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Abstract—In this paper, we present results and experiments with several methods for bundle adjustment, producing the fastest bundle
adjuster ever published in terms of computation and convergence. From a computational perspective, the fastest methods naturally
handle the block-sparse pattern that arises in a reduced camera system. Adapting to the naturally arising block-sparsity allows the use
of BLAS3, efficient memory handling, fast variable ordering, and customized sparse solving, all simultaneously. We present two
methods; one uses exact minimum degree ordering and block-based LDL solving and the other uses block-based preconditioned
conjugate gradients. Both methods are performed on the reduced camera system. We show experimentally that the adaptation to the
natural block sparsity allows both of these methods to perform better than previous methods. Further improvements in convergence
speed are achieved by the novel use of embedded point iterations. Embedded point iterations take place inside each camera update
step, yielding a greater cost decrease from each camera update step and, consequently, a lower minimum. This is especially true for
points projecting far out on the flatter region of the robustifier. Intensive analyses from various angles demonstrate the improved
performance of the presented bundler.
Index Terms—Computer vision, bundle adjustment, structure from motion, block-based, sparse linear solving, point iterations.
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INTRODUCTION

B

UNDLE adjustment (BA) has become an essential part of
structure from motion (SfM) and 3D reconstruction has
attracted increased interest from the computer vision
community despite its extremely complex nature.
Although many reports have been presented on the subject,
bundle adjustment remains the primary bottleneck in
relevant applications and is problematic in large-scale
reconstructions.
To resolve these problems, we present several methods
that dramatically improve the performance of the bundle
adjustment (i.e., the bundler). We exploit the block-sparsity
pattern that arises in a reduced camera system (RCS) and
enhance the computational speed of the bundler with
BLAS31 operations, efficient memory handling, and fast
block-based linear solving. Furthermore, novel embedded
point iterations (EPIs) substantially improve the convergence speed by yielding a high cost decrease from each
camera update step. The experimental analyses covering
various bundlers and data sets comprise another important
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contribution of this paper. The experimental results show
the improved performance of the proposed bundler and
provide useful and detailed comparisons among various
choices when compositing a bundler. Our approach does
not require any special assumption or hardware and is
identical to conventional bundlers in terms of functionality
and usage in related applications. The fact that it is possible
to use our approach in combination with all of the other
previous approaches demonstrates the generality and the
applicability of our proposed method.

1.1 Related Works
The previous approaches can be divided into two groups.
The first focuses on making the bundle adjustment
algorithm as efficient as possible, and the second focuses
on reducing the size or frequency of the invocation of
individual bundle adjustments.
Examples of the first group include [1], [2], [3], [4], [5],
[6], [7], and [8]. Triggs et al. [1] and Lourakis and Argyros
[2] explained bundle adjustment and how to implement it.
Triggs et al. discussed more theoretical issues, including
gauge freedom, inner constraints, and the reliability of
parameter estimates [1], while Lourakis and Argyros
offered detailed explanations on the standardized bundle
adjustment procedures [2]. The Levenberg-Marquardt algorithm (LM) [9] has been the most popular choice for bundle
adjustment. However, the authors of [3] questioned this
choice and showed that the dog leg algorithm (DL), which
is designed to explicitly use a concept of trust region, is a
better alternative to LM, which reflects the fitness of the
approximated linear model by checking if the cost
decreases. In [4], an out-of-core bundle adjustment was
proposed which follows a divide-and-conquer approach. In
that aspect only, that work could be classified into the other
group; however, it did make an additional contribution. By
Published by the IEEE Computer Society
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caching submap linearizations for the full separator system,
the authors were able to reconstruct a large-scale system if
given a good graph cut and initialization.
Within the last few years, there have been several
attempts to solve the linear system in the bundle adjustment
more efficiently. Preconditioned conjugate gradients (PCG)
replacing the Cholesky factorization that is used in the LM
algorithm are the key to these attempts. Byröd and 
Aström
utilized the structural layout of variables for the better
preconditioning of conjugate gradients (CG) in bundle
problems such that the CG steps affected an explicit change
in the parameters more directly [5]. Agarwal et al.
suggested the adaptive use of a sparse direct method for
Cholesky factorization and a block diagonal PCG [6].
Recently, more developed ways to apply the conjugate
gradient to bundle adjustment with less memory requirements have been presented [7], [8]. In [8], the authors
suggested applying conjugate gradients for least squares
(CGLS) to bundle adjustment with a block QR preconditioning. The CGLS requires the Jacobian matrix only and
does not build the Hessian matrix. In this case, a reduced
camera system is not used, but it is still advantageous when
the memory requirement becomes the main concern.
Agarwal et al. proposed using PCG with a generalized
symmetric successive over-relaxation (SSOR) preconditioner for the Hessian matrix to implicitly use PCG on an
RCS without any explicit construction of the RCS [7]. These
approaches can be useful when the given problem has as
many as 10,000 cameras.
In the second category, [10], [11], [12], [13], [14], [15], [16],
and [17] proposed various approaches to apply bundle
adjustment. The authors of [10] recovered a 3D structure from
a long sequence by performing bundle adjustment hierarchically from segment-wise to global and also suggested an
efficient approach that reduces the number of frames in the
global system by introducing virtual key frames. In [11], the
authors reduced the redundancies of the brute force bundling
by checking which variables were required to be optimized
after every new frame. The authors of [12] proposed a spectral
partitioning approach, which divided a large-scale bundle
problem into smaller subproblems and preserved the low
error modes of the original system.
The authors of [13], [14], [15], [16], and [17] paid
particular attention to how to efficiently apply bundle
adjustment to incremental or real-time SfM systems.
Mouragnon et al. [13] and Engels et al. [14] investigated
the proper application of local bundle adjustment, which
only considers cameras and points within a certain time
range. Mouragnon et al. [13] suggested applying local
bundle adjustment after each new keyframe was found,
whereas Engels et al. [14] suggested applying it after every
frame was added. Klein and Murray [15] presented a realtime augmented reality system using two independent
threads for tracking and mapping. The main task of the
mapping thread is to optimize keyframes and points
locally with high priority and globally with low priority.
This strategy is effective when the camera does not explore
new scenes continuously and the expected number of total
keyframes is fairly low. Eudes and Lhuillier [17] proposed
a method that included uncertainty propagation and the
maximum likelihood estimation of the local bundle
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adjustment given a particular noise model. In the case of
[16], a relative frame representation was introduced instead
of representing cameras and points in common global
coordinates. Those authors used the relative motions
between cameras for efficient loop closing in the incremental SfM.

