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Abstract these applications to run within an order of magnitude of

the shelf life of the batteries themselves.
Localization, estimating the positions and orientations of a  |n constrast, it is clear that sophisticated computer vi-
set of camera nodes, is a critical first step in camera net-sion applications such as IBR or tele-immersive environ-
work applications such as geometric estimation and scenements will require agressive joint compression techniques
reconstruction. We propose a distributed algorithm for cam- and distributed algorithms due to their high dimensional
era network localization between multiple omni-directional data flows. These high-level applications depend on the fun-
cameras with sparse overlapping view structure. This pro-damental tasks of point tracking and correspondence as well
cedure involves a distributed variation of the bundle adjust- as intrinsic and extrinsic calibration. The scope of this pa-
ment algorithm with a linear error metric tailored for omni-  per focuses primarily on extrinsic calibration (localization),
directional cameras. The linear structure of the system al-while conceding that significant advancements in these re-
lows us to show convergence up to a scale factor of the iteraated fields are necessary in order to effectively distribute
tive algorithm through an SVD-based approach and providethis task across an actual camera network.
bounds on convergence rates. Finally, we show simulated \ve present a localization technique callBtributed
and experimental results showing on-par performance with pternating Localization-TriangulatiofDALT), a blend of

modern centralized techniques. the interleaved bundle adjustment algorithm with Alternat-
ing Least Squares, with an error metric suitable for omni-
1 Introduction directional cameras [1,2]. This approach works well for

camera networks because it is distributed, widely applica-
Camera networks comprising battery-operated andble to a variety of camera network configurations, robust to
wirelessly-linked camera nodes in particular show potential network outages, and proven to converge to its optimum.
to be versatile, inexpensive, and ubiquitous. However, these After reviewing the background material and discussing
networks are faced with a constraint. In order to minimize the error metric in Chapter 2, we describe our algorithm in
production costs and form factor to enable mass production,Chapter 3. In Chapter 4, we analyze its theoretical prop-
the individual camera nodes in this network may be small in erties, and in Chapter 5, we show its performance through
size with primitive fixed point processors. This small size simulation and an experiment.
constrains the camera node’s energy source which in turn
limits the amount of node-to-node communication, since
these energy costs typically comprise the large majority of 2 BaCkg round
total energy consumption on each node.

This constraint is well known to those in the sensor net- I this section, we will review the necessary background
work community who have devoted themselves to success-2nd F:qnstrqct an error criterion useful in localization of an
ful efforts in energy efficient scalable techniques for statis- °Mni-directional camera network.
tical estimation, compression, and tracking. However, the —Eachfeature pointwill be represented in world coordi-
bulk of the advancements in this field have been for rela- Nates as\’ = [X, X, X.]” € R? and have representation
tively low bandwidth sensors where the need for distributed in the camera-centric coordinate systemXshrough the
algorithms is not as clear. Indeed, scalar field estimation transformation:
such as temperature or humidity (for example) could alter- B
natively be performed in a centralized fashion with a modest X=R'(X-T). 1)
communication requirement (around kilobytes per node per
day under rudimentary independent encoding). After reduc-for orthogonal rotation matrikR, R, R.] = R € R**?.
ing the roles of these sensor nodes to wireless data loggers, Under perspective projection, the image coordinates are
one could stream this information to some centralized pointrelated by a scale factor of similarity to the point coordi-
in a time-sliced communication regime that would enable nates in the camera’s coordinate system. This projection



can be written as: the mirror surface paramaterized by the direction vektor
- For the purpose of simplicity, this metric will be omitted

