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Abstract

This paper is a survey of the theory and methods of photogrammetric bundle adjustment,
aimed at potential implementors in the computer vision community. Bundle adjustment is the
problem of refining a visual reconstruction to produce jointly optimal structure and viewing pa-
rameter estimates. Topics covered include: the choice of cost function and robustness; numerical
optimization including sparse Newton methods, linearly convergent approximations, updating
and recursive methods; gauge (datum) invariance; and quality control. The theory is developed
for general robust cost functions rather than restricting attention to traditional nonlinear least
squares.

Keywords: Bundle Adjustment, Scene Reconstruction, Gauge Freedom, Sparse Matrices, Opti-
mization.

1 Introduction

This paper is a survey of the theory and methods of bundle adjustment aimed at the computer vision
community, and more especially at potential implementors who already know a little about bundle
methods. Most of the results appeared long ago in the photogrammetry and geodesy literatures, but
many seem to be little known in vision, where they are gradually being reinvented. By providing an
accessible modern synthesis, we hope to forestall some of this duplication of effort, correct some com-
mon misconceptions, and speed progress in visual reconstruction by promoting interaction between
the vision and photogrammetry communities.

Bundle adjustmentis the problem of refining a visual reconstruction to prodjodetly optimal
3D structure and viewing parameter (camera pose and/or calibration) esti@atéaal means that
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the parameter estimates are found by minimizing some cost function that quantifies the model fitting
error, andointly that the solution is simultaneously optimal with respect to both structure and camera
variations. The name refers to the ‘bundles’ of light rays leaving each 3D feature and converging on
each camera centre, which are ‘adjusted’ optimally with respect to both feature and camera positions.
Equivalently — unlikeindependent model methoaghich merge partial reconstructions without up-
dating their internal structure — all of the structure and camera parameters are adjusted together ‘in
one bundle’.

Bundle adjustment is really just a large sparse geometric parameter estimation problem, the pa-
rameters being the combined 3D feature coordinates, camera poses and calibrations. Almost every-
thing that we will say can be applied to many similar estimation problems in vision, photogrammetry,
industrial metrology, surveying and geodesy. Adjustment computations are a major common theme
throughout the measurement sciences, and once the basic theory and methods are understood, they
are easy to adapt to a wide variety of problems. Adaptation is largely a matter of choosing a numerical
optimization scheme that exploits the problem structure and sparsity. We will consider several such
schemes below for bundle adjustment.

Classically, bundle adjustment and similar adjustment computations are formulated as nonlinear
least squares problems [19, 46, 100, 21, 22, 69, 5, 73, 109]. The cost function is assumed to be
guadratic in the feature reprojection errors, and robustness is provided by explicit outlier screening.
Although it is already very flexible, this model is not really general enough. Modern systems of-
ten use non-quadratic M-estimator-like distributional models to handle outliers more integrally, and
many include additional penalties related to overfitting, model selection and system performance (pri-
ors, MDL). For this reason, we wiltot assume a least squares / quadratic cost model. Instead, the
cost will be modelled as a sum of opaque contributions from the independent information sources
(individual observations, prior distributions, overfitting penalties). The functional forms of these
contributions and their dependence on fixed quantities such as observations will usually be left im-
plicit. This allows many different types of robust and non-robust cost contributions to be incorporated,
without unduly cluttering the notation or hiding essential model structure. It fits well with modern
sparse optimization methods (cost contributions are usually sparse functions of the parameters) and
object-centred software organization, and it avoids many tedious displays of chain-rule results. Im-
plementors are assumed to be capable of choosing appropriate functions and calculating derivatives
themselves.

One aim of this paper is to correct a number of misconceptions that seem to be common in the
vision literature:
¢ “Optimization / bundle adjustment is slow” Such statements often appear in papers introducing
yet another heuristic Structure from Motion (SFM) iteration. The claimed slowness is almost
always due to the unthinking use of a general-purpose optimization routine that completely ignores
the problem structure and sparseness. Real bundle routinesuahemore efficient than this, and
usually considerably more efficient and flexible than the newly suggested mé&thag.(That is
why bundle adjustment remains the dominant structure refinement technique for real applications,
after 40 years of research.

e “Only linear algebra is required” This is a recent variant of the above, presumably meant to
imply that the new technique is especially simple. Virtually all iterative refinement techniques
use only linear algebra, and bundle adjustment is simpler than many in that it only solves linear
systems: it makes no use of eigen-decomposition or SVD, which are themselves complex iterative
methods.

e “Any sequence can be used”Many vision workers seem to be very resistant to the idea that
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reconstruction problems should be planned in advaftg)( and results checked afterwards to
verify their reliability (510). System builders should at least be aware of the basic techniques
for this, even if application constraints make it difficult to use them. The extraordinary extent to
which weak geometry and lack of redundancy can mask gross errors is too seldom appretiated,
[34, 50, 30, 33].

e “Point P is reconstructed accurately” In reconstruction, just as there are no absolute references
for position, there are none for uncertainty. The 3D coordinate frame is itself uncertain, as it
can only be located relative to uncertain reconstructed features or cameras. All other feature and
camera uncertainties are expressed relative to the frame and inherit its uncertainty, so statements
about them are meaningless until the frame and its uncertainty are specified. Covariances can look
completely different in different frames, particularly in object-centred versus camera-centred ones.
Sees9.

There is a tendency in vision to develop a profusiomdhocadjustment iterations. Why should you

use bundle adjustment rather than one of these methods? :

e Flexibility: Bundle adjustment gracefully handles a very wide variety of different 3D feature and
camera types (points, lines, curves, surfaces, exotic cameras), scene types (including dynamic and
articulated models, scene constraints), information sources (2D features, intensities, 3D informa-
tion, priors) and error models (including robust ones). It has no problems with missing data.

e Accuracy: Bundle adjustment gives precise and easily interpreted results because it uses accurate
statistical error models and supports a sound, well-developed quality control methodology.

o Efficiency: Mature bundle algorithms are comparatively efficient even on very large problems.
They use economical and rapidly convergent numerical methods and make near-optimal use of
problem sparseness.

In general, as computer vision reconstruction technology matures, we expect that bundle adjustment

will predominate over alternative adjustment methods in much the same way as it has in photogram-

metry. We see this as an inevitable consequence of a greater appreciation of optimization (notably,
more effective use of problem structure and sparseness), and of systems issues such as quality control
and network design.

Coverage: We will touch on a good many aspects of bundle methods. We start by considering the
camera projection model and the parametrization of the bundle proff2erand the choice of er-

ror metric or cost functior$3. §4 gives a rapid sketch of the optimization theory we will ugé.
discusses the network structure (parameter interactions and characteristic sparseness) of the bundle
problem. The following three sections consider three types of implementation strategies for adjust-
ment computations§6 covers second order Newton-like methods, which are still the most often
used adjustment algorithmg§7 covers methods with only first order convergence (most ofathe

hoc methods are in this class); affl discusses solution updating strategies and recursive filtering
bundle methods§9 returns to the theoretical issue of gauge freedom (datum deficiency), including
the theory of inner constraint§10 goes into some detail on quality control methods for monitoring
the accuracy and reliability of the parameter estimdjg$.gives some brief hints on network design,

i.e. how to place your shots to ensure accurate, reliable reconstrugti@éhcompletes the body of

the paper by summarizing the main conclusions and giving some provisional recommendations for
methods. There are also several appendigagyives a brief historical overview of the development

of bundle methods, with literature referencgB.gives some technical details of matrix factorization,
updating and covariance calculation methdi3 gives some hints on designing bundle software, and
pointers to useful resources on the Internet. The paper ends with a glossary and references.



General references: Cultural differences sometimes make it difficult for vision workers to read
the photogrammetry literature. The collection edited by Atkinson [5] and the manual by Karara
[69] are both relatively accessible introductions to close-range (rather than aerial) photogrammetry.
Other accessible tutorial papers include [46, 21, 22]. Kraus [73] is probably the most widely used
photogrammetry textbook. Brown’s early survey of bundle methods [19] is well worth reading. The
often-cited manual edited by Slama [100] is now quite dated, although its presentation of bundle
adjustment is still relevant. Wolf & Ghiliani [109] is a text devoted to adjustment computations, with
an emphasis on surveying. Hartley & Zisserman [62] is an excellent recent textbook covering vision
geometry from a computer vision viewpoint. For nonlinear optimization, Fletcher [29] andtGil

[42] are the traditional texts, and Nocedal & Wright [93] is a good modern introduction. For linear
least squares, Bjck [11] is superlative, and Lawson & Hanson is a good older text. For more general
numerical linear algebra, Golub & Van Loan [44] is the standard. Bu#fl[26] and George & Liu

[40] are the standard texts on sparse matrix techniques. We will not discuss initialization methods for
bundle adjustment in detail, but appropriate reconstruction methods are plentiful and well-known in
the vision community. See,g, [62] for references.

Notation: The structure, camerasic, being estimated will be parametrized by a single leaigee
vector x. In general the state belongs to a nonlinear manifold, but we linearize this locally and work
with small linear state displacements denoded Observationsg.g measured image features) are
denotedz. The corresponding predicted values at parameter valaee denoted = z(x), with
residual prediction error Az(x) = z — z(x). However, observations and prediction errors usually
only appear implicitly, through their influence on thest function f(x) = f(predz(x)). The cost

function’s gradient is g = % and itsHessianis H = £f. The observation-state Jacobiarnis

X2
= £ The dimensions afx, 6z areny, n.

2 Projection Model and Problem Parametrization

2.1 The Projection Model

We begin the development of bundle adjustment by considering the basic image projection model and
the issue of problem parametrization. Visual reconstruction attempts to recover a model of a 3D scene
from multiple images. As part of this, it usually also recovers the poses (positions and orientations)
of the cameras that took the images, and information about their internal parameters. A simple scene
model might be a collection of isolated 3D featuresy, points, lines, planes, curves, or surface
patches. However, far more complicated scene models are possible, invelgjngomplex objects

linked by constraints or articulations, photometry as well as geometry, dynastic®ne of the great
strengths of adjustment computations — and one reason for thinking that they have a considerable
future in vision — is their ability to take such complex and heterogeneous models in their stride.
Almost anypredictive parametrianodel can be handlede. any model thapredictsthe values of

some known measurements or descriptors on the basis of some contparansetricrepresentation

of the world, which is to be estimated from the measurements.

Similarly, many possible camera models exist. Perspective projection is the standard, but the
affine and orthographic projections are sometimes useful for distant cameras, and more exotic models
such as push-broom and rational polynomial cameras are needed for certain applications [56, 63]. In
addition to pose (position and orientation), and simple internal parameters such as focal length and
principal point, real cameras also require various typeadafitional parameters to model internal
aberrations such as radial distortion [17, 18, 19, 100, 69, 5].



For simplicity, suppose that the scene is modelled by individual static 3D fe&uyres=1...n,
imaged inm shots with camera pose and internal calibration param®&tgrs= 1...m. There may
also be further calibration paramet&rs, c = 1. .. k, constant across several images)( depending
on which of several cameras was used). We are given uncertain measurgpefitsome subset of
the possible image features, (the true image of featurX,, in imaged). For each observatiox; ,,
we assume that we havepeedictive model x;, = x(C,, P;, X,,) based on the parameters, that can
be used to derive feature prediction error :

AXZ‘p(CC, P;, Xp) = Xip — X(CC, P;, Xp) (1)

In the case of image observations the predictive model is image projection, but other observation
types such as 3D measurements can also be included.

To estimate the unknown 3D feature and camera parameters from the observations, and hence
reconstruct the scene, we minimize some measure (discus$&) @i their total prediction error.
Bundle adjustment is the model refinement part of this, starting from given initial parameter estimates
(e.g, from some approximate reconstruction method). Hence, it is essentially a matter of optimizing
a complicated nonlinear cost function (the total prediction error) over a large nonlinear parameter
space (the scene and camera parameters).

We will not go into the analytical forms of the various possible feature and image projection
models, as these do not affect the general structure of the adjustment network, and only tend to
obscure its central simplicity. We simply stress that the bundle framework is flexible enough to
handle almost any desired model. Indeed, there are so many different combinations of features,
image projections and measurements, that it is best to regard them as black boxes, capable of giving
measurement predictions based on their current parameters. (For optimization, first, and possibly
second, derivatives with respect to the parameters are also needed).

For much of the paper we will take quite an abstract view of this situation, collecting the scene and
camera parameters to be estimated into a latgk vectorx, and representing the cost (total fitting
error) as an abstract functidfx). The cost is really a function of the feature prediction errars, =
Xip — x(C.,P;,X,). Butas the observations, are constants during an adjustment calculation, we
leave the cost’s dependence on them and on the projection m@@éhnplicit, and display only its
dependence on the parametesctually being adjusted.

2.2 Bundle Parametrization

The bundle adjustment parameter space is generally a high-dimensional nonlinear manifold — a large
Cartesian product of projective 3D feature, 3D rotation, and camera calibration manifolds, perhaps
with nonlinear constraint®tc The statex is not strictly speaking a vector, but rather a point in this
space. Depending on how the entities that it contains are represa&ntad, be subject to various

types of complications including singularities, internal constraints, and unwanted internal degrees of
freedom. These arise because geometric entities like rotations, 3D lines and even projective points and
planes, do not have simple global parametrizations. Their local parametrizations are nonlinear, with
singularities that prevent them from covering the whole parameter space unif@mlyhe many
variants on Euler angles for rotations, the singularity of affine point coordinates at infinity). And their
global parametrizations either have constraietg Quaternions with(g||> = 1), or unwanted internal
degrees of freedone(g homogeneous projective quantities have a scale factor freedom, two points
defining a line can slide along the line). For more complicated compound entities such as matching
tensors and assemblies of 3D features linked by coincidence, parallelism or orthogonality constraints,
parametrization becomes even more delicate.
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Figure 1: Vision geometry and its error model are essen-
tially projective. Affine parametrization introduces an ar-
tificial singularity at projective infinity, which may cause
numerical problems for distant features.

Although they are in principle equivalent, different parametrizations often have profoundly dif-
ferent numerical behaviours which greatly affect the speed and reliability of the adjustment iteration.
The most suitable parametrizations for optimization are as uniform, finite and well-behaved as pos-
sible near the current state estimatédeally, they should be locally close to linear in terms of their
effect on the chosen error model, so that the cost function is locally nearly quadratic. Nonlinearity
hinders convergence by reducing the accuracy of the second order cost model used to predict state up-
dates §6). Excessive correlations and parametrization singularities cause ill-conditioning and erratic
numerical behaviour. Large or infinite parameter values can only be reached after excessively many
finite adjustment steps.

Any given parametrization will usually only be well-behaved in this sense over a relatively small
section of state space. So to guarantee uniformly good performance, however the state itself may
be representedstate updates should be evaluated using a stédal parametrization based on
increments from the current estimatks examples we consider 3D points and rotations.

3D points: Even for calibrated cameras, vision geometry and visual reconstructions are intrinsically
projective. If a 3D(X Y Z)' parametrization (or equivalently a homogeneous affikieY” Z 1)"

one) is used for very distant 3D points, largeY, Z displacements are needed to change the image
significantly. l.e., in (X Y Z) space the cost function becomes very flat and steps needed for cost
adjustment become very large for distant points. In comparison, with a homogeneous projective
parametrization X Y Z W), the behaviour near infinity is natural, finite and well-conditioned

so long as the normalization keeps the homogeneous 4-vector finite at infinity (by sé¥iding

0 there). In fact, there is no immediate visual distinction between the images of real points near
infinity and virtual ones ‘beyond’ it (all camera geometries admit such virtual point®aa fide
projective constructs). The optimal reconstruction of a real 3D point may even be virtual in this
sense, ifimage noise happens to push it ‘across infinity’. Also, there is nothing to stop a reconstructed
point wandering beyond infinity and back during the optimization. This sounds bizarre at first, but
it is an inescapable consequence of the fact that the natural geometry and error model for visual
reconstruction is projective rather than affine. Projectivielinity is just like any other placeAffine
parametrizationN X Y Z 1)" is acceptable for points near the origin with close-range convergent
camera geometries, but it is disastrous for distant ones because it artificially cuts away half of the
natural parameter space, and hides the fact by sending the resulting edge to infinite parameter values.
Instead, you should use a homogeneous parametrizaliolr Z W) for distant pointse.g with
spherical normalizatioly X? = 1.

Rotations: Similarly, experience suggests that quasi-global 3 parameter rotation parametrizations
such as Euler angles cause numerical problems unless one can be certain to avoid their singularities
and regions of uneven coverage. Rotations should be parametrized using either quaternions subject to
lall*> = 1, or local perturbation® R or §R R of an existing rotatiorR, wheredR can be any well-
behaved 3 parameter small rotation approximateg, R = (I + [dr], ), the Rodriguez formula,

local Euler anglesetc

State updates:Just as state vectoxgepresent points in some nonlinear space, state upxlateg+
ox represent displacements in this nonlinear space that often can not be represented exactly by vector



addition. Nevertheless, we assume that we can locally linearize the state manifold, locally resolving
any internal constraints and freedoms that it may be subject to, to produce an unconstrainedkvector
parametrizing the possible local state displacements. We candligrnjse Taylor expansion idix

to form a local cost modé(x + dx) ~ f(x) + g—f( OX + $6X" g—jg dx, from which we can estimate the

state updatéx that optimizes this modeg4). The displacemenix need not have the same structure

or representation as— indeed, if a well-behaved local parametrization is used to reprdserit
generally will not have — but we must at least be able to update the state with the displacement to
produce a new state estimate. We write this operatiox as X + dX, even though it may involve
considerably more than vector addition. For example, apart from the change of representation, an
updated quaterniog — ¢+ dgwill need to have its normalizatiofig||> = 1 corrected, and a small
rotation update of the forr®R — R(1 + [ ], ) will not in general give an exact rotation matrix.

3 Error Modelling

We now turn to the choice of the cost functiffx), which quantifies the total prediction (image
reprojection) error of the model parametrized by the combined scene and camera paran@ters

main conclusion will be that robust statistically-based error metrics based on total (inlier + outlier) log
likelihoods should be used, to correctly allow for the presence of outliers. We will argue this at some
length as it seems to be poorly understood. The traditional treatments of adjustment methods consider
only least squares (albeit with data trimming for robustness), and most discussions of robust statistics
give the impression that the choice of robustifier or M-estimator is wholly a matter of personal whim
rather than data statistics.

Bundle adjustment is essentially a parameter estimation problem. Any parameter estimation
paradigm could be used, but we will consider onfgtimal point estimators, whose output is by
definition the single parameter vector that minimizes a predefoost function designed to mea-
sure how well the model fits the observations and background knowledge. This framework covers
many practical estimators including maximum likelihood (ML) and maximum a posteriori (MAP),
but not explicit Bayesian model averaging. Robustification, regularization and model selection terms
are easily incorporated in the cost.

A typical ML cost function would be the summed negative log likelihoods of the prediction errors
of all the observed image features. For Gaussian error distributions, this reduces to the sum of squared
covariance-weighted prediction errof8(2). A MAP estimator would typically add cost terms giving
certain structure or camera calibration parameters a bias towards their expected values.

The cost function is also a tool for statistical interpretation. To the extent that lower costs are
uniformly ‘better’, it provides a natural model preference ordering, so that cost iso-surfaces above
the minimum define natural confidence regions. Locally, these regions are nested ellipsoids centred
on the cost minimum, with size and shape characterized bgiipersion matrix (the inverse of the
cost function Hessiahl = 372; at the minimum). Also, the residual cost at the minimum can be used
as a test statistic for model validityX0). E.g., for a negative log likelihood cost model with Gaussian
error distributions, twice the residual is@ variable.

3.1 Desiderata for the Cost Function

In adjustment computations we go to considerable lengths to optimize a large nonlinear cost model,
so it seems reasonable to require that the refinement should actually improve the estimates in some
objective (albeit statistical) sense. Heuristically motivated cost functions can not usually guarantee
this. They almost always lead to biased parameter estimates, and often severely biased ones. A large
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body of statistical theory points to maximum likelihood (ML) and its Bayesian cousin maximum
a posteriori (MAP) as the estimators of choice. ML simply selects the model for which the total
probability of the observed data is highest, or saying the same thing in different words, for which
the total posterior probabilityof the model given the observations is highest. MAP adds a prior
term representing background information. ML could just as easily have included the prior as an
additional ‘observation’: so far as estimation is concerned, the distinction between ML / MAP and
prior / observation is purely terminological.

Information usually comes from many independent sources. In bundle adjustment these include:
covariance-weighted reprojection errors of individual image features; other measurements such as
3D positions of control points, GPS or inertial sensor readings; predictions from uncertain dynamical
models (for ‘Kalman filtering’ of dynamic cameras or scenes); prior knowledge expressed as soft
constraints €.g on camera calibration or pose values); and supplementary sources such as overfit-
ting, regularization or description length penalties. Note the variety. One of the great strengths of
adjustment computations is their ability to combine information from disparate sources. Assuming
that the sources are statistically independent of one another given the model, the total probability for
the model given the combined data is the product of the probabilities from the individual sources. To
get an additive cost function we take logs, so the total log likelihood for the model given the combined
data is the sum of the individual source log likelihoods.

Properties of ML estimators: Apart from their obvious simplicity and intuitive appeal, ML and

MAP estimators have strong statistical properties. Many of the most notable onasyamptotic,

i.e. they apply in the limit of a large number of independent measurements, or more precisely in the

central limit where the posterior distribution becomes effectively Gaudsiarparticular:

e Under mild regularity conditions on the observation distributions, the posterior distribution of the
ML estimate converges asymptotically in probability to a Gaussian with covariance equal to the
dispersion matrix.

e The ML estimate asymptotically has zero bias and the lowest variance that any unbiased estimator
can have. So in this sense, ML estimation is at least as good as any othermethod
Non-asymptotically, the dispersion is not necessarily a good approximation for the covariance of
the ML estimator. The asymptotic limit is usually assumed to be a valid for well-designed highly-
redundant photogrammetric measurement networks, but recent sampling-based empirical studies of
posterior likelihood surfaces [35, 80, 68] suggest that the case is much less clear for small vision
geometry problems and weaker networks. More work is needed on this.

Cost is additive, so as measurements of the same type are added the entire cost surface grows in direct proportion to
the amount of data,. This means that theelative sizes of the cost and all of its derivatives — and hence therside¢he
region around the minimum over which the second order Taylor terms dominate all higher order ones — remain roughly
constant asi; increases. Within this region, the total cost is roughly quadratic, so if the cost function was taken to be
the posterior log likelihood, the posterior distribution is roughly Gaussian. However the curvature of the quadratic (
the inverse dispersion matrix) increases as data is added, so the posterior standard deviation shinks/as — nx),
whereO(o) characterizes the average standard deviation from a single observation, Foix > (o/r)?, essentially
the entire posterior probability mass lies inside the quadratic region, so the posterior distribution converges asymptotically
in probability to a Gaussian. This happensay proper isolated cost minimum at which second order Taylor expansion is
locally valid. The approximation gets better with more data (stronger curvature) and smaller higher order Taylor terms.
2This result follows from theCramér-Rao bound(e.g [23]), which says that the covariance of any unbiased estimator
is bounded below by thEisher information or mean curvature of the posterior log likelihood surfage—X)(X—X)") =
—<d2d15§p> wherep is the posterior probabilitys the parameters being estimat&dhe estimate given by any unbiased
estimator,X the true underlying value, andA > B denotes positive semidefinitenessfof B. Asymptotically, the
posterior distribution becomes Gaussian and the Fisher information converges to the inverse dispersion (the curvature of
the posterior log likelihood surface at the cost minimum), so the ML estimate attains thetcRam bound.
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Figure 2: Beware of treating any bell-shaped observation distribution as a Gaussian. Despite being
narrower in the peak and broader in the tails, the probability density function of a Cauchy distribution,
p(x) = (7r(1 + x2))_l, does not look so very different from that of a Gaussi@p (eff). But their
negative log likelihoods are very differertti@ttom lef}, and large deviations (“outliers”) amuch

more probable for Cauchy variates than for Gaussian aigdgt); In fact, the Cauchy distribution

has infinite covariance.