1.2 Overview
According to our survey of the literature, block structure
has been understood equivalently as the sparse structure of
SfM problems only and has been used mainly to form the
RCS efficiently. The use of CG, which is the key component
to reducing the cubic complexity of a bundler, has not been
investigated by any full performance analysis. No effort has
been made to understand how cameras and points move
inside bundle iterations, which may provide an important
clue to accelerating the convergence. Addressing these
issues are the key contributions of this paper.
In Section 2, we briefly explain the standard bundler and
several different implementations of the proposed bundler.
We discuss how to fully utilize the block structure by
employing the BLAS3 (Section 3) and how to efficiently
solve the reduced camera system using block-based reorderings and preconditioned conjugate gradients (Section 4) in
detail, which contributes to improving the computational
efficiency of the proposed method. The novel EPIs that were
inspired by understanding the general movements of
cameras and points during bundle iterations are introduced
in Section 5. They mainly contribute to the faster convergence of the bundler. We experimentally demonstrate that
our proposed methods perform substantially faster than
previous methods in Section 6. We present our conclusions
in Section 7.
The performance of the proposed method is summarily
compared with that of the conventional bundler [2] in Fig. 1.
Twenty bundle iterations are performed for both methods,
and the proposed method achieves a lower (RMS) reprojection error with a shorter processing time than the conventional one. This demonstrates that the proposed method is a
more efficient way to perform the procedures of the bundler
as well as a faster way to converge. A preliminary version of
this paper appeared in [19].

2

BUNDLE ADJUSTMENT

Bundle adjustment is the problem of refining a visual
reconstruction to produce jointly optimal 3D structure and
viewing parameter [1] by minimizing the robustified
squared sum of the reprojection errors. At the outermost
layer, BA is performed using the Levenberg-Marquardt
(LM) algorithm [9], which is a damped Newton method.
The LM algorithm assumes the cost function to be locally
quadratic and dampens the Hessian matrix by controlling a
dampener  when the function is not fitted well.
In general, the computed Jacobian J is a 2NP  ðkM þ
3NÞ matrix, and the resultant Hessian H ¼ J T J is a ðkM þ
3NÞ  ðkM þ 3NÞ matrix where M; N; NP ; k are the numbers of cameras, points, projections, and parameters for one
camera, respectively. Solving a ðkM þ 3NÞ  ðkM þ 3NÞsized linear system simply is infeasible when the problem
includes too many cameras and points. However, M is
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Fig. 1. A brief comparison between the conventional bundler [2] and the proposed bundler with preconditioned conjugate gradient as a linear solver.
Two real data sets, korpalace (top) and sanmarco (bottom), were used. For each row, “initially perturbed cameras and points with a snapshot
captured on the web [18],” “an adjusted result by the conventional method,” and “another result by the proposed method” are shown from left to right.
For each bundler, 20 iterations were completed. The timings (in min. or sec.) and the final RMS reprojection errors (in pixels) are shown with the
adjusted reconstructions. The conventional bundler for korpalace was especially compiled on an x64 platform because of its large memory
requirement.

considerably smaller than N in most cases, and the Schur
complement can be used to reduce the large system to a
smaller kM  kM-sized linear system Hrc , which is the socalled reduced camera system [1], [20]. If N is much smaller
than M, computing the reduced structure system (RSS) is
more efficient. For more details on bundle adjustment, refer
to [1], [2], [14].

