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Abstract. This paper proposes a hierarchical framework that resamples
3D reconstructed points to reduce computation cost on time and memory
for very large-scale Structure from Motion. The goal is to maintain ac-
curacy and stability similar for different resample rates. We consider this
problem in a level-of-detail perspective, from a very large scale global and
sparse bundle adjustment to a very detailed and local dense optimization.
The dense matching are resampled by exploring the redundancy using
local invariant properties, while 3D points are resampled by exploring
the redundancy using their covariance and their distribution in both 3D
and image space. Detailed experiments on our resample framework are
provided. We also demonstrate the proposed framework on large-scale ex-
amples. The results show that the proposed resample scheme can produce
a 3D reconstruction with the stability similar to quasi dense methods,
while the problem size is as neat as sparse methods.

1 Introduction

Nowadays growing demands on realtime mapping and localization, large scale
digital city modeling [I] push the scale of Structure from Motion (SfM) [2] to the
limits of our computing capacity again and again. The pipeline of the SfM follows
a divide-conquer-merge methodology. The collected images are first processed to
extract features independently. Then a matching and elementary reconstruction
process, e.g. projective reconstruction, is carried out to solve the SfM in pair-
wise or triplet manner. Such pairwise and triplet reconstruction are the funda-
mental building blocks (sub-problem) of any SfM system. The sub-problems are
merged into a consistent and complete result using a hierarchical [3] or incremen-
tal [4] merging process. To ensure consistency across the merged sub-problems, a
golden standard method-bundle adjustment [5], is used. Unfortunately, like any
other problems solved by divide-conquer-merge methodology, the huge merged
problem will exhaust the computation resource. In structure from motion, it is
challenging to fit the large scale bundle adjustment problem into memory, which
is an initial motivation to our work.

To reduce the problem size, a common approach is to explore the redundancy.
Lhuillier et al. [6] proposed a resample scheme for dense matching. The local re-
sample scheme not only reduces the consumption of the computation resource
due to large amount of pixel wise matches, but also improves the reliability of
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resampled matching by using local-plane-model validation. To reduce the redun-
dancy in-between images, key-frames are extracted [7] given sequential input
images, so the computation can focus on the reduced set of images. Meanwhile,
with unordered images, Snavely et al. [§] proposed a skeleton representation
of the dominant cameras which are then used as the foundation to speed up
following incremental camera insertions and 3D point reconstruction.

Decoupling is another strategy to tackle large scale problems. Ni et al. [9] par-
titioned the large scale problem into overlapping blocks that fit to main mem-
ory and bundle each block respectively in an iterative inter-partition refinement
manner. However, due to high inter-connectivity between the parameters, it is
difficult to construct a pure independent partition from the original scene.

It is also another compromise to constrain the problem being solved only
locally. Local bundle adjustment [T0JIT] is proposed to use only the images and
features in the last few images in image sequences in the bundle adjustment
instead of using all images and features.

In contrast to finding redundancy in cameras, in this paper, from a level-
of-detail perspective, we propose a hierarchical resampling framework on 3D
points for the large scale SfM, which fits the large scale problem into main
memory. Moreover, with the concept of resampling, we set up a full picture of the
spectrum of level-of-detail (multi-scale) for geometry reconstruction (Figure [I).
In this spectrum, a very dense local reconstruction, e.g. multi-view stereo [12],
can transit to a semi-dense reconstruction [6], which can later be resampled to
a sparse reconstruction. This transition is also valid vice versa.

Large scale global reconstruction <€=== Density control === Detailed local reconstructior

Fig. 1. Spectrum of the level-of-detail of the bundle adjustment

In this paper, we first review the basic notation and background knowledge
of bundle adjustment in Section 2l Next, our hierarchical resampling scheme is
introduced in Section [Bl After that, an approximate bundle adjustment method
and an out-of-core merging process are introduced in Section B3] based on the re-
sampling scheme. The experiments and discussion are given in Section @l Finally,
we conclude our work in Section

