Camera Culture

The pipeline’s iterative phase, which poses the
remaining cameras, runs in rounds. We denote the
current round as . The system ranks all cameras
according to their features’ overlap with . Let

denote the set of features in camera , and let
IDy={® & | ., denote the set containing those
features’ global identi [erk. To rank the cameras, we
consider the cardinality of = ¢ N . The system
considers cameras with high overlaps for pose es-
timation in round . For each considered camera,
, the system gives a robust linear estimation of
its pose by the direct linear transform in a Ransac
loop,? considering the 2D-to-3D correspondences
encoded in
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When acquiring a dataset, the system is typi-
cally provided with enough photographs so that,
in terms of reconstruction quality, leaving a cam-
era unposed is less costly than incorrectly posing
it. To help avoid grossly incorrect camera poses, we
exploit the inertial-sensor data collected in con-
cert with each photograph. This data consists of
the accelerometer, magnetometer, and GPS read-
ings, which provide a reasonable orientation and
highly approximate position for the device. If the
computed camera pose signi [cdntly disagrees with
the inertial-sensor measurements, the system con-
siders the reconstructed pose invalid. In this case,
we postpone the determination of this camera’s
pose until a later round, when hopefully more
overlapping feature points will have been recon-
structed. However, if we can’t determine a valid
pose that at least grossly agrees with the inertial-
sensor measurements, we leave this camera out of
the reconstruction.

Next, the system considers any corresponding
features between and all the cameras in , and
triangulates the world-space position of the valid
features that aren’t already in . The system then
adds these newly reconstructed points to , and
we perform the same procedure for the rest of the
cameras selected for pose estimation in round
Once the system has posed all the selected cam-
eras, it advances to round + 1.

The iterative estimation terminates if there are
no more cameras left to pose or if the remaining
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cameras have too few overlaps with . The system
optimizes the estimated camera poses one [nal
time, using sparse bundle adjustment.®

Local scene reconstruction. \We construct locally op-
timized texture-mapped 2.5D dense point clouds
and meshes for each image. Given the limited
number of synchronously acquired images, we
can’t construct a globally consistent model. We
use a few (two or three) of the neighboring im-
ages to reconstruct the model for each camera.
Because the images cover only a small area, the re-
constructed camera models are locally consistent.
Our goal is to enable seamless navigation without
a globally consistent model.

Next, we [ndl a posed camera’s closest neighbors
denote the set of posed
cameras. The closest neighbor for a given camera
isio argmax; # N ;N thesecond clos-
i coi ID;NID; R,
and the higher-order neighbors follow similarly.

We reconstruct dense point clouds using PMVS
(Patch-Based Multi-view Stereo Software).* The
3D point clouds are practically 2.5D bhecause the
neighboring cameras have similar viewing direc-
tions and take pictures of only one side. Each point
in this dense reconstruction maintains an average
color, a corresponding visibility map, and a cor-
responding pixel location in each photograph that
contributed to the dense point model. This recon-
struction’s locality ensures that the images map
consistently to the points.

Because the captured photographs represent the
true images from each reconstructed camera posi-
tion, the system creates simple 2.5D depth meshes
to assist in rendering and local 3D navigation. The
construction of a globally consistent mesh is prone
to accumulate tiny errors, contributed from each
reconstructed camera. So, we instead exploit the
images and locally optimized camera positions to
generate optimal meshes for each camera position.

Many point cloud meshing techniques, such
as Poisson surface reconstruction, generate only
watertight surfaces. But these aren’t suitable for
generating 2.5D view-dependent meshes from our
point clouds, which contain numerous disconti-
nuities. Figure 6 shows how Poisson surface re-
construction adds arti [Cihl points to close up the
surface when meshing the point cloud.