2.1 The Reduced Camera System
The Schur complement transforms the linear solving of H to
another linear solving of Hrc and a back-substitution.
Because the size of Hrc depends on the number of cameras,
the bundle adjustment does not have to suffer due to the
large number of points. Note that if this Schur complement
is computed explicitly and the sparse structure of the
Hessian matrix is not considered, many advantages may
be lost. The importance of RCS creation and its sparse
structure were already studied by Brown several decades
ago [21]. Constructing the RCS implicitly allows for faster
speed and less memory usage [14]. Methods for managing
the structure of RCS and solving RCS are explained in
Sections 3 and 4.
2.2 Implementation Details
Aside from the key contributions that we will explain in the
rest of this paper, several implementation details are
worthy of mention. Our implementation is similar in spirit
to [14], including computing the outer products, keeping
the sine values of rotation, and augmenting the scaled
diagonal of the Hessian matrix. By computing the outer
products, i.e., accumulating the point tracks directly into the
RCS, we do not form any intermediate matrices such as U,
W , and V in [2] to explicitly construct the RCS.

The Rodriguez representation is a well-known parameterization of rotation, and the sine values of rotation have
similar partial derivatives to those of the Rodriguez
representation. By permutating the axes and inverting the
signs of the derivatives of the sine values, the derivatives of
the Rodriguez representation can be obtained. Therefore, we
can speculate that the performances of the two parameterizations are equivalent. We conducted an experiment on this
assertion and found that the two parameterizations provided nearly equivalent decreases until convergence and
were better than the Euler angles. Moreover, keeping the sine
values allows us to compute an exact rotation matrix more
efficiently, even for noninfinitesimal changes.
Although the LM algorithm simply rescales the dampener
according to the decrease/increase of the cost, the fitness of
the approximation can be carefully measured by comparing
the expected decrease and the actual decrease, which is also
known as the trust region control. An example where the
trust region method was applied to BA is given in [3]. We
employ the concept of trust region control by carefully
checking the discrepancy between the predicted and actual
costs. We decrease the dampener when the cost reduction is
above a certain fraction (currently set to 70 percent of the cost
reduction predicted by the approximated model).
To further reduce computational load, we use an LM
variant that differs in how the dampener affects the Hessian
matrix. Normally, the diagonal augmentation of the LM is
given by
Haug ¼ H þ I;

ð1Þ

where H and Haug are the Hessian and the augmented
Hessian matrices, respectively. However, we augment the
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Hessian in a different way that adds the diagonal of the
Hessian matrix multiplied by the dampener:
Haug ¼ H þ  diagfHg:

ð2Þ

This augmentation helps the bundler to avoid repeatedly
solving the linear system for newly increased dampeners
when the computed step fails to reduce the cost [14].

3

BLOCK STRUCTURE

The fact that a block-sparse pattern arises naturally in a
reduced camera system is very well known [1], [2], [4], [14],
[22]. A fair amount of research has already been performed
on the topic of reordering techniques for cameras and has
been designed to reduce fill-in during a direct solution.
However, linearly solving the Hessian matrix still accounts
for most of the complexity of the bundler [14]. We suggest
several ways to significantly enhance the efficiency and the
speed of the dominant processes such as building a reduced
camera system and LM optimization.
The block structure allows efficient memory handling,
variable reordering, and customized sparse solving while
maintaining the use of BLAS3, which is a library of matrixmatrix operations. The sparsity pattern is block-based in
that every block corresponds to a pair of cameras, and a
block is either completely empty or completely filled in
depending on whether the two cameras have a point track
directly in common. The pattern persists across all the
iterations of the bundle adjustment process.
Before starting the iterations, the pattern is computed as an
upper triangular bit-mask in our implementation. Then, a
sparse block matrix is prepared. This is accessed through a
matrix of pointers with valid pointers only on the nonzero
blocks. This design is chosen for its speed of access to the
blocks during accumulation to the reduced camera matrix,
and it improves the speed of solving problems containing the
tens of thousands of cameras. When a common camera model
is employed, each block is a square with a sidelength b that is
equal to the number of the camera parameter (b ¼ 9 for an
uncalibrated camera model with two radial distortion
parameters). Each whole block is stored in consecutive
memory. The matrix is solved by a sparse block-based LDL
factorization or preconditioned conjugate gradients and
back-substitution [23]. The solver essentially spends all of
its time multiplying the b  b blocks, which is an operation
that can be completely unrolled and optimized.
However, practical applications of the SfM should deal
with various unknown cameras at the same time, such as in
[6], [18], [24]. A mixed set of cameras containing partially
known, fully known, and unknown intrinsics is an important case. The fixed parameters need to be omitted, and
the parameters shared by several cameras need to be joined.
This also breaks the homogeneous block structure. For
example, the inhomogeneous sparse structure of the RCS
shown in Fig. 2a may arise. In principle, the variable block
structure can be allowed. However, it is easier if we treat all
of the camera blocks identically because this allows a very
simple and efficient block solver to be applied to the
homogeneous block structure of the RCS.

Fig. 2. An example of keeping the homogeneous block structure in the
RCS when an SfM problem deals with various unknown cameras at
the same time. (a) The original and (b) the reordered sparse patterns
of the RCS are compared.