The effect of incorrect error models: It is clear that incorrect modelling of the observation distri-
butions is likely to disturb the ML estimate. Such mismodelling is to some extent inevitable because
error distributions stand for influences that we can not fully predict or control. To understand the
distortions that unrealistic error models can cause, first realize that geometric fitting is really a special
case of parametric probability density estimation. For each set of parameter values, the geometric
image projection model and the assumed observation error models combine to predict a probability
density for the observations. Maximizing the likelihood corresponds to fittingptieidicted obser-

vation densityto the observed data. The geometry and camera model only enter indirectly, via their
influence on the predicted distributions.

Accurate noise modelling is just as critical to successful estimation as accurate geometric mod-
elling. The most important mismodelling is failure to take account of the possibilityutfers
(aberrant data values, caused, by blunders such as incorrect feature correspondences). We stress
that so long as the assumed error distributions model the behaviall of the data used in the
fit (including bothinliers and outliers), the above properties of ML estimation including asymptotic
minimum variance remain valid in the presence of outliers. In other wavidisestimation is natu-
rally robust: there is no need to robustify it so long as realistic error distributions were used in the
first place. A distribution that models both inliers and outliers is callemta distribution . There is
no need to separate the two classes, as ML estimation does not care about the distinction. If the total
distribution happens to be an explicit mixture of an inlier and an outlier distribuéan & Gaussian
with a locally uniform background of outliers), outliers can be labeled after fitting using likelihood



ratio tests, but this is in no way essential to the estimation process.

It is also important to realize the extent to which superficially similar distributions can differ
from a Gaussian, or equivalently, how extraordinarily rapidly the tails of a Gaussian distribution
fall away compared to more realistic models of real observation errors. See figure 2. In fact, un-
modelled outliers typically have very severe effects on the fit. To see this, suppose that the real
observations are drawn from a fixed (but perhaps unknown) underlying distribugi@). The
law of large numberssays that their empirical distributions (the observed distribution of each set
of samples) converge asymptotically in probabilityzig(z). So for each model, the negative log
likelihood cost sum— 3", log pmodel(Zi|X) converges to-n;, [ po(z) log(pmodel(z|X)) dz. Up to a
model- mdependent constant, thisiistimes therelative entropy or Kullback-Leibler divergence
[ po(z) log(po(z)/pmodel(z|X)) dz of the model distribution w.r.t. the true opg(z). Hence, even if
the model family does not includg), the ML estimate converges asymptotically to the model whose
predicted observation distribution hasinimum relative entropyv.r.t. py. (Seege.g [96, proposition
2.2]). It follows that ML estimates are typically very sensitive to unmodelled outliers, as regions
which are relatively probable undep but highly improbable under the model make large contri-
butions to the relative entropy. In contrast, allowing for outliers where none actually occur causes
relatively little distortion, as no region which is probable unggwill have large— log pmodel

In summary, if there is a possibility of outliers, non-robust distribution models such as Gaussians
should be replaced with more realistic long-tailed ones such as: mixtures of a narrow ‘inlier’ and a
wide ‘outlier’ density, Cauchy otv-densities, or densities defined piecewise with a central peaked
‘inlier’ region surrounded by a constant ‘outlier’ regiorWe emphasize again that poor robustness
is due entirely to unrealistic distributional assumptions: the maximum likelihood framework itself is
naturally robust provided that the total observation distribution including both inliers and outliers is
modelled. In fact, real observations can seldom be cleanly divided into inliers and outliers. There is
a hard core of outliers such as feature correspondence errors, but there is also a grey area of features
that for some reason (a specularity, a shadow, poor focus, motion .bljrwere not as accurately
located as other features, without clearly being outliers.

3.2 Nonlinear Least Squares

One of the most basic parameter estimation methoderdinear least squares Suppose that we

have vectors of observatiorss predicted by a modet; = z;(x), wherex is a vector of model
parameters. Then nonlinear least squares takes as estimates the parameter values that minimize the
weighted Sum of Squared Error (SSE)cost function:

ZAZ TW; Az;(X), Az;(X) = z; — Zi(X) )

Here, Az;(x) is the feature prediction error afi; is an arbitrary symmetric positive definite (SPD)
weight matrix. Modulo normalization terms independentothe weighted SSE cost function coin-
cides with the negative log likelihood for observatia)erturbed by Gaussian noise of mean zero
and covarianc&V;". So for least squares to have a useful statistical interpretatioWy/ftehould be
chosen to approximate the inverse measurement covariazze E¥en for non-Gaussian noise with
this mean and covariance, tBauss-Markov theorem[37, 11] states that if the modets(x) are

3The latter case corresponds to a hard inlier / outlier decision rule: for any observation in the ‘outlier’ region, the density
is constant so the observation has no influence at all on the fit. Similarly, the mixture case corresponds to a softer inlier /
outlier decision rule.
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linear, least squares gives the Best Linear Unbiased Estimator (BLUE), where ‘best’ means minimum
variancé.

Any weighted least squares model can be converted to an unweighted\gne (1) by pre-
multiplying z,,z;, Az; by anyL] satisfyingW,; = L;L;. Such anL; can be calculated efficiently
from W; or W;* using Cholesky decompositioiR.1). Az, = L] Az, is called astandardized
residual, and the resulting unweighted least squares probigny 5 >°. [[Az;(x)|? is said to be in
standard form. One advantage of this is that optimization methods based on linear least squares
solvers can be used in place of ones based on linear (normal) equation solvers, which allows ill-
conditioned problems to be handled more stabB.2).

Another peculiarity of the SSE cost function is its indifference to the natural boundaries between
the observations. If observatiozs from any sources are assembled into a compound observation
vectorz = (zy,... ,Zz;)", and their weight matriced/; are assembled into compound block diagonal
weight matrixW = diag(W1, ... ,W,), the weighted squared erréix) = 3 Az(X)" W Az(X) is
the same as the original SSE cost functid},, Az;(x)” W; Az;(x). The general quadratic form of
the SSE cost is preserved under such compounding, and also under arbitrary linear transformations
of z that mix components from different observations. The only place that the underlying structure
is visible is in the block structure &. Such invariances do not hold for essentially any other cost
function, but they simplify the formulation of least squares considerably.

3.3 Robustified Least Squares

The main problem with least squares is its high sensitivity to outliers. This happens because the
Gaussian has extremely small tails compared to most real measurement error distributions. For robust
estimates, we must choose a more realistic likelihood mdi#l). The exact functional form is

less important than the general way in which the expected types of outliers enter. A single blunder
such as a correspondence error may affect one or a few of the observations, but it will usually leave
all of the others unchanged. This locality is the whole basis of robustification. If we can decide
which observations were affected, we can down-weight or eliminate them and use the remaining
observations for the parameter estimates as usual. If all of the observations had been affected about
equally €.g as by an incorrect projection model), we might still know that something was wrong, but
not be able to fix it by simple data cleaning.

We will adopt a ‘single layer’ robustness model, in which the observations are partitioned into
independent groups;, each group being irreducible in the sense that it is accepted, down-weighted
or rejected as a whole, independently of all the other groups. The partitions should reflect the types
of blunders that occur. For example, if feature correspondence errors are the most common blunders,
the two coordinates of a single image point would naturally form a group as both would usually be
invalidated by such a blunder, while no other image point would be affected. Even if one of the co-
ordinates appeared to be correct, if the other were incorrect we would usually want to discard both
for safety. On the other hand, in stereo problems, the four coordinates of each pair of correspond-
ing image points might be a more natural grouping, as a point in one image is useless without its
correspondent in the other one.

Henceforth, when we sagbservationwe meanirreducible group of observations treated as a
unit by the robustifying modell.e., our observations need not be scalars, but they must be units,
probabilistically independent of one another irrespective of whether they are inliers or outliers.

“It may be possible (and even useful) to do better with either biased (towards the correct solution), or nonlinear estima-
tors.
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As usual, each independent observatgmontributes an independent tefi(x | z;) to the total
cost function. This could have more or less any form, depending on the expected total distribution of
inliers and outliers for the observation. One very natural family areall&l distributions , which
have negative log likelihoods of the form:

fi(x) = 5pi( AZ;(x)"W; Az4(x) ) ®3)

Here, p;(s) can be any increasing function wigh(0) = 0 and %pi(()) = 1. (These guarantee that
at Az, = 0, f vanishes and:% = W,;). Weighted SSE has;(s) = s, while more robust variants
have sublineap;, often tendiﬁg to a constant ab so that distant outliers are entirely ignored. The
dispersion matridV;" determines the spatial spreadz)f and up to scale its covariance (if this is
finite). The radial form is preserved under arbitrary affine transformatiozs, s within a group,
all of the observations are on an equal footing in the same sense as in least squares. However, non-
Gaussian radial distributions are almost neseparable the observations ig; can neither be split
into independent subgroups, nor combined into larger groups, without destroying the radial form.
Radial cost models do not have the remarkable isotropy of non-robust SSE, but this is exactly what
we wanted, as it ensures that all observations in a group will be either left alone, or down-weighted
together.

As an example of this, for image features polluted with occasional large outliers caused by cor-

respondence errors, we might model the error distribution as a Gaussian central peak plus a uni-
form background of outliers. This would give negative log likelihood contributions of the form

f(x) = —log (exp(—%x?p) + e) instead of the non-robust weighted SSE mdge) = 5x7,, where

Xfp = AxZTp W;, AX;, is the squared weighted residual error (which ig”avariable for a correct
model and Gaussian error distribution), argarametrizes the frequency of outliers.

o o N 0
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3.4 Intensity-based methods

The above models apply not only to geometric image features, but also to intensity-based matching of
image patches. In this case, the observables are image gray-scales of catbes than feature co-
ordinatesu, and the error model is based on intensity residuals. To get from a point projection model
u = u(x) to an intensity based one, we simply compose with the assumed local intensity model
I = I(u) (e.g obtained from an image template or another image that we are matching against),
premultiply point Jacobians by point-to-intensity Jacobighsetc The full range of intensity mod-

els can be implemented within this framework: pure translation, affine, quadratic or homographic
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patch deformation models, 3D model based intensity predictions, coupled affine or spline patches for
surface coveragestc, [1, 52, 55, 9, 110, 94, 53, 97, 76, 104, 102]. The structure of intensity based
bundle problems is very similar to that of feature based ones, so all of the techniques studied below
can be applied.

We will not go into more detail on intensity matching, except to note that it is the real basis
of feature based methods. Feature detectors are optimized for detection not localization. To lo-
calize a detected feature accurately we need to match (some function of) the image intensities in
its region against either an idealized template or another image of the feature, using an appropri-
ate geometric deformation modealtc For example, suppose that the intensity matching model is
f(u) = 3 [/ p(||61(u)||*) where the integration is over some image padhis the current intensity
prediction erroru parametrizes the local geometry (patch translation & warping),csénds some

intensity error robustifier. Then the cost gradient in terms sfg, = % =[] p'oIT g—i Similarly,

. .. . . . 2
the cost Hessian in in a Gauss-Newton approximationhk, = % ~ [[ p" (3—5)T % In a feature

based model, we express= u(x) as a function of the bundle parameters, sa,if= g—)‘j we have

a corresponding cost gradient and Hessian contribudipr= g, Jy andHy = J| HyJy. In other
words, the intensity matching model is locally equivalent to a quadratic feature matching one on the
‘features’u(x), with effective weight (inverse covariance) matk, = Hy,. All image feature error
models in vision are ultimately based on such an underlying intensity matching model. As feature
covariances are a function of intensity gradiefifsp” (%)T 3—5 they can be both highly variable be-
tween features (depending on how much local gradient there is), and highly anisotropic (depending
on how directional the gradients are}.g, for points along a 1D intensity edge, the uncertainty is

large in the along edge direction and small in the across edge one.

3.5 Implicit models

Sometimes observations are most naturally expressed in terms of an implicit observation-constraining
modelh(x,z) = 0, rather than an explicit observation-predicting ane-= z(x). (The associated
image error still has the forrf{z — z)). For example, if the model is a 3D curve and we observe
points on it (the noisy images of 3D points that may lie anywhere along the 3D curve), we can
predict the whole image curve, but not the exact position of each observation along it. We only have
the constraint that the noiseless image of the observed point would lie on the noiseless image of the
curve, if we knew these. There are basically two ways to handle implicit models: nuisance parameters
and reduction.

Nuisance parameters:In this approach, the model is made explicit by adding additional ‘nuisance’
parameters representing something equivalent to model-consistent estimates of the unknown noise
free observations,e. to z with h(x,z) = 0. The most direct way to do this is to include the entire
parameter vectar as nuisance parameters, so that we have to solve a constrained optimization prob-
lem on the extended parameter spécez), minimizing f(z — z) over(x, z) subject toh(x,z) = 0.
This is a sparse constrained problem, which can be solved efficiently using sparse matrix techniques
(§6.3). In fact, for image observations, the subproblems (aptimizingf(z — z) overz for fixed z
andx) are small and for typicdirather simple. So in spite of the extra paramegemptimizing this
model is not significantly more expensive than optimizing an explicitoaez(x) [14, 13, 105, 106].
For example, when estimating matching constraints between image pairs or triplets [60, 62], instead
of using an explicit 3D representation, pairs or triplets of corresponding image points can be used as
featuresz;, subject to the epipolar or trifocal geometry contained jh05, 106].

However, if a smaller nuisance parameter vector thaan be found, it is wise to use it. In the
case of a curve, it suffices to include just one nuisance parameter per observation, saying where along
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the curve the corresponding noise free observation is predicted to lie. This model exactly satisfies the
constraints, so it converts the implicit model to an unconstrained explicizeaez(x, A), whereA
are the along-curve nuisance parameters.

The advantage of the nuisance parameter approach is that it gives the exact optimal parameter
estimate foix, and jointly, optimalx-consistent estimates for the noise free observatzons

Reduction: Alternatively, we can regartl(x, z) rather tharz as the observation vector, and hence

fit the parameters to the explicit log likelihood model foix, z). To do this, we must transfer the
underlying error model / distributioff Az) on z to onef(h) on h(x,z). In principle, this should be

done by marginalization: the density foris given by integrating that faf\z over all Az giving the
sameh. Within the point estimation framework, it can be approximated by replacing the integration
with maximization. Neither calculation is easy in general, but in the asymptotic limit where first
order Taylor expansioh(x,z) = h(x,z + Az) ~ 0 + % Az is valid, the distribution oh is a
marginalization or maximization of that dfz over affine subspaces. This can be evaluated in closed
form for some robust distributions. Also, standard covariance propagation gives (more precisely, this
applies to thénh and Az dispersions):

(h(x,2)) ~ 0, (h(x,2)h(x,2)") ~ M (AzAzT) T — dhyydnt (4)

where W™ is the covariance of\z. So at least for an outlier-free Gaussian model, the reduced
distribution remains Gaussian (albeit wittdependent covariance).

4 Basic Numerical Optimization

Having chosen a suitable model quality metric, we must optimize it. This section gives a very rapid
sketch of the basic local optimization methods for differentiable functions. See [29, 93, 42] for more
details. We need to minimize a cost functifjr) over parameters, starting from some given initial
estimatex of the minimum, presumably supplied by some approximate visual reconstruction method
or prior knowledge of the approximate situation. A2, the parameter space may be nonlinear,

but we assume that local displacements can be parametrized by a local coordinate system / vector of
free parameterdx. We try to find a displacememt— x-+4dx that locally minimizes or at least reduces

the cost function. Real cost functions are too complicated to minimize in closed form, so instead we
minimize an approximatkcal modelfor the function,e.g based on Taylor expansion or some other
approximation at the current poirt Although this does not usually give the exact minimum, with

luck it will improve on the initial parameter estimate and allow us to iterate to convergence. The art
of reliable optimization is largely in the details that make this happen even without luck: which local
model, how to minimize it, how to ensure that the estimate is improved, and how to decide when
convergence has occurred. If you not are interested in such subjects, use a professionally designed
package {C.2): detailsare important here.

4.1 Second Order Methods

The reference for all local models is the quadratic Taylor series one:

f(x + 0x) ~ f(x) + g7 ox + 16X H dx g = 3 H = $fx) )
guadratic local model gradient vector Hessian matrix

For now, assume that the Hessidris positive definite (but see below afil). The local model is
then a simple quadratic with a unique global minimum, which can be found explicitly using linear
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algebra. Settin%(x + 6Xx) ~ Hdx + g to zero for the stationary point gives thiewton step
ox = —H™'g (6)

The estimated new function valuefix + éx) ~ f(x) — 16x"Héx = f(x) — 1g"H'g. Iterating

the Newton step givelewton’s method This is the canonical optimization method for smooth cost
functions, owing to its exceptionally rapid theoretical and practical convergence near the minimum.
For quadratic functions it converges in one iteration, and for more general analytic casgnifstotic
convergenceis quadratic: as soon as the estimate gets close enough to the solution for the second
order Taylor expansion to be reasonably accurate, the residual state error is approxsonadedyd

at each iteration. This means that the number of significant digits in the estimate approximately
doubles at each iteration, so starting from any reasonable estimate, at mostoghoift) + 1 ~

56 iterations are needed for full double precision (16 digit) accuracy. Methods that potentially
achieve such rapid asymptotic convergence are calednd order methodsThis is a high accolade

for a local optimization method, but it can only be achieved if the Newton step is asymptotically
well approximated. Despite their conceptual simplicity and asymptotic performance, Newton-like
methods have some disadvantages:

e To guarantee convergence, a suitable step control policy must be gdd2d (

e Solving then x n Newton step equations takes tirtn?*) for a dense systen§.1), which can
be prohibitive for largen. Although the cost can often be reduced (very substantially for bundle
adjustment) by exploiting sparsenesdHnit remains true that Newton-like methods tend to have
a high cost per iteration, which increases relative to that of other methods as the problem size
increases. For this reason, it is sometimes worthwhile to consider more approXistabeder
methods (§7), which are occasionally more efficient, and generally simpler to implement, than
sparse Newton-like methods.

e Calculating second derivativé$is by no means trivial for a complicated cost function, both com-
putationally, and in terms of implementation effort. TGauss-Newtonmethod £4.3) offers a
simple analytic approximation tbl for nonlinear least squares problems. Some other methods
build up approximations tél from the way the gradierg changes during the iteration are in use
(see§7.1, Krylov methods).

e The asymptotic convergence of Newton-like methods is sometimes felt to be an expensive luxury
when far from the minimum, especially when damping (see below) is active. However, it must be
said that Newton-like methods generally do require significantly fewer iterations than first order
ones, even far from the minimum.

4.2 Step Control

Unfortunately, Newton’s method can fail in several ways. It may converge to a saddle point rather
than a minimum, and for large steps the second order cost prediction may be inaccurate, so there is no
guarantee that the true cost will actually decrease. To guarantee convergence to a minimum, the step
must follow a localdescent direction(a direction with a non-negligible component down the local

cost gradient, or if the gradient is zero near a saddle point, down a negative curvature direction of the
Hessian), and it must make reasonable progress in this direction (neither so little that the optimization
runs slowly or stalls, nor so much that it greatly overshoots the cost minimum along this direction). It

is also necessary to decide when the iteration has converged, and perhaps to limit any over-large steps
that are requested. Together, these topics form the delicate subgtepafontrol.
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To choose a descent direction, one can take the Newton step direction if this descends (it may
not near a saddle point), or more generally some combination of the Newton and gradient directions.
Damped Newton methodssolve a regularized system to find the step:

(H+AW)éx = —g @)

Here, \ is some weighting factor and/ is some positive definite weight matrix (often the identity,

S0\ — oo becomes gradient descei® o« —g). A can be chosen to limit the step to a dynamically

chosen maximum sizeér(ist region methods), or manipulated more heuristically, to shorten the step
if the prediction is poorl{evenberg-Marquardt methods).

Given a descent direction, progress along it is usually assureditg searchmethod, of which
there are many based on quadratic and cubic 1D cost models. If the suggegtdbiton) step is
dX, line search finds the that actually minimize$ along the linex + « dx, rather than simply taking
the estimatex = 1.

There is no space for further details on step control here (again, see [29, 93, 42]). However note
that poor step control can make a huge difference in reliability and convergence rates, especially for
ill-conditioned problems. Unless you are familiar with these issues, it is advisable to use profession-
ally designed methods.

4.3 Gauss-Newton and Least Squares

Consider the nonlinear weighted SSE cost md@el = %AZ(X)TWAZ(X) (§3.2) with prediction
errorAz(x) = z—z(x) and weight matriXV. Differentiation gives the gradient and Hessian in terms
of the Jacobian or design matrix of the predictive model) = g_)z( ;

g=9 - Az7'wJ H= 91— wi + 3(az7w), ¢z (8)
These formulae could be used directly in a damped Newton method, b%%therm inH is likely to
be small in comparison to the corresponding componends \bf J if either: (i) the prediction error
Az(x) is small; or {i) the model is nearly Iinear%iéi ~ 0. Dropping the second term gives the
Gauss-Newton approximationto the least squares Hessidhx~ J" W J. With this approximation,
the Newton step prediction equations becomeGhess-Newtonor normal equations:

(JTTWJ)ox = —JWAZ )

The Gauss-Newton approximation is extremely common in nonlinear least squares, and practically
all current bundle implementations use it. Its main advantage is simplicity: the second derivatives of
the projection modet(x) are complex and troublesome to implement.

In fact, the normal equations are just one of many methods of solving the weighted linear least
squares problefnmin sx 3(Jdx — Az)" W (Jéx — Az). Another notable method is that based on
QR decompositionsB.2, [11, 44]), which is up to a factor of two slower than the normal equations,
but much less sensitive to ill-conditioning Jrf.

Whichever solution method is used, the main disadvantage of the Gauss-Newton approximation
is that when the discarded terms are not negligible, the convergence rate is greatly rédu@ed (

25
®Here, the dependence dbn x is ignored, which amounts to the same thing as ignoring%ﬁ? term inH.

®The QR method gives the solution to a relative error of al@('¢), as compared t® (C?e) for the normal equations,
whereC' is the condition number (the ratio of the largest to the smallest singular valdeanée is the machine precision
(1076 for double precision floating point).
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In our experience, such reductions are indeed common in highly nonlinear problems with (at the
current step) large residuals. For example, near a saddle point the Gauss-Newton approximation is
neveraccurate, as its predicted Hessian is always at least positive semidefinite. However, for well-
parametrizedi(e. locally near linear§2.2) bundle problems under an outlier-free least squares cost
model evaluated near the cost minimum, the Gauss-Newton approximation is usually very accurate.
Feature extraction errors and hente andW" have characteristic scales of at most a few pixels. In
contrast, the nonlinearities afx) are caused by nonlinear 3D feature-camera geometry (perspective
effects) and nonlinear image projection (lens distortion). For typical geometries and lenses, neither
effect varies significantly on a scale of a few pixels. So the nonlinear corrections are usually small
compared to the leading order linear terms, and bundle adjustment behaves as a near-linear small
residual problem.

However note that this doasot extend to robust cost models. Robustification works by intro-
ducing strong nonlinearity into the cost function at the scale of typical feature reprojection errors.
For accurate step prediction, the optimization routine must take account of this. For radial cost func-
tions §3.3), a reasonable compromise is to take account of the exact second order derivatives of the
robustifiersp;(-), while retaining only the first order Gauss-Newton approximation for the predicted
observationg;(x). If p; andp” are respectively the first and second derivativep;ait the current
evaluation point, we haverabustified Gauss-Newton approximation

1

So robustification has two effectsi) {t down-weights the entire observation (bathandH;) by p/;

and i) it makes a rank-one reductibnf the curvatureH; in the radial (\z;) direction, to account

for the way in which the weight changes with the residual. There are reweighting-based optimization
methods that include only the first effect. They still find the true cost miningum O as theg;

are evaluated exacflybut convergence may be slowed owing to inaccuradyl,aéspecially for the
mainly radial deviations produced by non-robust initializers containing outli&rbas a direction of
negative curvature ip} Az W; Az; < —1p/, but if not we can even reduce the robustified Gauss-
Newton model to a local unweighted SSE one for which linear least squares methods can be used.
For simplicity suppose that/; has already reduced tbby premultiplyingz; andJ; by L] where

L; L] = W;. Then minimizing theeffective squared error 1||6z; — J; 6x||* gives the correct second
order robust state update, where= RootOf( 3a? — a — pf'/p} || Az,]|%) and:

i

5 = Vo 3= S (1 g 2%0%Y
52; = 7L nzi(x) 3= \/v (1 Az ) % (11)

In practice, ifp} || Az;]|? < —1p%, we can use the same formulae but limit< 1 — ¢ for some small
e. However, the full curvature correction is not applied in this case.