We’ve developed a novel meshing procedure that
uses an iterative constrained-optimization rou-
tine inspired by a mass-spring system (see Figure
7). The meshes are 2.5D triangulations of dense
points with respect to each camera. For an input
image with dimensions x , We create a spring
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Figure 6. View-dependent mesh construction: (a) the captured image; (b) the constructed dense point cloud; (c) the Poisson
surface reconstruction, which adds arti cial vertices to generate a closed surface when the dense point cloud contains
discontinuities; and (d) the mass-spring-inspired mesh surface reconstruction, which connects the discontinuities with respect to
the image grid while maintaining the original vertices.
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Figure 7. We use the mass-spring system to compute a locally optimized mesh for each camera: (a) the
initialized mass-spring system, (b) the result of the mass-spring mesh optimization, and (c) the mass-spring
mesh after nal realignment. The resulting mesh closely matches the original image when viewed from the

camera position.

system with x  particles, where << and
<< . The system aligns the particles at the
spring system’s corners with the input image’s
world coordinate position computed by the SFM
algorithm. The spring system’s remaining particles
are uniformly spaced between the corner particles.
Next, we use the recovered camera parameters
and construct a virtual camera. We then project the
visible 3D points from the dense point cloud and
the spring particles onto the virtual camera’s view
plane. For each spring particle, we [nd the closest
projection of the visible 3D points from the dense
point cloud that’s within a radius . If the system
discovers such a point, the spring particle is asso-
ciated with it. The system divides spring particles
into three sets. Set contains all the spring par-
ticles that have associated 3D points from the dense
point cloud. Set  contains all the spring particles
at the corners. Set  contains the rest. The system
replaces the position of each spring particle in

with its associated 3D point from the dense-point-
cloud data, which contains structural information
on the photographed objects in world coordinates.

We then iteratively run the mass-spring op-
timization, keeping spring particles in and
static while moving the particles in . We stop
the optimization once the mass-spring system sta-
bilizes. Finally, we realign the generated mesh by
considering the optimization constraints’ camera
parameters and location. The realignment doesn’t
change the distance between the spring particles
and the virtual camera. The system locally opti-
mizes each resulting mesh for its corresponding
camera. During navigation, the system selects the
displayed mesh according to its acquisition and
viewing parameters.

D

During this phase, users can navigate in space and
time to explore the reconstructed scene in 3D,
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same time. This reconstruction illustrates that our
acquisition system, even though based only on
commodity smart phones, is highly synchronized.

Figure 9 shows the reconstructed point clouds
and meshes. Each segment of this beautifully ex-
ecuted jump was captured using 24 cameras; the
dense point reconstruction for each time step con-
tained an average of 77,896 points.
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We recreated the [ght scene from the “Amok
Time” episode of using action [guires
and captured the scene as a stop-motion anima-
tion sequence. Stop-motion animation provides a
fun way to synthesize creative narratives. Social
Snapshot uses numerous cameras to augment the
animation with a new dimension.

Figure 10 shows the reconstruction of two sam-
ple time steps. We reconstructed each time step
using 13 cameras; each time step’s dense point set
contained an average of 66,120 points.

Social Snapshot presents several interesting
venues for future research. In particular, high-
quality inertial sensors on new devices would let us
rely less on costly global optimization procedures
and more on direct sensor readings. In particular,
the newest generation of smart phones, such as the
iPhone 4, include both an accelerometer and a gy-
roscope. This makes it possible to delineate between
rotational and linear acceleration, and therefore to
track the motion of the phone. The ability to per-
form such tracking hints at the possibility of more
ef [Cient reconstruction algorithms. For example,
it might be possible to use an iterative SFM pro-
cedure to pose the cameras only in the [rsk ac-
quisition time step, with the camera poses in all
remaining time steps tracked and updated through
the inertial-sensor readings. It’s also likely that the
ever-growing array of sensors will enjoy a syner-
gistic relationship with the reconstruction algo-
rithms to improve not only the reconstructions’

ef [Cikncy but also their accuracy. "
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Figure 9. Reconstructing (a) point clouds and (b) meshes from the
jumping skater dataset, for the skateboard taking off and the jump’s
apex. (Figure 2 shows an intermediate frame for this same dataset.)
This gure illustrates the successful reconstruction of a highly dynamic
underlying dataset. Such a reconstruction wouldn’t be possible without
the active synchronization mechanism, which is an integral part of the
Social Snapshot system.
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