cstini,~re the rnotio~i paranetel-\. u e  ~ i i i n ~ ~ n i / e  
IJL~LI;I~IOI~ 4 u\ing the LAevc~ibcrg-Marc~ i~~~r~I t  algorithm for 
non1inc:rr ~nini l i i i /at ion. This appl-oath Mia\ also L I ~  by 
\/elishi and Kang 1x1, 1ioweve1-. unlike in theit- appl-oach. 
\ \ c  do riot inclucle tlie feati~~.c: depths in tlie minimi7ation. 
I~ i c l i t \ ~on  o l  the l'eature clepths woilld incrcasc the length ol. 
thc pasanletel. \ector I'rom 7 to 7+N.  Since tlie niinimi/ation 
sclies on in \w\ ion  ol'a scli~at-e matrix o f  rank equal to the 

length ol'thc parameter vector. a comput;~tionally expensive 
~iiatsix in\ession would result. Since feature depths can he 
co~npi~tcci clirectly ['I-om the motion hetu~.eli views. i t  i s  not 
necessary to inclucle them in the pararncter vector. Inatexi. 
at each iteration. tlie I'eaturc depths arc updated using the 
current motion cstimate.The sesi~lt is ;I co~nputationdly 
cl'licicnt and accurate niotion cstimatio~l algorithm. 

Since we at-c solving lor a rot i~t ion represented by :I unit 
cluatcrnioti and also a unit length [I-anslation. these 
constraints necci to he enfi~sced dul-ing mini lniut ion. We 

enforce these constraints by setting ( 1  + &(/ I  = I and 
/ I + 67'11 = 1 during the i~pdate o f  the ~wamc tc r  vector at 
each ~tcration ol' the I ,evenherg-Mar~l~~:~~-dc algorithm. 
Consequently. these constraints arc enlorcccl while not 
complicating the minimimtion by inclucling the constrai~its 
explicitly in tlic minimimtion I'i~nction. 

The o u t p ~ ~ t  o f  non1inea1- motion e\tini;rtion is an estimate 
01' the 5 I>ok motion betweeti view,\. 111 addition, tlic 
covariance C of the motion parameters N ca11 be extracted 
directly I'rom the clt~antities computed during minirni~ation 
using 

2.4 Scale Computation Using Altinieter 

The linal stage ol' motion c s t i ~ i i a t ~ c ~ ~ l  conipi~tes the 
remaining motion parameter. magnitide of' translation. 
froni lases altinictsy clata. Lkpencliny on descent angle anel 
surll~cc relief. o w  ol't\vo complimentar) metliocts is i~scd. 

2.41. Motivation 

Motion estimation i~s ing  monocular i~ii;lgery c;~~itiot 

s o l ~ c  directly for the rriagriitidc o f  11-xislation. so an 
external means must he used to recover this parameter. For 
:I spacccral't in orbit about a small body, there exist mi~l t ip lc 
possi hlc wlutionr. 

One solution i s  to integrate the accclero~ncter 
~neasurcmcnt in tlie spxecrnft inertial rcl'et-encc unit to 
determine po~ i t ion .  The adviuitagc ol'accelcrometcr~ i s  that 
they pesu i t  ;I u)~i ip lcte ly onboard solution. llnforti~natcly. 
hecail\e that come I'soni integration ol' noisy accelcratio~i 

meas~lreIiients, position measurements from accelerometers 
m;ly be too in:~ccuratc lol- PI-ecision landlrig. 

'l'lic traditional approach is to il\e railionietric tracking 
~ i i casu remen~  from cirrt11. 'This appt-oach has the advantage 
that i t  i\ well i~ndcrstood ancl i~scs cclillpmcnt already on 
bo~u-tl tlie spacecraft, t1owevc1-. racliomctric 11-acking has 
many c l i \ ;d \  ;lntage$. Fil-st, i t  t-equi~-es dccl~catecl Deep Space 
Networh tracking uhic l i  is expen\i\c and cliflicult to 
scliccli~lc. Second. rouncl (sip light time 1'0s tracking from 
eiwtli indilces n large latency in any position nieasurenicnts 
(;~pproxitn;~tely 93 minutes for comet Tcmpel I ). 