Ve 1 v from the rest of the paper, but remains applicable to future
V=1V,| = m X, - (2) discussion.
V. X, In order to address the localization problem for the en-

tire camera network, we will now introduce a new subscript
Note thatV € S? = {Y € R? : ||Y|| = 1}, whereS? the notation for the remainder of this chapter as well as the next
unit sphere is a natural native projection surface for omni- chapter. The image coordinates of feature ppir P ob-
directional cameras. served by camera < F will be denotedV, ,. Note that
These normalized pinhole image coordinates are relatednany such feature poinis. ,, will not be defined due to vis-
to the actual omni-directional image coordinates by someibility constraints and occlusions. We will writ&, € R3
continuous function. Previous work for conventional planar for the pth point in the canonical world coordinate system.
cameras has led to powerful and practical means for invert-R, and T, will represent cameras orientation and trans-
ing this function with sub-pixel accuracy to obtain the pure lation. We will denote matrices in boldface and distinguish
homogeneous image coordinates on the hypothetical im-vectors and scalars by using upper and lowercase respec-
age surface [3]. Work still remains on calibration of omni- tively. All norms are the/, norm.
directional cameras, though some progress in this area has We now pose the camera network localization problem in
been made as well [4, 5]. terms of the metric (5) given d8” x X||. More precisely,
After this distortion-inverting function is recovered of- we are minimizing
fline once for each camera, these calibration sets will likely

— Y% 2
suffice for later deployments, because the propagation prop- €= 2cer 2per(e) MVew X Xepll ®)
erties of light vary only slightly over a wide range of envi- = Y eer Zpep(c) sin(0e.p)? | Xep 2 Vel
ronmental conditions when compared to the measurement .
isi ibrati i = Dcer 2 sin(0ep)* || R (Xp — T0) |2
precision of modern calibration techniques. Thus, one can c€F ZupeP(c) &P c \p ¢
rectify or project the image onto any surface they choose = D eF 2peP(o) sin(0.,)2 1 X, — T.|1?,

(S* in our case). . _
We now construct an error criterion based on (2) useful Wheref. ; is the angle between the line drawn from camera

in localization. We start with the following three constraints ¢ t0 pointp, and the observed feature direction vedtofor
that camera/point pair.

Vo _ Xe (3a) This global linearized omni-directional error may be ex-
Vy, X, pressed as the sum of the contributing components for each
V. X camera node or each feature point:
7" = X.”, (3b) > >
z e €= €. = €p
E = ‘)_(2’ (3c) ceF peP
Vo X,
This error metric has the benefit of being intuitive and
which can be modified to yleld the trio of constraints: sensible, while being Computationa”y advantageous be-
. - cause itis linear in bottX,, andT.. The principle drawback
Vz)fy B Vy)fx =0, (42) to this metric is its dependence ¢X,, — .|| so that the
Vy X, = VX, =0, (4b)  minimization will favor solutions where the feature points
V. X, -V, X, =0. (4c) are closer to the cameras. Fortunately as we will later see,

this “gravitational” effect that tries to pull the cameras and

Notice that these constraints are linearly independent and imoints to a single place can be effectively mitigated in most
particular they sum to zero. The nature of this constraint is cgses.

actually rank 2. This set of constraints can be rewritten as a

-product tion: . ) . .
CTOSS-PrOCLICE Operation 3 Distributed Localization

VxX=0. (5)
Now that we understand the geometrical structure of im-
Note that catadioptric cameras (for example) may not be ages, we can discuss the approach towards localizing a cam-
accurately modelled with a single focal center because theirera network. In this section, we will develop tBéstributed
constituent rays actually strike several different points on Alternating Localization-TriangulatiofDALT) algorithm,
the mirror surface. In this case, one may substitute the met-a simple but effective linear iterative technique for estimat-
ric V x (X +m(V)) instead, wheren (V) is the shape of  ing cameras’ positions and orientations.