"The useful robustifiers; are sublinear, with; < 1 andp? < 0 in the outlier region.

8Reweighting is also sometimes used in vision to handle projective homogeneous scale factors rather than error weight-
ing. E.g, suppose that image pointa/w,v/w)" are generated by a homogeneous projection equétion, w)™ =
P (X,Y,Z, 1)7, whereP is the3 x 4 homogeneous image projection matrix. A scale factor reweighting scheme might
take derivatives w.r.tu, v while treating the inverse weight as a constant within each iteration. Minimizing the resulting
globally bilinear linear least squares error model d?eaind (X, Y, Z)" doesnot give the true cost minimum: it zeros the
gradient-ignoringw-variations, not the true cost gradient. Such schemes should not be used for precise work as the bias
can be substantial, especially for wide-angle lenses and close geometries.
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4.4 Constrained Problems

More generally, we may want to minimize a functifin) subject to a set of constraint$x) = 0 on

X. These might be scene constraints, internal consistency constraints on the parametf2atjon (
or constraints arising from an implicit observation modg.6). Given an initial estimate of the
solution, we try to improve this by optimizing the quadratic local modeff feubject to a linear local
model of the constraints. This linearly constrained quadratic problem has an exact solution in linear
algebra. Leg, H be the gradient and Hessianfads before, and let the first order expansion of the
constraints be&(x + dx) ~ c(x) + C dx whereC = % Introduce a vector of Lagrange multipliers

A for c. We seek the + dx that optimized + ¢" A subjecttoc = 0,i.e.0 = %(H C'A)(X+0x) ~
g+Hdx+C" Aand0 = c(x+dx) ~ c(x)+C dx. Combining these gives ti&equential Quadratic
Programming (SQP)step:

(CH: %T> (i?) = — (g) , f(x+6x) =~ f(x) -1 (g" ¢) (CH: %T>l (g) (12)

(H CT> o <H1 ~HIC'D'CH* H'C'D"

— -1 ~T
A Ay o ) D=CH'C (13)

At the optimumédx andc vanish, bulC™ A = —g, which is generally non-zero.

An alternative constrained approach uses the linearized constraints to eliminate some of the
variables, then optimizes over the rest. Suppose that we can order the variables to give partitions
X = (X; X2)" andC = (C; Cs), whereC, is square and invertible. Then usi@ X; + CaXe =
Cx = —c, we can solve fox; in terms ofxe andc: x; = —C7'(CaX2 + €). Substituting this into
the quadratic cost model has the effect of eliminattagleaving a smaller unconstraineeduced
problem Has Xo = —0s,, Where:

Hos = Hog — Hop Cil Cy — C-IQ— CIT His + C—Qr CIT Hi Cil Csy (14)
gQ = 02— C—Qr CITgl — (H21 — C-IQ— CITHU) CIIC (15)

(These matrices can be evaluated efficiently using simple matrix factorization schemes [11]). This
method is stable provided that the cho$gnis well-conditioned. It works well for dense problems,
but is not always suitable for sparse ones becau€keisf dense, the reduced Hessids, becomes
dense too.

For least squares cost models, constraints can also be handled within the linear least squares
framework,e.g see [11].

4.5 General Implementation Issues

Before going into details, we mention a few points of good numerical practice for large-scale opti-
mization problems such as bundle adjustment:

Exploit the problem structure: Large-scale problems are almost always highly structured and bun-
dle adjustment is no exception. In professional cartography and photogrammetric site-modelling,
bundle problems with thousands of images and many tens of thousands of features are regularly
solved. Such problems would simply be infeasible without a thorough exploitation of the natural
structure and sparsity of the bundle problem. We will have much to say about sparsity below.

Use factorization effectively: Many of above formulae contain matrix inverses. This is a convenient
short-hand for theoretical calculations, utmerically, matrix inversion is almost never usdd-
stead, the matrix is decomposed into its Cholesky, LU, &R, factors and these are used directly,
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e.g linear systems are solved using forwards and backwards substitution. This is much faster and
numerically more accurate than explicit use of the inverse, particularly for sparse matrices such as
the bundle Hessian, whose factors are still quite sparse, but whose inverse is always dense. Explicit
inversion is required only occasionallg,g for covariance estimates, and even then only a few of
the entries may be needegeld diagonal blocks of the covariance). Factorization is the heart of the
optimization iteration, where most of the time is spent and where most can be done to improve ef-
ficiency (by exploiting sparsity, symmetry and other problem structure) and numerical stability (by
pivoting and scaling). Similarly, certain matrices (subspace projectors, Householder matrices) have
(diagonal)+(low rank) forms which should not be explicitly evaluated as they can be applied more
efficiently in pieces.

Use stable local parametrizations:As discussed i§2.2, the parametrization used for step prediction
need not coincide with the global one used to store the state estimate. It is more important that it
should be finite, uniform and locally as nearly linear as possible. If the global parametrization is in
some way complex, highly nonlinear, or potentially ill-conditioned, it is usually preferable to use a
stable local parametrization based on perturbations of the current state for step prediction.

Scaling and preconditioning: Another parametrization issue that has a profound and too-rarely rec-
ognized influence on numerical performancevasiable scaling (the choice of ‘units’ or reference

scale to use for each parameter), and more genguadigonditioning (the choice of which linear
combinations of parameters to use). These represent the linear part of the general parametrization
problem. The performance of gradient descent and most other linearly convergent optimization meth-
ods is critically dependent on preconditioning, to the extent that for large problems, they are seldom
practically useful without it.

One of the great advantages of the Newton-like methods is their theoretical independence of such
scaling issues But even for these, scaling makes itself felt indirectly in several way$tép control
strategies including convergence tests, maximum step size limitations, and damping strategies (trust
region, Levenberg-Marquardt) are usually all based on some implicit fiéxi¥, and hence change
under linear transformations af(e.g, damping makes the step more like the non-invariant gradient
descent one). i Pivoting strategies for factoringl are highly dependent on variable scaling, as
they choose ‘large’ elements on which to pivot. Here, ‘largf@uldmean ‘in which little numerical
cancellation has occurred’ but with uneven scaling it becomes ‘with the largest séal@hé choice
of gauge (daturm§9) may depend on variable scaling, and this can significantly influence convergence
[82, 81].

For all of these reasons, it is important to choose variable scalings that relate meaningfully to the
problem structure. This involves a judicious comparison of the relative influenaegfa unit of
error on a nearby point, a unit of error on a very distant one, a camera rotation error, a radial distortion
error,etc. For this, it is advisable to use an ‘ideal’ Hessian or weight matrix rather than the observed
one, otherwise the scaling might break down if the Hessian happens to become ill-conditioned or
non-positive during a few iterations before settling down.

5 Network Structure

Adjustment networks have a rich structure, illustrated in figure 3 for a toy bundle problem. The
free parameters subdivide naturally into blocks corresponding to: 3D feature coordinates B;

®Under a linear change of coordinates— Tx we haveg — T-"gand H — T-THT™, so the Newton stepx =
—H™ g varies correctly agx — T 6%, whereas the gradient ode ~ g varies incorrectly agx — T~ §x. The Newton
and gradient descent steps agree only whef = H.
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Figure 3: The network graph, parameter connection graph, Jacobian structure and Hessian structure
for a toy bundle problem with five 3D features A-E, four images 1-4 and two camera calibr&tions
(shared by images 1,2) arg, (shared by images 3,4). Feature A is seen inimages 1,2; Bin 1,2,4;
Cinl1,3;Din2-4; and E in 3,4.

camera poses and unshared (single image) calibration parameters 4, and calibration param-
eters shared across several ima@gs K. Parameter blocks interact only via their joint influence
on image features and other observatidres, via their joint appearance in cost function contribu-
tions. The abstract structure of the measurement network can be characterized graphically by the
network graph (top left), which shows which features are seen in which images, anghtiaeneter
connection graph(top right) which details the sparse structure by showing which parameter blocks
have direct interactions. Blocks are linked if and only if they jointly influence at least one observa-
tion. The cost function Jacobian (bottom left) and Hessian (bottom right) reflect this sparse structure.
The shaded boxes correspond to non-zero blocks of matrix entries. Each block of rows in the Jaco-
bian corresponds to an observed image feature and contains contributions from each of the parameter
blocks that influenced this observation. The Hessian contains an off-diagonal block for each edge of
the parameter connection grapke. for each pair of parameters that couple to at least one common
feature / appear in at least one common cost contribtition

Two layers of structure are visible in the Hessian. Phienary structure consists of the subdi-
vision into structure (A—E) and camera (144;,—K5) submatrices. Note that the structure submatrix
is block diagonal: 3D features couple only to cameras, not to other features. (This would no longer
hold if inter-feature measurements such as distances or angles between points were present). The
camera submatrix is often also block diagonal, but in this example the sharing of unknown calibration
parameters produces off-diagonal blocks. $heondary structureis the internal sparsity pattern of
the structure-camera Hessian submatrix. This is dense for small problems where all features are seen
in all images, but in larger problems it often becomes quite sparse because each image only sees a
fraction of the features.

1%The Jacobian structure can be described more directly by a bipartite graph whose nodes correspond on one side to
the observations, and on the other to the parameter blocks that influence them. The parameter connection graph is then
obtained by deleting each observation node and linking each pair of parameter nodes that it connects to. This is an example
of elimination graph processing (see below).
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All worthwhile bundle methods exploit at least the primary structure of the Hessian, and advanced
methods exploit the secondary structure as well. The secondary structure is particularly sparse and
regular in surface coverage problems such grids of photographs in aerial cartography. Such problems
can be handled using a fixed ‘nested dissection’ variable reorde€y®g)( But for the more irregu-
lar connectivities of close range problems, general sparse factorization methods may be required to
handle secondary structure.

Bundle problems are by no means limited to the above structures. For example, for more complex
scene models with moving or articulated objects, there will be additional connections to object pose
or joint angle nodes, with linkages reflecting the kinematic chain structure of the scene. It is often
also necessary to add constraints to the adjustneegtcoplanarity of certain points. One of the
greatest advantages of the bundle technique is its ability to adapt to almost arbitrarily complex scene,
observation and constraint models.

6 Implementation Strategy 1: Second Order Adjustment Methods

The next three sections cover implementation strategies for optimizing the bundle adjustment cost
functionf(x) over the complete set of unknown structure and camera paramet&tss section is
devoted to second-order Newton-style approaches, which are the basis of the great majority of current
implementations. Their most notable characteristics are rapid (second order) asymptotic convergence
but relatively high cost per iteration, with an emphasis on exploiting the network structure (the sparsity
of the Hessiatd = g—g) for efficiency. In fact, the optimization aspects are more or less stangfard (

[29, 93, 42]), so we will concentrate entirely on efficient methods for solving the linearized Newton
step prediction equationdx = —H™g, (6). For now, we will assume that the Hessidris non-
singular. This will be amended i on gauge freedom, without changing the conclusions reached
here.

6.1 The Schur Complement and the Reduced Bundle System

Schur complement: Consider the following block triangular matrix factorization:

(A By /1 O0\/A 0\/1 A'B — L
M_(C D>_(CA—1 1)(0 5)(0 1), D—D_CA'B  (16)

-1 Al Al 0 1 0 AlfABD 'cAl —AIBD
(28) =™ B)< 0 6‘1)(—CA—1 ?) :< +,571CA_1 51 ) 17)

HereA must be square and invertible, and for (17), the whole matrix must also be square and invert-
ible. D is called theSchur complementof A in M. If both A andD are invertible, complementing on
D rather tham gives

AB) _ A -A'BD > XA _RAL
(¢8) = (-DCK‘1 D4D'CA 'BD?/’ A=A-BDC
Equating upper left blocks gives th#oodbury formula :
(A+BD'C)' = A FA'B(D+CA'B)'CA" (18)

This is the usual method of updating the inverse of a nonsingular nfatixer an update (especially
alowrank oneA — A+ BD'C. (Sees8.1).
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Reduction: Now consider the linear systeifif 8) (%) = (5. ). Pre-multiplying by( . 9)
gives (£ 2) (%) = (E;) whereb, = b, — CA'by. Hence we can use Schur complement and

forward substitution to find eeduced systermD x, = b, solve this forxs, then back-substitute and
solve to findx; :

D=D-CA'B B ~
62 = b2_CA_1b1 DXQ = bQ AX1 = bl_BX2 (19)
Schur complement + reduced system back-substitution

forward substitution

Note that the reduced system entirely subsumes the contribution &f tfusvs and columns to the
network. Once we have reduced, we can pretend that the problem does not yvalvall — it

can be found later by back-substitution if needed, or ignored if not. This is the basis of all recursive
filtering methods. In bundle adjustment, if we use the primary subdivision into feature and camera
variables and subsume the structure ones, we gettheed camera systenHcc Xo = g, Where:

Heo = Heo —HesHggHse = Hee — ZPHCP HY_J; Hpe

_ ) ) (20)
dc = 9c —HesHgs09s = 9c — >, Hop Hy, 9p

Here, 'S” selects the structure block an@™ the camera oneHgg is block diagonal, so the reduction
can be calculated rapidly by a sum of contributions from the individual 3D featprgs.S. Brown'’s
original 1958 method for bundle adjustment [16, 19, 100] was based on finding the reduced camera
system as above, and solving it using Gaussian elimination. Profile Cholesky decomp@8it&)n (
offers a more streamlined method of achieving this.

Occasionally, long image sequences have more camera parameters than structure ones. In this
case it is more efficient to reduce the camera parameters, leavéuyieed structure system

6.2 Triangular decompositions

If D in (16) is further subdivided into blocks, the factorization process can be continued recursively.
In fact, there is a family of block (lower triangular)*(diagonal)*(upper triangular) factorizattors
LDU:

L1

A1 Az - A La1 Loo D, Ugg Ugg - o Uin
A1 Agx - Agp o : Do Dy Ugg -+ oo Usn (21)
Aml Am,2 Amn : : : D'r U'rn

Lml Lm2 Lmr

SeesB. 1 for computational details. The main advantage of triangular factorizations is that they make
linear algebra computations with the matrix much easier. In particular, if the input nAaisisquare

and nonsingular, linear equatiolsx = b can be solved by a sequence of three recursions that
implicitly implement multiplication byA™ = U"'D'L™":

Lc=D ci — L (bi — D i<iLij cj) forward substitution (22)
Dd =c d; — D;'c; diagonal solution (23)
Ux = d xi — U (di = X250, Uixg) back-substitution (24)
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Forward substitution corrects for the influence of earlier variables on later ones, diagonal solution
solves the transformed system, and back-substitution propagates corrections due to later variables
back to earlier ones. In practice, this is usual method of solving linear equations such as the Newton
step prediction equations. It is stabler and much faster than explicitly invektangd multiplying by
A

The diagonal blockg;, D;, U;; can be set arbitrarily provided that the produgtD; U;; remains
constant. This gives a number of well-known factorizations, each optimized for a different class of
matrices.Pivoting (row and/or column exchanges designed to improve the conditionibgaati/or
U, §B.1) is also necessary in most cases, to ensure stability. ChdosiagD,;; = 1 gives the (block)
LU decomposition A = L U, the matrix representation of (block) Gaussian elimination. Pivoted by
rows, this is the standard method for non-symmetric matrices. For symmetrazighly half of the
work of factorization can be saved by using a symmetry-preserving'lixdtorization, for whictD
is symmetric andJ = L". The pivoting strategy must also preserve symmetry in this case, so it has
to permute columns in the same way as the corresponding rowsislsymmetric positive definite
we can further seb = 1 to get theCholesky decompositionA = LL". This is stable even without
pivoting, and hence extremely simple to implement. It is the standard decomposition method for al-
most all unconstrained optimization problems including bundle adjustment, as the Hessian is positive
definite near a non-degenerate cost minimum (and in the Gauss-Newton approximation, almost ev-
erywhere else, t0o). W\ is symmetric but only positiveemdefinite, diagonally pivoted Cholesky
decompositioncan be used. This is the caseg in subset selection methods of gauge fixif9.5).
Finally, if A is symmetric but indefinite, it is not possible to redistably tol. Instead, th&unch-
Kaufman method is used. This is a diagonally pivoted LDImethod, wheréD has a mixture of
1 x 1 and2 x 2 diagonal blocks. The augmented Hess{a# $ ) of the Lagrange multiplier method
for constrained optimization problems (12) is always symmetric indefinite, so Bunch-Kaufman is the
recommended method for solving constrained bundle problems. (It is something like 40% faster than
Gaussian elimination, and about equally stable).

Another use of factorization is matrix inversion. Inverses can be calculated by factoring, invert-
ing each triangular factor by forwards or backwards substitution (52), and multiplyingAott=
U~ DL However, explicit inverses are rarely used in numerical analysis, it being both stabler and
much faster in almost all cases to leave them implicit and work by forward/backward substitution
w.r.t. a factorization, rather than multiplication by the inverse. One place where invéssieaded
in its own right, is to calculate the dispersion matrix (inverse Hessian, which asymptotically gives the
posterior covariance) as a measure of the likely variability of parameter estimates. The dispersion
can be calculated by explicit inversion of the factored Hessian, but often only a few of its entries
are needecke.g the diagonal blocks and a few key off-diagonal parameter covariances. In this case
(53) can be used, which efficiently calculates the covariance entries corresponding to just the nonzero
elements of., D, U.

6.3 Sparse factorization

To apply the above decompositions to sparse matrices, we must obviously avoid storing and manipu-
lating the zero blocks. But there is more to the subject than this. As a sparse matrix is decomposed,
zero positions tend to rapidigll in (become non-zero), essentially because decomposition is based
on repeated linear combination of matrix rows, which is generically non-zero wherever any one of
its inputs is. Fill-in depends strongly on the order in which variables are eliminated, so efficient
sparse factorization routines attempt to minimize either operation counts or fill-in by re-ordering the
variables. (The Schur process is fixed in advance, so this is the only available freedom). Globally
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minimizing either operations or fill-in is NP complete, but reasonably good heuristics exist (see be-
low). Variable order affects stability (pivoting) as well as speed, and these two goals conflict to some
extent. Finding heuristics that work well on both counts is still a research problem.

Algorithmically, fill-in is characterized by aelimination graph derived from the parameter cou-
pling / Hessian graph [40, 26, 11]. To create this, nodes (blocks of parameters) are visited in the
given elimination ordering, at each step linking together all unvisited nodes that are currently linked
to the current node. The coupling of blocko block j via visited blockk corresponds to a non-zero
Schur contributiori;;, D' U;, and at each stage the subgraph on the currently unvisited nodes is the
coupling graph of the current reduced Hessian. The amount of fill-in is the number of new graph
edges created in this process.

6.3.1 Pattern matrices

We seek variable orderings that approximately minimize the total operation count or fill-in over the
whole elimination chain. For many problems a suitable ordering can be fixed in advance, typically
giving one of a few standard pattern matrices such as band or arrowhead matrices, perhaps with such
structure at several levels.

= EHEE o [ [
= EEH = H EEE
E_OEH = = EEE

H B8 H H HEE o5
[ O 000 (25)
OEEE M= B8 HEE
DEEE ] 15 5 [ | s s [ EE
bundle Hessian arrowhead matrix block tridiagonal matrix

The most prominent pattern structure in bundle adjustment is the primary subdivision of the Hessian
into structure and camera blocks. To get the reduced camera system (19), we treat the Hessian as
an arrowhead matrix with a broad final column containing all of the camera parameters. Arrowhead
matrices are trivial to factor or reduce by blazk 2 Schur complementatiow,f. (16, 19). For bundle
problems with many independent images and only a few features, one can also complement on the
image parameter block to get a redustaicturesystem.

Another very common pattern structure is the block tridiagonal one which characterizes all singly
coupled chains (sequences of images with only pairwise overlap, Kalman filtering and other time
recursions, simple kinematic chains). Tridiagonal matrices are factored or reduced by recursive block
2 x 2 Schur complementation starting from one end. ThandU factors are also block tridiagonal,
but the inverse is generally dense.

Pattern orderings are often very natural but it is unwise to think of them as immutable: structure
often occurs at several levels and deeper structure or simply changes in the relative sizes of the various
parameter classes may make alternative orderings preferable. For more difficult problems there are
two basic classes of on-line ordering strategiBettom-upmethods try to minimize fill-in locally
and greedily at each step, at the risk of global short-sightednegs.downmethods take a divide-
and-conquer approach, recursively splitting the problem into smaller sub-problems which are solved
guasi-independently and later merged.

6.3.2 Top-down Ordering Methods

The most common top-down method is calleebted dissectioror recursive partitioning [64, 57,
19, 38, 40, 11]. The basic idea is to recursively split the factorization problem into smaller sub-
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Figure 4. A bundle Hessian for an irregular coverage problem with only local connections, and its
Cholesky factor in natural (structure-then-camera), minimum degree, and reverse Cuthill-McKee or-
dering.

problems, solve these independently, and then glue the solutions together along their common bound-
aries. Splitting involves choosing separating setof variables, whose deletion will separate the
remaining variables into two or more independent subsets. This corresponds to fir(gentea)

graph cut of the elimination graphi,e. a set of vertices whose deletion will split it into two or more
disconnected components. Given such a partitioning, the variables are reordered into connected com-
ponents, with the separating set ones last. This produces an ‘arrowhead’ mgtrix,

Al [|A A Ai2
| Azp ||A22|| Aas | — (26)
Azz  |As2
Azz|| Ass
[ A | A JAn)

The arrowhead matrix is factored by blocks, as in reduction or profile Cholesky, taking account of
any internal sparsity in the diagonal blocks and the borders. Any suitable factorization method can be
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used for the diagonal blocks, including further recursive partitionings.

Nested dissection is most useful when comparatively small separating sets can be found. A trivial
example is the primary structure of the bundle problem: the camera variables separate the 3D structure
into independent features, giving the standard arrowhead form of the bundle Hessian. More interest-
ingly, networks with good geometric or temporal locality (surface- and site-covering networks, video
sequences) tend to have small separating sets based on spatial or temporal subdivision. The classic
examples are geodesic and aerial cartography networks with their local 2D connections — spatial
bisection gives simple and very efficient recursive decompositions for these [64, 57, 19].

For sparse problems with less regular structure, one can use graph partitioning algorithms to find
small separating sets. Finding a globally minimal partition sequence is NP complete but several ef-
fective heuristics exist. This is currently an active research field. One promising family are multilevel
schemes [70, 71, 65, 4] which decimate (subsample) the graph, partitioneugiagpectral method,
then refine the result to the original graph. (These algorithms should also be very well-suited to graph
based visual segmentation and matching).

6.3.3 Bottom-up Ordering Methods

Many bottom-up variable ordering heuristics exist. Probably the most widespread and effective is
minimum degree ordering. At each step, this eliminates the variable coupled to the fewest remain-
ing ones (.e. the elimination graph node with the fewest unvisited neighbours), so it minimizes the
number(’)(nﬁeighbourg of changed matrix elements and hence FLOPs for the step. The minimum de-
gree ordering can also be computed quite rapidly without explicit graph chasing. A related ordering,
minimum deficiency, minimizes the fill-in (newly created edges) at each step, but this is considerably
slower to calculate and not usually so effective.