Multiple missions have or LII-e i ~ \ i n g  laser a1timctc1-s lor 



\clcwcc ret l l rn ;uid na\ igat ion.  A s  shou  n below. laser 
a l t~me tc rs  can alzo he used as a navigat ion sensor b y  a id ing 
the detel-niin;rt io~i o f  the pos i t ion  o f  the sp;~cec~.aft. L x e s  
altimeters five accurate range estimales and. when 
cor i ih inet l  \41tli a descent inlager, present a cori ipletc on- 
h o ~ ~ l - d  solut ion to  6-11 hot ly relative mot ior i  es t i~n ;~ t ion .  A 
c l~sad\~an lagc 0 1  the I a s u  al t imeter appro;ich is that they 
II,ILC l im i ted range (50 k m  I'or the NEAK laser al t imeter) .  
t lo\vcver. near body operations is precisely when accurate 
posi t ion es t i ~ i i a t i on  is ncedecl the most. so th is is not  a m~!ior 
i s \ i ~ e .  A I;~ser ;~l t in ieter is a11 ;~ddi t ion;~l  sensor: 1mucve1-. 
sciencc I.CILII-11 conit>iried w i t h  ~ i a v i g i ~ t i o n ; ~ l  use ,justif>, the 
aclcl i t io~i. Based on  the tl isi~clvantages o f  the other available 
optron\. w c  r lc le rmincd that the u w  o l 'a  lascr al t imeter was 
tl ic 1110st pron i is ing  solut ion fol- scale estimation. 

2.4.2. 1)ifference Scale Estimation 

11' irliagcs arc taken as the spacecraft clcsce~icls vert ical ly 
to the si~rI ' ;~cc. o r  the surface has very l i t t le  s ~ ~ t - l i ~ c e  rclicl'. 
c x m p ~ ~ t a t i o n  o f  11-anslation niagnitucie is  straigIit1~orua1-(I. 
I. i i \cr a l t in ie tc~-  readings A, and A,, arc acquired 
\ ~ ~ i i i ~ l t ; ~ ~ i c o ~ ~ s l y  w i t h  each image. A Y  shown i n  Figure 3. the 
t l 1H21wce  ill al~inieter-  reaelings is equal  to  the trarislation 01' 
the spacccritft a long (he z-axis between iniages. 
( ' one t l uen t l y .  thc magnituclc o f  11-anslation is 

1.01. l l lo t io l l  ~ l p ~ l r o ~ l c l i i l l g  l l o r i ~ o l l t a l .  1: appr0;1ches /e1-0. 
l : c l ~ ~ a t i o ~ i  I 0  hecomes ill contl i t ionccl and dil'l'ercnce sc;~le 
est imat ion \ \ i l l  not wo rk .  l ~u~ - the~ - rno rc .  i f  the spacccralt i \  
riot c lewending \el- t ical ly and the susf i~cc topography i\ 
~ - o u g l i  on  o lde r  of ' the scale o l ' t r a n s l a t ~ o ~ i  t l i c ~ i  the t l i f k ~ c n c c  
o f  a l t ~ n i c t c r  I -eat l~ngs w i l l  no t  accur:~rely r-cllcct the / 

~ ~ ) ~ n p o r ~ c ~ i t  01' t l ic t rms la t io t i .  Once  ;~g;~in. t l i f l 'crcnce scale 
cst in iat ion M ill not u o r k .  Fortunately a different. alheit 
r i iore conipl ic;~tcd.  procedure exists fol- compu t i ng  scalc i n  
~ I l e \ ~  c<lses. 