2 Short Review of Bundle Adjustment

Given a set of input images I = {In,...,I;}, let ¢ = {co',...,c;"} be the
parameter vectors of all cameras C associated with I and p=1{py’,..-»P;"}
be the parameter vectors of all 3D points P = { P, ..., P;}. A visibility function
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V (4,7) is defined to be 1 when P; is visible in I;. Otherwise, V (¢, j) is defined to
be 0. Then a classic bundle adjustment problem can be expressed as a nonlinear
least square problem:

e p]" = argpin [x — f(c, p)|’ (1)
Equation[lis to estimate ¢ and p that optimize the re-projection error, given the
set of projections X = {X;;|Vi, j where V(¢,7) is 1} of 3D points onto input im-
ages. We also use |V| to denote the number of projections in images. x is the con-
catenation of the column vector of all projections {x;|Vi, j where V (i, j) is 1}7.
f() is the model of projection. The variance of the estimation can also be esti-
mated using the inverse of the Hessien of Equation[I] i.e. H™! according to the
perturbation analysis [13]. However, due to the gauge freedom, the estimation
of ¢, p and their covariance are up to the choice of the gauge. The estimations
of ¢ and p that yield the same optimized value for Equation [Il form a manifold
called gauge orbit. In order to obtain a unique estimation of ¢ and p, additional
constrains C on ¢ and p are required. This process is called gauge fixing. The
covariance of ¢ and p is highly related to the choice of gauge as well. However,
Morris has shown that this set of numerically unequal covariance is essentially
equivalent geometrically to normal covariance [I3]. This fact makes the normal
covariance become an unified criteria for the quality of an estimation.

3 Hierarchical Resampling

Our framework of hierarchical resampling starts from the resampling of dense
matching and moves to the resampling of 3D points. The goal of the resampling
is to simplify the large scale problem so that the problem can be solved efficiently,
while maintaining the stability of the reconstruction.

3.1 Dense Matching Resample

Thanks to the robustness of rotation and scale invariance features [14], sparse
reconstruction is quite popular nowadays. However, as demonstrated in [6] and
in later experiments, unbalance sparse features in image can make the geometry
reconstruction problematic. Hence, matching propagation is still recommended
to maximize the stability of STM. However, it overwhelms the computer to involve
all the propagated pixel matches. Therefore, we use the resampling strategy
proposed in [6] to resample the semi-dense pixel matches. The general process
proceeds as following steps.

(1) Pixels are aggregated into local groups. The local group should be small
enough so that the pixels in the same group share some invariance, e.g. local plane
assumption. On the other hand, the local group should be also large enough to
contain enough reliable observations. For simplicity, regular 8 by 8 pixels square
grids are used in this implementation. Over-segmentation algorithm [I5] that
could generate equal-size and edge sensitive over-segmentation is also a good
candidate for partitioning pixels into local groups.
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(2) Local groups of pixel correspondences are evaluated using some local in-
variance property. Only the groups that pass the evaluation will be kept and a
representative point correspondence will be generated for later stages. In this
implementation, we used local affine transform as the invariance property in a
local group.

Please note that the local invariance hypothesis, i.e. local affine transform,
does not need any knowledge of the global motion between two images. Hence,
this step can be used before any 2-view or 3-view geometry reconstruction to
remove redundant information.

3.2 3D Points Resample

After local geometries are estimated, these local geometries are further merged
into a global geometry. Because the number of resampled semi-dense matches is
usually 10 ~ 1000 times more than the number of sparse matches, the memory
runs out fast if all matches are used. In order to maintain the problem solvable
in main memory, we need to resample 3D points to reduce the problem size. At
the same time, we need to keep in mind that removing the redundant 3D points
should not harm the optimization itself. Hence, we should first figure out which
kind of points are less useful for bundle adjustment.

The meaning of “less useful” is twofold. First, some points themselves are
poorly reconstructed. Geometrically, small base line and small angle between
the reprojected rays for triangulation yields poor estimation of the 3D points.
Mathematically, the badness of the estimation of 3D points can be expressed
as the covariance of the estimated parameters using perturbation analysis, but
this covariance is highly related to the choice of gauge. As reviewed in Section [2]
normal covariance can be used to represent this set of geometrically equivalent
covariance regardless of the choice of gauge. More concretely, we take the diag-
onal blocks of the normal covariance matrix corresponding to the parameters of
3D points. Then each 3 x 3 covariance matrix is interpreted as an uncertainty
ellipsoid. The sum of the principle axes of an uncertainty ellipsoid is taken as
the measurement of the uncertainty of a 3D point.

Second, the removed 3D points should not in turn harm the estimation of the
parameters of cameras. Remaining points should span the whole reconstructed
scene and distribute uniformly in both 3D and image space. These uniform points
make the residual of Equation [I] distributed well over all points and make the
estimation of camera parameters well constrained. This uniformness in 3D and
image space, can be measured with the density of points in 3D and image space.

