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Fig. 1. Our method is motivated by applications in smart-retail that require fast pose estimation of large camera networks. The image in
the center shows a 358m? store on which 342 cameras were mounted according to the locations and orientations depicted on the right.
From over 100000 images of a moving object, as the three examples on the left illustrate, our algorithm computes accurate pose
estimates in a short timespan.

Abstract— The precise estimation of camera poses within
large camera networks is a foundational problem in com-
puter vision and robotics, with broad applications spanning
autonomous navigation, surveillance, and augmented reality.
In this paper, we introduce a novel methodology that extends
state-of-the-art Pose Graph Optimization (PGO) techniques.
Departing from the conventional PGO paradigm, which pri-
marily relies on camera-camera edges, our approach centers on
the introduction of a dynamic element - any rigid object free to
move in the scene - whose pose can be reliably inferred from
a single image. Specifically, we consider the bipartite graph
encompassing cameras, object poses evolving dynamically, and
camera-object relative transformations at each time step. This
shift not only offers a solution to the challenges encountered in
directly estimating relative poses between cameras, particularly
in adverse environments, but also leverages the inclusion of nu-
merous object poses to ameliorate and integrate errors, result-
ing in accurate camera pose estimates. Though our framework
retains compatibility with traditional PGO solvers, its efficacy
benefits from a custom-tailored optimization scheme. To this
end, we introduce an iterative primal-dual algorithm, capable
of handling large graphs. Empirical benchmarks, conducted on
a new dataset of simulated indoor environments, substantiate
the efficacy and efficiency of our approach.

I. INTRODUCTION

In this paper, we address the problem of localizing a
network of calibrated cameras distributed in 3D space. The
importance of this task lies in its role as a prerequisite:
accurately determining the pose of each camera within a
shared reference frame is paramount for enabling spatial
awareness, in order to facilitate applications ranging from
augmented reality and tracking to action recognition. Without
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precise camera pose estimates, the capabilities of camera
networks are significantly limited.

Modern approaches to solve the camera network local-
ization problem fall in one of two groups. Structure-from-
Motion (SfM) systems, such as COLMAP [1], simultane-
ously reconstruct the 3D scene and solve for the camera
poses. In large scenes however, this can be prohibitive
from a computational standpoint. On the other hand, Pose
Graph Optimization (PGO) approaches [2], [3], [4], [5], [6],
[5], also referred to as motion synchronization [7], [8] or
averaging, [9], [10] and consensus algorithms [11], [12],
provide an expedited two-step way of solving the problem.
Initially, each image is probed for keypoints, which are then
matched with those extracted from other images. For each
image pair with enough point correspondences, the relative
direction and rotation between the respective cameras is
estimated via the epipolar constraint. Subsequently, a non-
convex optimization problem is solved in order to localize
the cameras in a common reference frame. Its optimum is
the maximum likelihood point estimate (MLE) of the set of
camera poses.

In recent years, the MLE formulation of motion syn-
chronization relying on the bi-dual of the original non-
convex problem, a Semidefinite Program (SDP), has seen
wide adoption in the literature pertaining to Visual Si-
multaneous Localization in Mapping (SLAM) [3], [8] and
rotation synchronization [13], [14], [15], [10]. Under the
moderate noise levels commonly found in most applications,
this SDP relaxation is tight, yielding the optimum of the
PGO problem. Fast and non-iterative spectral approximations
for the camera rotations have also been proposed [7], [16],
yielding estimates surprisingly close to the optimum [17].
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Despite these notable achievements, for the same camera
network topology, the synchronization step is only as good
as the pairwise transformations [17], [8]. In low-light, low-
texture, or occluded regions of the environment, the acquisi-
tion of precise point correspondences becomes challenging.
This subsequently hinders the accurate estimation of relative
camera poses, ultimately restricting the efficacy of PGO.
These difficulties are further exacerbated in poorly con-
nected, or ‘bottleneck’, regions of the graph, which obstruct
the redistribution of the pairwise errors [18].