1.4.3. Structure-Based Scale E%tirnation 

i n  th is case. scene structure can be estimated more 
accurately t h m  fo r  pure  descent. 

T h e  procedure t i ) r  c t r~~cture-basct l  scale est imat ion is to  
first compute  the I'eature based n io t ion  between images 
d o n g  w i t h  the depth  o f  the f'eature.~ 111 the irnage. Assumjng 
al ignment o f  lascr alt i lnetei- wit11 the opt ical  axis. the 
I'eatu~-cs near the center o f  the image w i l l  he geornetrically 
close t o  the surf;~ec patch that supplies the reading for thc 
laser al t imeter (see F igure  3). Since i t  is un l ike ly  that a 
feature w i l l  correspond exact ly t o  the irnage center, a Icw 
(3 -5)  fcatures closest t o  the image center are selected and 
u~c igh te t l  interpolat ion is i ~ s c d  t o  dcrer-rniric the scene depth 
at the image centcr tr, .  T h e  image-hased scene depth at the 
i ~ i i a g w e n t e r  has the s a n e  clcpth a \  the al t imeter reading 
taken whcn  the first image was acquit-ccl. so the rnagnituclc 
o f  11-anslation is 

A number  of observations can he made ahout structure 
based scale est imat ion.  First. A s  the translation between 
iniages qpt -oachcs vertical, the s t r u c t ~ ~ r c  estimates dcgradc. 
especially near the opt ical  axis (i.~.. o n  the opt ical  ax i i .  t l ic 
c l i s p l x c ~ n e n t  between k n t u r e s  w i l l  be  zero f o r  vertical 
descent - s t r i ~c tu~ -e  f r o m  tr iangulat ion cannot hc  coniputcd).  
Fortunately. vertical descent is  precisely the mo t i on  where 
tl i f lct-cnce scale est imat ion w o r k  hcst. Second. 1.01- the 
al t imeter reatl ir ig t o  hc rc latcd t o  icene s t r ~ ~ c t u r c ,  a feature 
n i ~ ~ s t  he located ncas the opt ical  a \ i s  it1 thc first frame. so 
structut-c-based scale es t ima t i o~ i  w i l l  wo rk  bct tcr  when 
more I c ~ t u ~ - c s  are tracked. 

' l 'hc m a g n i t ~ ~ d c  ol '  translation I'rorii lascr al t imetry whcn  
c o n i h ~ n e t l  w i t h  I'cature-based mo t i on  cornplctcs the h DoE 
 notion est imat ion o f  the spacccral't. 

3 Results on Real Imagery 

To test out- n io t ion  cst in iat ion ; ~ l g o ~ - i t h m .  wc gcncratccl 
t w o  scc111~11~es ol ' real  imagcry.  Firs1 ;I cornel nucleus analog 
was created h y  a comet scientist ;it SPL. Th is  ~ u i a l o g  is 
rouyh  at a l l  scales ;rnd matte black. tlie expected 
cl i ;~r ;~cte~- i \ t ics 01' conlet  nuc lc i .  T h e  analog has an 
approximate t l ~ i ~ m e t c r  01'35 cm.  We placccl the analog o n  :I 
r i g d  stand and took t w o  sccluerices OI illiagcs as the camera 
~ i i o \ c t l  to\\:r~-tl the comet analog. I ' l ic l i rs l  sequence wh ich  

- 
Di f fe rence  
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Sca le  E s t i m a t i o n  S c a l e  E s t i m a t i o n  

F i g u r e  3: M e t h o d s  f o r  e s t i m a t i n g  t r a n s l a t i o n  magn i tude .  
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tlegrei. l ielt l o f  vie\+ lens. The second sequence called 
( / / I / I / Y u I ( ~  n ;IS taken wi th  a 1034x lO24 C C D  imager and :I 
25 tlegree field o l 'v icw lens. Both sequences were acquired 
~ v i t l i  the camel-a starting 80 c m  f rom the comet analog: the 
cal1w.a ~novecl 1.00 c m  toward tlic analog betwee11 each 
Image. 