Therefore,for each point P;, we define a score to measure its redundancy as:

$; = U;-p;-  min . 2

e R R 2)
where u; is the uncertainty of P;, p; is the density of 3D points around point
P;, and p}j is the density of the 2D projections in image I; where P; is visible.
Points with higher scores are regarded as more redundant and less useful than
points with lower scores.
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Now, we can at least remove a point with the highest score each time to re-
sample points. Unfortunately, the scores of the remaining points change when
any 3D points are removed. It is not computationally practical to re-compute
the scores for the remaining points every time a point is removed, as simply
the covariance computation takes O(|V||C| 4 |P|r? + |C|?), given r is the max-
imal number of projections a 3D point has. In contrast to this greedy strategy,
we tackle this problem using a stochastic sampling process, which only require
O(\P|) time, given a precomputed score of each point. The sampling process
can be interpreted as the higher score a point has, the more likely it should be
removed. In the stochastic sampling process, s; is first computed for each point.
Then we can select the 3D points to be removed proportionally to this score us-
ing SUS (stochastic universal sampling) [I6]. To build the sampling distribution
used in SUS, we normalize the scores of all 3D points by their sum. With this
resample scheme, we can define a downsample ratio (resample rate) as the ratio
of the number of remaining points to the number of original points.

Figure 2] shows how the terms in Equation 2] affect the resampled 3D points.
The full reconstruction in (a) is generated using the semi-dense reconstruc-
tion [6] [ The results show that the random sample gives a resampled result of
similar distribution to the original reconstruction, where the resampled points
cluster around textured region. If only the covariance is considered in the score,
the remaining points are clustered around the places of better geometrical condi-
tion, especially where is close to cameras. “Den23” consisting of only 2D and 3D
density makes resampled points uniformly distributed. For more experimental
analysis, please refer to Section Hl

=

Comp

(a) Original (b)
Fig.2. (a) Original result with all reconstructed points. 10% points are kept by re-
sampling using our score function (b) Comp, using random sample (c¢) Ran, using only
the uncertainty measure (d) Cov, using the combination of 3D density and 2D density
(e) Den23. These abbreviations have the same meaning as here throughout this paper.

3.3 Approximate Bundle Adjustment and Out-of-Core Hierarchical
Merging

Next, we use the above resample strategy to speed up the bundle adjustment and
to adapter the original hierarchical merge process into an out-of-core manner.
Approximate bundle adjustment. We would like to use the resampled geometry
to approximate the bundle adjustment. First a full bundle adjustment problem
BAjy is resampled into a simplified bundle adjustment problem BA, according

! Reconstructed with 10 input images at resolution 2400 x 1600 pixels which is different
from the resolution used to generate the results for the same scene in Section Ml
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to the capacity of main memory. Then a bundle adjustment of both motion
and structure parameters is carried out on BA,. The 3D points P, = {P; €
BAp and ¢ BA,} are in turn estimated using the optimized parameters in
BA; by e.g. linear triangulation. Finally such P. will be optimized with a bun-
dle adjustment only on structures. This process can be iterated several times.
Each time, the original BAj is resampled again according to latest updated pa-
rameters. However, we found that this process usually converges in an iteration
with our resample scheme. Hence, it is much faster than solving a full bundle
adjustment problem.

Out-of-core merging. We can also adapt the hierarchical merge process [3] to
an out-of-core manner based on our resample scheme. Given sequential images,
the local triplet geometries are first reconstructed for every consecutive 3 images
using the semi-dense correspondences that are resampled from dense propagated
matching. Then we hierarchically merge the local geometries into a global geom-
etry. The merging process starts from finding a transformation, e.g. similarity
transformation, which aligns the overlapping cameras between two consecutive
local geometries. We merge the overlapping cameras by keeping either one of
them. Then the points from different local geometries are merged if they have
overlapping projections. In our implementation, we use 0.3 pixels as the thresh-
old for overlapping projections. Finally, bundle adjustment is applied on the
merged geometry to obtain higher level local geometries.

The above process can be carried out in an out-of-core manner as following.
Given two local geometries Gy and G71, if the bundle adjustment on the merged
geometries Go; does not fit into main memory, Go and G will be resampled to
GSp and GS1, which are merged into GSp;. Only the simplified geometries are
used in further merging and bundle adjustment, while the removed 3D points are
dumped to the hard disk. The resample rate is controlled by the bound of mem-
ory available for a program. In the end, we obtain an optimized resampled global
geometry. As the number of levels of the hierarchical merging is O(logn) given
n local geometries, the total IO required is bounded by O(nlogn). Therefore,
this process is I/0 efficient.