As a means to circumvent the aforementioned issues, we
introduce a novel methodology. Alongside the static camera
network, we incorporate a known dynamic rigid object,
within the field-of-view of a subset of the cameras, such
that its pose can be reliably inferred from a single image.
Our focal point is the bipartite pose graph comprising the
ensemble of static camera poses, the object poses evolving
over time, and the set of relative transformations binding
them together. The indirect estimation of camera poses
through the interplay of camera-object and pairwise object
transformations allows us to mitigate some of the adverse
aspects of camera pose estimation, by integrating a large
number of camera-object transformations.

While our novel problem formulation initially appears
amenable to conventional motion synchronization solvers
such as g2o0 [2], GTSAM [5], SE-Sync [8] and MAKS
[16], which exhibit a node-agnostic nature regarding graph
elements, it is important to note that these methods were
originally tailored for graphs composed exclusively of cam-
era nodes. Within the PGO literature, which predominantly
targets SLAM applications, datasets frequently encompass
tens of thousands of pairwise transformations. In our frame-
work, the introduction of moving objects adds a multitude of
new nodes and edges with each time step. Consequently, ex-
isting solvers prove inadequate in handling these augmented
graphs. To this end, we propose a fast iterative primal-dual
algorithm to solve for the cameras and object rotations.

In summary, we make the following contributions

e We propose a new MLE formulation of the camera
network localization problem via a bipartite camera-
object pose graph.

o We introduce a new iterative method capable of han-
dling a large number of object nodes from image
streams. When compared to ground-truth poses, our
method achieves average rotation and translation errors
of 0.04deg and 3cm in a 358m? shop covered by 342
cameras (Fig. 1), and of 0.07deg and 0.7cm in a 72m?
room covered by 25 cameras (Fig. 3).

The remainder of the paper! is organized as follows. We
introduce our formulation of the problem and the iterative
scheme to solve it in Section II. In Section III we present
a new image and 3D dataset for camera network pose esti-
mation and benchmarks of our method therein. Concluding
remarks are drawn in Section IV.

ICode, dataset and extended version of the paper with full derivations are
available in https://github.com/gabmoreira/vican.

Fig. 2. Standard PGO (left) vs our augmentation with object nodes (right).
Pairwise relative transformations are shown as P. .. The i-th camera node

is the i-th object node at time .
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II. PROPOSED METHOD

Consider a static network of calibrated cameras, indexed
by ¢ € C, with C = |C|. The pose of the c-th camera
w.r.t. an arbitrary but fixed reference frame is given by
P, € SE(3) C R**4, or equivalently (R.,t.) € E(3).
We then consider a rigid object that is free to move in
R3. We decompose this object into M nodes which may
correspond e.g., to M fiducial markers, indexed via m € M.
We indicate the pose of the m-th object node at time ¢,
for t € T, as P,,). Our goal is to estimate {¢ € C :
P.} using pairwise camera-object relative transformations
f’c)m(f,), obtained e.g., via Perspective-n-Point (PnP). We
assume the following convention for the composition of
transformations P;; = PZ-Pj*I.

Denote by G = (V, ), the bipartite graph with V = C U
(T x M) i.e., each camera and each object node at each time
instant are associated with a vertex. The latter component of
the graph is assumed to be much larger than the former.
The edge (c, m(t)) € & corresponds to an image captured
by camera c at time ¢ of the m-th object node. The relative
pose measurement of this node w.r.t. the camera is denoted
as (Ec_ym(t) , f{c,m(t) ). A comparison between traditional PGO
and our formulation is showcased in Fig. 2.