( i r o ~ ~ t i c l  truth for  the image sccluerlce motions werc 
ohtaincd t h o ~ ~ g l i  camera calihl-ation 191. Each camera was 
calihr;~tetl using a calibration target and as a by product o f  
the calibration procedure. tlic dit-cction o f  tra~nslation was 
computecl. Fol- the descent sequence. the true translation 
c l i r cc t~o~ l  15  10.0.-I 1. and for the approach sequence. the t r i ~ e  
trati\l;~rion ilil-ection is (0.0096, -0.0033, -0.9999). Since the 
c,aliieras wcrc r igidly fixed. there was 110 rotation i n  the 
IllOtlOll. 
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Figure 4: Motion Estimation for the Descent Sequence 
with 50 features tracked. 

A n  altimeter reading was sirni~latecl for each image hy 
using the translation stage reading a the altimeter- reading. 
Using this data type. tlie scale o f  translation is know to the 
accuracy of' the truislnt ion stage. so no wale estimation 
method is ~iccdccl. 

The motion est imatio~i results I'or 5 0  l ixrures and the 
descent sequence are shown ill Figure 4. At  the top is shown 
the feature 11-acks Sol- the entire secluencc. Dif fcrcnt shaded 
t~-acl\\ corl-csponcl to the different keq Srames when the 
features werc added to the sequence: a key I'rnme occurred 
every 4 frames. Next are shown the computed translation 
(I.\-.r~:t:) and rotation angles ( ~ l t . t : \ : t - : )  ol' the niotion 
computed for each frame using the two stage niotion 
estimation algal-ithm. Fol lowing these i\ a plot showing tlie 
tralislation error magnitude (vector di\taricc between the 
true atici estimated translations) for c>ach f r i~me in  tlie 
\cclucrice. O n  this plot. the daclieci l ine corresponds l o  rhc 
expcctcci pcrfornialice o f  the algoritl inl cstahlished i~s i r ig  
Monte Curlo simulation (assuming pel-kc1 fcature trucking) 
tor the imaging parameters and motion (See Section 3). 
Finally. the rotation error niagnit ide (vector d i fkrcnce 

between e s t ~ ~ n a t c d  and true rotation angles) is shown for 

each frame. Again. the clashed line i~orresponds to the 
e ~ p ~ t u d  perI'or~n;~~ice o f  tlie algoritl inl established using 
Monte ('ado simulation. 

Table I summar i~cs  the additional ~ i lo t ion  estirnatio~i 
result\ ohtailled f rom processing rhc appl-oach micl descent 
secli~e~iccs ohtainccl using 5 0  o r  500 li.at~~re\ and linear or 
lincar+nonlinual' motion estimation 

For the 50 I 'cat~~re clesccnt scq~1e11i.c and tlie lilie;~r 
motion estimation algal-ithm, the awragc translation error is 
0.045 em o r  4.Sf% ol' the distance tl;~\eletl. The average 
rotation error 1s 0.063 clcgrecs f rom n o  rotation. These errol- 
\slues arc similar to the expected motion errors (0.057 c m  
atid 0.04 degl-ces) I'rom Monte Carlo s i~nulat ion given the 
parameters o f  the image sequence. The I'ramc rate 1~ this 
sccli~cncc ii; 4.01 H /  o n  a 174 M h /  RIOOOO SGI 0'. 

Pol- thc 50 fcatu~-e approach seclucllcc arid the lineal- 
n i o t i o ~ i  est iniat io~l algorithm. the avcragc tritnslation error is 
0.028 c m  01- 2.8'4 01' the distalice tl-avclccl. l ' hc  qqxoacl i  
seqilelicc rcsults arc more accurate hccauw tlic rcsolut io~i o f  
1111' imager is greater'The I'rame rate Sor t h ~ s  scquencc is 3.0 1 
H r  on a 174 Mh, K I0000  SGI  0'. The approach sequence 
takes slightly longer to process hecause the larger image 
requires more t ime to tlctcct fe;~ti~res. 