Algorithm 1 DALT which can be cast as a least squares problem
1: while localization unknowrdo

2:  if received localization broadcast of 2 or more linked min [[AX, — B|| = ¢,
cameraghen . : }
3: use these neighboring localizations to triangulate and solved with a pseudoinverse approach:
6 or more feature points _ 7t
4: initial self-localization from these points Xp=A'B,
5. endif where AT = (AT A)~1AT. This process is illustrated in
6: end while Figure 1.
7: repeat Line 10: Localization. With an estimate for the orien-
8: broadcast localization estimate of self to linked cam- tation of the camera as well as the locations of two or more
eras feature points, one can localize a camera via a technique
9: use all available localizations to triangulate as many that mirrors the preceding operation by interchanging the
feature pointsX,, as possible roles of feature points and camera nodes as follows
10: localize the camera, keeping orientation fixed
11: until localization estimate converges Ve ]« RE Ve ] x REX,,
[VYC pz]XRZ [T } — [%,pz]XRZng
. cl3x1 .
The pseudocode in Algorithm 1 describes the algorithm [Vip. ]« RT s Vepn ]xRTX,, N

that runs on each node at a high level. The algorithm begins 8)

vyhen two or more neighboring n(_)des W_ith initial Iocaliz_a- As in triangulation, only two or more points are needed.
tion estimates first broadcast their position to other neigh- 1, duality of these two triangulation operations will be

bhorlnalcarlnergi. (In the foIIowmﬁ section, W?. will show exploited in the following section to prove optimal conver-
that this algorithm converges to the same configuration UP gence of this algorithm up to a scale factor.

to a scale factor regardless of initial configuration, though a Line 4: Initial Localization. Given the locations of at
better initial estimate will ensure more rapid convergence.) least6 points that are visible t.o cameraone can use con-

When receiving this broadcast, these other camera nOde§traint (5) to estimate the twelve parameter&iandT’, the
then triangulate visible points, use the points’ estimates t0 orientation and translation of the camera

compute their own initial positions, then broadcast this es- Because simultaneously estimatiRy andT,, would in-
. . . . . . c
timate to their neighbors. Through this algorithm, the trian- volve a bilinear least squares estimation, we temporarily

_gulgtmn ?f pos_|t|on;5 of nlew flgatgre points Ieaddto _the local- substituteS = —RTT for T in order to cast this problem
ization of previously unlocalized cameras and vice versa. o¢ o jinear null space estimation, namely

This algorithm is easily distributable if each camera node
localizes itself using triangulated points and then collabo- min [|FZ|? = Z V. p]X(RTXp F S (9
rates with nearby camera nodes to triangulate other com- ||Z||=1 ’ ¢ ’
mon points. Now we will give the details behind lines 9,

and 10, which form the core of the algorithm, as well as whereF andZ are defined as:
lines 3 and 4, the initialization.

pEP(c)

. :
Lines 3, 9: Triangulation. Given estimates for the Vepdx ® Xp, | [ Ve
translations and orientations of at least two cameras that g _ | | [Vep]x ® X, | | Vepslx (10)
view a common feature point, we estimate that point’s 3- :
D positionX t?y solvmg a least sque.xres system. Vi Ix ® Xme Vemdx _—
Accumulating the trio of constraints (5) for each of the _
n > 2 cameras gives an over-determined linear system for 7 = Re(:) (11)
theXp S R3 L Sc
where R.(:) denotes the vertical concatenation of the
Ve, plx RE Ve, plx RE T, columns ofR,..
Vi, ]« RT. Vi, ] RLT, This “camera-from-points” technique is a straightfoward
O I D PO I O , extention of the Direct Linear Transformation (DLT) to han-
: : dle omnidirectional images [6]. This equation is a special
Ve, nlxRE 5 s Vel xRETe, |, case of the DLT equation when the linear intrinsic parame-

@) ters are known.



feature point on feature point on
first image surface second image surface

Figure 1: Omni-directional projection model. The feature point shown is triangulated using a least-squares technique that
attempts to find the point in 3-D space that is the most consistent with the feature directions from each node that views this
point.