A. Maximum likelihood estimation

Under the assumption of isotropic Gaussian noise with
precision 7., in the translation variables and isotropic
Langevin noise [18] with concentration k., in the rota-
tions, the negative log-likelihood function (NLL) [3] reads

as
—logf= )

c,m() e

RCR;(t)tm(t) ||§ — kcﬂn(t)T‘r (Rc,m(t)Rm(t)R;r) . (D

7-c,m,(t)

||Ec,m(t) —te+

Instead of optimizing jointly the poses of the C' cameras
and the M x T object nodes, we rely on the rigidity of the
object and further assume that we have access to the pairwise
relative transformation between any two object nodes at

the same time instant, mgt) and mgt), denoted Pm(t) )
) m

We will henceforth drop the time superscript and write
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Prym; = (Ronsmy s tm,,m, ). Without loss of generality, we
have thus,

R, » = Rm,mlRm(f)

Vte T Vme M _ L. 2)
tm(t) = Rm,mltm(i) + tm,ml
1

i.e., the pose of each marker at time ¢ is given relatively to
the pose of the object in that instant, P m®" Thus, we only
optimize over {t € T : P <r>} Introducmg (2) in the first
term of the NLL (1) yields

2 X

t cm®es

c m(")

c m(t) + R Rm(t)tﬂl mi

2

(t ~“RR Ry, t (t)) 3)

2
The second term becomes

> -Tr

teTcel

D D T
> (ke RemoRonm, ) R, 0 R]
m eN(c)

4)

where N(c) denotes the neighborhood of the c-th camera,
i.e., the set of markers that are visible from it. In summary,
we simplify the graph by merging all the objects nodes at
each time instant ¢, into a single object node at time f,
corresponding to the marker m;.

We will now turn our attention to the minimization of the
non-convex NLL with terms (3) and (4). To this end we will
adopt the strategy used in [6], [16], wherein the problem
is decoupled in: non-convex rotations synchronization by
minimizing (4) and a least-squares problem that yields the
translations by minimizing (3). The main difficulty of this
method lies in optimally and efficiently solving the former.

B. Synchronization of rotations

Define the block-matrix flcq— € R3*3T indexed via ¢
and t, as

Rer]er = Z e m Rc,mm Rom,.

m: m( N (c)
We assume k.. .,y = 0 if (c, m®)) ¢ . The block-entry c, ¢
of Rey is a weighted sum of rotation measurements from

camera ¢ to marker m; at time t. Define the pairwise block
matrix R € R3(CHT)x3(C+T) 44

= lar, o] ®
and the block-vector R € SO(3)3(C+T) ¢ R3(CHT)*3 a5
R[] R}
_ [R; .. R[ Rl RILMT_ 7

The set of rotations that minimize (4) is the solution of the
rotation synchronization problem

min  —Tr (RRRT) . (8)
RESO(3)(C+T)

The adjacency matrix associated with this problem, denoted
A € REFDX(CHT)  can be written in the same fashion

e %l e
with entry ¢, t given by
Actler:= D>, Femo- (10)

m: m(teN(c)

The KKT and optimality conditions of Problem (8), which
can be found in [13], are as follows. Denote by A €
R3(C+T)x3(C+T) | the symmetric 3 x 3 block-diagonal dual
variable. The first-order KKT condition reads as AR =
RR. If a primal-dual pair (R*, A*) verifies the KKT, then
A* — R = 0 is a sufficient optimality condition.

Theorem 1: Assume strong duality holds and denote by
(A*,R*) a primal-dual optimal pair of Problem (8), where
the dual variable A is decomposed as

[A¢ ©
A= ol

with Ac € R3¢>3C and Ay € R37>3T The optimal camera
poses R; are a solution of

(1)

. -~ 5 IRT T
ety 7T (RerAs Rép)ReRe) - (2)
and the optimal object poses R’ a solution of
in T ((Ri7A; REr)RrRT). (13
g, ctAc Rer ) RTRp (13)

This results leads us then to the following block-coordinate
descent updates, which produce feasible primal-dual pairs
(R®) AR)) je., at the k-th iteration R*®) € SO(3)(¢+T)
and A®) — R = 0, that maximize the dual function i.e.,
—Tr(A®) < —Tr(AF+D),

R(Ck) = argunin ~Tr ((RerA¥ ™V REr) ReRE) (14)

= blkdiag (Rer AV RERERE)  (9)