Fill-in or operation minimizing strategies tend to produce somewhat fragmentary matrices that
require pointer- or index-based sparse matrix implementations (see fig. 4). This increases complexity
and tends to reduce cache locality and pipeline-ability. An alternative is tuade matrices
which (for lower triangles) store all elements in each row between the first non-zero one and the
diagonal in a contiguous block. This is easy to implement {&8), and practically efficient so
long as about 30% or more of the stored elements are actually non-zero. Orderings for this case aim
to minimize the sum of the profile lengths rather than the number of non-zero elements. Profiling
enforces a multiply-linked chain structure on the variables, so it is especially successful for linear /
chain-like / one dimensional problenesg space or time sequences. The simplest profiling strategy
is reverse Cuthill-McKee which chooses some initial variable (very preferably one from one ‘end’ of
the chain), adds all variables coupled to that, then all variables coupled to ¢hosten reverses the
ordering (otherwise, any highly-coupled variables get eliminated early on, which causes disastrous
fill-in). More sophisticated are the so-callbdnker’s strategies which maintain an active set of
all the variables coupled to the already-eliminated ones, and choose the next variable — from the
active set (King [72]), it and its neighbours (Snay [101]) or all uneliminated variables (Levy [75]) —
to minimize the new size of the active set at each step. In particsitary’s banker’s algorithm is
reported to perform well on geodesy and aerial cartography problems [101, 24].

For all of these automatic ordering methods, it often pays to do some of the initial work by hand,
e.g it might be appropriate to enforce the structure / camera division beforehand and only order the
reduced camera system. If there are nodes of particularly high degree such as inner gauge constraints,
the ordering calculation will usually run faster and the quality may also be improved by removing
these from the graph and placing them last by hand.
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The above ordering methods apply to both Cholesky / LBecomposition of the Hessian and
QR decomposition of the least squares Jacobian. Sparse QR methods can be implemented either
with Givens rotations or (more efficiently) with sparse Householder transformations. Row ordering
is important for the Givens methods [39]. For Householder ones (and some Givens ones too) the
multifrontal organization is now usual [41, 11], as it captures the natural parallelism of the problem.

7 Implementation Strategy 2: First Order Adjustment Methods

We have seen that for large problems, factoring the Heddido compute the Newton step can

be both expensive and (if done efficiently) rather complex. In this section we consider alternative
methods that avoid the cost of exact factorization. As the Newton step can not be calculated, such
methods generally only achieve first order (linear) asymptotic convergence: when close to the final
state estimate, the error is asymptotically reduced by a constant (and in practice often depressingly
small) factor at each step, whereas quadratically convergent Newton methods roughly double the
number of significant digits at each step. So first order methods require more iterations than second
order ones, but each iteration is usually much cheaper. The relative efficiency depends on the relative
sizes of these two effects, both of which can be substantial. For large problems, the reduction in work
per iteration is usually at leag€?(n), wheren is the problem size. But whereas Newton methods
converge fromO(1) to O(10~¢) in aboutl + log, 16 = 5 iterations, linearly convergent ones take
respectivelylog 10716 /log(1 — v) = 16,350, 3700 iterations for reductiony = 0.9,0.1,0.01 per
iteration. Unfortunately, reductions of only% or less are by no means unusual in practi§e2),

and the reduction tends to decrease: &screases.

7.1 First Order lterations

We first consider a number of common first order methods, before returning to the question of why
they are often slow.

Gradient descent: The simplest first order method ggadient descent which “slides down the
gradient” by takinghx ~ g orH, = 1. Line search is needed, to find an appropriate scale for the step.
For most problems, gradient descent is spectacularly inefficient unless the Hessian actually happens
to be very close to a multiple df. This can be arranged by preconditioning with a linear transform

L, x —Lx,g — L T"gandH — L-"THL™, whereLL" ~ H is an approximate Cholesky factor (or

other left square root) dfl, so thatH — L-"THL™ ~ 1. In this very special case, preconditioned
gradient descent approximates the Newton method. Strictly speaking, gradient descent is a cheat: the
gradient is a covector (linear form on vectors) not a vector, so it does not actually define a direction
in the search space. Gradient descent’s sensitivity to the coordinate system is one symptom of this.

Alternation: Another simple approach &ternation: partition the variables into groups and cycle
through the groups optimizing over each in turn, with the other groups held fixed. This is most
appropriate when the subproblems are significantly easier to optimize than the full one. A natural and
often-rediscovered alternation for the bundle problemeggection-intersection which interleaves
steps ofresection(finding the camera poses and if necessary calibrations from fixed 3D features) and
intersection(finding the 3D features from fixed camera poses and calibrations). The subproblems for
individual features and cameras are independent, so only the diagonal bldt¢lesefequired.

Alternation can be used in several ways. One extreme is to optimize (or perhaps only perform one
step of optimization) over each group in turn, with a state update and re-evaluation of (the relevant
components ofyy, H after each group. Alternatively, some of the re-evaluations can be simulated by

27



evaluating the linearized effects of the parameter group update on the other geaupf®r resection-
intersection with structure updad&s = —Hss 9s(Xs, Xc) (Where 'S’ selects the structure variables

and ‘C’ the camera ones), the updated camera gradient is exactly the gradient of the reduced camera
system,gc(Xs + 0Xs,Xc) = 9c(Xs, %) + Hesdxs = 9o — Hos Hgg 9o So the total update

for the cycle is( 55 ) = _<_HE<10H|§1§S Mo Hg%) (82) = (122 42.)7(85)- In general, this

correction propagation amounts to solving the system as if the above-diagonal triattjleverke
zero. Once we have cycled through the variables, we can update the full state and relinearize. This
is thenonlinear Gauss-Seidel methodAlternatively, we can split the above-diagonal triangle-Hof

off as a correction (back-propagation) term and continue iteritj}ﬁ ch ) ( g;g )(k) S ( 82 ) _

(SHse) (g )(k:—l) until (hopefully) (35 ) converges to the full Newton stefx = —H"'g. This
is thelinear Gauss-Seidel methodpplied to solving the Newton step prediction equations. Finally,
alternation methods always tend to underestimate the size of the Newton step because they fail to
account for the cost-reducing effects of including the back-substitution teBuscessive Over-
Relaxation (SOR)methods improve the convergence rate by artificially lengthening the update steps
by a heuristic factot < v < 2.

Most if not all of the above alternations have been applied to both the bundle problem and the
independent model one many timesg [19, 95, 2, 108, 91, 20]. Brown considered the relatively
sophisticated SOR method for aerial cartography problems as early as 1964, before developing his
recursive decomposition method [19]. None of these alternations are very effective for traditional
large-scale problems, althou§i.4 below shows that they can sometimes compete for smaller highly
connected ones.

Krylov subspace methods:Another large family of iterative techniques are gy/lov subspace
methods based on the remarkable properties of the power subspaces
Spar{{A*blk = 0...n}) for fixed A,b asn increases. Krylov iterations predominate in many
large-scale linear algebra applications, including linear equation solving.

The earliest and greatest Krylov method is toajugate gradientiteration for solving a positive
definite linear system or optimizing a quadratic cost function. By augmenting the gradient descent
step with a carefully chosen multiple of the previous step, this manages to minimize the quadratic
model function over the entiré* Krylov subspace at thé'" iteration, and hence (in exact arith-
metic) over the whole space at thé" one. This no longer holds when there is round-off error,
but O(ny) iterations usually still suffice to find the Newton step. Each iteratiof? (83) so this is
not in itself a large gain over explicit factorization. However convergence is significantly faster if
the eigenvalues dfl are tightly clustered away from zero: if the eigenvalues are covered by intervals
[ai, b;]i=1...x, CONVErgence occurs (ﬁ(Zle \/bi/ai> iterations [99, 47, 48}. Preconditioning (see
below) aims at achieving such clustering. As with alternation methods, there is a range of possible
update / re-linearization choices, ranging from a fully nonlinear method that relinearizes after each
step, to solving the Newton equations exactly using many linear iterations. One major advantage of
conjugate gradient is its simplicity: there is no factorization, all that is needed is multiplicatiein by
For the full nonlinear method is not even needed — one simply makes a line search to find the cost
minimum along the direction defined lgyand the previous step.

One disadvantage of nonlinear conjugate gradient is its high sensitivity to the accuracy of the line
search. Achieving the required accuracy may waste several function evaluations at each step. One way
to avoid this is to make the information obtained by the conjugation process more explicit by building
up an explicit approximation tbl or H™. Quasi-Newtonmethods such as the BFGS method do this,

For other eigenvalue based based analyses of the bundle adjustment covariance, see [103, 92].
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Figure 5: An example of the typical behaviour of first and second order convergent methods near
the minimum. This is a 2D projection of a small but ill-conditioned bundle problem along the two
most variable directions. The second order methods converge quite rapidly, whether they use exact
(Gauss-Newton) or iterative (diagonally preconditioned conjugate gradient) linear solver for the New-
ton equations. In contrast, first order methods such as resection-intersection converge slowly near the
minimum owing to their inaccurate model of the Hessian. The effects of mismodelling can be reduced
to some extent by adding a line search.

and hence need less accurate line searches. The quasi-Newton approximidtuito is dense and
hence expensive to store and manipulate,Lintited Memory Quasi-Newton (LMQN) methods
often get much of the desired effect by maintaining only a low-rank approximation.
There are variants of all of these methods for least squares (Jacobian rather than Hessian based)
and for constrained problems (non-positive definite matrices).

7.2 Why Are First Order Methods Slow?

To understand why first order methods often have slow convergence, consider the effect of approxi-
mating the Hessian in Newton’s method. Suppose that in some local parametrizatoired at a

cost minimumx = 0, the cost function is well approximated by a quadratic rieafi(x) ~ %XT H x

and hencey(x) = Hx, whereH is the true Hessian. For most first order methods, the predicted step
is linear in the gradieny. If we adopt a Newton-like state updade = —H_'g(x) based on some
approximatiorH, to H, we get an iteration:

Xes1 = Xp—H'g(x) ~ (L—H}H) xp = (1 —H'H)* xg (27)

The numerical behaviour is determined by projectg@long the eigenvectors &fH;'H. The com-
ponents corresponding to large-modulus eigenvalues decay slowly and hence asymptotically domi-
nate the residual error. For genexg, the method converges ‘linearlyi.€. exponentially) at rate

II1 — H,'HJ|2, or diverges if this is greater than one. (Of course, the exact Newtodstep—H"'g

29



converges in a single iteration, Bl = H). Along eigen-directions corresponding to positive eigen-
values (for whichH, overestimated#d), the iteration is over-damped and convergence is slow but
monotonic. Conversely, along directions corresponding to negative eigenvalues (forHyhicder-
estimatedH), the iteration is under-damped and zigzags towards the soluti¢hislinderestimated

by a factor greater than two along any direction, there is divergence. Figure 5 shows an example of
the typical asymptotic behaviour of first and second order methods in a small bundle problem.

Ignoring the camera-feature coupling: As an example, many approximate bundle methods ignore

or approximate the off-diagonal feature-camera blocks of the Hessian. This amounts to ignoring the

fact that the cost of a feature displacement can be partially offset by a compensatory camera dis-

placement and vice versa. It therefore significantly over-estimates the total ‘stiffness’ of the network,
particularly for large, loosely connected networks. The fact that off-diagonal blocketamegligible
compared to the diagonal ones can be seen in several ways:

e Looking forward to§9, before the gauge is fixed, the full Hessian is singular owing to gauge
freedom. The diagonal blocks by themselves are well-conditioned, but including the off-diagonal
ones entirely cancels this along the gauge orbit directions. Although gauge fixing removes the
resulting singularity, it can not change the fact that the off-diagonal blocks have enough weight to
counteract the diagonal ones.

¢ In bundle adjustment, certain well-known ambiguities (poorly-controlled parameter combinations)
often dominate the uncertainty. Camera distance and focal length estimates, and structure depth
and camera baseline ones (bas-relief), are both strongly correlated whenever the perspective is
weak and become strict ambiguities in the affine limit. The well-conditioned diagonal blocks of
the Hessian give no hint of these ambiguities: when both features and cameras are free, the overall
network ismuchless rigid than it appears to be when each treats the other as fixed.

e During bundle adjustment, local structure refinements cause ‘ripples’ that must be propagated
throughout the network. The camera-feature coupling information carried in the off-diagonal
blocks is essential to this. In the diagonal-only model, ripples can propagate at most one feature-
camera-feature step per iteration, so it takes many iterations for them to cross and re-cross a sparsely
coupled network.

These arguments suggest that any approximatipto the bundle HessiaH that suppresses or sig-

nificantly alters the off-diagonal terms is likely to have lafge-H_" H|| and hence slow convergence.

This is exactly what we have observed in practice for all such methods that we have tested: near the

minimum, convergence is linear and for large problems often extremely slow|| vittH_' H||, very

close to 1. The iteration may either zigzag or converge slowly and monotonically, depending on the

exact method and parameter values.

Line search: The above behaviour can often be improved significantly by adding a line search to the
method. In principle, the resulting method convergesafoypositive definiteH,. However, accurate
modelling of H is still highly desirable. Even with no rounding errors, an exactly quadratic (but
otherwise unknown) cost function and exact line searchestlie minimum along the line is found
exactly), the most efficient generic line search based methods such as conjugate gradient or quasi-
Newton require at leasP(ny) iterations to converge. For large bundle problems with thousands of
parameters, this can already be prohibitive. However, if knowledge adtasiincorporated via a
suitablepreconditioney the number of iterations can often be reduced substantially.
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7.3 Preconditioning

Gradient descent and Krylov methods are sensitive to the coordinate system and their practical success
depends critically on good preconditioning. The aim is to find a linear transformatienT x and

henceg — T-"gandH — T-THT for which the transformedH is nearl, or at least has only a

few clusters of eigenvalues well separated from the origin. IdeBlould be an accurate, low-cost
approximation to the left Cholesky factor bf. (Exactly evaluating this would give the expensive
Newton method again). In the experiments below, we tried conjugate gradient with preconditioners
based on the diagonal blockstef and orpartial Cholesky decomposition dropping either all filled-

in elements, or all that are smaller than a preset size when performing Cholesky decomposition. These
methods were not competitive with the exact Gauss-Newton ones in the ‘strip’ experiments below,
but for large enough problems it is likely that a preconditioned Krylov method would predominate,
especially if more effective preconditioners could be found.

An exact Cholesky factor dfi from a previous iteration is often a quite effective preconditioner.
This gives hybrid methods in whidH is only evaluated and factored every few iterations, with the
Newton step at these iterations and well-preconditioned gradient descent or conjugate gradient at the
others.

7.4 Experiments

Figure 6 shows the relative performance of several methods on two synthetic projective bundle ad-
justment problems. In both cases, the number of 3D points increases in proportion to the number
of images, so the dense factorization timeCl$n*) wheren is the number of points or images.

The following methods are shown: ‘Sparse Gauss-Newton’ — sparse Cholesky decomposition with
variables ordered naturally (features then cameras); ‘Dense Gauss-Newton’ — the same, but (inef-
ficiently) ignoring all sparsity of the Hessian; ‘Diag. Conj. Gradient’ — the Newton step is found
by an iterative conjugate gradient linear system solver, preconditioned using the Cholesky factors
of the diagonal blocks of the Hessian; ‘Resect-Intersect’ — the state is optimized by alternate steps
of resection and intersection, with relinearization after each. In the ‘spherical cloud’ problem, the
points are uniformly distributed within a spherical cloud, all points are visible in all images, and the
camera geometry is strongly convergent. These are ideal conditions, giving a low diameter network
graph and a well-conditioned, nearly diagonal-dominant Hessian. All of the methods converge quite
rapidly. Resection-intersection is a competitive method for larger problems owing to its low cost per
iteration. Unfortunately, although this geometry is often used for testing computer vision algorithms,
it is atypical for large-scale bundle problems. The ‘strip’ experiment has a more representative geom-
etry. The images are arranged in a long strip, with each feature seen in about 3 overlapping images.
The strip’s long thin weakly-connected network structure gives it large scale low stiffness ‘flexing’
modes, with correspondingly poor Hessian conditioning. The off-diagonal terms are critical here,
so the approximate methods perform very poorly. Resection-intersection is slower even than dense
Cholesky decomposition ignoring all sparsity. For 16 or more images it fails to converge even after
3000 iterations. The sparse Cholesky methods continue to perform reasonably well, with the natural,
minimum degree and reverse Cuthill-McKee orderings all giving very similar run times in this case.
For all of the methods that we tested, including resection-intersection with its linear per-iteration cost,
the total run time for long chain-like geometries scaled roughl§ és®).
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Computation vs. Bundle Size -- Strong Geometry
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Figure 6: Relative speeds of various bundle optimization methods for strong ‘spherical cloud’ and
weak ‘strip’ geometries.

8 Implementation Strategy 3: Updating and Recursion

8.1 Updating rules

It is often convenient to be able tgpdate a state estimate to reflect various types of changesto
incorporate new observations or to delete erroneous odew/fdating’). Parameters may have to

be added or deleted too. Updating rules are often used recursively, to incorporate a series of obser-
vations one-by-one rather than solving a single batch system. This is useful in on-line applications
where a rapid response is needed, and also to provide preliminary predietgpiier correspondence
searches. Much of the early development of updating methods was aimed at on-line data editing in
aerial cartography workstations.
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The main challenge in adding or deleting observations is efficiently updating either a factorization
of the HessiarH, or the covariancél™. Given either of these, the state updateis easily found by
solving the Newton step equatiohbdx = —g, where (assuming that we started at an un-updated
optimumg = 0) the gradieng depends only on the newly added terms. The Hessian uptiate
H 4+ B W BT needs to have relatively low rank, otherwise nothing is saved over recomputing the batch
solution. In least squares the rank is the number of independent observations added or deleted, but
even without this the rank is often low in bundle problems because relatively few parameters are
affected by any given observation.

One limitation of updating is that it is seldom as accurate as a batch solution owing to build-
up of round-off error. Updating (adding observations) itself is numerically stable, but downdating
(deleting observations) is potentially ill-conditioned as it reduces the positivity of the Hessian, and
may cause previously good pivot choices to become arbitrarily bad. This is particularly a problem if
all observations relating to a parameter are deleted, or if there are repeated insertion-deletion cycles
as in time window filtering. Factorization updating methods are stabler than Woodbury formula /
covariance updating ones.

Consider first the case where no parameters need be added nor delpizdding or deleting an
observation of an existing point in an existing image. Several methods have been suggested [54, 66].
Mikhail & Helmering [88] use the Woodbury formula (18) to update the covaridhiceThis simple
approach becomes inefficient for problems with many features because the sparse structure is not
exploited: the full covariance matrix is dense and we would normally avoid calculating it in its
entirety. Grin [51, 54] avoids this problem by maintaining a running copy of the reduced camera
system (20), using an incremental Schur complement / forward substitution (16) to fold each new
observation into this, and then re-factorizing and solving as usual after each update. This is effective
when there are many features in a few images, but for larger numbers of images it becomes inefficient
owing to the re-factorization step. Factorization updating methods such as (55, 56) are currently
the recommended update methods for most applications: they allow the existing factorization to be
exploited, they handle any number of images and features and arbitrary problem structure efficiently,
and they are numerically more accurate than Woodbury formula methods. The Givens rotation method
[12, 54], which is equivalent to the rank 1 Cholesky update (56), is probably the most common such
method. The other updating methods are confusingly named in the literature. Mikhail & Helmering’s
method [88] is sometimes called ‘Kalman filtering’, even though no dynamics and hence no actual
filtering is involved. Grin's reduced camera system method [51] is called ‘triangular factor update
(TFU)’, even though it actually updates the (square) reduced Hessian rather than its triangular factors.

For updates involving a previously unseen 3D feature or image, new variables must also be added
to the system. This is easy. We simply choose where to put the variables in the elimination sequence,
and extendH and its L,D,U factors with the corresponding rows and columns, setting all of the newly
created positions to zero (except for the unit diagonals of U£dand LU’sL factor). The factorization
can then be updated as usual, presumably adding enough cost terms to make the extended Hessian
nonsingular and couple the new parameters into the old network. If a direct covariance update is
needed, the Woodbury formula (18) can be used on the old part of the matrix, then (17) to fill in the
new blocks (equivalently, invert (54), wilh; < A representing the old blocks aig < 0 the new
ones).

Conversely, it may be necessary to delete parametaysf an image or 3D feature has lost most
or all of its support. The corresponding rows and columns of the Heklsfand rows ofj, columns of
J) must be deleted, and all cost contributions involving the deleted parameters must also be removed
using the usual factorization downdates (55, 56). To delete the rows and columns df inlaakatrix
A, we first delete thé rows and columns df, D, U. This maintains triangularity and gives the correct
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trimmedA, except that the blocks in the lower right cordey = Zkgmin(m) Lix Dy Ugj, 1,7 > bare
missing a terni, Dy, Up; from the deleted columbof L/ row b of U. This is added using an update
+Lyp Dy Uy, * > b. To updateA™ when rows and columns & are deleted, permute the deleted
rows and columns to the end and use (17) backwalls:)™ = (A™)11 — (A7) 12 (A )55 (A)a1.

It is also possible to freeze some live parameters at fixed (current or default) values, or to add
extra parameters / unfreeze some previously frozen aneg48, 49) below. In this case, rows and
columns corresponding to the frozen parameters must be deleted or added, but no other change to
the cost function is required. Deletion is as above. To insert rows and coldmnA,, at blockd
of matrix A, we open space in row and colurarof L, D, U and fill these positions with the usual
recursively defined values (51). Forj > b, the sum (51) will now have a contributidny, Dy Uy,
that it should not have, so to correct this we downdate the lower right submatsixd with a cost
cancelling contribution-L.;, Dy Up,.

8.2 Recursive Methods and Reduction

Each update computation is roughly quadratic in the size of the state vector, so if new features and
images are continually added the situation will eventually become unmanageable. We must limit
what we compute. In principle parameter refinement never stops: each observation update affects all
components of the state estimate and its covariance. However, the refinements are in a sense trivial for
parameters that are not directly coupled to the observation. If these parameters are eliminated using
reduction (19), the observation update can be applied directly to the reduced Hessian and'§radient
The eliminated parameters can then be updated by simple back-substitution (19) and their covariances
by (17). In particular, if we cease to receive new information relating to a block of parameters (an
image that has been fully treated, a 3D feature that has become invisible), they and all the observations
relating to them can be subsumed once-and-for-all in a reduced Hessian and gradient on the remaining
parameters. If required, we can later re-estimate the eliminated parameters by back-substitution.
Otherwise, we do not need to consider them further.

This elimination process has some limitations. Only ‘dead’ parameters can be eliminated: to
merge a new observation into the problem, we need the current Hessian or factorization entries for
all parameter blocks relating to it. Reduction also commits us to a linearized / quadratic cost ap-
proximation for the eliminated variables at their current estimates, although to the extent that this
model is correct, the remaining variables can still be treated nonlinearly. It is perhaps best to view
reduction as the first half-iteration of a full nonlinear optimization: by (19), the Newton method for
the full model can be implemented by repeated cycles of reduction, solving the reduced system, and
back-substitution, with relinearization after each cycle, whereas for eliminated variables we stop after
solving the first reduced system. Equivalently, reduction evaluates just the reduced components of the
full Newton step and the full covariance, leaving us the option of computing the remaining eliminated
ones later if we wish.

Reduction can be used to refine estimates of relative camera poses (or fundamental matrices,
etc) for a fixed set of images, by reducing a sequence of feature correspondences to their camera
coordinates. Or conversely, to refine 3D structure estimates for a fixed set of features in many images,
by reducing onto the feature coordinates.

Reduction is also the basis of recursive (Kalman) filtering. In this case, one leag &nje)
series of system state vectors linked by some probabilistic transition rule (‘dynamical model’), for
which we also have some observations (‘observation model’). The parameter space consists of the

2In (19), only D and b- are affected by the observation as it is independent of the subsumed compargn b; .
So applying the update @, b, has the same effect as applying ifRob-.
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Reconstruction Error vs. Time Window Size
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Figure 7: The residual state estimation error of the VSDF sequential bundle algorithm for progres-
sively increasing sizes of rolling time window. The residual error at intagel 6 is shown for rolling
windows of 1-5 previous images, and also for a ‘batch’ method (all previous images) and a ‘sim-
ple’ one (reconstruction / intersection is performed independently of camera location / resection). To
simulate the effects of decreasing amounts of image data, 0%, 15% and 70% of the image measure-
ments are randomly deleted to make runs with 100%, 85% and only 30% of the supplied image data.
The main conclusion is that window size has little effect for strong data, but becomes increasingly
important as the data becomes weaker.

combined state vectors for all timdsg. it represents a path through the states. Both the dynamical

and the observation models provide “observations” in the sense of probabilistic constraints on the full
state parameters, and we seek a maximum likelihood (or similar) parameter estimate / path through
the states. The full Hessian is block tridiagonal: the observations couple only to the current state
and give the diagonal blocks, and dynamics couples only to the previous and next ones and gives the
off-diagonal blocks (differential observations can also be included in the dynamics likelihood). So
the model is large (if there are many time steps) but very sparse. As always with a tridiagonal matrix,
the Hessian can be decomposed by recursive steps of reduction, at each step Schur complementing to
get the current reduced blo¢k. from the previous onél,_, the off-diagonal (dynamlcal) coupling

H;;—1 and the current unreduced block (observatlon Hesstan)H; = H, — Hyy—1 Ht 1Hi g

S|m|larly, for the gradieng, = g: — H¢—1 Ht_lgt_l, and as usual the reduced state update is
—1_

oX; = —H, ;.