To maintain the homogeneous block structure, we
choose the smallest block size that always contains free
parameters such as the block size, and place the other
variables, which are sometimes fixed, free, or joined, on the
right-hand side of the Hessian matrix. This results in an
arrow matrix with the extra free variables along the right
and bottom sides and the upper-left block consisting of
fixed-sized blocks as shown in Fig. 2b. To utilize the
simplified block structure, we also use hand-coded BLAS3
routines for small-sized matrix operations.
With the same motivation of maintaining homogeneous
block structure, the gauge is left globally free. The gauge
freedom of rotation, translation, and scale is simply handled
for each step by the dampener that is used in the
optimization. A globally free gauge is known to generally
improve convergence speed [1]. Other alternatives, such as
fixing selected cameras and baselines, have been attempted
with no discernible effect; therefore, the floating gauge is
preferred to preserve the homogeneous block structure.
However, this floating gauge could cause rank deficiency,
which is critical in the Cholesky factorization when the
dampener approaches zero. We handle this rank deficiency
in the factorization by checking whether zero is reached in
the diagonal and skipping zero divisions.
Our experiments indicate that even for dense systems
where each pair of cameras shares a track, the improved
cache-locality and the BLAS3 nature of the block-solver
produce a four times speed up.

4

SOLVING THE REDUCED CAMERA SYSTEM

As mentioned in Section 2.1, the reduced camera system is
obtained using the Schur complement trick that compacts
the dimensionality. Several methods to efficiently solve the
RCS, such as reorderings, sparse Cholesky factorization,
and preconditioned conjugate gradients, have been employed in previous works [1], [6]. An efficient accumulation
of an RCS has also been suggested [14]. In this section, we
explain how the proposed block structure and resultant
block-based computation assist in improving the performance of the bundler. We also clarify the application of
conjugate gradients and other related topics, which are
ambiguous and have not been investigated sufficiently, to
suggest the best method for constructing the fastest
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bundler. Finally, we introduce the block-based preconditioned conjugate gradients.

4.1 Variable Ordering
The cameras are ordered to minimize the amount of blocks
that are filled in during the LDL block factorization. While
doing this completely optimally is NP-complete, several
good and efficient approximate techniques exist. Approximate minimum degree (AMD2) is a popular and powerful
modern reordering technique [22], [25].
Here, we use exact minimum degree (MD) ordering. This
is a better choice than AMD because although the ordering
takes place on the block level, the core factorization performs
block operations that consist of b3 scalar operations, where b
is the size of one camera block. Therefore, the time taken to
find the ordering is swamped by the core factorization, and
any improvement on the fill-in repays itself b3 -fold. The
situation for scalar sparse factorizations is different. In that
case, the exact MD ordering takes roughly the same amount
of time as the subsequence core factorization, whereas the
AMD can be faster (for example, in 20 percent of the time)
without sacrificing much quality in the ordering, which
results in efficiency improvements of the entire process of up
to 40 percent.
4.2 Preconditioned Conjugate Gradients
The conjugate gradients algorithm is the most widely used
iterative method for solving large sparse linear systems in
the form of Ax ¼ b. Most of the cameras that are distant
from each other observe different scenes, which results in
zero blocks of the Hessian matrix H and the reduced
camera system Hrc . A larger image set normally results in a
sparser system.
The Hessian matrix H has been a typical choice for “A”
in BA. However, the direct application of CG to H is
generally known to be inefficient because of its slow
convergence [1] even though recent research has revealed
its potential applicability to large SfM problems consisting
of tens of thousands of cameras [7], [8]. We apply CG to Hrc
to replace the role of the Cholesky factorization, which
grows along with the cube of the number of cameras. The
implicit method proposed in [7] also applies CG to Hrc
without explicitly constructing Hrc . This method is algebraically equivalent to ours, but the implicit method has a
stability issue that requires further investigation.
The use of CG could reduce the time needed to solve
sparse systems and the size of the required memory as well.
However, one important issue that remains is the condition
number of the system A, which highly affects the convergence speed of CG. To reduce the condition number, a
preconditioning step is essential. This can be done by
applying preconditioned conjugate gradients in which H 1
is used. Another alternative is split preconditioner conjugate gradient, in which a preconditioner is split into
H 1 ¼ LT L1 form before preconditioning [26]. In the rest
of this section, we use H for the augmented RCS for
simplicity instead of using Hrc or A.
If we fully (optimally) precondition the entire system
(which means that H 1 is used as the preconditioner P ), CG
2. In this paper, we use reverse Cuthill-McKee ordering as an AMD in
the experiments.
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will converge in a single iteration, but this is the same as
solving the full LDL. Consequently, we must find a better
tradeoff between no preconditioning (P ¼ I) and full
preconditioning (P ¼ H 1 ). The Jacobi preconditioner
P ¼ D1 ; D ¼ diagfHg;
and the SSOR preconditioner

T

1
D
!
D
þL
D
þL
P ¼
;
!
2!
!

ð3Þ

ð4Þ

where H ¼ D þ L þ LT and 0  ! < 2, have conventionally
been used for the scalar-based CG [26].
We propose preconditioning with limited bandwidth
(truncated diagonals) as an alternative. To indicate the
limited bandwidth, let Hn be the matrix containing 1 to
nth block diagonals and zeros for the rest of the block
diagonals. When H is an NH  NH block matrix, H0 and
HNH are equal to I and H. The band-limited block-based
preconditioner is notated as
P ¼ Hn1 ; 0  n  NH ;