Rg]f) = argmin —Tr ((RETAék) Rg7—> RTR;) (16)
Rt

A = blkdiag (Ri- AL RerRIPRE) (17)

We assume that strong duality holds. Then, the update of
A% in (15) can be written as
c

AP = —Tr(Ac). (18)

argmax
= (k-1)~lgT
A: Ac—RerAY R, >0

From Schur’s complement, the positive semidefinite con-

straint is equivalent to A — R = 0and A = A%]f_l). We
thus rewrite the update as
A(Ck) = argmax —Tr(A). (19)

Ac: A—R»0, Ar=AY~Y
Same reasoning applies for update (17), which yields

Al = —Tr(A). (20)

argmax
A7 A—R=0, Ac=A%
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Therefore, the sequence {—Tr(A®*))};; is dual feasible
and non-decreasing, as desired. The caveat with this ap-
proach is that, assuming 7" >> C, (16) is more expensive
to solve than (14), and thus the gain is minimal.

We address this by replacing the minimization in (16)
by a step of the Frank-Wolfe method, also known as the
generalized power method (GPM) [19], which has a closed-
form solution. We have then

R(Ck) = argmin —Tr ((RCTA$71)_1RJT) RcRCT) 21
Re

AL = blidiag (Rer AT RERPRY ) @)
USSRl RY teT (23)
AP =uUzUl, teT. (24)

To see why this is a reasonable approximation note that,
given Rék), the Frank-Wolfe, or GPM iteration is
(25)

R%’f) = argmin —Tr (RCTR(C]C)R;) ,

R7€S0(3)7

which has a closed form solution given by the orthogonal
projection Rg’-:) = U,V/. Close to the optimum, we must

have R(Ck) =~ A(Ck)ill-:{CTTRg’f), from the KKT condition.

Hence, A%]_: ) ~ U,;X, U/, with equality at the optimum.
(0)

In order to set AT , we leverage the spectral initialization
[7], [16], whose distance to the optimum is dependent on the
connectivity of the graph and the noise level [17]. Given the
diagonal graph degree matrix A = Diag(A¢, A7), where

A=) Aij
J

this approximation consists of projecting the eigenspace of
A®I3—R corresponding to the three smallest eigenvalues, to
SO(3). From the KKT condition, [15] interpreted the degree
matrix as a dual variable approximation, where A* ~ ARI;.
It can be shown that A ® I3 is, in fact, dual feasible. Thus,
we set Ag(—)) to Ay ®Is.

In this approach, the bulk of the optimization is carried
out in update (21), which can be interpreted as a rotations
synchronization problem in the 2-th power graph, wherein
there are edges between any two cameras of C which are con-
nected via a third vertex in 7. The pairwise measurements
(no longer rotations) of this power %raph are the block entries
of the block matrix RCTAg’f -1 ]::{CTT and the adjacency
matrix is taken to be ACTA}lACTT.

The optimization in (21) fits therefore the criteria ?f the
primal-dual method from [15]. Given lflCTAgf -1 f{gT
and Ac7—A7_-1 Agfr, the dual A(Ck) is initialized as the graph
degree matrix of the power graph ie., Ve € C Agf)i —
S i(AcT AT AL R is then obtained by orthogo-
nally projecting the eigenspace spanned by the eigenvectors

(26)

of A(Ck) —RCTA%? _1)71R2T corresponding to the 3 smallest

eigenvalues to SO(3)°. Aék) is updated according to

us v Py (RCTAQ“*”_IRCTT)URS;) @7)
; ]

AY Uz Ul (28)

and the iterations repeat until convergence, upon which (22)
is automatically verified. The entire method is laid out in
Algorithm (1).

