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Abstract

In this paper we present a framework for the automatic registration of
multiple terrestrial laser scans. The proposed method can handle arbitrary
point clouds with reasonable pairwise overlap, without knowledge about their
initial orientation and without the need for artificial markers or other specific
objects. The framework is divided into a coarse and a fine registration part,
which each start with pairwise registration and then enforce consistent global
alignment across all scans. While we put forward a complete, functional
registration system, the novel contribution of the paper lies in the coarse
global alignment step. Merging multiple scans into a consistent network
creates loops along which the relative transformations must add up. We
pose the task of finding a global alignment as picking the best candidates
from a set of putative pairwise registrations, such that they satisfy the loop
constraints. This yields a discrete optimization problem that can be solved
efficiently with modern combinatorial methods. Having found a coarse global
alignment in this way, the framework proceeds by pairwise refinement with
standard ICP, followed by global refinement to evenly spread the residual
errors.

The framework was tested on six challenging, realistic datasets. The dis-
crete global alignment step effectively detects, removes and corrects failures
of the pairwise registration procedure, finally producing a globally consistent
coarse scan network which can be used as initial guess for the highly non-
convex refinement. Our overall system reaches success rates close to 100% at
acceptable runtimes <1 hour, even in challenging conditions such as scanning
in the forest.
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global consistency, loop closure, energy minimization

1. Introduction

Static terrestrial laser scanners (TLS) are widely used to acquire dense 3D
point clouds for various applications in geo-sciences, robotics, entertainment,
archaeology, and many more. As laser scanning is a line-of-sight technology,
multiple scans from different viewpoints are usually necessary to cover the
geometry of a 3D scene. A prerequisite for further processing is thus to align
all individual scans in a common coordinate system, to obtain one large
point cloud of the complete scene. In practice, scan registration is at present
mostly based on artificial markers (e.g., retro-reflective cylinders, spheres,
checker-board targets) that are placed in the scene during scan acquisition.
These markers are extracted from different scans either manually or automat-
ically (e.g. Akca, 2003; Franaszek et al., 2009), and used to determine the
desired 6DoF rigid body transformations.1 Marker-based scan registration is
very reliable, but has several disadvantages. Positioning the markers is time
consuming and requires careful planning, to ensure visibility of the markers
in different scans, and to avoid degenerate constellations. Additionally, one
must ensure that all markers remain stable for the length of the measurement
campaign. Finally, markers occlude (small) parts of the scene and often have
to be removed from the data for further analysis or visualization.

In order to circumvent markers altogether, this paper presents a method
for marker-less TLS point cloud registration based on natural 3D keypoints.
The method can handle multiple scans acquired from arbitrary positions,
without any prior knowledge about their relative orientations. Compared
to the generic problem of aligning point clouds, specific challenges of TLS
are (i) Near-field bias: the polar measurement principle of static TLS causes
a quadratic decrease of the point density with increasing distance from the
sensor. This results in a very uneven point density (respectively resolution)
within a scan. (ii) Outliers: real point clouds are contaminated by gross
errors, e.g. due to moving objects, reflections or complicated surfaces such

1TLS directly measures absolute distances, thus only 3D translations and rotations
must be estimated.
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as vegetation, etc.2 (iii) Sheer point cloud size: current TLS operate at
frequencies up to 1 million points per second. Scan projects featuring several
100 million points are common and have to be handled in reasonable time.