ð5Þ

and is implemented using our customized block operations.
Note that as with LDL factorization, the ordering of blocks
makes a difference in the amount of (within-band) fill-in.
Furthermore, the ordering also affects which out-of-band
blocks drop out and hence the efficacy of the preconditioner, which then affects the convergence rate of CG. We
decide which preconditioner is suitable based on the
performance comparison shown in Fig. 5. A detailed
discussion of this is presented in Section 6.1.
The number of iterations that should be used inside each
Levenberg-Marquardt step must be determined. CG guarantees convergence and an exact solution as well as LDL
after NH iterations for an NH  NH matrix, but NH CG
iterations usually take as much time as the complete LDL.
However, if we force CG to stop earlier, we may lose the
accuracy of the solution for a normal equation. We solve
this problem by adopting a stopping criterion on the
relative decrease of the squared residual. The criterion is
T

 

rk rk
r1 T r1

;

ð6Þ

where rk is the residual after the kth iteration. For the
stopping criterion, some loose thresholds may cause no
problems. However, we set  to 108 , which is quite tight, to
guarantee that CG obtains similar steps than those of the
Cholesky factorization. This works reasonably well. In our
experiments, the accuracy loss causes a negligible effect and
does not degrade the convergence of any bundlers. As a
result, the proposed block-based preconditioned CG
achieves a remarkable improvement.

5

EMBEDDED POINT ITERATIONS

After the camera update step is computed, it is standard
practice to back-substitute for the point update. We have the
option to make that point update step, but we can also iterate
on each of the points separately p times before the entire
camera+point update step is completed and scored. In other
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Fig. 3. A summarized flow of the proposed bundler. Ellipses indicate the
EPIs that are optional, whereas boxes correspond to the standard
procedures of bundle adjustment.

words, we optionally optimize each point with newly
updated cameras using a tiny LM optimization. This is the
core Embedded Point iteration, which is one of three EPIs
that are introduced in this section. Note that this is different
from the vastly inferior procedure of alternation, in which
points and cameras are moved independently. Instead, the
camera update step is correctly computed based on allowing
both cameras and points to move together; however the point
updates, given the correct camera movements, use full
optimization rather than just a first-order prediction.
The idea behind this is that, for large, dense systems, EPIs
whose complexity is linear in the number of points are much
cheaper than the full update step. Moreover, the camera
steps are based on many point measurements and are
therefore stable, whereas the point updates, which are based
on as few as two observations, can be more erratic.
Therefore, it is sometimes worth paying the small price of
performing multiple point iterations to bring the points back
to rest and to get the most out of each camera update step.
Occasionally, the points become more stable than the
cameras in long image sequences or images that are
captured by distant cameras with a narrow field of view.
In this case, the situation can be reversed. Although we
have not examined these cases, embedded camera iterations
(ECIs) could be more efficient than EPIs, as seen in the
reduction of the Hessian matrix to an RCS or an RSS.
The EPIs are much more effective when a robustifier is
applied to the cost. The main problem with least squares is
its high sensitivity to outliers; this is due to the thin tails of
the Gaussian distribution [1]. To avoid this situation, we
apply a robustifier to the squared errors to model the heavier
tails in the error distribution [27]. However, these robustifiers have flat (or near-flat) regions and points in this area
move slowly during bundle iterations. Therefore, our EPIs
are very helpful and usually save a few bundle iterations.
In practice, we apply point iterations at three different
places and call them pre, core, and postpoint iterations
(Fig. 3). These three point iterations commonly sync up the
points to the current cameras. The pre-EPI is only
performed before the first bundle iteration to ensure that
the given 3D points are optimal for the current cameras.
This step is very useful for both the robustified/nonrobustified cost functions. The core-EPI reduces the cost further
after the back-substitution and affects the acceptance of the
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current updates. The post-EPI is applied after each
complete bundle iteration and naturally replaces the preEPI of the next bundle iteration.
Throughout the experiment, we terminate EPIs by
limiting the maximum number of iterations as well as
the minimum relative cost decrease. These stopping
criteria are chosen based on an experiment in which the
convergence curves of bundlers with various combinations
of three maximum numbers of iterations and the minimum relative decrease are compared. We allow five, two,
and 10 iterations for the pre, core, and post-EPIs as the
maximum. We terminate the iterations if the relative cost
decrease becomes less than 1 percent.