C. Solution for translations

Minimizing the translations term (3) is equivalent to a
PGO translation problem with pairwise measurements

~ T —
t = Tem® (tc7m(t) + RzR:n(t)tm,ml). 29)

c,m() *

Let T € R3¢l be a vector containing all the pairwise edges
stacked. Define the vector of variables T € R3(C+7)

.
T T T T
T.— [tcl bl bl to| G0

and the incidence block matrix J € R3I€IX3(C+T) gych that
if e indexes (c,m®) € &£ then

(3D
(32)

Je,c = 7_c,m]:B
T —
Je,t = _Tc,mRZRi:n Rm,ml-
The translation problem has the least-squares formulation

IT—JT3. (33)

min
TcR3(C+T)
Due to the size of the matrices involved, the conjugate
gradient method is used to solve (33).
We conclude this section with a note on the feasibility of
a streaming version of Algorithm 1. At 7"+ 1, suppose the
object moves to a new pose. For all cameras ¢ € C with
the object in their field-of-view, the relative poses to each
of the object nodes, f’c’maﬂ), can be estimated in parallel.
Instead of then starting the algorithm again, the initializations
in lines 1-5, which would involve increasingly larger matrices
for large 7', can be replaced by updating the initializations
of L € R3¢*3¢ and RCTA;}RET € R3EX3C directly. The
optimization problem that follows is only dependent on C'
and the object poses update is linear in 7.

III. EXPERIMENTS
A. Indoor scenes dataset

Given that no existing camera network pose estimation
dataset is suitable to benchmark the proposed method, we
put forward a novel dataset of two camera pose estimation
scenes, shown in Figs. 1 and 3. The former consists of a
large L-shaped shop with different pieces of furniture and
walls blocking the view, whereas the latter is a rectangular
room free of occlusions. Images were ray-traced from 3D
models of these indoor environments, which were fitted
with camera arrays covering them entirely. Each camera
has distinct intrinsic ground-truth calibration parameters,
that we provide. Given an input value of T time steps,
renders from cameras with the chosen object in their field-
of-view were obtained procedurally by iteratively placing it
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Algorithm 1 Bipartite rotations synchronization

Reql{ire: {f’m,m/}(m,m/)eM, {f’c’m@ }(C7m(t))€£, o0, K

1: RCTc,t — Zm: mEN(c) kc,m(t)Rc,m(t)Rm,ml .
AcT.. < Lo m®en(c) Ke,m® > Adjacency
A7 + Diag (A¢r1c) > Degree

A AreI; > Spectral init.
Ac + Diag(ACTA?rlACT,Tlc) ® I3 > Spectral init.
k<« 0 > Iteration counter

while [A3] > 6 and k¥ < K do
L+ Ac— RCTA;—IRJT
V,{\i}iz1,.. 3 < eigensolver(L, 3)
10: for i < C do > C primal update

R A A S ol

11: JZ,E“HI <_SVD(V7)
12: Re, «+ Jdiag(1,1,det(J;H; ))H,
13: end for

14: S+ RCTA;—l RETRC

15: for i < C do > C dual update

16: Ji,Z}i,HiT — SVD(SL)
17: AC“ — lel.];r
18: end for

199 G+ RJRe

20: for i < T do > T dual update

21: J,, 2, H] + SVD(G;)
23: end for

24: k+—k+1
25: end while

T times in random poses, inside the scene. The pose of the
object at each time step was sampled uniformly, ensuring
no intersections with the environment. An overview of the
datasets is shown in Table I. The 3D models, images and the
procedural rendering script are available online.

B. Camera-object transformations and graph construction

The object used in all datasets was a cube with side
0.575m, covered in 24 arUco markers, each with side
0.276m, as represented in Fig. 4. Given the set of images
obtained as described above, the camera-object edges of the
pose graph were obtained via OpenCV’s arUco library for
corner detection and the implementation of the P4P method
provided therein. Further refinement of the camera-marker
transformations was done via Levenberg-Marquardt. Finally,
edges were filtered according to the average reprojection
error. The noise models used for the concentrations ke,
and precisions 7. ,, were derived empirically, based on the
detected arUco area in the respective image, as detection
accuracy wanes for larger distances and angles.