4 Experiment and Discussion

In this section, we first describe the implementation of our system. Then the
proposed resample scheme is validated on moderate-scale data sets and large-
scale data sets, followed with the discussion.

4.1 Implementation

Our SfM pipeline follows the hierarchical strategy and is in calibrated framework.
SIFT or SURF can be used as sparse features. The matching propagation algo-
rithm [I7UT8] is implemented. ANN is used for the approximate nearest neighbor
searching. We use the calibrated 5 points algorithm [19] to reconstruct 2-view
and 3-view geometries. The bundle adjustment is handled by SBA [20].



Resampling Structure from Motion 7
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Fig. 3. Typical input images. From left to right, Hall of Prayers (HALL), BUILDING,
OXFORD, Canton and UNC.

Fig. 4. Canton sequence. Top row is the complete reconstruction of Canton#1 with
resampled 3D points. Middle row is the complete reconstruction of Canton#2 with
resampled 3D points. Bottom row is a close up view of the blue rectangular region of
the middle row in three different resample rates 5%, 20% and 100%.

For computing scores, a fast covariance computation [6] is used to obtain
the normal covariance of the position vectors of reconstructed cameras and 3D
points. We approximate the density of points around a point by counting the
number of points inside a fixed radius neighborhood around a point. This range
search is also speeded up by ANN. To find the radius that is used to compute
3D density, we first find the distance of each point in P to its nearest neighbor.
Then the average distance dg, of the first 50% are computed and set as the
searching radius for 3D density. For 2D density, 8 pixels is used as the radius to
compute the density.

In SUS, one thing has to be noted is that the samples are allowed to be
re-drawn, so a few points with higher scores may be selected multiple times.
This behavior is normal in the sense of statistic, but it is not acceptable in our
system, because the number of points to be removed is strictly bounded by the
capacity of the main memory. To overcome this problem, we run SUS iteratively
on the points that are not yet selected in the past iterations until enough points
are selected. In our experiment, the points of required number can usually be
selected in 2 or 3 iterations.
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Fig.5. UNC sequence. Top row is the complete reconstruction with resampled 3D
points. Bottom row shows close-up views of the blue rectangular region of the top row
in three different resample rates 5%, 20% and 100%.

GPS SPA Ran Comp

Fig. 6. Comparison of UNC sequence

4.2 Moderate Scale Data Sets

Here we have three moderate scale data sets, which are denoted as capital-
ized HALL, BUILDING and OXFORD. The typical input images are shown in
Figure[Bl These three examples represent three types of typical camera motions,
moving circularly with viewing direction perpendicular to the moving direction,
moving in a straight line while the camera focusing on a center object, and mov-
ing along the viewing direction. HALL was taken while the photographer moved
along a circular path around the center object. BUILDING was taken while the
photographer followed a straight line on the ground.

We reconstruct these examples using both sparse and semi-dense matches.
The SfM pipeline is the same, only the matches are different. We do not involve
any prior knowledge of camera motion, e.g. loop constrain or straight line move-
ment. In HALL, SURF features are used, while in the other examples, SIFT
features are used as sparse features. In Figure [[, the semi-dense reconstruction
has superior quality in both HALL and BUILDING, thanks to the extra and
more balance propagated matches. In HALL, the sparse reconstruction cannot
close the loop, while the positions of the cameras at both ends in BUILDING
are bended forward in the sparse reconstruction. In OXFORD, sparse method
and semi-dense method produce similar results.

Then we gradually resampled the merged reconstruction in the “MERGE”
column of Figure [ with a resample rate from 100% to 0.2% using different scores
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PERSP MERGE QD SPA Comp Cov Den23 Ran

Fig. 7. The reconstruction and resampling of three moderate scale data sets. From top
to bottom, they are the results for HALL, BUILDING, and OXFORD respectively.
“PERSP” shows an perspective view of the semi-dense reconstruction. “MERGE”
shows the merged semi-dense reconstruction before bundle adjustment. “QD” shows
the bundle adjustment with all points in “MERGE”. “SPA” shows the results of sparse
reconstruction. “Comp”, “Cov”, “Den23” and “Ran” show the results of bundle ad-
justment on a resampled point set from “MERGE” at the ratio in the “md” column
of Table [Tl Please refer to Table [1] for some statistic.

and bundled the resampled geometries. After the visual inspection of the results,
we list the minimal resample rate which still yields reasonable reconstruction in
“md” column of Table [l The visual quality of the reconstruction can be found
in the right most 4 columns of Figure [