6

EXPERIMENTAL RESULTS

We performed experiments using two types of data sets,
synthetic and real. For the synthetic data sets, we randomly
generated cameras and points around a sphere with a given
radius. Values of 1.0 and 0.5 were taken as the radius for the
cameras and points, respectively. Essentially, all of the
cameras were looking at the center of the sphere, and their
extrinsic parameters were randomly perturbed. Points were
distributed inside the small sphere. One hundred points
were generated for each camera and shared with 10 other
cameras chosen randomly. To generate more realistic camera
networks, five out of the 10 cameras were selected from
nearby neighbors, and the other five were selected from far
away ones. All of the synthetic data sets were processed on a
2.93 GHz quad core PC without multithreading.
The real data sets consisted of mainly 35 synths3 from the
web [18] and five more data sets (Table 1), which are free to
use, because the synths from the web cannot be published.
All of the cameras and the points of the synths were
recovered in [18]. To generate randomly perturbed data
sets, random noises were added to the recovered cameras,
and all of the points were retriangulated. The image feature
tracks were used without any modification. Detailed
information, i.e., the original and noisy reconstructions
and filled-in patterns of the reordered RCS, from the five
data sets is shown in Fig. 4. To avoid biased experimental
results, we selected the synths with a varying number of
cameras. Detailed information on the real data sets is listed
in Table 1. All of the data sets were divided into six groups
according to their number of cameras for statistical analysis.
The average number of projections per point ranged from
three to seven. Each BA of the real data sets was performed
with a Xeon 2.8 GHz quad core PC without multithreading.
We classified the tested settings of the bundler into three
groups. Bundlers using the proposed block-based solvers
were marked as “B_” and the others using scalar-based
solvers [14] were marked as “S_”. Although the bundlers
marked as S_ are our own implementations, the conventional bundler marked as “L_” is a public and widely used
implementation from [2]. “LDL” or “CG” were assigned
next according to the linear solver. Six different bundlers
were tested. In addition, we used “P” or “P*” for the cases
in which the proposed EPIs were applied with or without
3. The term “synth” was used for a set of cameras and points that were
reconstructed from a set of unordered images by the SfM solution in [18].
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TABLE 1
Detailed Information of Our 40 Data Sets

All data sets are randomly perturbed. Sets (9, 26, 29, 39, 40) are called
(afternoon, sanmarco, annecy, cliffhouse, and korpalace) in order.
The values in the error column are the RMS reprojection errors in pixels.

back-substitution, respectively. In the case of P*, we allowed
one more iteration for the core-EPI to compensate for the
absence of the back-substitution. No robustifier was used in
any bundler. The above notation for describing our tested
algorithms is used in Figs. 6, 7, 8, and 9. In Fig. 5, we used a
different notation that describes the type of preconditioning
that we attempted as explained in the next section.

6.1 Experiments on Synthetic Data Sets
Prior to performing experiments that test various settings
for the bundler, it is necessary to fix an appropriate
preconditioner for each CG solver. To determine the best
preconditioner, we investigated the total time (Fig. 5a) and
the number of CG iterations (Fig. 5b) that were required to
solve the RCS in one bundle iteration. In the “(A)_(B)_(C)”
format used in Fig. 5, (A) is the block bandwidth for the
block-based preconditioner Hn or a type of scalar-based
preconditioner (JACOBI or SSOR), (B) is the block or scalar
type, and (C) is the variable reordering algorithm used.
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According to Fig. 5, “SSOR_S” ((4), ! ¼ 1) was clearly
better than “JACOBI_S” (3) when the scalar CG was used,
but it was very difficult to determine the fastest preconditioner among the tested block-based preconditioners. All of
the block-based preconditioned CGs were approximately
10 times faster than the scalar CGs, and even the simplest
one, “1_B” (P ¼ H11 , i.e., block-based Jacobi preconditioning), which preconditioned the main block diagonal only,
saved more iterations than the scalar SSOR preconditioner.
Although the number of CG iterations differed, all of the
tested block-based preconditioners showed similar overall
performance. “1_B” was a good choice for our experimental
purposes because it is independent of orderings and
provides predictable performance (showing a stably increasing plot in Fig. 5). It could also be favorable for
practical implementation because of its simplicity. In all of
our experiments, “1_B” and “SSOR_S” were applied to
each block-based and scalar CG, respectively.
Fig. 6 shows how the computation times increased for six
different bundlers with an increasing number of cameras.
The partial and total times for one iteration were measured
and plotted to compare the distribution of time over four
steps. These were building the RCS, linear solving, backsubstitution, and computing costs. As shown in the left
column of Fig. 6a, the computation time of LDL quickly
dominated the total time as the number of cameras
increased. The right column in Fig. 6a shows that CG took
considerably less time than LDL. The block-based CG was
the fastest and did not dominate the total time. Fig. 6b
shows the time for the “total” of the six bundlers in Fig. 6a,
i.e., the top blue curve, which is grouped by the number of
cameras. It should be noted that the proposed “B_LDL” and
“B_CG” were the fastest in each category, and “B_CG” took
less than 1 second, even with a highly occupied 576  576
block (6  6) matrix.

6.2 Experiments on Real Data Sets
In this section, we show that the previously mentioned
results of the block-based LDL and PCG are valid for a
number of real data sets. We also demonstrate the effect of
EPIs and their variants on the convergence of a bundler.
In practice, waiting until the bundler converges completely is unacceptable and requires too much time in a
massive experiment. Therefore, we allowed every bundler
to proceed for a fixed but sufficiently large number of
iterations. To observe where each bundler converged,
200 iterations were forced to proceed.
We also simulated the case in which a bundler is stopped
when it reaches a fairly low level of error. This type of
analysis provides useful information for the practical use of
bundlers in which the processing time is as important as the
value of the final error. Because our data sets were obtained
at different image resolutions, we rescaled every image such
that its longer side had an 800-pixel dimension and
calculated the RMS reprojection error in pixels. Considering
the final errors obtained by all bundlers, 1.0 pixel RMS
reprojection error was selected as a proper mid-point at
which the performances of all of the bundlers could be
compared and used for the comparison shown in Table 2. For
a few data sets whose minimum error found by all bundlers
were larger than 1.0 pixels, we set the satisfactory level of
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Fig. 4. Five out of 40 data sets were allowed to be published. In each row, “original point cloud,” “perturbed points and cameras,” “adjusted points and
cameras,” and “filled-in Hessian patterns after the MD and AMD ordering” are depicted from left to right. While the Hessian patterns in (c) and
(d) show high sparsity and imply a dominant sequential relation between cameras, other patterns have multidimensional links between many of the
cameras. The sparsity of (e) is the lowest.