Tl ie results i n  Table I. show that i n  yetic~-al thc addition 
01' tlie nonlinear motion estimation algorithm does not 
i m p r o ~ c  tlic results o f  motion estimation all that much. This 
is hecause for vertical descclit. rlie motlol l  computed using 
the l i~iem. algorithm is vcry constrained. so the results are 
vcry close to those obtained u s i ~ i g  rlie nonlinear algorithm. 
Including the nonlinear algori thm ill general do i~hles tlie 
running time o f  tlic algorithm. so for tlie ver t~cal  dcscelit. i t  

is probably a good idea to re~novc  this stage I ' ro~n the 



a lgo r~ th~n  il' running time is important. However, fol- other 
 notion\ (e.:.. orbital nlotion) the nonlinear algorithm wi l l  
rcsult in improved motion estimation and should be used. 

Tirhle I also shows that adding features ( S O  vs. 500)  does 
not improve ~l lot ion cstim;~tion all that much. Since adcling 
l>atu~.es increases the processing time o f  each frame, suing 
i0 I'eatures i s  recommended for cstimatirig descent rnotion. 

3 I'erforniance Testing 

I lsing Monte Gal-lo testing. the effect o f  sensor 
pmnieter \  (c.g.. field o f  view. resolution), spacecr-al't 
11-,!jcctory (c.g.. motion, altitude) antl scene charxteristics 
( 2 . y . .  s ~ ~ r t ' x e  scale) o n  the accuracy ol'botly relative motion 
c\tiniation can he determined empirically. We used these 
tc\t\ to se;trcIi for the "best" scnsor para~neters for precise 
niotion estimation ant1 to predict the perlbrmancc ol' the 
i~lyorithrn y i ~ c n  a precletcrmined set o f  sensor piwarnetel.\. 

4.1 Monte Carlo Simulation 

l 'he powc'cii~re for a single Monte Carlo trial is as 
lollo\vs tirat a synthetic terrain map is generatecl to 
repment\ the \urf i~ce o f  the small body. Next, n fen t~~rc  
position in the lirst image i s  generated by I-anctomly 
sc lcc t in~  :I pixel in the irnuge (featur-c position in lirsl 
i i~ lugc).  Tlic 3-11 position o f  the feature is I b i r r i t l  by 
~nterwctiny it:, line o f  sight ray with the synthetic surf'ace. 
S~rlcc the position 01' the camera for the second vicw i s  a 
I\r~o\vrl IIIPLII. thc 3-11 point c;111 he pmjectctl into the sccoricl 
\ IN to C~~IC~III~IIC i t s  pixel position in the second image. 
(;aus\ian noise i s  then added to this feature pixel posltlon to 
si~iiulatc Icaturc tracking errors. This is repeated fol- 
ho\\cve~- many I'eatures arc rcquestecl. Altimeter rexlings 
are computed hy intersecting the line ol' sight for the 
alt~mctcr (the camera optical axis) \ i i th  the synthetic 
terrain. and comp~~ t ing  tlist~uncc betwcc~i the senwr (x i f in 
a d  the .iurfacc intersection. Gaussian noise is then added to 
tllc 1.;111gc \slue to simulate measurc~nent noise in the 
altimctcr. I l \ ing  cimi~latetl featul-e t rack  and alti~lrctcr 
rcaclir~g\. thc cornplete 6 DoF motion i s  estimated. 

i.or the\c tc\t\ wme o f  the motion esl~mation parameter\ 

were lixed: imager resolution was lixed at 1024. field o l  
view was set to at 30  degrees. spacecraft altitude was set to 
1000 rn. altimeter r-ange accuracy \+;IS set to 0.2 In. feature 
tracking error was set at 0.17 p~xels. aver-age feature 
tracking disparity was set at 20 pixels. scene sur fxe  scale 
\\,as set to 200 m.. and number o f  [racks was set ;]I 500. The 
remaining pal-ameters to investigate are spacecraft rnolion 
and the scale estimation mode ~rsctl 111 the algorithm. 