In HALL and BUILDING, “Den23” can maintain the overall trajectory of
camera motions, as it keeps the points evenly in 3D and image space, which
makes the estimation of camera well constrained. However, “Den23” does not
consider the quality of the 3D points. Usually, 3D points with poor quality can
make the optimization bias. We can observe this small bias in the “Den23” of
HALL. The top of the trajectory is slightly bended inwards to the center of circle
compared to “QD”. At the same time, only relying on the uncertainty terms also
induces bias in reconstruction due to the unbalanced resampled points. “Cov”
of BUILDING is an example. The right most three cameras were not recov-
ered correctly. “Cov” of HALL can be reconstructed well because the scene and
the camera motion are both symmetric. After removing a few highly uncertain
points at the background, the remaining points have similar uncertainty. Hence,
resampling HALL with “Cov” still yields a quite uniform point distribution. In
both of HALL and BUILDING, “Ran” gives bad results, while “Comp” which
combines the strength of “Cov” and “Den23” produces a reconstruction better
than sparse reconstruction with even fewer points. The results also show that
it is worth spending effort on carefully selecting 3D points. In OXFORD, visu-
ally, it is hard to tell the difference between the reconstruction using different
resample score. This will be explained in the following analysis of Figure

We also plot the average covariance of the position of cameras and the average
covariance of the 3D points in Figure[8 In HALL and BUILDING, “Comp” gets
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Fig. 8. Top row: the covariance of the position of cameras after bundle adjustment on
the resampled point set vs the downsample ratio. Bottom row: the covariance of the
position of 3D points after bundle adjustment on the resampled point set vs the down-
sample ratio. In HALL and BUILDING, the covariance of the sparse reconstruction is
too large to be plotted in the figure region. Please refer to Table[Ilfor where the bundle
adjustment of the resampled point set fails.
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Fig. 9. The left 4 columns: the reprojection error and its standard deviation after each
iteration of approximate bundle adjustment using different scores. “With removal”
means after each iteration, the points with reprojection error larger than 2 pixels are
removed. “Without removal” means nothing is removed after each iteration. “Full BA”
stands for full bundle adjustment with all the points and cameras. The right most
column: the runtime comparison. From top to bottom, they are the results for HALL,
BUILDING, and OXFORD respectively.
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the estimation of cameras with lowest uncertainty. However, it is not surprising
that “Comp” does not always perform best for the estimation of 3D points. The
reason is that given a reliable camera reconstruction, removing the points with
high uncertainty greedily decreases the average covariance of 3D points most.
This is what “Cov” tries to do. However, if the remaining points cannot produce
reliable camera estimation, the removal of the points will harm the estimation of
remaining points. This is why “Cov” cannot perform better than “Comp” in av-
erage covariance of 3D points when the downsample ratio is small. In OXFORD,
the estimated covariance just jumps up and down almost randomly, because the
motion of camera in OXFORD is one of the typical degenerated case of co-
variance estimation. However, our resample score still resists to this problematic
covariance estimation and gets results not worse than uniform random resample.

Finally, we carried out an experiment on the approximate bundle adjustment.
HALL, BUILDING and OXFORD are resampled at downsample ratio 0.02, 0.05
and 0.1 respectively. The average reprojection error and its standard deviation
are plotted in Figure [@ The reprojection error and standard deviation before
and after full bundle adjustment involving all 3D points and cameras are also
plotted as baselines. We can observe that with either resample score, approxi-
mate bundle adjustment can optimize Equation [ to almost the same residual
error level as full bundle adjustment in only one iteration. However, in HALL
and BUILDING, “Ran” gives us a bumping reprojection error and standard de-
viation after a few iterations, because “Ran” resamples points uniformly without
any guidance. Sometimes “Ran” just picks up a set of points that is bad for bun-
dle adjustment. In contrast, “Comp”, “Cov”, and “Den23” give better stability
after a few iteration, because they resample points according to some robust
criteria. In OXFORD, it is not surprising that different strategies just perform
similarly, given the perturbed covariance estimation in Figure

In the right most column of Figure[d, we compare the time of the first iteration
of our approximate bundle adjustment and the full bundle adjustment. The time
of the approximate bundle adjustment includes the time for computing scores.
“Ran” is the fastest, as it does not require any computation on scores. “Den23”
is second fastest, because the computation of density is moderate compared
to the computation of normal covariance. The running time of “Comp” and
“Cov” is similar, because the computation of normal covariance dominates the
running time compared to the computation of density. However, an exceptional
case is BUILDING, where “Ran” runs slowest. The reason is that although
other methods spend more time on computing scores, they converge fast in
optimization because of better resampling.