This forwards reduction process is calliitering. At each time step it finds the optimal (lin-
earized) current state estimate given all of the previous observations and dynamics. The correspond-
ing unwinding of the recursion by back-substituti@moothing finds the optimal state estimate at
each time given both past and future observations and dynamics. The usual equations of Kalman
filtering and smoothing are easily derived from this recursion, but we will not do this here. We em-
phasize that filtering is merely the first half-iteration of a nonlinear optimization procedure: even for
nonlinear dynamics and observation models, we can find the exact maximum likelihood state path by
cyclic passes of filtering and smoothing, with relinearization after each.
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For long or unbounded sequences it may not be feasible to run the full iteration, but it can still be
very helpful to run short sections of &g smoothing back over the last 3—4 state estimates then filter-
ing forwards again, to verify previous correspondences and anneal the effects of nonlinearities. (The
traditional extended Kalman filter optimizes nonlinearly over just the current state, assuming all
previous ones to be linearized). The effects of variable window size on the Variable State Dimension
Filter (VSDF) sequential bundle algorithm [85, 86, 83, 84] are shown in figure 7.

9 Gauge Freedom

Coordinates are a very convenient device for reducing geometry to algebra, but they come at the
price of some arbitrariness. The coordinate system can be changed at any time, without affecting the
underlying geometry. This is very familiar, but it leaves us with two problemjsalgorithmically,

we need some concrete way of deciding which particular coordinate system to use at each moment,
and hencédreakingthe arbitrariness;ii() we need to allow for the fact that the results may look quite
different under different choices, even though they represent the same underlying geometry.

Consider the choice of 3D coordinates in visual reconstruction. The only objects in the 3D space
are the reconstructed cameras and features, so we have to decide where to place the coordinate system
relative to these.. Or in coordinate-centred language, where to place the reconstruction relative to
the coordinate system. Moreover, bundle adjustment updates and uncertainties can perturb the recon-
structed structure almost arbitrarily, so we must specify coordinate systems not just for the current
structure, but also foevery possible nearby onBltimately, this comes down to constraining the co-
ordinate values of certain aspects of the reconstructed structure — features, cameras or combinations
of these — whatever the rest of the structure might be. Saying this more intrinsically, the coordinate
frame is specified and held fixed with respect to the chosen reference elements, and the rest of the
geometry is then expressed in this frame as usual. In measurement science such a set of coordinate
system specifying rules is calleddatum, but we will follow the wider mathematics and physics
usage and call it gaugeé®. The freedom in the choice of coordinate fixing rules is catiedge
freedom.

As a gauge anchors the coordinate system rigidly to its chosen reference elements, perturbing the
reference elements has no effect on their own coordinates. Instead, it changes the coordinate system
itself and hence systematically changes the coordinates of atitbies features, while leaving the
reference coordinates fixed. Similarly, uncertainties in the reference elements do not affect their own
coordinates, but appear as highly correlated uncertainties in all aftties reconstructed features.

The moral is thastructural perturbations and uncertainties are highly relativieheir form depends
profoundly on the gauge, and especially on how this changes as the stateivanesi¢h elements

it holds fixed). The effects of disturbances amdrestricted to the coordinates of the features actually
disturbed, but may appear almost anywhere depending on the gauge.

In visual reconstruction, the differences between object-centred and camera-centred gauges are
often particularly marked. In object-centred gauges, object points appear to be relatively certain
while cameras appear to have large and highly correlated uncertainties. In camera-centred gauges,
it is the camera that appears to be precise and the object points that appear to have large correlated
uncertainties. One often sees statements like “the reconstructed depths are very uncertain”. This may
be true in the camera frame, yet the object may be very well reconstructed in its own frame — it all
depends on what fraction of the total depth fluctuations are simply due to global uncertainty in the

Here, gaugejust means reference frame. The sense is that of a reference against which somegtiiggd§O.Fr.
jauger, gauger). Pronounge‘d,.
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camera location, and hence identical for all object points.

Besides 3D coordinates, many other types of geometric parametrization in vision involve arbitrary
choices, and hence are subject to gauge freedoms [106]. These include the choice of: homogeneous
scale factors in homogeneous-projective representations; supporting points in supporting-point based
representations of lines and planes; reference plane in plane + parallax representations; and homo-
graphies in homography-epipole representations of matching tensors. In each case the symptoms and
the remedies are the same.

9.1 General Formulation

The general set up is as follows: We take as our state vedioe set of all of the 3D feature co-
ordinates, camera poses and calibratiaats, that enter the problem. This state space has internal
symmetries related to the arbitrary choices of 3D coordinates, homogeneous scale éacidiet

are embedded ir. Any two state vectors that differ only by such choices represent the same under-
lying 3D geometry, and hence have exactly the same image projections and other intrinsic properties.
So under change-of-coordinates equivalence, the state space is partitioned into classes of intrinsically
equivalent state vectors, each class representing exactly one underlying 3D geometry. These classes
are calledgauge orbits Formally, they are the group orbits of the state space action of the relevant
gauge group(coordinate transformation group), but we will not need the group structure below. A
state space function represents an intrinsic function of the underlying geometry if and only if it is con-
stant along each gauge orhite( coordinate system independent). Such quantities are qgdlegde
invariants. We want the bundle adjustment cost function to quantify ‘intrinsic merit’, so it must be
chosen to be gauge invariant.

In visual reconstruction, the principal gauge groups are3the3 + 1 = 7 dimensional group
of 3D similarity (scaled Euclidean) transformations for Euclidean reconstruction, arid ttimen-
sional group of projective 3D coordinate transformations for projective reconstruction. But other
gauge freedoms are also present. Examples includl@hé arbitrary scale factors of homogeneous
projective feature representations, with their 1D rescaling gauge group$hé arbitrary positions
of the points in ‘two point’ line parametrizations, with their two 1D motion-along-line groujig. (

The underspecified x 3 homographies used for ‘homography + epipole’ parametrizations of match-
ing tensors [77, 62, 106]. For example, the fundamental matrix can be parametrized gs|, H
whereeis its left epipole andH is the inter-image homography induced by any 3D plane. The choice
of plane gives a freedotd — H + e d whereais an arbitrary 3-vector, and hence a 3D linear gauge
group.

Now consider how to specify a gaugee. a rule saying how each possible underlying geometry
near the current one should be expressed in coordinates. Coordinatizations are represented by state
space points, so this is a matter of choosing exactly one point (structure coordinatization) from each
gauge orbit (underlying geometry). Mathematically, the gauge orbits foliate (fill without crossing) the
state space, and a gauge is a local transversal ‘cross-segtibrough this foliation. See fig. 8. Dif-
ferent gauges represent different but geometrically equivalent coordinatization rules. Results can be
mapped between gauges by pushing them along gauge asbits; applying local coordinate trans-
formations that vary depending on the particular structure involved. Such transformations are called
S-transforms (‘similarity’ transforms) [6, 107, 22, 25]. Different gauges through the same central
state represent coordinatization rules that agree for the central geometry but differ for perturbed ones
— the S-transform is the identity at the centre but not elsewhere.

Given a gauge, only state perturbations that lie within the gauge cross-section are authorized. This
is what we want, as such state perturbations are in one-to-one correspondence with perturbations of
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Figure 8: Gauge orbits in state space, two gauge cross-sections and their covariances.

the underlying geometry. Indeed, any state perturbation is equivalent to some on-gauge one under
the gauge groupi.€. under a small coordinate transformation that pushes the perturbed state along
its gauge orbit until it meets the gauge cross-section). State perturbations along the gauge orbits are
uninteresting, because they do not change the underlying geometry at all.

Covariances are averages of squared perturbations and must also be based on on-gauge pertur-
bations (they would be infinite if we permitted perturbations along the gauge orbits, as there is no
limit to these — they do not change the cost at all). So covariance matrices are gauge-dependent and
in fact represent ellipsoids tangent to the gauge cross-section at the cost minimum. They can look
very different for different gauges. But, as with states, S-transforms map them between gauges by
projecting along gauge orbits / state equivalence classes.

Note that there is no intrinsic notion of orthogonality on state space, so it is meaningless to ask
which state-space directions are ‘orthogonal’ to the gauge orbits. This would involve deciding when
two different structures have been “expressed in the same coordinate system”, so every gauge believes
its own cross section to be orthogonal and all others to be skewed.

9.2 Gauge constraints

We will work near some point of state space, perhaps a cost minimum or a running state estimate.
Letny be the dimension of andng the dimension of the gauge orbits. lfeg, H be the cost function
and its gradient and Hessian, a@Gdbe anyny x ng matrix whose columns span the local gauge
orbit directions atx 4. By the exact gauge invariance Hfits gradient and Hessian vanish along
orbit directions:g" G = 0 andH G = 0. Note that the gauged Hessibnis singular with (at least)
rank deficiencyng and null spacé&. This is calledgauge deficiency Many numerical optimization
routines assume nonsingulel, and must be modified to work in gauge invariant problems. The
singularity is an expression of indifference: when we come to calculate state updates, any two updates
ending on the same gauge orbit are equivalent, both in terms of cost and in terms of the change in the
underlying geometry. All that we need is a method of telling the routine which particular update to
choose.

Gauge constraints are the most direct means of doing this. A gauge cross-gecéinrbe spec-

A suitableG is easily calculated from the infinitesimal action of the gauge group.oifor example, for spatial
similarities the columns o would be therg = 3 +3 4+ 1 = 7 state velocity vectors describing the effects of infinitesimal
translations, rotations and changes of spatial scale on
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ified in two ways: () constrained form:specifyng local constraintsl(x) with d(x) = O for points
ong; (ii) parametric form:specify a functiorx(y) of ny — ng independent local parameterswith
x = X(y) being the points of;. For example, &rivial gauge is one that simply freezes the values of
ng of the parameters ir (usually feature or camera coordinates). In this case we card{akeo be
the parameter freezing constraints gnid be the remaining unfrozen parameters. Note that once the
gauge is fixed the problem is no longer gauge invariant — the whole purpo$®g)ok(y) is to break
the underlying gauge invariance.

Examples of trivial gauges includer) using several visible 3D points as a ‘projective basis’ for
reconstructioni(e. fixing their projective 3D coordinates to simple values, as in [27]); @ndiXing
the components of one projecti8ex 4 camera matrix ad 0), as in [61] (this only partially fixes the
3D projective gauge — 3 projective 3D degrees of freedom remain unfixed).

Linearized gauge:Let the local linearizations of the gauge functions be:

~ _ dd
d(x + 0x) ~ d(x) + D dx D=4 (28)
X(y + 8y) ~ x(y) + Y 8y Y = g_; (29)

Compatibility between the two gauge specification methods reqdipdy)) = O for all y, and hence
DY = 0. Also, sinceG must be transversal to the gauge orbi2s;c must have full rankng and
(Y G) must have full rankey. Assuming thak itself is ong, a perturbatiorx + §Xg is ong to first
order iff D dxg = 0 or dxg = Y 9y for somedy.

Two ny x ny rankny — ng matrices characterizg. Thegauge projection matrix P; implements
linearized projection of state displacement vectixsalong their gauge orbits onto the local gauge
cross-section:x — dxg = Pg dx. (The projection is usually non-orthogonaP; # Pg). The
gauged covariance matrixVg plays the role of the inverse Hessian. It gives the cost-minimizing
Newton step withing, dxg = —Vg g, and also the asymptotic covariancedo;. Pg andVg have
many special properties and equivalent forms. For convenience, we display some of thése-now
letV = (H+ D"BD)™ whereB is any nonsingular symmetrieg x ng matrix, and letg’ be any
other gauge:

Vg = Y(YHY)'Y =VHV =V-G(DG)'B*(DG)'G" (30)
= PgV = PgVg = PgVg P} (31)
Pb=1-G(DG)'D =YY HY)'Y'H=VH=V;H = P;Pg (32)
P;G =0, PGY =Y, DP; = DVg = 0 (33)

9P =9", HPg=H, Vg=Vg (34)

These relations can be summarized by saying Ygais the G-supported generalized inverse laf
and thatPg : (i) projects along gauge orbitB{ G = 0); (ii) projects onto the gauge cross-sectipn
(DPg =0, PgY =Y, Pgdx = dxg andVg = Pg Vg P¢); and (i) preserves gauge invariants g
f(x 4+ Pg 6x) = f(x 4+ 6x), 9" P; = g" andH P; = H). BothV; andH have rankny — ng. Their null
space®D’ andG are transversal but otherwise unrelatBd.has left null spac® and right null space
G.

These results are most easily proved by inserting strategic factof¥ ofG) (Y G)~

1

and usingHG = 0,

T —1yT
DY = 0and(Y G)™ = <(Y (gé)),lé H). For anyng x ng B including O, (é—Tr) (H+D'BD) (Y G) =
YTHY 0 . . T -1 T —1\T —1p-1 T AT
0 (DG)TB(DG) . If Bisnonsingulary = (H+D"BD) =Y (Y'HY)"'Y'+G(DG)'B™"(DG) 'G'.
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State updates:lt is straightforward to add gauge fixing to the bundle update equations. First consider
the constrained form. Enforcing the gauge constraiiixss+ dxg) = 0 with Lagrange multipliersk

gives an SQP step:
H D'\ Vg G(DG)"
6 5) ~(osfe &%) e

%) (%))
so oxg = —(\gg+G(DG)'d), A=0 (36)

This is a rather atypical constrained problem. For typical cost functions the gradient has a component
pointing away from the constraint surface,g¢&- 0 at the constrained minimum and a non-vanishing
force A # 0 is required to hold the solution on the constraints. Here, the cost function and its
derivatives are entirely indifferent to motions along the orbits. Nothing actively forces the state to
move off the gauge, so the constraint folxeanishes everywherg, vanishes at the optimum, and
the constrained minimum value bis identical to the unconstrained minimum. The only effect of the
constraints is to correct any gradual drift away frgnthat happens to occur, via tieterm indxg.

A simpler way to get the same effect is to add a gauge-invariance breaking term sléwiﬁlx)ﬁsB d(x)
to the cost function, wherB is some positiverq x ng weight matrix. Note thagd(x)” B d(x) has
a unique minimum of) on each orbit at the poirt(x) = 0, i.e. for x on G. Asf is constant along
gauge orbits, optimization dfx) + d(x)" B d(x) along each orbit enforce® and hence returns the
orbit’s f value, so global optimization will find the global constrained minimurh @he cost function
f(x)+3d(x)" B d(x) is nonsingular with Newton stefxg = V (g+D" Bd) whereV = (H+D"B D)
is the new inverse Hessian. By (34, 30), this is identical to the SQP step (36), so the SQP and cost-
modifying methods are equivalent. This strategy works only because no force is required to keep the
state on-gauge — if this were not the case, the wdigivbuld have to be infinite. Also, for denge
this form is not practically useful becausle+ D" B D is dense and hence slow to factorize, although
updating formulae can be used.

Finally, consider the parametric forsn= x(y) of G. Suppose that we already have a current
reduced state estimaye We can approximatg&x(y -+ dy)) to get a reduced system fdy, solve this,
and finddxg afterwards if necessary:

(YTHY) oy = —Y'g, oxg = Yoy = Vg0 (37)

The (ny — ng) x (nx — ng) matrix YTHY is generically nonsingular despite the singularityHofin
the case of a trivial gaugé, simply selects the submatrices @fH corresponding to the unfrozen
parameters, and solves for these. For less trivial gauges Yoaitld D are often dense and there is a
risk that substantial fill-in will occur in all of the above methods.

Gauged covariance: By (30) and standard covariance propagation in (37), the covariance of the
on-gauge fluctuationdxg is E [0xg dx5;] = Y (YTHY)™ YT = V. dxg never moves ofg, so
Vg represents a ranky — ng covariance ellipsoid ‘flattened ont@. In a trivial gauge,V; is the
covariancgY" HY)™ of the free variables, padded with zeros for the fixed ones.

Given Vg, the linearized gauged covariance of a functign) is % Vg %T as usual. Ith(x) is
gauge invariant (constant along gauge orbits) this is just its ordinary covariance. Intulyeind
% Vg %T depend on the gauge because they measure not absolute uncertainty, but uncertainty relative
to the reference features on which the gauge is based. Just as there are no absolute reference frames,
there are no absolute uncertainties. The best we can do is relative ones.

Gauge transforms: We can change the gauge at will during a computat®og,to improve sparse-
ness or numerical conditioning or re-express results in some standard gauge. This is simply a matter
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of an S-transform [6], i.e. pushing all gauged quantities along their gauge orbits onto the new gauge
cross-sectiory. We will assume that the base points unchanged. If not, a fixed (structure inde-
pendent) change of coordinates achieves this. Locally, an S-transform then linearizes into a linear
projection along the orbits spanned 8yonto the new gauge constraints givenDyor Y. This is
implemented by they x ny rankny — ng non-orthogonal projection matri; defined in (32). The
projection preserves all gauge invariantse-g f(x + Pg 6x) = f(x 4+ dx) — and it cancels the effects

of projection onto any other gauge; Pg: = Pg.

9.3 Inner Constraints

Given the wide range of gauges and the significant impact that they have on the appearance of the
state updates and covariance matrix, it is useful to ask which gauges give the “smallest” or “best
behaved” updates and covariances. This is useful for interpreting and comparing results, and it also
gives beneficial numerical properties. Basically it is a matter of deciding which features or cameras
we care most about and tying the gauge to some stable average of them, so that gauge-induced cor-
relations in them are as small as possible. For object reconstruction the resulting gauge will usually
be object-centred, for vehicle navigation camera-centred. We stress that such choices are only a mat-
ter of superficial appearance: in principle, all gauges are equivalent and give identical values and
covariances for all gauge invariants.

Another way to say this is that it is only for gauge invariants that we can find meaningful (co-
ordinate system independent) values and covariances. But one of the most fruitful ways to create
invariants is to locate features w.r.t. a basis of reference feaflges,r.t. the gauge based on them.

The choice of inner constraints is thus a choice of a stable basis of compound features w.r.t. which
invariants can be measured. By including an average of many features in the compound, we reduce
the invariants’ dependence on the basis features.

As a performance criterion we can minimize some sort of weighted average size, either of the
state update or of the covariance. Mdthe anny x ny information-like weight matrix encoding the
relative importance of the various error components, labe any left square root for it, L™ = W.

The local gauge ax that minimizes the weighted size of the state updafeW dxg, the weighted
covariance suntracéW Vg) = TracgL" Vg L), and theLs or Frobenius norm of.™ Vg L, is given
by theinner constraints [87, 89, 6, 22, 25’]6:

Déx =0 where D = G'W (38)

The corresponding covariandg is given by (30) withD = G™W, and the state update &g =
—Vg g as usual. Also, itV is nonsingularVg is given by the weighted rank, — ng pseudo-inverse
L™ (L*HL)" L, whereW = L LT is the Cholesky decomposition & and (-)" is the Moore-
Penrose pseudo-inverse.

18 Sketch proof ForW = 1 (whenceL = 1) and diagonaH = (18 8), we haveG = (g) andg = (%l) as
9" G = 0. Any gaugeg transversal t@ has the fornD = (—B C) with nonsingulaiC. Premultiplying byC ' reduces
D to the formD = (=B 1) for someng x (nx — ng) matrixB. It follows thatPg = ( é 8) andVg = ( é)A’1 (1 B,
whencedxg Woxg =g Vg WVg g =g A~ (1+B"B) A~ g’ and TracéVy) = Tracg A™")+Tracg B A~ BT). Both
criteria are clearly minimized by takirg = 0, soD = (0 1) = G" W as claimed. For nonsingulsy = LL", scaling the
coordinates by — Lx reduces ust®#/ — 1, g" — g'L™ andH — L™ HL™". Eigen-decomposition then reduces us to
diagonalH. Neither transformation affectix;g W éxg or TracéW V), and back substituting gives the general result. For
singularWw, use a limiting argument oB = G" W. Similarly, usingV; as aboveB — 0, and hence the inner constraint,
minimizes theL» and Frobenius norms a&f" \; L. Indeed, by the interlacing property of eigenvalues [8t1],B — 0
minimizesanystrictly non-decreasing rotationally invariant functionLofVg L (i.e. any strictly non-decreasing function of
its eigenvalues). |
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The inner constraints are covariant under global transformations t(x) provided thatw is
transformed in the usual information matrix / Hessian Wéy— T-" W T~ whereT = % 17 How-
ever, such transformations seldom preserve the fortl (diagonality, W = 1, etc). If W represents
an isotropic weighted sum over 3D poititsits form is preserved under global 3D Euclidean trans-
formations, and rescaled under scalings. But this extends neither to points under projective transfor-
mations, nor to camera poses, 3D planes and other non-point-like features even under Euclidean ones.
(The choice of origin has a significant influence For poses, plates, changes of origin propagate
rotational uncertainties into translational ones).

Inner constraints were originally introduced in geodesy in the ¥ése 1 [87]. The meaning of
this is entirely dependent on the chosen 3D coordinates and variable scaling. In bundle adjustment
there is little to recommenW/ = 1 unless the coordinate origin has been carefully chosen and the
variables carefully pre-scaled as above,x — L"x and hencéd — L HL"", whereW ~ LL"isa
fixed weight matrix that takes account of the fact that the covariances of features, camera translations
and rotations, focal lengths, aspect ratios and lens distortions, all have entirely different units, scales
and relative importances. F@ = 1, the gauge projectioR; becomes orthogonal and symmetric.

9.4 Free Networks

Gauges can be divided roughly indboter gauges which are locked to predefined external reference
features giving dixed network adjustment, anthner gauges which are locked only to the recovered
structure giving dree network adjustment. (If their weightV is concentrated on the external refer-
ence, the inner constraints give an outer gauge). As above, well-chosen inner gauges do not distort
the intrinsic covariance structure so much as most outer ones, so they tend to have better numerical
conditioning and give a more representative idea of the true accuracy of the network. It is also useful
to make another, slightly different fixed / free distinction. In order to control the gauge deficiency,
any gauge fixing method must at least specify which motiondcaaly possible at each iteration.
However, it is not indispensable for these local decisions to cohere to enforce a global gauge. A
method igglobally fixed if it does enforce a global gauge (whether inner or outer),globally free

if not. For example, the standard photogrammetric inner constraints [87, 89, 22, 25] give a globally
free inner gauge. They require that the cloud of reconstructed points should not be translated, ro-
tated or rescaled under perturbations. the centroid and average directions and distances from the
centroid remain unchanged). However, they do not specify where the cloud actually is and how it is
oriented and scaled, and they do not attempt to correct for any gradual drift in the position that may
occur during the optimization iterations,g owing to accumulation of truncation errors. In contrast,
McLauchlan globally fixes the inner gauge by locking it to the reconstructed centroid and scatter
matrix [82, 81]. This seems to give good numerical properties (although more testing is required to
determine whether there is much improvement over a globally free inner gauge), and it has the ad-
vantage of actually fixing the coordinate system so that direct comparisons of solutions, covariances,
etc, are possible. Numerically, a globally fixed gauge can be implemented either by including the *
term in (36), or simply by applying a rectifying gauge transformation to the estimate, at each step or
when it drifts too far from the chosen gauge.

YG — TG implies thatD — DT, whenceVg — TVg T7, P — TPg T, anddxg — T dxg. S0x; W §xg and
Trac€W V) are preserved.