In most cases TLS registration is divided into an initial coarse alignment
and a subsequent fine registration. Coarse alignment uses only a sparse set
of corresponding points whereas fine registration, initialized with the coarse
solution, typically uses a much larger subset or even all points. Fine reg-
istration amounts to minimizing the point-to-point or point-to-surface dis-
tances between the point clouds, usually with the Iterative Closest Point
algorithm (ICP; Besl and McKay, 1992; Chen and Medioni, 1992) or some
variant of it (e.g. Bergevin et al., 1996; Bae and Lichti, 2004; Minguez et al.,
2006; Bouaziz et al., 2013). These methods locally minimize the sum of
per-point residuals, which is conceptually straight-forward, but highly non-
convex, and notoriously prone to converge to weak local minima. Arguably
the more critical part of the pipeline is coarse registration, which aims to
provide a rough initial transformation that is good enough as starting value
for ICP, so that the latter reaches a useful minimum. An interesting one-step
approach without separate coarse registration has been introduced by Yang
et al. (2013). They propose to globally solve the non-convex objective func-
tion with a branch-and-bound scheme. The resulting Globally Optimal ICP
(Go-ICP) works very well with small point clouds, but is intractable for large
point clouds like those produced by TLS.

In this paper we describe a complete framework for fully automated,
marker-less registration of multiple TLS point clouds acquired from arbi-
trary positions. The framework follows the common procedure to split the
registration into coarse initialization and fine registration, and uses existing
methods for the latter – in particular a combination of standard pairwise
ICP and the global refinement algorithm of Lu and Milios (1997), from now
on called LUM.

The main methodological novelty of the proposed framework is an effi-
cient way to find a coarse alignment that is consistent across all overlapping
scans in a project. Note that this step, while often overlooked, is crucial for
the entire registration pipeline: for a successful refinement with local meth-

2Note, the fact that TLS is a rather high-end sensor does not mean that it is less prone
to outliers. Low-cost alternatives like robotic scanners or even the KINECT will usually
have higher random noise and systematic errors, but not necessarily more gross errors.
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ods the initial alignment must be roughly correct for all scans. In other
words a possibly quite inaccurate, but reasonably consistent network must
be established before fine registration. Statistically speaking, coarse registra-
tion does not need to have high accuracy, but it must have high reliability.
Consequently, we design a scheme that exploits the available redundancy al-
ready at this stage, but without the computational cost associated with high
accuracy.

Our global alignment method assumes that some hypothesis generator
is available, which returns putative pairwise alignments between two scans.
I.e., for any two scans with reasonable overlap, the hypothesis generator
can find a set of relative transformations that are plausible in the light of the
observed points. We start from our previous work on pairwise alignment with
Keypoint-based 4-Points Congruent Sets (K-4PCS, Theiler et al., 2014a),
but the framework is generic and can use any other hypothesis generator
instead. Given a discrete set of putative alignments between scan pairs, we
develop a graph-based energy minimization scheme which selects one of the
putative transformations for each pair in such a way that the total loop
closure error across all scan pairs in the project is as low as possible. The
formulation allows for an efficient solution with combinatorial optimization
algorithms. The global coarse registration, in conjunction with standard
fine registration algorithms, yields correct scan alignment (< 3% failures)
without any manual intervention across a range of applications scenarios
(urban, forest, archaeological sites, indoors). An open-source implementation
of the complete registration pipeline will be made available in conjunction
with the paper.

2. Related Work

2.1. Pairwise Coarse Registration

Coarse, pairwise point cloud registration typically has two consecutive
parts. First, raw point clouds are reduced to sets of sparse features (a.k.a.
keypoints) and, second, correspondences are sought. Transformation param-
eters based on groups of 3 or more corresponding features are estimated,
which establish the relative orientation3 of both point clouds in a common

3In this paper we follow the terminology of photogrammetry: “relative orientation”
refers to the full transformation between two instrument coordinate systems, including
both the rotation and the translation.
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reference frame.
Typically, salient geometric entities are used to establish correspondences

(although there are methods which randomly select a small set of features,
e.g. Masuda and Yokoya, 1995; Barnea and Filin, 2008; Leng et al., 2014).
The most popular features are either 3D keypoints, or planar surfaces, re-
spectively surface normals.