4.2 Effect of Motion on Motion Accuracy 

This investigation was perfor-~netl to determine the cfl'ect 
o f  tlitf'ercnt spacecraft motions o n  rnotion estimation 
accuracies. To simplify this invc\t~gation. the space of 
possihlc  notions was broken into two groups: descent (pure 
translational rnotion) and pointing ( p ~ ~ r e  rotational motion). 

Descent can be paramctcri/cd hy descent angle y (See 
Figure 3). the :ungle between hori/ontal antl the tnunslation 
direction of' the spacecrnl't. Given the above parameters. 
simulations showed that a translational motion accuracy 01' 
0.22 in is expected independent o f  scale estimation nnoclc 
mtl descent angle. A t  a fixed pixel disparity, the distar~ce 
travcled between frames varies depcritling on the magnitude 
01' translation. For a horimntal tnotlon (y=OO"), a 20 pixel 
disparity and 3O"lielcl o f  view corresponds to a motion o f  12 
111. 'fhe motion error- is then 0.22 m ovcr 12 m or I .X%. For 
a clescent angle ol'y=45" and a 30' l ield o f  vicw. a 20 pixel 
tl ispi~rity corresponcls to a ~notiori  o f  17 In resulting in a 
motion error- o f  0.22 m over 17 111 or 1.34). Finally for 
vertical descent (y=O0);uicl a lielcl ol vicw ol' 30". a 20 pixel 
disparity cor-I-cspo~icls to a 65 m motion. Thus the error i s  

0.22 m ovcr 65 In 01- 0.34% . 
By ~ntcgrating this niotion accuracy eatinii~tc from 

multiple frames as the spacccral't clc\ccrids to the aurfacc an 
~ ~ p p e r  hound on the expected hori/ontal landing position 
accuracy ciui be obtuiricd. Si~nulat io~is ~ h o w c t l  that the most 
accurate landing position occirrs 1.01. the vcr-tical descent 
with n I 0  degl-ec licld 01' view. 111 this case the landing 
posirior~ accuracy is 3.6 rnctcrs. f.rorn a height o f  I000 
meters. this i s  an accul-acy o1'0.36'1 ol'thc starting altitude. 

7'0 tlctcr-mine pointiug accurac! u c  only invcstigatecl 

Table 1 : Motion estimation results. 

I descent 1 50 1 nonlinear 1 0.044966 1 0.0662209 1 13.1 1 25 1 1.90 1 0.0579763 1 0.0411912 1 
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rotat~r i~ i \  \i il l1  axe\ perpencliculx to the camera Z-axis since 

~.ot;rtions ahout the camera Z axis are unnecessary for 
~ x u n t ~ n g  to surt;~ce t ~ g c t s .  For a 30" field ol'view, u 20 pixel 
a\c l .ay dispa~.it> corresponcls to a rotation o f  0.6" away 
It-orr~ the oprical axis. Si~nulatiorls shou~cd that g i icn these 
pa~-arnetcr<. a rotational ~not ion csti~nation accuracy 01. 
0.006 clcgl-cc.s or I '/( 01' the rotational  nol lion is expcctccl. 

1.3 Scale Estimation Mode 

5 Conclusion 

Scale Estimation Mode Partitioning 

Dtfference Scale Est~mat~on 

m 

84 Structure Scale Estimation 

scene scale (meters) 

Figure 5 :  Scale Estimation Mode Partitioning f rom Mon- 
te Carlo Simulation. 
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