The solution to this system is a null space estimate of theall the information it needs to perform this optimization lo-
3m x 12 matrix F' that we obtain by taking the eigenvector cally, so nho communication is necessary.
corresponding to the smallest eigenvalug?diF'. The sign
of the eigenvector is chosen such that the determinant of the,
orientation matrix is positive. The camera’s orientation and

translationR and S are then determined up to a positive ag we saw in the previous section, by alternating between
scale factor. o localization and triangulation on each camera node in an
However, theR determined in this process may not be iterative fashion, we are able to compute and propagate

orthogonal. We can enforce orthogonality with the singular across the network a localization estimate that is jointly con-
value decomposition (SVD) of the orientation matrix, given sjstent in some global coordinate system.

Convergence Analysis

asU" RV = diag(01,02,03). The closest valid orienta- In this section we analyze the performance of B#ALT
tion (in Frobenius norm) to the séaR : a > 0} isUVT algorithm. We begin by specifying and analyzing a central-
with corresponding translatioi_qg foroc = 1 (01+02+03). ized version of the algorithm and then show tBad_T is an
Finally, one can substitute back to obtain the localization equivalent distributed algorithm. Subsequently we will ana-
vectorT = —%RS. lyze the centralized algorithm and through its convergence,

There are alternative approaches to solving this simpleProve convergence of the distributed algorithm.
linear system and then forcing the result onto the three- For the purpose of simplicity, we assume that one cam-
dimensional space of orthogonal matrices with positive de- €ra is defined to be the origin. In practice, one may remove
terminant. Depending on the available resources, the camihis constraint, though the localization will be free to “drift”
era node may be capable of a more sophisticated but perunless certain anchor points are specified (via GPS for in-
haps also more demanding computation, or may improveStance).

upon this estimate with a gradient descent technique. In this case, the constraints from equations (5) become
Line 10%: Optimizing Orientation. While running the linear equation.
this iterative algorithm, it is possible to occasionally opti- AT = BX (12)

mize each camera’s orientation estimate individually while _
keeping the other parameters fixed using the Levenberg-0r equivalently,
Marquart algorithm [7]. Using constraint (5) in a least-

oL . . . T
squares optimization ensures that the new orientation will [—A B] {X] =0 (13)
match those constraints more closely than their previous
values, and will not inhibit convergence as discussed below.ywhere X = X7, x7,..x5)T and T =

The Levenberg-Marquart is a robust numerical optimization (77 77 ... TL]”.

procedure guaranteed to converge, but the point of conver-  From this point forward,X andT are the vectors con-

gence may only be a local optimum. taining the vertical concatenation of all of the locations of
Though this is a nonlinear optimization, it will not feature points and cameras. Also, all future subscripts found

present much of a computational challenge to the cameraon these vectors in this section will now refer to the iteration

node because only three degrees of freedom are involvechumber of the procedure instead of specific camera or point

(resulting in a3 x 3 matrix inverse). Also, each node has number.



For the sake of brevity, we will make the following state- BecauseA is block diagonal, At is merely composed
ment and its several corollaries without full justification. of the pseudoinverse of each of the blocks. Each individual
First, all camera nodes that are reachable withDid¢. T block of A corresponds to a particular camera and com-
algorithm form a toplology of cameras that is localizable prises precisely the constraints that each camera node uses
to within a single global scale factor of similarity. This to localize itself. Also, each individual block oA’ cor-
in turn implies that the solution to (13) is unique up to a responds to the distributed localization operation that each
scale factor, or equivalently that the null space of the ma- one of the cameras performs. Hence the global least-squares
trix [-A | B] is one-dimensional, or equivalently that the localization computation is equivalent to all locally distrib-
intersectionRange(A) () Range(B) is a one-dimensional  uted least-squares computations. SimilaByis also block
subspace. This also implies that bothand B have full diagonal under appropriate permutations of its rows. A sim-
column rank, or else this solution space would be trivial.  ilar argument shows that the centralized triangulation op-

If an initial estimate for the positions of all the cameras eration involving BT is equivalent to all distributed least-