18This means that it vanishes identically for all non-point features, camera paraneg¢terand is a weighted identity
matrix W; = w; | 3x3 for each 3D point, or more generally it has the fdWh® 1353 on the block of 3D point coordinates,
whereW is somenpoints X npoints iNter-point weighting matrix.
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9.5 Implementation of Gauge Constraints

Given that all gauges are in principle equivalent, it does not seem worthwhile to pay a high compu-
tational cost for gauge fixing during step prediction, so methods requiring large dense factorizations
or (pseudo-)inverses should not be used directly. Instead, the main computation can be done in any
convenient, low cost gauge, and the results later transformed into the desired gauge using the gauge
projectot® P = 1 — G (DG)'D. It is probably easiest to use a trivial gauge for the computation.
This is simply a matter of deleting the rows and columngydfi corresponding tayg preselected
parameters, which should be chosen to give a reasonably well-conditioned gauge. The choice can
be made automatically bysubset selectiormethod €.f., e.g [11]). H is left intact and factored as

usual, except that the final dense (owing to fill-in) submatrix is factored using a stable pivoted method,
and the factorization is stoppeg, columns before completion. The remaining x ng block (and

the corresponding block of the forward-substituted gradigrghould be zero owing to gauge defi-
ciency. The corresponding rows of the state update are set to zero (or anything else that is wanted)
and back-substitution gives the remaining update components as usual. This method effectively finds
the ng parameters that are least well constrained by the data, and chooses the gauge constraints that
freeze these by setting the correspondirg components to zero.

10 Quality Control

This section discusses quality control methods for bundle adjustment, giving diagnostic tests that
can be used to detect outliers and characterize the overall accuracy and reliability of the parameter
estimates. These technigues are not well known in vision so we will go into some detail. Skip the
technical details if you are not interested in them.

Quality control is a serious issue in measurement science, and it is perhaps here that the philosoph-
ical differences between photogrammetrists and vision workers are greatest: the photogrammetrist
insists on good equipment, careful project planning, exploitation of prior knowledge and thorough er-
ror analyses, while the vision researcher advocates a more casual, flexible ‘point-and-shoot’ approach
with minimal prior assumptions. Many applications demand a judicious compromise between these
virtues.

A basic maxim is “quality = accuracy + reliabilit}®. The absoluteaccuracyof the system
depends on the imaging geometry, number of measurenant8ut theoretical precision by itself
is not enough: the system must alsorbkable in the face of outliers, small modelling errors, and
so forth. The key to reliability is the intelligent use @dundancy the results should represent an
internally self-consistent consensus among many independent observations, no aspect of them should
rely excessively on just a few observations.

The photogrammetric literature on quality control deserves to be better known in vision, espe-
cially among researchers working on statistical issuesrstRér [33, 34] and @i [49, 50] give
introductions with some sobering examples of the effects of poor design. See also [7, 8, 21, 22]. All
of these papers use least squares cost functions and scalar measurements. Our treatment generalizes
this to allow robust cost functions and vector measurements, and is also slightly more self-consistent

9The projectoP; itself is never calculated. Instead, it is applied in pieces, multiplyin@bgtc The gauged Newton
stepdxg is easily found like this, and selected blocks of the covariafice= Pg Vg, PS can also be found in this way,
expandingP; and using (53) for the leading term, and for the remaining ones firdihQ ", etc, by forwards substitution.

2accuracy’ is sometimes called ‘precision’ in photogrammetry, but we have preferred to retain the familiar meanings
from numerical analysis: ‘precision’ means numerical error / number of working digits and ‘accuracy’ means statistical
error / number of significant digits.
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than the traditional approach. The techniques considered are useful for data analysis and reporting,
and also to check whether design requirements are realistically attainable during project planning.
Several properties should be verifiebhternal reliability is the ability to detect and remove large
aberrant observations using internal self-consistency checks. This is provided by traditional outlier
detection and/or robust estimation procedur&sternal reliability is the extent to which any re-
mainingundetected outliers can affect the estimat®ansitivity analysisgives useful criteria for the

quality of a design. Finallynodel selection testattempt to decide which of several possible models

is most appropriate and whether certain parameters can be eliminated.

10.1 Cost Perturbations

We start by analyzing the approximate effects of adding or deleting an observation, which changes
the cost function and hence the solution. We will use second order Taylor expansion to characterize
the effects of this. Lef_(x) andf,(x) = f_(x) + df(x) be respectively the total cost functions
without and with the observation included, wheif¢x) is the cost contribution of the observation
itself. Letgy,dg be the gradients and., dH the Hessians off, if. Letx, be the unknown true
underlying state ang. be the minima of (x) (i.e. the optimal state estimates with and without the
observation included). Residualsxgtare the most meaningful quantities for outlier decisions xput

is unknown so we will be forced to use residualxatinstead. Unfortunately, as we will see below,
these are biased. The bias is small for strong geometries but it can become large for weaker ones, so
to produce uniformly reliable statistical tests we will have to correct for it. The fundamental result is:
For any sufficiently well behaved cost function, diiéerence in fitted residualsf, (x) — f_(x_) is
asymptotically an unbiased and accurate estimatéfog) 2*:

5f(xo) ~ fr(xp) —F-(x) + v, v~ O(|69]/Viz—mx), () ~ 0 (39)

Note that by combining values at two known evaluation pokts we simulate a value at a third

unknown onexg. The estimate is not perfect, but it is the best that we can do in the circumstances.
There are usually many observations to test, so to avoid having to refit the model many times we

approximate the effects of adding or removing observations. Working a@nd using the fact that

g+ (xy) = 0, the Newton stepx = x4 — X_ =~ —H;F1 dg(x+) implies a change in fitted residual of:

fr(x4) —fo(x2) ~ of(xs) £+ $6x" Hy 6

40
= 6f(x+) £ 59(x+)" H 6g(x+) )

So6f(x+) systematically underestimatés(x..) — f_(x_) and hencesf(xy) by aboutdx™ H_ 6x,

and §f(x_) overestimates it by abouféx" H,. 6x. These biases are of ordéX(1/(n, — ny)) and

hence negligible when there is plenty of data, but they become large at low redundancies. Intuitively,
including 6f improves the estimate on average, bringing about a ‘good’ reductiof blt it also
overfits f slightly, bringing about a further ‘bad’ reduction. Alternatively, the reductiorfimn
moving fromx_ to X, is bought at the cost of a slight increasefin(sincex_ was already the
minimum off_), which should morally also be ‘charged’ &

2gketch proof From the Newton step8x+ = X+ — Xo ~ —HZ g+ (Xo) at Xo, we find thatf+ (x+) — f+(Xo) =
—16x} Hi 6x+ and hencer = i (xy) — f_(x-) — 6f(xo) ~ % (6x_ H_ dx_ — 6x} Hy dx4). v is unbiased to
relatively high order: by the central limit property of ML estimators, the asymptotic distributiods ofare Gaussian
N(0,HZ"), so the expectation of bo#x. H dx4 is asymptotically the number of free model parametsrsExpanding

&x4 and usingg: = g- + 49, the leading term i ~ —3&g(Xo)" X, which asymptotically has normal distribution
v ~ N(0,89(x0)" HZ' 8g(xo)) with standard deviation of ord€?(||8g||/v/nz — nx), asx— ~ N(0,H") and|H_|| ~
O(nz — nx). O
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When deleting observations, we will usually have already evaludtéor a corresponding fac-
torization ofH. ) to find the Newton step near,, whereas (40) requirdd”. And vice versa for
addition. Provided thadH < H, it is usually sufficient to uselZ' in place ofH;1 in the simple tests
below. However if the observation couples to relatively few state variables, it is possible to calculate
the relevant components bf;l fairly economically. If % means ‘select the&: variables on which
6H, &g are non-zero', thedg™ H 6g = (8g*)"(H™)*dg* and? (H)* = (HYH") " FoH) " ~
(H{)* + (H3)* dH* (H3')*. Even without the approximation, this involves at most & & fac-
torization or inverse. Indeed, for least squadétis usually of even lower rank=( the number of
independent observations dif), so the Woodbury formula (18) can be used to calculate the inverse
even more efficiently.

10.2 Inner Reliability and Outlier Detection

In robust cost models nothing special needs to be done with outliers — they are just normal measure-
ments that happen be downweighted owing to their large deviations. But in non-robust models such
as least squares, explicit outlier detection and removal are essential for inner reliability. An effective
diagnostic is to estimaif(xq) using (39, 40), and significance-test it against its distribution under the
null hypothesis that the observation is an inlier. For the least squares cost model, the null distribution
of 26f(xo) is x7 wherek is the number of independent observations contributingf.t&o if o is a
suitablexi significance threshold, the typical one-sided significance test is:

a ; 2 (f(x4) —f(x-)) ~ 26f(xx) + dg(x+)" HF dg(x+) (41)

Q

As usual we approximaﬂel;1 ~ HZ' and usex_ results for additions anxl, ones for deletions. These
tests require the fitted covariance matHx (or, if relatively few tests will be run, an equivalent
factorization ofH..), but given this they are usually fairly economical owing to the sparseness of the
observation gradientdg(x..). Equation (42) is for the nonlinear least squares model with residual
error Az;(x) = z; — z;(x), cost3Az;(x)" W; Az;(x) and Jacobiad; = ‘:fx Note that even though

Z; induces a change &l components of the observation residi& via its influence odx, only the
immediately involved component&z; are required in (42). The bias-correction-induced change of
weight matrixW; — W; £ W, J! H; J; W, accounts for the others. For non-quadratic cost functions,

the above framework still applies but the cost function’s native distribution of negative log likelihood
values must be used instead of the Gaussi@tx’%.

In principle, the above analysis is only valid when at most one outlier causes a relatively small
perturbationdx. In practice, the observations are repeatedly scanned for outliers, at each stage re-
moving any discovered outliers (and perhaps reinstating previously discarded observations that have
become inliers) and refitting. The net result is a form of M-estimator routine with an abruptly van-
ishing weight functionoutlier deletion is just a roundabout way of simulating a robust cost function
(Hard inlier/outlier rules correspond to total likelihood functions that become strictly constant in the
outlier region).

The tests (41, 42) give what is needed for outlier decisions baséttemhstate estimates., but
for planning purposes it is also useful to know how large a gross error must typically be w.r.t. the
true statexy before it is detected. Outlier detection is based on the uncertain fitted state estimates, so

22C f. the lower right corner of (17), where the’ ‘components correspond to block 2, so tlﬁ(alt-l‘il)*)f1 is ‘D2, the
Schur complement of the remaining variabledHin. Adding dH* changes theD’ term but not the Schur complement
correction.
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we can only give an average case result. No adjustmemntfés needed in this case, so the average
minimum detectable gross erroris simply:

« % 20f(x0) ~ Az(Xg)"W AZ(Xo) (43)

10.3 Outer Reliability

Ideally, the state estimate should be as insensitive as possible to any remaining errors in the obser-
vations. To estimate how much a particular observation influences the final state estimate, we can
directly monitor the displacemedix = x, —x_ ~ HZdg+(x+). For example, we might de-

fine an importance weighting on the state parameters with a criterion nuhtthd monitor absolute
displacementyU 6x|| ~ ||[UHZdg(x+)||, or compare the displacemedi to the covarianced

of x+ by monitoring 6x" Hz 6x ~ 69 (x+)"HZ 69+ (x+). A bound ondg(x+) of the fornt?

6gdg’ =< V for some positive semidefinité implies a boundx dx™ < H;lv H;l ondx and hence

a bound||U x> < N(UHZVHU") whereN(:) can beL, norm, trace or Frobenius norm. For

a robust cost model in whiclig is globally bounded, this already gives asymptotic bounds of order
O(|IHYI1dgll) ~ O(]]dg]|/+/nz — nx) for the state perturbation, regardless of whether an outlier
occurred. For non-robust cost models we have to use an inlier criterion todlgmiFor the least
squares observation model with rejection test (42),A\z" < « (Wi +W; JTHZJ; Wi)’1 and hence

the maximum state perturbation due to a declared-inlying obsenatisn

OX X" = arHZ I Wy (W, £ W, I HE I W) ™ W, T H
= a (HX—HY) (44)
~ aHP W I HY (45)

S0, e.g, X" Hy x < aTracgJ; HYJ] W;") and [UdX||? < aTracgJ; HXUTUH} I W;),
whereW;" is the nominal covariance df;. Note that these bounds are based on changes in the
estimatedstatex,.. They do not directly control perturbations w.r.t. tihee onex,. The combined
influence of severali( <« n, — ny) observations is given by summing théi'’s.

10.4 Sensitivity Analysis

This section gives some simple figures of merit that can be used to quantify network redundancy and
hence reliability. First, inff(xo) ~ 0f(x+) + 3 8g(x+)"HZ 8g(x; ), each cost contributionf(x,)

is split into two parts: theisible residualof(x,.) at the fitted state ; and% 6x" H_ dx, thechange

in the base cost_(x) due to the state perturbatidix = H~ dg(x, ) induced by the observation.
Ideally, we would like the state perturbation to be small (for stability) and the residual to be large
(for outlier detectability). In other words, we would like the followingasking factor to be small

ZThis is a convenient intermediate form for deriving bounds. For positive semidefinite maiiBesve say that
B dominatesA, B = A, if B — A is positive semidefinite. It follows that/ (UAUT) < A(UBUT) for any matrix
U and any matrix functionV'(-) that is non-decreasing under positive additions. Rotationally invariant non-decreasing
functions/(-) include all non-decreasing functions of the eigenvalegs,L> normmax \;, traced . A;, Frobenius norm
/Y. A2. For a vectora and positiveB, a'Ba < k if and only ifaa” < kB™. (Proof: Conjugate byB'/2 and then by
a (B'/? a)-reducing Householder rotation to reduce the question to the equivalefice!diag (k — u?, k, . .. , k) and
u? < k, whereu? = ||B*/? a||?). Bounds of the formj|U a]|?> < kA (UB™U") follow for any U and any\/(-) for which
N(vv") = ||v||?, e.g L2 norm, trace, Frobenius norm.
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(m; < 1) for each observation:

g d9(X+)"HZ 6g(x4) (46)
C26f(x4) 4+ 09(x4)THZ ag(x+)

_ AZ;(X4)"W; I HZITW; Az (x4 ) “
CAZ (% )T (W + W I HEITW,) Azy(xy)

(Here,of should be normalized to have minimum valutor an exact fit). Ifm; is known, the outlier
test becomesf(x,.)/(1—m;) > «. The maskingn; depends on the relative sizedd anddf, which
in general depends on the functional formdbfand the specific deviation involved. For robust cost
models, a bound oAg may be enough to bounet; for outliers. However, for least squares case
(Az form), and more generally for quadratic cost models (such as robust models near the@rigin),
depends only on the direction défz;, not on its size, and we have a globdal matrix norm based
boundm; < %5, wherev = [[LTJ;HZJ[ L2 < TracgJ; H' J] W) andLL™ = W; is a Cholesky
decomposition otV;. (These bounds become equalities for scalar observations).

The stability of the state estimate is determined by the total cost Hessian (information Hatrix)
A large H implies a small state estimate covariartdeé and also small responsés ~ —H™dg
to cost perturbationgg. The sensitivity numbers s, = Trace(deHi) are a useful measure of
the relative amount of information contributed ko by each observation. They sum to the model
dimension —) _, s; = ny because , 6H; = H — so they count “how many parameters worth” of
the total information the observation contributes. Some authors prefer torgdotedancy numbers
r; = n; — s;, wheren; is the effective number of independent observations containeg ithe
redundancy numbers sum#Q — ny, the total redundancy of the system. In the least squares case,
s; = Trace(Ji HJ, W) andm; = s; for scalar observations, so the scalar outlier test becomes
of(x+)/ri > a. Sensitivity numbers can also be defined for subgroups of the parameters in the form
TracdUH" §H), whereU is an orthogonal projection matrix that selects the parameters of interest.
Ideally, the sensitivities of each subgroup should be spread evenly across the observations: a large
s; indicates a heavily weighted observation, whose incorrectness might significantly compromise the
estimate.

10.5 Model Selection

It is often necessary to chose between several alternative models of the cameras c.gcadei-
tional parameters for lens distortion, camera calibrations that may or may not have changed between
images, coplanarity or non-coplanarity of certain features. Over-special models give biased results,
while over-general ones tend to be noisy and unstable. We will considemested models for
which a more general model is specialized to a more specific one by freezing some of its parameters
at default valuesd.g zero skew or lens distortion, equal calibrations, zero deviation from a plane).
Let: x be the parameter vector of the more general mdie);be its cost function¢(x) = 0 be the
parameter freezing constraints enforcing the specializatione the number of parameters frozen;
Xo be the true underlying state; be the optimal state estimate for the general mocel the un-
constrained minimum of(x)); andx, be the optimal state estimate for the specialized aeethe
minimum off(x) subject to the constraintgx) = 0). Then, under the null hypothesis that the spe-
cialized model is correct(xp) = 0, and in the asymptotic limit in whick, — X, andx, —x, become
Gaussian and the constraints become locally approximately linear across the width of this Gaussian,
the difference in fitted residuais(f(xs) — f(x,)) has ay? distributior?*. So if 2 (f(x,) — f(x,)) is

4This happens irrespective of the observation distributions because — unlike the case of adding an observation — the
same observations and cost function are used for both fits.
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less than some suitab}é decision threshold,, we can accept the hypothesis that the additional pa-

rameters take their default values, and use the specialized model rather than the more getteral one
As before, we can avoid fitting one of the models by using a linearized analysis. First suppose that

we start with a fit of the more general modgl Let the linearized constraints af bec(x, + 0x) ~

C(Xq4) + C6x, whereC = % A straightforward Lagrange multiplier calculation gives:

2 (f(xs) —f(xg)) ~ c(xg)" (CH'C)™ c(xg)

(48)
Xs &~ Xy —H'C" (CH™'C")™ c(xg)

Conversely, starting from a fit of the more specialized model, the unconstrained minimum is given
by the Newton stepx, ~ X; — H7'g(X,), and2 (f(x;) — f(Xs)) ~ 9(xs)" H'g(x,), whereg(x,)
is the residual cost gradient ®f. This requires the general-model covariafite (or an equivalent
factorization ofH), which may not have been worked out. Suppose that the additional parameters
were simply appended to the model— (X, y) wherex is now the reduced parameter vector of the
specialized model ang contains the additional parameters. Let the general-model cost gradient at
(s,Ys) be(f) whereh = &€, and its Hessian bgl{ 4 ). A straightforward calculation shows that:

2 (f(xs,¥s) —f(xg,¥g)) = h" (B—AH'AT)" h

4
() ~ ()4 (1) (B-AH A h *
GivenH™ or an equivalent factorization ¢f, these tests are relatively inexpensive for srhallhey
amount respectively to one step of Sequential Quadratic Programming and one Newton step, so the
results will only be accurate when these methods converge rapidly.

Another, softer, way to handle nested models is to apply a pfigs:(x) peaked at the zero of
the specialization constrainggx). If this is weak the data will override it when necessary, but the
constraints may not be very accurately enforced. If it is stronger, we can either apply an ‘outlier’ test
(39, 41) to remove it if it appears to be incorrect, or usdieky prior — a prior similar to a robust
distribution, with a concentrated central peak and wide flat tails, that will hold the estimate near the
constraint surface for weak data, but allow it to ‘unstick’ if the data becomes stronger.

Finally, more heuristic rules are often used for model selection in photogrammetry, for example
deleting any additional parameters that are excessively correlated (correlation coefficient greater than
~ 0.9) with other parameters, or whose introduction appears to cause an excessive increase in the
covariance of other parameters [49, 50].

11 Network Design

Network design is the problem of planning camera placements and numbers of images before a mea-
surement project, to ensure that sufficiently accurate and reliable estimates of everything that needs
to be measured are found. We will not say much about design, merely outlining the basic consider-
ations and giving a few useful rules of thumb. See [5, chapter 6], [79, 78], [73, $4).©br more
information.

Factors to be considered in network design include: scene coverage, occlusion / visibility and fea-
ture viewing angle; field of view, depth of field, resolution and workspace constraints; and geometric

2n practice, small models are preferable as they have greater stability and predictive power and less computational cost.
So the thresholdv is usually chosen to be comparatively large, to ensure that the more general model will not be chosen
unless there is strong evidence for it.

48



strength, accuracy and redundancy. The basic quantitative aids to design are covariance estimation
in a suitably chosen gauge (s83 and the quality control tests frofd 0. Expert systems have been
developed [79], but in practice most designs are still based on personal experience and rules of thumb.

In general, geometric stability is best for ‘convergent’ (close-in, wide baseline, high perspective)
geometries, using wide angle lenses to cover as much of the object as possible, and large film or CCD
formats to maximize measurement precision. The wide coverage maximizes the overlap between
different sub-networks and hence overall network rigidity, while the wide baselines maximize the
sub-network stabilities. The practical limitations on closeness are workspace, field of view, depth of
field, resolution and feature viewing angle constraints.

Maximizing the overlap between sub-networks is very important. For objects with several faces
such as buildings, images should be taken from corner positions to tie the face sub-networks together.
For large projects, large scale overview images can be used to tie together close-in densifying ones.
When covering individual faces or surfaces, overlap and hence stability are improved by taking im-
ages with a range of viewing angles rather than strictly fronto-parallel engsfér the same number
of images, pan-move-pan-move or interleaved left-looking and right-looking images are stabler than
a simple fronto-parallel track). Similarly, for buildings or turntable sequences, using a mixture of low
and high viewpoints helps stability.

For reliability, one usually plans to see each feature point in at least four images. Although two
images in principle suffice for reconstruction, they offer little redundancy and no resistance against
feature extraction failures. Even with three images, the internal reliability is still poor: isolated
outliers can usually be detected, but it may be difficult to say which of the three images they occurred
in. Moreover, 3—4 image geometries with widely spadesl fion-aligned) centres usually give much
more isotropic feature error distributions than two image ones.

If the bundle adjustment will include self-calibration, it is important to include a range of viewing
angles. For example for a flat, compact object, views might be taken at regularly spaced points along
a 30-485 half-angle cone centred on the object, wittt @ptical axis rotations between views.

12 Summary and Recommendations

This survey was written in the hope of making photogrammetric know-how about bundle adjustment
— the simultaneous optimization of structure and camera parameters in visual reconstruction — more
accessible to potential implementors in the computer vision community. Perhaps the main lessons are
the extraordinary versatility of adjustment methods, the critical importance of exploiting the problem
structure, and the continued dominance of second order (Newton) algorithms, in spite of all efforts to
make the simpler first order methods converge more rapidly.

We will finish by giving a series of recommendations for methods. At present, these must be
regarded as very provisional, and subject to revision after further testing.

Parametrization: (§2.2,4.5) During step prediction, avoid parameter singularities, infinities, strong
nonlinearities and ill-conditioning. Use well-conditioned local (current value + offset) parametriza-
tions of nonlinear elements when necessary to achieve this: the local step prediction parametriza-
tion can be different from the global state representation one. The ideal is to make the parameter
space error function as isotropic and as near-quadratic as possible. Residual rotation or quaternion
parametrizations are advisable for rotations, and projective homogeneous parametrizations for distant
points, lines and planes.€. 3D features near the singularity of their affine parametrizations, affine
infinity).

Cost function: (§3) The cost should be a realistic approximation to the negative log likelihood of
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the total (inlier + outlier) error distribution. The exact functional form of the distribution is not
too critical, however: ij Undue weight should not be given to outliers by making the tails of the
distribution (the predicted probability of outliers) unrealistically small. (NB: Compared to most real-
world measurement distributions, the tails of a Gausaraminrealistically small).i{) The dispersion
matrix or inlier covariance should be a realistic estimate of the actual inlier measurement dispersion,
so that the transition between inliers and outliers is in about the right place, and the inlier errors are
correctly weighted during fitting.

Optimization method: (84, 6, 7) Forbatch problems use a second order Gauss-Newton method

with sparse factorization (see below) of the Hessian, unless:

e The problem is so large that exact sparse factorization is impractical. In this case consider either
iterative linear system solvers such as Conjugate Gradient for the Newton step, or related nonlinear
iterations such as Conjugate Gradient, or preferably Limited Memory Quasi-Newton or (if memory
permits) full Quasi-Newtons(7, [29, 93, 42]). (None of these methods require the Hessian). If you
are in this case, it would pay to investigate professional large-scale optimization codes such as
MINPACK-2, LANCELOT, or commercial methods from NAG or IMSL (sg€.2).

e If the problem is medium or large but dense (which is unusual), and if it has strong geometry,
alternation of resection and intersection may be preferable to a second order method. However,
in this case Successive Over-Relaxation (SOR) would be even better, and Conjugate Gradient is
likely to be better yet.