C. Object calibration

In order to estimate the relative transformations be-
tween any two markers m and m/, the cube was fixed
in place and 1000 images from a single camera moving
around it were captured, from which the pairwise measure-
ments were computed as described above. The estimates
{PmP;;}(m,m/)e A were obtained by minimizing the NLL

TABLE I
DATASET CHARACTERISTICS

Dataset Area (m?) Cams |C| Time |7| Edges €|
SmallRoom50 50 768
SmallRoom500 72 25 500 8067
SmallRoom5K 5000 80036
LargeShop500 500 43983
LargeShop5SK 358 342 5000 438906
LargeShop10K 10000 874700

TABLE II

POSE ESTIMATION RESULTS: ERRORS W.R.T. GROUND-TRUTH

Dataset avg g maxdrp avgd: maxd: ¢t (s/it)
SmallRoom50 0.54 5.33 0.036 0.285 0.02
SmallRoom500 0.09 0.21 0.008 0.016 0.04
SmallRoom5K 0.07 0.13 0.007 0.012 0.22
LargeShop500 0.09 0.46 0.040 0.093 0.16
LargeShop5K 0.05 0.15 0.031 0.064 0.48
LargeShop10K 0.04 0.13 0.030 0.064 0.79

(1). Since this graph of the pairwise measurements is bi-
partite as well, Algorithm 1 was employed, with the edges
reversed i.e., the set of the static cameras C is the set of
24 static markers and the set of markers of the moving cube
M xT becomes the mobile camera. Our algorithm converges
in 2 iterations, with an average time per iteration of 0.07s
in Python.

D. Camera pose estimation results

Due to the problem’s inherent gauge symmetry, given a
set of camera pose estimates {P.}.cc, for any H € SE(3)
the set {P.H}.cc is also a solution. In order to establish
comparisons with the latent camera poses, we consider the
equivalence relation {P.}.ec ~ {PL}ccc < FH € SE(3) :
P. = P.H VYc € C. We define the orbit distance in the
quotient manifold SE(3)¢/ ~ as in [17] i.e.,

dSE(S)C/N ({PC}CGC) {P/C}CEC)

= i d Pc c 9 P/CH C ‘
Heﬂélél(g) SE(3)C ({Pc}eec, { }eec)

(34)

For this choice of gauge, we computed the mean and
maximum translation and rotation errors, defined as 0r :=
A(Rc,f{c) in degrees and 0; = |[t. — fc||2 in meters,
respectively. Results from our Python implementation of
Algorithm 1, using SciPy sparse matrices and the sparse
eigensolver from NumPy (eigs), are shown in Table II.
Convergence was achieved after two iterations in all scenes.
The best results are highlighted.

The different network topologies lead to different graph
connectivities. As expected, better results are consistently
obtained for better connected graphs. Specifically, the small
room scene, devoid of occlusions, lends itself to highly
precise camera pose estimation. As anticipated, within both
datasets, we note substantial reductions in pose estimation
errors with the increase in the number of object poses,
without a dramatic rise in Algorithm 1’s time per iteration.
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Fig. 3. Small room scene: array composed of 25 cameras mounted on the ceiling of a 72m? room. Left: image examples; Middle: 3D model of the room;

Right: top-view of the room with camera locations.

oo

3

Fig. 4. Cube with side 0.575m covered in 24 ArUco markers with side
0.276m, used as the dynamic object in the bipartite pose graph.

IV. CONCLUSIONS

In this paper, we presented a new approach for pose
estimation in large camera networks. Leveraging the well-
established duality-based MLE methodology commonly em-
ployed in the PGO literature, we laid out a new formulation
of the problem as a bipartite pose graph, comprising both
camera and object nodes. This allowed us to derive an
efficient method to carry out camera pose optimization, with
accuracy improving with additional object poses, but without
compromising computational efficiency. In addition, we put
forward a new 3D dataset of indoor scenes, for the purpose
of camera calibration with and without objects. We believe
that this dataset can serve as a benchmark for future works
on object and camera pose estimation. Our algorithm stands
as a competitive baseline for the latter.
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