Ty was known, then we could compute a least-squares estisquares triangulation operations. Hence, the centralized al-

mate forX as: gorithm (CALT) is equivalent to the operations performed
by the distributed algorithmJALT).
X, = (B"B)"'BT AT, = B' AT, (14) We seek to minimiz¢ AT — BX ||2. However, we must
also impose a norm constraint dhand7' so that this cri-
where BT is the pseudoinverse dB. Note that if AT, € terion is not trivially satisfied withY and 7" at the origin.
Range(A) (| Range(B) initially, then this least-squares Requiring||AT|| = |BX| = 1 is a natural choice since

solution would produce a solutidiy| X1]” = o[T'|X']" e are minimizing| AT — BX||2. Also, || AT]| and|| BX ||

of (13) with scalai where[T" | X']" is the true solution. If  gefine norms ok andT sinceA and B have full column

not, we could estimat®; from X in a similar manner. rank. Note that we are unable to constrgif(| and|| X || di-
Estimatingl” from X and X from 7" iteratively produces  rectly since we don’t know the relation of these magnitudes,

a technique for iteratively localizing when the orientations only that||AT’|| should be roughlyi BX||. This minimum

are known. This type of technique is knownAlgernating  |east-squares can easily be cast as a maximum inner product
least-square¢2]. The n-th iteration of this technique can  optimization since
be formulated as

n € = min [|AT - BX|?
. t T . n [|AT||=1
AT, = [[ (AATBB") AT, = C"AT,  (15) IBX|=1
- = min} 0 3 [Vep X Xyl
whereC = AA'BB?. c€F peP(c)
Now because each constraint (row)4fonly involves = min[||AT||* - 2(AT)"(BX) + |BX||?]
one camerd, and each constraint d8 only involves one = 2(1 — max[(AT)T(BX))).

point X, they each have a block diagonal structure after

appropriate permutation of their constraints (rows) as illus-  This maximum inner product is related to a quantity

trated here: called the firsprinciple anglebetween subspaces. In partic-

Aqq By, 7 ular, the cosine of the first principle angle is defined as the
] maximum inner product between any unit vector from one

subspace and any unit vector from another [8]. We lever-

Ama Bim age the related properties to analyze these minimizers and
B2 construct a direct method for solving this system.
. To this end, letA = QaRa and B = QgRp be
T = By, X. Q-R factorizations of matriced and B such thatQ 4 €

RM>3P QT Qa = I, andR 4 is upper triangular. Like-

: wise,Qp € RM>3F QL Qp = I andRp is upper trian-

A1n B gular. Letg = min(3P, 3F) and let the SVD o, Q5 be
: : given asY " (QL Qp)Z = diag(ay,...,0,) = X.

L Amn i L Bnm i

Theorem 1 (Centralized ALT algorithm) The minimizers of

The submatrices are given as:

. L, 14T~ BXIE
Ape = Bep = [Ve|x R, . IBX|=1

C



are given as R
T = ATQAY1

X =B'Qgp7.

Proof: This SVD can be characterized as a maximiza-

tion [8]

o1 vi'QLQsZ

max max YT T 7
IYli=1izll=1 (Qa@s)

max | max (QaY)"(QpZ)
IQaY|=1lQsZ|=1

max max (AT)T(BX)
lAT||=1]BX]|=1

(AT)"(BX)

(16)
17)
where equation (16) can be formulated by lettiiig =

RAT, Z = RpX for invertible R4, Rp (since A and
B are full rank). Therefore,

AT QaY:
BX = QpZ
T = A'Qav
X = B'QgZ.

O

Theorem 2 The CALT algorithm (and hence the equivalent
DALT algorithm) converges to its optimal value up to a rate
of exponential decay. More explicitly:

asn—oo.
Proof: It is readily seen that

AAT
BBf

QaRA(RLQLQARA)'RLQYL = QAQ%
QsRB(R5Q5QBRE) 'RpQE = QpQ%.

Using these Q-R decompositions with the SVD
YT(QLQEB)Z = X in (15) gives

AT, C" AT,
Qa (Q4Q5)(Q4QE)")" RaT,

QAYZ*"YTRATy.