error as the minimum error with the addition of a 0.2 pixel
margin. For the rest of this section, we use “1.0 pixel error” to
represent all of the satisfactory levels of errors.
We tested approximately 40 different block-based and
scalar-based bundler variants with various linear solvers,
orderings, preconditionings, EPIs, and lambda control
strategies. Table 2 shows the set of results for eight
representative bundlers. For the data sets in Groups 5 &
6 (Table 3) including cliffhouse(39) and korpalace(40),
scalar bundlers could not be applied because of the
memory limitations of the Win32 application. The columns
{1, 4, 7, 8} should show an identical number of iterations in
each row (the values in parentheses) if a scalar or blockbased CG computes an ideal solution in the same way that
an LDL does and so should columns {2, 5} and {3, 6}.
Nevertheless, the columns with CG showed differences in
several data sets because of its inexact solution caused by
the stopping criterion. However, those differences had no

crucial effect and still provided faster convergence. As
shown in Table 3, the number of data sets for which CGbased bundlers reached the desired error first is substantially larger than that of the LDL-based bundlers. The
group-wise statistic in the table also demonstrates that
using CG is more efficient for larger data sets. However, it
is noteworthy that using a block-based LDL is still
favorable for data sets with low complexity (Groups 1 &
2) because it provides an exact solution.
The EPIs reduced the number of iterations very effectively despite the use of the nonrobustified cost. This could
be caused by ill-constrained points or the points having
relatively large reprojection errors. Allowing for one more
core-EPI iteration instead of the back-substitution (“P ”)
increased the convergence speed. We did not explicitly
investigate this phenomenon, but it was probably due to
the different linearizations in which the point updates were
computed. As mentioned in Section 5, the cameras were

JEONG ET AL.: PUSHING THE ENVELOPE OF MODERN METHODS FOR BUNDLE ADJUSTMENT

1613

Fig. 5. (a) Time for CG convergence (sec) versus number of cameras.
An explanation of the “(A)_(B)_(C)” format of legend is given in the
beginning of Section 6.1. (b) The number of CG iterations needed to
converge for various CG settings. SSOR and block-based preconditioners require approximately 3 times fewer iterations for convergence
than NONE and JACOBI.

better constrained and, by their nature, they settled down
quickly. The core-EPI used the linearization that was
computed with the updated cameras, whereas the backsubstitution uses the linearization computed with the
previous cameras. Therefore, we speculate that the proposed EPIs performed better because it made the points
follow the recently updated cameras, which were more
reliable than the previous points and were placed better
than the previous cameras. Considering the fact that the
bundlers with EPIs rarely failed to reach 1.0 pixel error
(failures are counted and shown as the numbers in
parentheses in Table 3), EPIs are helpful not only for
saving iterations, but also for achieving better convergence.
The times required for one iteration of the five free data
sets are also compared in Fig. 7a as they were in Fig. 6b for
the synthetic data sets. Aside from the reduced number of
iterations, the EPIs had low costs, and our block-based
bundlers (both direct LDL and iterative CG) were faster
than the scalar ones even with the EPIs.
For the linear solving, the number of cameras and the
sparsity of the RCS are relevant. While the former affects the
complexity of the entire bundle process, the latter mainly
affects the linear solving. Therefore, the gap between the
scalar bundlers and the block-based bundlers increases as the
number of cameras increases, and the dense Hessian matrix
widens the gap between LDL and CG. A direct comparison
for the time for linear solving in Fig. 7b may help the reader to
understand this effect. korpalace and cliffhouse have similar
complexities, but korpalace has a denser Hessian matrix than
cliffhouse (refer to Table 1 and Fig. 4). korpalace causes a
much larger gap between the “B_LDL” and “B_CG” than
cliffhouse in Fig. 7. This difference means that the proposed

Fig. 6. Time (sec) of each step in one iteration for the synthetic data
sets. (a) Block-based (top), scalar-based (middle), and conventional
(bottom) bundlers with LDL (left) and CG (right) as the linear solvers.
Minimum degree ordering was used for B_LDL and S_LDL. (b) Total
time with respect to the number of cameras for six bundlers is shown.