¢ In all of the above cases, good preconditioning is criti@lJ).

For on-line problems (rather than batch ones), use factorization updating rather than matrix inverse
updating or re-factorization§B.5). In time-series problems, investigate the effect of changing the
time window §8.2, [83, 84]), and remember that Kalman filtering is only the first half-iteration of a
full nonlinear method.

Factorization method: (§6.2, B.1) For speed, preserve the symmetry of the Hessian during factor-
ization by using: Cholesky decomposition for positive definite Hessegsunconstrained problems

in a trivial gauge); pivoted Cholesky decomposition for positive semi-definite Hessansiricon-
strained problems with gauge fixing by subset select@®); and Bunch-Kauffman decomposition
(§B.1) for indefinite Hessianse(g the augmented Hessians of constrained problémg). Gaussian
elimination is stable but a factor of two slower than these.

Variable ordering: (§6.3) The variables can usually be ordered by hand for regular networks, but
for more irregular onese(g close range site-modelling) some experimentation may be needed to
find the most efficient overall ordering method. If reasonably compact profiles can be found, profile
representations6.3.3, B.3) are simpler to implement and faster than general sparse§6étis (

e For dense networks use a profile representation and a “natural” variable ordering: either features
then cameras, or cameras then features, with whichever has the fewest parameters last. An explicit
reduced system based implementation such as Brown’s method [19] can also be used in this case
(6.1, A).

o If the problem has some sort of 1D temporal or spatial structerg image streams, turntable
problems), try a profile representation with natural (simple connectivity) or Snay’s banker's (more
complex connectivity) ordering$.3.3, [101, 24]). A recursive on-line updating method might
also be useful in this case.

o If the problem has 2D structure.g cartography and other surface coverage problems) try nested
dissection, with hand ordering for regular problems (cartographic blocks), and a multilevel scheme
for more complex one$6.3.2). A profile representation may or may not be suitable.
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e For less regular sparse networks, the choice is not clear. Try minimum degree ordering with a
general sparse representation, Snay’s Banker’'s with a profile representation, or multilevel nested
dissection.

For all of the automatic variable ordering methods, try to order any especially highly connected

variables last by hand, before invoking the method.

Gauge fixing: (§9) For efficiency, use either a trivial gauge or a subset selection method as a working
gauge for calculations, and project the results into whatever gauge you want later by applying a
suitable gauge project®y; (32). Unless you have a strong reason to use an external reference system,
the output gauge should probably be an inner gauge centred on the network elements you care most
about,i.e. the observed features for a reconstruction problem, and the cameras for a navigation one.

Quality control and network design: (§10) A robust cost function helps, but for overall system
reliability you still need to plan your measurements in advance (until you have developed a good
intuition for this), and check the results afterwards for outlier sensitivity and over-modelling, using a
suitable quality control procedure. Do not underestimate the extent to which either low redundancy,
or weak geometry, or over-general models can make gross errors undetectable.

A Historical Overview

This appendix gives a brief history of the main developments in bundle adjustment, including litera-
ture references.

Least squares: The theory of combining measurements by minimizing the sum of their squared
residuals was developed independently by Gauss and Legendre around 1795-1820 [37, 74], [36,
Vol.IV, 1-93], about 40 yearafter robustL; estimation [15]. Least squares was motivated by esti-
mation problems in astronomy and geodesy and extensively applied to both fields by Gauss, whose
remarkable 1823 monograph [37, 36] already contains almost the complete modern theory of least
squares including elements of the theory of probability distributions, the definition and properties of
the Gaussian distribution, and a discussion of bias and the “Gauss-Markov” theorem, which states that
least squares gives the Best Linear Unbiased Estimator (BLUE) [37, 11]. It also introduté3 the

form of symmetric Gaussian elimination and the Gauss-Newton iteration for nonlinear problems, es-
sentially in their modern forms although without explicitly using matrices. The 1828 supplement on
geodesy introduced the Gauss-Seidel iteration for solving large nonlinear systems. The economic
and military importance of surveying lead to extensive use of least squares and several further devel-
opments: Helmert's nested dissection [64] — probably the first systematic sparse matrix method —
in the 1880’s, Cholesky decomposition around 1915, Baarda'’s theory of reliability of measurement
networks in the 1960’s [7, 8], and Meissl [87, 89] and Baarda’s [6] theories of uncertain coordinate
frames and free networks [22, 25]. We will return to these topics below.

Second order bundle algorithms: Electronic computers capable of solving reasonably large least
squares problems first became available in the late 1950’s. The basic photogrammetric bundle method
was developed for the U.S. Air Force by Duane C. Brown and his co-workers in 1957-9 [16, 19].
The initial focus was aerial cartography, but by the late 1960’s bundle methods were also being
used for close-range measureméhtsThe links with geodesic least squares and the possibility of
combining geodesic and other types of measurements with the photogrammetric ones were clear right

%Close rangemeans essentially that the object has significant depth relative to the camera distaticat there is
significant perspective distortion. For aerial images the scene is usually shallow compared to the viewing height, so focal
length variations are very difficult to disentangle from depth variations.
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Figure 9: A schematic history of bundle adjustment.

from the start. Initially the cameras were assumed to be calitffated the optimization was over
object points and camera poses or$glf calibration (the estimation of internal camera parameters
during bundle adjustment) was first discussed around 1964 and implemented by 1968 [19]. Camera
models were greatly refined in the early 1970’s, with the investigation of many alternative sets of
additional (distortion) parameters [17, 18, 19]. Even with stable and carefully calibrated aerial
photogrammetry cameras, self calibration significantly improved accuracies (by factors of around 2—
10). This lead to rapid improvements in camera design as previously unmeasurable defects like film
platten non-flatness were found and corrected. Much of this development was lead by Brown and his
collaborators. See [19] for more of the history and references.

Brown’s initial 1958 bundle method [16, 19] uses block matrix techniques to eliminate the struc-
ture parameters from the normal equations, leaving only the camera pose parameters. The resulting
reduced camera subsystenis then solved by dense Gaussian elimination, and back-substitution
gives the structure. For self-calibration, a second reduction from pose to calibration parameters can
be added in the same way. Brown’s method is probably what most vision researchers think of as ‘bun-
dle adjustment’, following descriptions by Slama [100] and Hartley [58, 59]. It is still a reasonable
choice for small dense networ&s but it rapidly becomes inefficient for the large sparse ones that
arise in aerial cartography and large-scale site modelling.

For larger problems, more of the natural sparsity has to be exploited. In aerial cartography, the
regular structure makes this relatively straightforward. The images are arrangbths — rect-
angular or irregular grids designed for uniform ground coverage, formed from parall&rip® of
images with about 50—70% forward overlap giving adjacent stereo pairs or triplets, about 10—-20% side
overlap, and a few known ground control points sprinkled sparsely throughout the block. Features
are shared only between neighbouring images, and images couple in the reduced camera subsystem

Z'Calibration always denotemternal camera parameters (“interior orientation”) in photogrammetric terminology. Ex-
ternal calibration is calledoseor (exterior) orientation.

A photogrammetric network islenseif most of the 3D features are visible in most of the images, sparseif
most features appear in only a few images. This corresponds directly to the density or sparsity of the off-diagonal block
(feature-camera coupling matrix) of the bundle Hessian.
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only if they share common features. So if the images are arranged in strip or cross-strip ordering, the
reduced camera system has a triply-banded block structure (the upper and lower bands representing,
e.g, right and left neighbours, and the central band forward and backward ones). Several efficient nu-
merical schemes exist for such matrices. The first was Gyer & Brown’s fEfirsive partitioning

method [57, 19], which is closely related to Helmert's 1880 geodesic method [64]. (Generaliza-
tions of these have become one of the major families of modern sparse matrix methods [40, 26, 11]).
The basic idea is to split the rectangle into two halves, recursively solving each half and gluing the
two solutions together along their common boundary. Algebraically, the variables are reordered into
left-half-only, right-half-only and boundary variables, with the latter (representing the only coupling
between the two halves) eliminated last. The technique is extremely effective for aerial blocks and
similar problems where smadleparating setsf variables can be found. Brown mentions adjusting

a block of 162 photos on a machine with only 8k words of memory, and 1000 photo blocks were al-
ready feasible by mid-1967 [19]. For less regular networks such as site modelling ones it may not be
feasible to choose an appropriate variable ordering beforehand, but efficient on-line ordering methods
exist [40, 26, 11] (se&6.3).

Independent model methods: These approximate bundle adjustment by calculating a number of
partial reconstructions independently and merging them by pairwise 3D alignment. Even when the
individual models and alignments are separately optimal, the result is suboptimal because the the
stresses produced by alignment are not propagated back into the individual models. (Doing so would
amount to completing one full iteration of an optimal recursive decomposition style bundle method
— see8.2). Independent model methods were at one time the standard in aerial photogrammetry
[95, 2, 100, 73], where they were used to merge individual stereo pair reconstructions within aerial
strips into a global reconstruction of the whole block. They are always less accurate than bundle
methods, although in some cases the accuracy can be comparable.

First order & approximate bundle algorithms: Another recurrent theme is the use of approxima-
tions or iterative methods to avoid solving the full Newton update equations. Most of the plausible
approximations have been rediscovered several times, especially variants of alternate steps of resec-
tion (finding the camera poses from known 3D points) and intersection (finding the 3D points from
known camera poses), and the linearized version of this, the block Gauss-Seidel iteration. Brown'’s
group had already experimented with Block Successive Over-Relaxation (BSOR — an accelerated
variant of Gauss-Seidel) by 1964 [19], before they developed their recursive decomposition method.
Both Gauss-Seidel and BSOR were also applied to the independent model problem around this time
[95, 2]. These methods are mainly of historical interest. For large sparse problems such as aerial
blocks, they can not compete with efficiently organized second order methods. Because some of the
inter-variable couplings are ignored, corrections propagate very slowly across the network (typically
one step per iteration), and many iterations are required for convergendg’(see

Quiality control: In parallel with this algorithmic development, two important theoretical develop-
ments took place. Firstly, the Dutch geodesist W. Baarda led a long-running working group that
formulated a theory of statistical reliability for least squares estimation [7, 8]. This greatly clarified
the conditions (essentialledundancy) needed to ensure that outliers could be detected from their
residuals ibner reliability ), and that any remaining undetected outliers had only a limited effect on
the final resultsduter reliability ). A. Griin [49, 50] and W. Bri'stner [30, 33, 34] adapted this theory

to photogrammetry around 1980, and also gave some early correlation and covariance based model
selection heuristics designed to control over-fitting problems caused by over-elaborate camera models
in self calibration.

Datum / gauge freedom:Secondly, as problem size and sophistication increased, it became increas-
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ingly difficult to establish sufficiently accurate control points for large geodesic and photogrammetric
networks. Traditionally, the network had been viewed as a means of ‘densifying’ a fixed control co-
ordinate system — propagating control-system coordinates from a few known control points to many
unknown ones. But this viewpoint is suboptimal when the network is intrinsically more accurate than
the control, because most of the apparent uncertainty is simply due to the uncertain definition of the
control coordinate system itself. In the early 1960’s, Meissl studied this problem and developed the
first free network approach, in which the reference coordinate system floated freely rather than being
locked to any given control points [87, 89]. More precisely, the coordinates are pinned to a sort of
average structure defined by so-callader constraints. Owing to the removal of control-related
uncertainties, the nominal structure covariances become smaller and easier to interpret, and the nu-
merical bundle iteration also converges more rapidly. Later, Baarda introduced another approach to
this theory based 08-transforms— coordinate transforms between uncertain frames [6, 21, 22, 25].

Least squares matching:All of the above developments originally used manually extracted image
points. Automated image processing was clearly desirable, but it only gradually became feasible
owing to the sheer size and detail of photogrammetric images. Both feature eagda;l, 32],

and direct (region based) [1, 52, 55, 110] methods were studied, the latter especially for matching
low-contrast natural terrain in cartographic applications. Both rely on some foteasf squares
matching (as image correlation is called in photogrammetry). Correlation based matching techniques
remain the most accurate methods of extracting precise translations from images, both for high con-
trast photogrammetric targets and for low contrast natural terrain. Starting from around 1085, Gr”
and his co-workers combined region based least squares matching with various geometric constraints.
Multi-photo geometrically constrained matching optimizes the match over multiple images simul-
taneously, subject to the inter-image matching geometry [52, 55, 9]. For each surface patch there is a
single search over patch depth and possibly slant, wdirdhiltaneouslynoves it along epipolar lines

in the other images. Initial versions assumed known camera matrices, but a full patch-based bundle
method was later investigated [9]. Related methods in computer vision include [94, 9&|6Gally

enforced least squares matchingb3, 97, 76] further stabilizes the solution in low-signal regions by
enforcing continuity constraints between adjacent patches. Patches are arranged in a grid and matched
using local affine or projective deformations, with additional terms to penalize mismatching at patch
boundaries. Related work in vision includes [104, 102]. The inter-patch constraints give a sparsely-
coupled structure to the least squares matching equations, which can again be handled efficiently by
recursive decomposition.

B Matrix Factorization

This appendix covers some standard material on matrix factorization, including the technical details
of factorization, factorization updating, and covariance calculation methods. See [44, 11] for more
details.

Terminology: Depending on the factorization, ‘L’ stands for lower triangular, ‘U’ or ‘R’ for upper
triangular, ‘D’ or ‘'S’ for diagonal, ‘Q’ or ‘U’,"V’ for orthogonal factors.
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B.1 Triangular decompositions

Any matrix A has a family of block (lower triangular)*(diagonal)*(upper triangular) factorizations
A=LDU:

A = L D U
L11
A1 Az - Al La1 Lao D: Uip Upg v o Uin
A21 A2 - Azp | : s D2 Ugg -+ Uzpn (50)
Ami Amz - Amn L : D, o Urn
Lml Lm2 o Lmr

! A = A — o Lig D Uk
L; = Ay ULD', i>j ) ] k<m1n(2,])_’ o _J (51)
= Aij = Xk<min(ij) Aik Ark A;

Here, the diagonal block3, ... D,._; must be chosen to be square and invertible,raisdletermined
by the rank ofA. The recursion (51) follows immediately from the prodégt = (LDU);; =
> _k<min(i,j) Lik Dk Uk;. Given such a factorization, linear equations can be solved by forwards and
backwards substitution as in (22-24).

The diagonal blocks of, D, U can be chosen freely subjectltg D;; U; = A;;, but once this
is done the factorization is uniquely defined. Choosing= D;; = 1 so thatU;; = A;; gives
the (block)LU decomposition A = L U, the matrix representation of (block) Gaussian elimination.
Choosing;; = U; = 1 so thatD; = A;; gives theLDU decomposition If A is symmetric, the LDU
decomposition preserves the symmetry and becomekDhe decompositionA = LD L™ where
U =L"andD = D'. If A is symmetric positive definite we can €8t= 1 to get theCholesky
decompositionA = LL", whereL; L), = A;; (recursively) defines the Cholesky factof; of the
positive definite matrixd;;. (For a scalar, Chéh) = /a). If all of the blocks are chosen to hiex 1,
we get the conventional scalar forms of these decompositions. These decompaositions are obviously
equivalent, but for speed and simplicity it is usual to use the most specific one that applies: LU for
general matrices, LDLfor symmetric ones, and Cholesky for symmetric positive definite ones. For
symmetric matrices such as the bundle Hessian, LDCholesky are 1.5-2 times faster than LDU /
LU. We will use the general form (50) below as it is trivial to specialize to any of the others.

Loop ordering: From (51), theij block of the decomposition depends only on the the upper left
(m — 1) x (m — 1) submatrix and the first» elements of rowi and column; of A, wherem =
min(4, 7). This allows considerable freedom in the ordering of operations during decomposition,
which can be exploited to enhance parallelism and improve memory cache locality.

Fillin: If Ais sparse, itk andU factors tend to become ever denser as the decomposition progresses.
Recursively expanding,;, andAy; in (51) gives contributions of the foreaA; A, Aj - - Apg A, Ay
for k,1...p,q < min(i,j). So even ifA;; is zero, if there is any path of the forin— k — | —

. — p — q — jvianon-zerdAy; with k.1 ...p,q < min(i, j), theij block of the decomposition
will genericallyfill-in (become non-zero). The amount of fill-in is strongly dependent on the ordering
of the variablesi(e. of the rows and columns &). Sparse factorization methods6(3) manipulate

this ordering to minimize either fill-in or total operation counts.

Pivoting: For positive definite matrices, the above factorizations are very stable becayseotise

A;; must themselves remain positive definite. More generally, the pivots may become ill-conditioned
causing the decomposition to break down. To deal with this, it is usual to search the undecomposed
part of the matrix for a large pivot at each step, and permute this into the leading position before
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proceeding. The stablest policy figll pivoting which searches the whole submatrix, but usually

a less costlypartial pivoting search over just the current columeofumn pivoting) or row (row
pivoting) suffices. Pivoting ensures thatand/orU are relatively well-conditioned and postpones
ill-conditioning in D for as long as possible, but it can not ultimately m&kany better conditioned
thanA is. Column pivoting is usual for the LU decomposition, but if applied to a symmetric matrix

it destroys the symmetry and hence doubles the workldzdgonal pivoting preserves symmetry

by searching for the largest remaining diagonal element and permuting both its row and its column
to the front. This suffices for positive semidefinite matricegy(gauge deficient Hessians). For
general symmetric indefinite matricesd the augmented Hessia(%# g) of constrained problems
(12)), off-diagonal pivots can not be avoid@gbut there are fast, stable, symmetry-preserving pivoted
LDL ™ decompositions with block diagonBlhaving1 x 1 and2 x 2 blocks. Full pivoting is possible
(Bunch-Parlett decompositior), but Bunch-Kaufman decompositionwhich searches the diagonal

and only one or at most two columns usually suffices. This method is nearly as fast as pivoted
Cholesky decomposition (to which it reduces for positive matrices), and as stable LU decomposition
with partial pivoting. Asen’s methodhas similar speed and stability but produces a tridiagénal

The constrained Hessight $ ) has further special properties owing to its zero block, but we will
not consider these here — see [44,4.6 Equilibrium Systems].

B.2 Orthogonal decompositions

For least squares problems, there is an alternative family of decompositions based on orthogonal
reduction of the Jacobiad = % Given any rectangular matriR, it can be decomposed as

A = QR whereR is upper triangular an€ is orthogonal i(e., its columns are orthonormal unit
vectors). This is called th®R decompositionof A. R is identical to the right Cholesky factor of

ATA = (RTQ")(QR) = RTR. The solution of the linear least squares probleimy ||AXx — b]|?

isx = R*Q"b, andR™ Q" is the Moore-Penrose pseduo-inverseAofThe QR decomposition is
calculated by finding a series of simple rotations that successively zero below diagonal elements of
A to form R, and accumulating the rotations @, Q"A = R. Various types of rotations can be
used.Givens rotationsare the fine-grained extreme: one-paramgter2 rotations that zero a single
element ofA and affect only two of its rowsHouseholder reflectionsare coarser-grained reflections

in hyperplaned. — % designed to zero an entire below-diagonal columw @ind affecting all
elements ofA in or below the diagonal row of that column. Intermediate sizes of Householder reflec-
tions can also be used, thex 2 case being computationally equivalent, and equal up to a sign, to the
corresponding Givens rotation. This is useful for sparse QR decomposiignsultifrontal meth-

ods (se€6.3 and [11]). The Householder method is the most common one for general use, owing to
its speed and simplicity. Both the Givens and Householder methods calButatplicitly, but Q is

not calculated directly unless it is explicitly needed. Instead, it is stored in factorized form (as a series
of 2 x 2 rotations or Householder vectors), and applied piecewise when needed. In pargcudar,

is needed to solve the least squares system, but it can be calculated progressively as part of the de-
composition process. As for Cholesky decomposition, QR decomposition is stable without pivoting
so long asA has full column rank and is not too ill-conditioned. For degenefateouseholder QR
decomposition with column exchange pivoting can be used. See [11] for more information about QR
decomposition.

2The archetypical failure is the unstable LDidecomposition of the well-conditioned symmetric indefinite matrix

( f ! ) = ( 1}6 (1]) (8 7?/6) ((1) 1{6 ) for e — 0. Fortunately, for small diagonal elements, permuting the dominant

off-diagonal element next to the diagonal and leaving the resultin@ block undecomposed D suffices for stability.
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x = profile_cholesky_forward_subs(A,b)
for ¢ = first(b) ton do
i—1
L = profile_cholesky_decomp(A) X; = (bi - Z Lix Xk>/Lz’i
for i = 1ton do k=max(first(;) first(b))
for j = first(:) to i do
j—1
a = Aj; — Z Lir Lk y = profile_cholesky_back_subs(A,x)
k=max(first(i) first(j)) y = X
L, = (j<i)?a/Ly : a for i = last(b) to 1 step—1 do
’ ( /L for k = max(first(), first(y)) to ¢ do
Ye = Yr —Yili
Yi = ¥i/Li

Figure 10: A complete implementation of profile Cholesky decomposition.

Both QR decomposition oA and Cholesky decomposition of the normal ma#iXA can be
used to calculate the Cholesky / QR fad®and to solve least squares problems with design matrix /
JacobiarA. The QR method runs about as fast as the normal / Cholesky one for gqumrtthecomes
twice as slow for long thirA (i.e. many observations in relatively few parameters). However, the QR
is numerically much stabler than the normal / Cholesky one in the following sen&drai$ condition
number (ratio of largest to smallest singular valuend the machine precisiondsthe QR solution
has relative erro©(ce), whereas the normal matrX” A has condition number and its solution has
relative errorO (c?¢). This matters only it approaches the relative accuracy to which the solution
is required. For example, even in accurate bundle adjustments, we do not need relative accuracies
greater than about : 105. Ase ~ 107! for double precision floating point, we can safely use the
normal equation method far(J) < 10°, whereas the QR method is safe up:td) < 10'°, where
J is the bundle Jacobian. In practice, the Gauss-Newton / normal equation approach is used in most
bundle implementations.

Individual Householder reflections are also useful for projecting parametrizations of geometric
entities orthogonal to some constraint vector. For example, for quaternions or homogeneous projec-
tive vectorsX, we often want to enforce spherical normalizatiX||> = 1. To first order, only
displacement$X orthogonal toX are allowed X" X = 0. To parametrize the directions we can
move in, we need a basis for the vectors orthogon& toA Householder reflectio® based onX
convertsX to (1 0...0)" and hence the orthogonal directions to vectors of the f@mk ... x)".

So if U contains rows 2# of Q, we can reduce Jacobia@% to then — 1 independent parameters
du of the orthogonal subspace by post-multiplying by, and once we have solved féu, we can
recover the orthogondX ~ U du by premultiplying byU. Multiple constraints can be enforced by
successivaHouseholder reductionsof this form. This corresponds exactly to th® method for
solving constrained least squares problems [11].

B.3 Profile Cholesky Decomposition

One of the simplest sparse methods suitable for bundle problemnsfie Cholesky decomposition
With natural (features then cameras) variable ordering, it is as efficient as any method for dense
networks {e. most features visible in most images, giving dense camera-feature coupling blocks in
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the Hessian). With suitable variable ordedfgt is also efficient for some types of sparse problems,
particularly ones with chain-like connectivity.

Figure 10 shows the complete implementation of profile Cholesky, including decomposition
LL" = A, forward substitutionrx = L™b, and back substitutioy = L~"x. first(b),lastb) are
the indices of the first and last nonzero entriedadnd first:) is the index of the first nonzero entry
in row ¢ of A and hencd.. If desired,L, X,y can overwriteA, b, x during decomposition to save
storage. As always with factorizations, the loops can be reordered in several ways. These have the
same operation counts but different access patterns and hence memory cache localities, which on
modern machines can lead to significant performance differences for large problems. Here we store
and acces# andL consistently by rows.