(18)

If o1 = 1, then then the first principle angle (isand there
exists an exact solution td’7" = BX. Otherwise, when
1> 01> 09> ---> 0, X2 (and hencd,) converges

to zero. However
that

1-32" converges te el asn—oo S0

52
91

1
07

- QAV1Yi"QLQARAT

AT[(AT)T (ATy)]
BAT

(19)

where can be thought of as the result of an inner product
that tries to preserve the original estimate of scale inherent
in To.

So far, we have shown that under fixed orientations, the
estimate of the camera translation vecioconverges to its
least-squares optimum up to a rate of exponential decay. A
similar line of reasoning would show that the feature point
position vectorX converges to its optimum up to a rate of
exponential decay as well. m|

To analyze convergence rates, note that the camera posi-
tion initialization vectorl can be decomposed infy"+ 7
where AT, € (AT)*. SinceC"AT = o¢"AT and
|C"AT.|| < 02"||AT.|, the relative error due to the.

term dies off a®) ((%)2") in the worst case.

Fortunately, in many cases ~ 1 while o5 < 1. For
example, d0-camera network viewing a common set0f
points with feature point error df pixels on a320 x 240
display and an error in orientation 6fdegrees, we have
o1 = 0.9978 andoy = 0.4997. In this case, after onlj
DALT iterations the error term would drop tg° ~ 0.001
of its original value while the scale factor is only attenuated
by a factor ofoi? ~ 0.98. This reassures us that the de-
cay effect due to the first principle angle will be minor and
that we can reduce most of the localization error without
significantly affecting the initial scale factor estimate.

In cases when the first principle angle is non-negligible
and o is significantly less than, the initial scale factor
can be prevented from shrinking to zero by imposing a po-
sition constraint on a single camera or point with respect
to another camera, point, or origin. These constraints can
be included among the other least-squares constraints in the
localization process and can be weighted appropriately so
that they are not too overbearing on the rest of BT
algorithm.

5 Results
5.1 DALT Simulation

In order to evaluat®ALT through simulation, we use the
scale and coordinate system invariant measure of error, the
cRMSd metric, which we denot& [9]. Note that theDALT
algorithm already produces an optimal estimate undee¢ the
metric mentioned above in equation (6). We will further



show below that optimizing the latter constraint still per- roughly 80m by 115m [10]. Of these 30, we present results
forms reasonably well when evaluated using this cRMSd for a set of 26 nodes with such an overlapping view struc-
metric. ture to have a unique solution up to a single common scale

The simulation was performed as follows. A set of points factor.
are randomly chosen from inside the unit sphere to represent Due to the large baselines between images in this dataset,
the feature points. The cameras were then placed in a we tracked points manually, rather than relying on a feature-
random configuration outside the unit sphere. point matching algorithm, in order to demonstrate a simple

For purposes of simulation, we used a simple graph over-proof-of-concept. We tracked roughly 250 points across 26
lay model, imposing artificial visibility constraints on the nodes with an average estimated pixel error of 5 pixels (8
cameras so that each camera overlaps with at most milliradians) with the exception of roughly 20 mismatched
its neighbors. For given cameras,c’ € {1,2,...,n}, points. These mismatched points were later detected by
these two cameras only share common visible points if their high residual error value§V. , x X, | while run-
le — ¢’| < m/2. Each camera views at least a set of six ning theDALT algorithm, and subsequently discarded from
points specific to that camera called its primary points. In future iterations of the algorithm. Each node has up to 53
addition, each camera also views the primary points belong-of these points in its visibility set and each pair of linked
ing to the other cameras it overlaps with. cameras has at least 10 common points.