block-based preconditioned CG becomes more crucial when
problems not only get bigger but also become denser.
Fig. 8a shows the entire version of Table 2. In this case,
lower is better, and the lines of “B_CG_P*” and “B_LDL_P*”
are obviously the two lowest ones in all of the data sets. The
actual gaps between the plotted lines are substantial (the
“z”-axis for time is in a logarithmic scale). The overall
performance differs significantly between the scalar and the
proposed approaches, and “B_CG_P*” shows the best result
over all data sets in terms of time and convergence speed.
We also show that using the exact minimum degree
ordering and block-based Jacobi preconditioner for LDL
and CG-based bundlers, respectively, is suitable. A comparison focused on variable ordering is depicted in Fig. 8b.
It should be noted that the four bundlers that are compared
in Fig. 8b followed one common convergence path and only
differed in time because the ordering did not affect the
result of the LDL solving. Therefore, their plotted lines
converge. Because of the increasing complexity, the
absolute gap between lines widens in the latter data sets.
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TABLE 2
Elapsed Time (Sec) and Number of Iterations (in Parentheses) to Reduce RMS Reprojection Error to a Satisfactory Level
(Mostly 1.0 Pixels)

Bold font indicates the minimum time for each row, and N/A stands for the case in which the desired pixel error is not achieved within 200 iterations.
N/T means “not tested.”

The block-based LDL with the exact minimum degree
ordering was clearly better than the one using reverse
Cuthill-McKee ordering (REV) and was the fastest.
Another comparison that was focused on preconditioning is depicted in Fig. 8c. As shown previously in Fig. 5, the
bundlers using block-based CG with various preconditioners showed similar performances. This proves that
using the block-based Jacobi preconditioner is also a good
choice for real data sets.

In addition, we plotted convergence curves (time versus
cost curves) of the eight bundlers in Table 2 for all real data
sets to verify that using CG and EPIs is safe in terms of the
final convergence. The plots for the five free data sets are
shown in Fig. 9. We verified that bundlers using EPIs (“P”
and “P*”) achieved lower minima than bundlers using backsubstitution alone over all data sets. During this process, we
observed an interesting case. For a few data sets including
sanmacro and korpalace, the proposed bundlers using EPIs

TABLE 3
Group-Wise Counting of Data Sets for Which Each Bundler Is the Fastest or Fails to Get Close to the Minimum Error,
i.e., “N/A in the Table 2” (in Parentheses)

N/A in this table means that counting is not possible.
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Fig. 7. Time (sec) for (a) one bundle iteration and (b) one linear solving
of the five free data sets. As explained, the scalar solver could not be
performed on the two data sets on the right.

Fig. 9. Convergence plots for the five free data sets. All plots show the
time and the error on the x and y-axes, respectively, using a log scale.
The final errors of bundlers with EPIs (“P” and “P*”) are normally
equivalent to each other and lower than those of other bundlers. In terms
of convergence speed, bundlers with EPIs only (“P*”) are the fastest.

Fig. 8. Time to reach 1.0 pixel RMS reprojection error. The plotted lines
meet “NOT_AVAILABLE” when the corresponding setting of the bundler
cannot achieve 1.0 pixel error for the data sets or was not tested.
(a) Eight representative bundlers, (b) bundlers using LDL with different
reorderings, and (c) bundlers using CG with different preconditioners are
compared.

with back-substitution (“P”) reached a lower level of error
than bundlers using EPIs (“P*”) alone even though the
“P*”-bundlers reduced errors more rapidly during the early

iterations. This indicates that solving and updating the
cameras and points together (back-substitution) might help
to find a narrow pathway to the lower minimum. Therefore, a
hybrid use of “P*” and “P”- bundlers could be considered to
accomplish the fastest convergence speed accompanied with
the lowest error if a proper switching scheme is found. From
another perspective, the EPIs’ fast movement during the
early iterations could have led the bundler to an unpromising
minimum. In this case, greater damping of the EPIs could also
be considered to slow the movement.
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CONCLUSION AND FUTURE WORK

This paper provides three main contributions, namely,
adapting a block structure to deal with fixed and tied
variables, the resulting block-based linear solvers, and the
novel EPIs. A carefully managed block structure can
maintain the desired homogeneity and allow the use of
BLAS3 and efficient memory handling. It also supports fast
reordering and customized sparse linear solving, such as
the block-based preconditioned CG, of which the effectiveness and the stability are proven by our experiments.
Concurrently, the EPIs successfully sync the points to the
camera updates so that the entire bundle iterations are not
wasted. Finally, the bundlers that simultaneously utilize all
the proposed contributions outperform the previous bundlers tested in the experiments. The block-based preconditioned CG with EPIs, which is the best bundler, achieves
substantial improvement, particularly when the complexity
of a problem is high. Moreover, the proposed bundler can
be used in concert with other approaches that modify how
and when the bundler is invoked.
There are several issues that should be addressed in a
future study. First, the effect of the  control strategy has
not been fully investigated. A comparison between the
suggestion given in [3] and LMs with various strategies
would also be interesting. Another task is parallelizing the
proposed method. All of our substeps except for linear
solving can be computed in parallel in a straightforward
manner with the exception of linear solving. However, it
is easy to parallelize CG and the block Jacobi preconditioner. Once parallelization has been implemented, the
computational speed should further be improved. Finally,
a method to mix the back-substitution with the core-EPI
could obtain a faster cost decrease and a lower minimum
simultaneously.
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