B.4 Matrix Inversion and Covariances

When solving linear equations, forward-backward substitutions (22, 24) are much faster than explic-
itly calculating and multiplying byA™, and numerically stabler too. Explicit inverses are only rarely
needede.g to evaluate the dispersion (“covariance”) matiX. Covariance calculation is expensive

for bundle adjustment: no matter how spakkenay be,H™ is always dense. Given a triangular de-
compositionA = L D U, the most obvious way to calculage® is via the producA— = U™ D' L™,
whereL™ (which is lower triangular) is found using a recurrence based on elthdér = 1 or

LL™ = 1 as follows (and similarly but transposed 10}

J
(Li = (Lai) ™ (L) L_l (ZLJk z) = _< Z (L) Lki) L (52)
k=i+1
i=1l..n, j=it+1l..n i=n...1, j=n..i+1

Alternatively [45, 11], the diagonal and the (zero) upper triangle of the linear sydtdm = D"'L™*
can be combined with the (zero) lower triangle/fof L = U™ D™ to give the direct recursion (=
n...landj=n...i+1):

(ANji = — < > (A I—k:z‘) L. (A = -Uy ( > Ui (Al)k:j)

k=i+1 k=i+1 (53)
(A = U_1< D;'L; — Z Ui (A7) z) = (UZZ-I D' = Y (A Lki) L
k=i+1 k=i+1

In the symmetric caseA™);; = (A™);; so we can avoid roughly half of the work. If only a few

blocks of A™ are required€.g the diagonal ones), this recursion has the property that the blocks of

A~ associated with the filled positions bfandU can be calculated without calculating any blocks
associated with unfilled positions. More precisely, to calcul@e);; for which Lj; (j > 1) or

Uj; (j < 1) is non-zero, we do not need any blogk™);; for whichL;;, = 0 (I > k) or Uy, = 0

(I < k) 3L Thisis a significant saving if, U are sparse, as in bundle problems. In particular, given the
covariance of the reduced camera system, the 3D feature variances and feature-camera covariances
can be calculated efficiently using (53) (or equivalently (17), where- H,; is the block diagonal

feature Hessian ard, is the reduced camera one).

%0Snay’s Banker's strategy.3.3, [101, 24]) seems to be one of the most effective ordering strategies.

31This holds because of the way fill-in occurs in the LDU decomposition. Suppose that we want & fing, where
§ >4 andL;; # 0. For this we needA™); for all non-zeroU;, k > 4. But for theséA;;, = Lj; D; U, +... + A, # 0,
so(A™); is associated with a filled position and will already have been evaluated.
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B.5 Factorization Updating

For on-line applications§B.2), it is useful to be able tapdate the decompositiolA = LD U to
account for a (usually low-rank) change— A=A+ BWC. LetB = LB andC = CU" so that
L*AU" = D+ BWZC. This low-rank update db can be LDU decomposed efficiently. Separating
the first block ofD from the others we have:

D B = =\ _ 1 D 1 4D, 'BiWC
( log)i<gi)w(01 C.) = <ig2w616;11)< 1@)( s 2)

(54)
51 = D1 :|:§1 W61 52 = D2 :|:§2 <W$W61511§1W> 62

D, is a low-rank update db, with the sameC, andB; but a differentW. Evaluating thii recyr_sixely
and merging the resulting L and U factors itandU gives the updated decomposiﬁ”ém\ =LDU:
Wl — tw; BW — B; cl) — C;
fori=1tondo

ol
T
LY
O
T
Q.
ol
!
Y
_|_
o]
2

— p|

for j =i+ 1tondo

B§i+1) o B;@) LB L — Lji+B§-i+1) wi+h C, D,

ci*V ¢l —Ciuy; Uy « Uy + DB WD U
TheW form of theW update is numerically stabler for additions-('sign in A+=B W C with positive
W), but is not usable unles&'(® is invertible. In either case, the update takes tihgk? + b*)N?)
whereA is N x N, W is k x k and theD; areb x b. So other things being equal,should be kept as
small as possibleg(g by splitting the update into independent rows using an initial factorization of
W, and updating for each row in turn). The scalar Cholesky form of this method for a rank one update
A—A+wbb'is:
w® — w; bl — b;
for i =1tondo
b« b /Ly d; — 14wl bi: Li— LiVdi:
wl D — @ /d; ; (56)
for j =i+ 1tondo
b — b — LBy Ly — (Lyi+ b\ wB;) /i

J

This takesO(rﬂ) operations. The same recursion rule (and several equivalent forms) can be derived

by reducing(L b)' to an upper triangular matrix using Givens rotations or Householder transforma-
tions [43, 11].

C Software

C.1 Software Organization
For a general purpose bundle adjustment code, an extensible object-based organization is natural. The
measurement network can be modelled as a network of objects, represeatisgrements and their

“Here,B\” = B; — Y} LixBr = Y1, Ljn Br andC{” = C; — Y; 7} Ci Li; = Xj_, Ci Uy,; accumulatd ™ B
andC U™, For theL, U updates one can also ugé**!) C, D;' = W) C, D, andD;'B, W*+") =D, B, W,
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error modelsand the different types @D featuresandcamera modelthat they depend on. It is ob-

viously useful to allow the measurement, feature and camera types to be open-ended. Measurements

may be 2D or 3D, implicit or explicit, and many different robust error models are possible. Features

may range from points through curves and homographies to entire 3D object models. Many types
of camera and lens distortion models exist. If the scene is dynamic or articulated, additional nodes
representing 3D transformations (kinematic chains or relative motions) may also be needed.

The main purpose of the network structure is to predict observations and their Jacobians w.r.t. the
free parameters, and then to integrate the resulting first order parameter updates back into the internal
3D feature and camera state representations. Prediction is essentially a matter of systematically prop-
agating values through the network, with heavy use of the chain rule for derivative propagation. The
network representation must interface with a numerical linear algebra one that supports appropriate
methods for forming and solving the sparse, damped Gauss-Newton (or other) step prediction equa-
tions. A fixed-order sparse factorization may suffice for simple networks, while automatic variable
ordering is needed for more complicated networks and iterative solution methods for large ones.

Several extensible bundle codes exist, but as far as we are aware, none of them are currently
available as freeware. Our own implementations include:

e CARMEN [59] is a program for camera modelling and scene reconstruction using iterative nonlin-
ear least squares. It has a modular design that allows many different feature, measurement and
camera types to be incorporated (including some quite exotic ones [56, 63]). It uses sparse matrix
techniques similar to Brown’s reduced camera system method [19] to make the bundle adjustment
iteration efficient.

e HORATIO (http://www.ee.surrey.ac.uk/Personal/P.McLauchlan/horatio/html, [85, 86, 83, 84]) is a
C library supporting the development of efficient computer vision applications. It contains support
for image processing, linear algebra and visualization, and will soon be made publicly available.
The bundle adjustment methods in Horatio, which are based on the Variable State Dimension Filter
(VSDF) [83, 84], are being commercialized. These algorithms support sparse block matrix oper-
ations, arbitrary gauge constraints, global and local parametrizations, multiple feature types and
camera models, as well as batch and sequential operation.

e VXL : This modular C++ vision environment is a new, lightweight version of the TargetJr/IUE en-
vironment, which is being developed mainly by the Universities of Oxford and Leuven, and General
Electric CRD. The initial public release on
http://www.robots.ox.ac.uk/vxl will include an OpenGL user interface and classes for multiple
view geometry and numerics (the latter being mainly C++ wrappers to well established routines
from Netlib — see below). A bundle adjustment code exists for it but is not currently planned for
release [28, 62].

C.2 Software Resources

A great deal of useful numerical linear algebra and optimization software is available on the In-
ternet, although more commonly inORTRAN than in C/C++. The main repository iSENLIB

at http://www.netlib.org/. Other useful sites include: the ‘Guide to Available Mathematical Soft-
ware’ GAMS at http://gams.nist.gov; the NEOS guide http://www-fp.mcs.anl.gov/otc/Guide/, which
is based in part on Mer'& Wright's guide book [90]; and the Object Oriented Numerics page
http://oonumerics.org. For large-scale dense linear algebra, LAPACK (http://www.netlib.org/lapack,
[3]) is the best package available. However it is optimized for relatively large problems (matrices of
size 100 or more), so if you are solving many small ones (size less than 20 or so) it may be faster
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to use the older LINPACK and EISPACK routines. These libraries all use the BLAS (Basic Linear
Algebra Subroutines) interface for low level matrix manipulations, optimized versions of which are
available from most processor vendors. They are @k FRAN based, but C/C++ versions and inter-

faces exist (CLAPACK, http://www.netlib.org/clapack; LAPACK++, http://math.nist.gov/lapack++).

For sparse matrices there is a bewildering array of packages. One good one is Boeing’s SPOOLES
(http://www.netlib.org/linalg/spooles/spooles.2.2.html) which implements sparse Bunch-Kaufman de-
composition in C with several ordering methods. For iterative linear system solvers implementa-
tion is seldom difficult, but there are again many methods and implementations. The ‘Templates’
book [10] contains potted code. For nonlinear optimization there are various older codes such as
MINPACK, and more recent codes designed mainly for very large problems such as MINPACK-2
(ftp://info.mcs.anl.gov/pub/MINPACK-2) and LANCELOT (http://www.cse.clrc.ac.uk/Activity/LANCELQT).
(Both of these latter codes have good reputations for other large scale problems, but as far as we are
aware they have not yet been tested on bundle adjustment). All of the above packages are freely
available. Commercial vendors such as NAG (ttp://www.nag.co.uk) and IMSL (www.imsl.com) have
their own optimization codes.

Glossary

This glossary includes a few common terms from vision, photogrammetry, numerical optimization and statis-
tics, with their translations.

Additional parameters: Parameters added to the basic perspective model to represent lens distortion and
similar small image deformations.

a-distribution: A family of wide tailed probability distributions, including th@auchy distribution (o = 1)
and the Gaussiam(= 2).

Alternation: A family of simplistic and largely outdated strategies for nonlinear optimization (and also itera-
tive solution of linear equations). Cycles through variables or groups of variables, optimizing over each in
turn while holding all the others fixed. Nonlinear alternation methods usually relinearize the equations after
each group, whil&sauss-Seidemethods propagate first order corrections forwards and relinearize only at
the end of the cycle (the results are the same to first ordrgcessive over-relaxatiomdds momentum
terms to speed convergence. Separable problem Alternation ofresectionandintersectionis a nave
and often-rediscovered bundle method.

Asymptotic limit: In statistics, the limit as the number of independent measurements is increased to infinity,
or as the second order moments dominate all higher order ones so that the posterior distribution becomes
approximately Gaussian.

Asymptotic convergence: In optimization, the limit of small deviations from the solutiom, as the solution
is reachedSecond orderor quadratically convergentmethods such dsewton’s methodsquarethe norm
of the residual at each step, whiiest order or linearly convergentmethods such agradient descentand
alternation only reduce the error by a constant factor at each step.

Banker's strategy: Seéfillin, §6.3.3.

Block: A (possibly irregular) grid of overlapping photos in aerial cartography.

Bunch-Kauffman: A numerically efficient factorization method for symmetric indefinite matriées, LD L™
whereL is lower triangular an@ is block diagonal withl x 1 and2 x 2 blocks 6.2, B.1).

Bundle adjustment: Any refinement method for visual reconstructions that aims to produce jointly optimal
structure and camera estimates.

Calibration: In photogrammetry, this always meaingernal calibration of the cameras. Sewer orienta-
tion.

Central limit theorem: States that maximum likelihood and similar estimators asymptotically have Gaussian
distributions. The basis of most of our perturbation expansions.
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Cholesky decomposition: A numerically efficient factorization method for symmetric positive definite matri-
ces,A = LL" whereL is lower triangular.

Close Range: Any photogrammetric problem where the scene is relatively close to the camera, so that it
has significant depth compared to the camera distance. Terrestrial photogrammetry as oppesed to
cartography.

Conjugate gradient: A cleverly accelerated first order iteration for solving positive definite linear systems or
minimizing a nonlinear cost function. S&eylov subspace

Cost function: The function quantifying the total residual error that is minimized in an adjustment computa-
tion.

Cramér-Rao bound: SeeFisher information.

Criterion matrix: In network design, an ideal or desired form for a covariance matrix.

Damped Newton method: Newton’s methodvith a stabilizing step control policy added. Sesvenberg-
Marquardt .

Data snooping: Elimination of outliers based on examination of their residual errors.

Datum: A reference coordinate system, against which other coordinates and uncertainties are measured. Our
principle example of gauge

Dense: A matrix or system of equations with so few known-zero elements that it may as well be treated as
having none. The opposite sparse For photogrammetric networkdensemeans that the off-diagonal
structure-camera block of the Hessian is deheemost features are seen in most images.

Descent direction: In optimization, any search direction with a downhill componéatthat locally reduces
the cost.

Design: The process of defining a measurement network (placement of cameras, number of ehapes,
satisfy given accuracy and quality criteria.

Design matrix: The observation-state Jacobihs- g_)z(_

Direct method: Dense correspondence or reconstruction methods based directly on cross-correlating photo-
metric intensities or related descriptor images, without extracting geometric featureseaSesquares
matching, feature based method

Dispersion matrix: The inverse of the cost functidtessian a measure of distribution spread. In tsymp-
totic limit , the covariance is given by the dispersion.

Downdating: On-the-fly removal of observations, without recalculating everything from scratch. The inverse
of updating.

Elimination graph: A graph derived from thaetwork graph, describing the progress fill in during sparse
matrix factorization.

Empirical distribution: A set of samples from some probability distribution, viewed as an sum-of-delta-
function approximation to the distribution itself. Thkew of large numbersasserts that the approximation
asymptotically converges to the true distribution in probability.

Fill-in: The tendency of zero positions to become nonzero as sparse matrix factorization progvasses.
able ordering strategiesseek to minimize fill-in by permuting the variables before factorization. Methods
includeminimum degree, reverse Cuthill-McKee, Banker's strategies andnested dissectionSees6.3.

Fisher information: In parameter estimation, the mean curvature of the posterior log likelihood function,
regarded as a measure of the certainty of an estimate. Cfaimér-Rao bound says that any unbiased
estimator has covariancethe inverse of the Fisher information.

Free gauge / free network: A gaugeor datum that is defined internally to the measurement network, rather
than being based on predefined reference features fikedigauge

Feature based: Sparse correspondence / reconstruction methods based on geometric image features (points,
lines, homographies . ) rather than direct photometry. Sdigect method.

Filtering: In sequential problems such as time series, the estimation of a current value using all of the previ-
ous measurementS&moothingcan correct this afterwards, by integrating also the information from future
measurements.
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First order method / convergence: Seeasymptotic convergence

Gauge: An internal or external reference coordinate system defined for the current state and (at least) small
variations of it, against which other quantitiasd their uncertaintiesan be measured. The 3D coordinate
gauge is also called trdatum. A gauge constraintis any constraint fixing a specific gaugeg for the
current state and arbitrary (small) displacements of it. The fact that the gauge can be chosen arbitrarily with-
out changing the underlying structure is callgalige freedomor gauge invariance The rank-deficiency
that this transformation-invariance of the cost function induces on the Hessian is gaillgd deficiency
Displacements that violate the gauge constraints can be corrected by appl@ngeasform, whose linear
form is agauge projection matrix Pg.

Gauss-Markov theorem: This says that for a linear system, least squares weighted by the true measurement
covariances gives the Best (minimum variance) Linear Unbiased Estimator or BLUE.

Gauss-Newton method: A Newton-like method for nonlinear least squares problems, in which the Hessian is
approximated by the Gauss-Newton dthe: J" W J whereld is thedesign matrixandW is a weight matrix.
Thenormal equationsare the resulting Gauss-Newton step prediction equatiBnd/ J) 6x = —(JW Az).

Gauss-Seidel method:Seealternation.

Givens rotation: A 2 x 2 rotation used to as part of orthogonal reduction of a magig, QR, SVD. See
Householder reflection

Gradient: The derivative of the cost function w.r.t. the parametess %.
Gradient descent: Naive optimization method which consists of steepest descent (in some given coordinate

system) down the gradient of the cost function.

Hessian: The second derivative matrix of the cost functidr= 3—2. Symmetric and positive (semi-)definite at

a cost minimum. Measures how ‘stiff’ the state estimate is against perturbations. Its inverstispéhnsion
matrix .

Householder reflection: A matrix representing reflection in a hyperplane, used as a tool for orthogonal re-
duction of a matrixe.g QR, SVD. Sedsivens rotation.

Independent model method: A suboptimal approximation to bundle adjustment developed for aerial cartog-
raphy. Small local 3D models are reconstructed, each from a few images, and then glued together via
tie featuresat their common boundaries, without a subsequent adjustment to relax the internal stresses so
caused.

Inner: Internal or intrinsic.

Inner constraints: Gauge constraintslinking the gauge to some weighted average of the reconstructed fea-
tures and cameras (rather than to an externally supplied reference system).

Inner orientation: Internal camera calibration, including lens distortiety,

Inner reliability: The ability to either resist outliers, or detect and reject them based on their residual errors.

Intersection: (of optical rays). Solving for 3D feature positions given the corresponding image features and
known 3D camera poses and calibrations. @section alternation.

Jacobian: Seedesign matrix.

Krylov subspace: The linear subspace spanned by the iterated prodéétb|k = 0...n} of some square
matrix A with some vectob, used as a tool for generating linear algebra and nonlinear optimization itera-
tions. Conjugate gradientis the most famous Krylov method.

Kullback-Leibler divergence: Seerelative entropy.

Least squares matching: Image matching based on photometric intensities.ddeet method.

Levenberg-Marquardt: A common damping (step control) method for nonlinear least squares problems,
consisting of adding a multipl&D of some positive definite weight matrix to the Gauss-Newton Hessian
before solving for the step. Levenberg-Marquardt uses a simple rescaling based heuristic fok settiifey
trust region methods use a more sophisticated step-length based one. Such methods acaogied
Newton methods in general optimization.

Local model: In optimization, a local approximation to the function being optimized, which is easy enough
to optimize that an iterative optimizer for the original function can be based on it. The second order Taylor
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series model giveNlewton’s method

Local parametrization: A parametrization of a nonlinear space based on offsets from some current point.
Used during an optimization step to give better local numerical conditioning than a more global parametriza-
tion would.

LU decomposition: The usual matrix factorization form of Gaussian elimination.

Minimum degree ordering: One of the most widely used automatic variable ordering methods for sparse
matrix factorization.

Minimum detectable gross error: The smallest outlier that can be detected on average by an outlier detection
method.

Nested dissection:A top-down divide-and-conquesariable ordering method for sparse matrix factoriza-
tion. Recursively splits the problem into disconnected halves, dealing witefiaating setof connecting
variables last. Particularly suitable for surface coverage problems. Also catledsive partitioning.

Nested models: Pairs of models, of which one is a specialization of the other obtained by freezing certain
parameters(s) at prespecified values.

Network: The interconnection structure of the 3D features, the cameras, and the measurements that are made
of them (image pointtc). Usually encoded as a graph structure.

Newton method: The basic iterative second order optimization method. Newton stepstate updatéx =
—H~'g minimizes a local quadratic Taylor approximation to the cost function at each iteration.

Normal equations: SeeGauss-Newton method

Nuisance parameter: Any parameter that had to be estimated as part of a nonlinear parameter estimation
problem, but whose value was not really wanted.

Outer: External. Seénner.

Outer orientation: Camera pose (position and angular orientation).

Outer reliability: The influence of unremoved outliers on the final parameter estimiageshe extent to
which they are reliable even though some (presumably small or lowly-weighted) outliers may remain unde-
tected.

Outlier: An observation that deviates significantly from its predicted position. More generally, any observa-
tion that does not fit some preconceived notion of how the observations should be distributed, and which
must therefore be removed to avoid disturbing the parameter estimatesté@ekstribution .

Pivoting: Row and/or column exchanges designed to promote stability during matrix factorization.

Point estimator: Any estimator that returns a single “best” parameter estimatg,maximum likelihood,
maximum a posteriori.

Pose: 3D position and orientation (angled,g of a camera.

Preconditioner: A linear change of variables designed to improve the accuracy or convergence rate of a
numerical methode.g a first order optimization iteratioVariable scaling is the diagonal part of precon-
ditioning.

Primary structure: The main decomposition of the bundle adjustment variables into structure and camera
ones.

Profile matrix: A storage scheme for sparse matrices in which all elements between the first and the last
nonzero one in each row are stored, even if they are zero. Its simplicity makes it efficient even if there are
quite a few zeros.

Quiality control: The monitoring of an estimation process to ensure that accuracy requirements were met,
that outliers were removed or down-weighted, and that appropriate models weres gséat, additional
parameters

Radial distribution: An observation error distribution which retains the Gaussian dependence on a squared
residual error = X" W x, but which replaces the exponential’/? form with a more robust long-tailed one.

Recursive: Used of filtering-based reconstruction methods that handle sequences of images or measurements
by successive updating steps.

Recursive partitioning: Seenested dissection
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Reduced problem: Any problem where some of the variables have already been eliminated by partial fac-
torization, leaving only the others. Theduced camera systen{20) is the result of reducing the bundle
problem to only the camera variable$6(1, 8.2,4.4).

Redundancy: The extent to which any one observation has only a small influence on the results, so that it
could be incorrect or missing without causing problems. Redundant consenses are the basis of reliability.
Redundancy numbersr are a heuristic measure of the amount of redundancy in an estimate.

Relative entropy: An information-theoretic measure of how badly a model probability depsitigs an actual
onepy: the mean (w.r.tpy) log likelihood contrast oy to p1, (log(po/p1))po-

Resection: (of optical rays). Solving for 3D camera poses and possibly calibrations, given image features and
the corresponding 3D feature positions. 8gersection.

Resection-intersection: Seealternation.

Residual: The errorAz in a predicted observation, or its cost function value.

S-transformation: A transformation between twgaugesimplemented locally by gauge projection matrix
Scaling: Seepreconditioner.

Schur complement: Of Ain (2 B ) isD — CA™B. See§6.1.

Second order method / convergence Seeasymptotic convergence

Secondary structure: Internal structure or sparsity of the off-diagonal feature-camera coupling block of the
bundle Hessian. Sew@imary structure .

Self calibration: Recovery of camera (internal) calibration during bundle adjustment.
Sensitivity number: A heuristic numbeg measuring the sensitivity of an estimate to a given observation.

Separable problem: Any optimization problem in which the variables can be separated into two or more sub-
sets, for which optimization over each subset given all of the others is significantly easier than simultaneous
optimization over all variables. Bundle adjustment is separable into 3D structure and cafMirastion
(successive optimization over each subset) isreenapproach to separable problems.

Separating set: Seenested dissection

Sequential Quadratic Programming (SQP): An iteration for constrained optimization problems, the con-
strained analogue Mlewton’s method At each step optimizeslacal modelbased on a quadratic model
function with linearized constraints.

Sparse: “Any matrix with enough zeros that it pays to take advantage of them” (Wilkinson).
State: The bundle adjustment parameter vector, including all scene and camera parameters to be estimated.

Sticky prior: A robust prior with a central peak but wide tails, designed to let the estimate ‘unstick’ from the
peak if there is strong evidence against it.

Subset selection: The selection of a stable subset of ‘live’ variables on-line during pivoted factoriz&tign.
used as a method for selecting variables to constrain with trivial gauge const§@ibjs (

Successive Over-Relaxation (SOR) Seealternation.

Sum of Squared Errors (SSE): The nonlinear least squares cost function. The (possibly weighted) sum of
squares of all of the residual feature projection errors.

Total distribution: The error distribution expected fail observations of a given type, including both inliers
and outliersl.e. the distribution that should be used in maximum likelihood estimation.

Trivial gauge: A gaugethat fixes a small set of predefined reference features or cameras at given coordinates,
irrespective of the values of the other features.

Trust region: SeelLevenberg-Marquardt.
Updating: Incorporation of additional observations without recalculating everything from scratch.
Variable ordering strategy: Se€fill-in .

Weight matrix: An information (inverse covariance) like matrix mat, designed to put the correct relative
statistical weights on a set of measurements.

Woodbury formula: The matrix inverse updating formula (18).
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