The DALT algorithm is evaluated by its centralized Using the available intrinsic calibration and orientation
equivalent as given above in Section 4. Because of the mul-information, we geo-referenced these feature direction vec-
tiple parameters involved that determine the performance,tors into a common coordinate system, then we ran the cen-
we have shown a few results in Table 5.1 rather graphingtralized equivalent of the distributddALT algorithm, im-
them. Each row represents the average result of fifty trials mediately giving the asymptotic result.
for each algorithm. The results from this simulation seem  For this set of nodes, we compared against two sources:
to suggest that the accuracy in orientation and feature pointthe initial GPS readings, and the processed position infor-
tracking play a much more critical role when there is a low mation using the method discussed in [10]. The reported ac-
amount of connectivity in the camera network. curacy of these sources is 2.5 meters and 5¢cm respectively.

Shown in Figure 2 is the asymptotic result corresponding
to the centralized algorithm, and is compared with the GPS
data via the cRMSd error metrit. The resulting cRMSd
distance for this centralized asymptotic estimate to the ini-
tial GPS dataset is 2.98m (or 1.87m of error in the 2-D

mance measured in thk error metric against ground truth ground plane). All nodes coincided with their GPS mea-

is listed in columnA . Because of the scale invariant na- sured counterparts to within 7m (or 5m in the 2-D ground

ture of localization A p is referenced to the baseline of the S!Ene)'f For {ﬁfe_r e_rt'l_cle,GtgeS r:jo?[tprotcgssllegsdata glg/e6n3|n [1f0]
environment, and is therefore dimensionless. Iers from the iniha ataset by 4.28m (or 3.63m o

error in the 2-D ground plane).
In practice, this routine will not run indefinitely. The

Table 1: DALT simulated performance on sparse camera
networks. The simulation is run fer cameras whose view

overlaps withm other cameras.The error in feature points
and initial orientation isr,, ando,,. The resulting perfor-

[ oo [ ow [n]m] Ap ] actual distributed algorithm converged to within 15 cen-
0.003| 0.003| 20 | 12 || 1.0e-2 timeters cRMSd of this asymptotic configuration after 50
0.001] 0.003| 20 | 12 || 8.9e-3 iterations (from a random initial configuration in error of
0.003| 0.003| 20| 8 || 1.3e-2 roughly 25 meters). After these 50 iterations, the corre-
0.003| 0.003| 20| 6 || 1.6e-2 sponding scale had decreased by approxima&ly
0.001| 0.001| 20| 6 | 3.4e-3 Apart from the seven degrees of freedom in theer-
0.010| 0.010| 20| 4 || 2.5e-1 ror metric used in the rigid-body registration step (which
0.003| 0.003| 10| 4 | 1.3e-2 reduces the apparent RMS error slightly), this asymptotic
0.003| 0.003| 50| 4 | 1.4e1 result is obtained independently from the GPS estimates,

which are reportedly accurate to within 2.5m. Our conclu-
sion is then that the results are no less accurate than either
of the two other sources.

5.2 Experiment on City Scanning Dataset

To evaluate this algorithm on real omni-directional image 6 Conclusions

data, we used images from MIT’s online omni-directional

image database. Of these 566 omni-directional nodes, thdn this paper, we have distributed a particular type of least-
Green Court dataset consists of 30 nodes over a region osquares minimization useful in camera network localiza-
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Figure 2: Localization errors (in meters) for omni-directional set . Both the post-processed result from [10], and the result
from theDALT algorithm are shown in (a) and (b) referenced to the initial GPS data. In both plots, the localization estimates
were first registered to the GPS data before comparison. The error lines are drawn in the direction of the GPS reading. Their

length representi) x the discrepancy with GPS.

tion. We have given a proof of convergence and explored
graph theoretic conditions under which this point of con-
vergence is unique.

The localization of a camera network enables many ex-
citing applications such as scene representation and geo-
metrical extraction. However, it is not yet clear how well
these applications will cope with the challenges of a dis-
tributed camera network. The exchange of a few images
between nodes will perhaps be acceptable, but there will
likely be a significant need for distributed compression, es-
pecially on video data. Investigation in this area as well as
advancement towards an implementation of an actual wire-
less ad-hoc camera network will likely prove compelling
areas for future research and development.
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