4.3 Large Scale Data Sets

In the experiment for large scale data set, the memory bound is manually set at
1GB to force out-of-core computation even on PCs with large memory.

We demonstrate three complete reconstructions. Canton#1 and Canton#2,
are shown in Figure @l UNC sequence is shown in Figure Some statistic
is listed in Table 2l Typical input images are also shown in Figure [3l These
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Table 1. Statistic on three moderate scale data sets. “spa pt.#” is the number of re-
constructed sparse 3D points. “img.#” is the number of input images. “spa” is whether
the sparse reconstruction successes or not. “qd pt. #” is the number of reconstructed
semi-dense 3D points. “qd” is whether the semi-dense reconstruction successes or not.
“md” is the minimal number of resampled points that still yields reasonable result
visually using “Comp” score. The resample rate is included in the bracket. “size” is
the size of input images.

seq spa pt.# img.# spa qd pt.# qd md size
Hall 2325 113 Fail 206,094 Success 413 (0.2%) 1024 x 682
Building 115 10 Success 4,449 Success 36 (0.8%) 640 x 426
Oxford 653 11 Success 14,985 Success 49 (0.3%) 512 x 512

Table 2. Statistics on three large scale data sets. “seq.” lists the names of 3 complete
reconstructions. “img#” is the number of images used in the reconstruction. “tp.#” is
the total number of points reconstructed. “rp.#” is the number of points that are used
in final in-core computation. “rm” is the amount of memory used for the resampled
reconstruction. “om” is the amount of memory that is needed to fit the bundle adjust-
ment problem with all points (both in-core and out-of-core) and all cameras. “size” is
the size of input images.

seq. img.# tp.# rp.# rm (GB) om (GB) size
Canton#1 344 6,420k 378k  0.63 10.1 2400 x 1600
Canton#2 277 3,819k 412k  0.62 5.56 2400 x 1600
UNC 921 5,639k 72k 0.4 15.2 1024 x 768

examples are reconstructed using the proposed out-of-core merging process. All
intermediate merged results are bundled in the approximate manner we pro-
posed. Only the bundle adjustment on the final results is carried out on all
points and cameras. From the column “rm” and “om” in Table 2l we can see
how our out-of-core merging process reduces the amount of memory used in
bundle adjustment. Moreover, we make a comparison between a few different re-
construction methods on UNC in Figure [fl We further take the camera motion
measured using GPS/INS system as a reference. The reconstruction of “SPA”
and “Ran” both failed, while the camera motion reconstructed by “Comp” is
very close to GPS/INS measurement even with fewer points. The failure occurs
when two subsequences are merged because of the inconsistent reconstruction of
the overlapping cameras of two subsequences.

4.4 Discussion

Global vs. local. The requirement of the density of the 3D points usually differs
from application to application. For example, for image based modeling, it is
better to reconstruct as many 3D points locally as possible to assist the modeling
of each individual object. In contrast, the global reconstruction of camera poses
is crucial not only for the registration of individual model into a global coordinate
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system in large scale city modeling [21], but also for the application in localization
and mapping. With our resampling framework, a global geometry computation
can be first carried out with a lower density so that the very large-scale sequence
can be handled, while local geometries can be densified again using the original
detected matches and the estimated global geometry. This kind of level-of-detail
relationship is illustrated in Figure [l and the bottom rows in Figure [ and
Figured . Because of our out-of-core merging process, all the points that cannot
be put in memory are still on the hard disk. It is very easy to reuse these 3D
points whenever they are needed.

Relation with other large scale methods. The results demonstrate that our
resample method can scale up properly into very large-scale data set. However,
as stated in other literature on large scale structure from motion [822], the
running time and resource will be dominated by cameras when the number of
cameras grows larger. Our work is complementary to the works targeting on
reduced the redundancy in-between images.

5 Conclusion

We propose a hierarchical approach of mixing global and local geometries and
controlling the on-demand density of 3D reconstruction. The mixture of global
and local geometries is handled by the statistical analysis of the reconstruction
accuracy and robustness from local to global. We studied our proposed resample
scheme carefully through a few validation experiments. And our approach was
also validated on the large-scale data set. The experiment results indicate that
sampling with our score functions can obtain robust reconstruction similar to
semi-dense approach, while the problem size is as neat as sparse approach. The
trade off for this advantage is the extra computation time on match propagation
and resampling compared to sparse approach.
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