A straight-forward approach is to leverage the power of interest point
extraction in conventional images. To that end, 2D interest points are ex-
tracted from intensity or range images and lifted to 3D with the known range
measurement. E.g., Böhm and Becker (2007) detect SIFT features (Lowe,
2004) in intensity images to derive pixel correspondences and estimate the
rigid-body transformation from the associated 3D points. Kang et al. (2009)
propose a similar approach, but add an outlier detection step based on 3D
distances between putative feature point pairs.

3D keypoint detectors are often direct extensions of standard 2D meth-
ods like Differences-of-Gaussians (DoG) in 3D space (e.g. Allaire et al., 2008;
Flitton et al., 2010). Another 3D keypoint extractor is adapted from the Har-
ris corner detector (Harris and Stephens, 1988) by replacing image gradients
with point normals (e.g. Sipiran and Bustos, 2011). Feature points are often
encoded with descriptors which serve to measure similarity when searching
for correspondences. For example, Flint et al. (2007) introduce a 3D version
of the SURF descriptor (Bay et al., 2006) to compare keypoints in range
images.

Descriptors specifically for 3D point cloud data typically describe a point’s
neighbourhood by histograms of the point distribution and/or the variabil-
ity of the normals. Perhaps the first instance of this idea are Spin Im-
ages (Johnson and Hebert, 1999), more recent versions include Point Feature
Histograms (PFH; Rusu et al., 2008) and their accelerated version (FPFH;
Rusu et al., 2009). Overviews on the state-of-the-art keypoint detection and
matching in 3D space, as well as performance evaluations, can be found
in (Tombari et al., 2013; Hänsch et al., 2014).

An alternative strategy, which is however limited to man-made environ-
ments, relies on surfaces rather than keypoints, such as planes (Dold and
Brenner, 2006; Brenner et al., 2008; Theiler and Schindler, 2012) or other ge-
ometrical primitives (e.g., spheres, cones) as in Rabbani et al. (2007). A more
robust variant does not detect explicit planes, but uses salient directions of
the (point-based) surface normals for alignment (Makadia et al., 2006; Zeisl
et al., 2013; Novák and Schindler, 2013).
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In our work, we also reduce the points to a relatively small set of (a few
thousand) salient 3D keypoints for coarse registration. However, we prefer
not to use descriptors, because they lack robustness to strong viewpoint
changes. Such viewpoint changes are commonplace in TLS, as operators try
to minimize the number of scans in order to cut down field time. Instead of
matching descriptors, unambiguous geometric keypoint configurations form
the basis of our pairwise registration method (K-4PCS, cf. 3.1).

2.2. Global Fine Registration

Global fine registration of multiple point clouds aims to evenly redis-
tribute the accumulated loop closing errors that result from chaining pair-
wise registrations. Most approaches build upon precise pairwise orientations
to reduce the computational effort for global refinement. The goal is to pol-
ish the overall network by minimizing the distance between corresponding
points, either incrementally (e.g. Chen and Medioni, 1992; Pulli, 1999) or
in one shot (e.g. Bergevin et al., 1996; Neugebauer, 1997; Benjemaa and
Schmitt, 1998). Often, this task is formalized with the help of a scan graph,
in which each scan forms a node, and each known pairwise transformation
forms an edge. Lu and Milios (1997) have presented the LUM approach,
which aims at the construction of a globally consistent model from scans
acquired by a moving robot. This SLAM-like method, originally designed
for 2D (planimetric) transformations, has been adapted to 3D by Borrmann
et al. (2008), and successfully applied to different data types, including point
clouds captured with the KINECT (Weber et al., 2015).

A complete method somewhat related to ours was proposed in Huber and
Hebert (2003). Pairwise alignments, resulting from (mesh-based) pairwise
matching of point clouds, are checked for local plausibility by inspecting
the resulting overlaps and surface visibilities. Locally implausible pairs are
simply pruned from the network. Given the remaining valid alignments, the
method incrementally builds a minimum spanning tree (MST), while at each
iteration global refinement is carried out with the algorithm of Neugebauer
(1997). If the result after refinement is globally plausible (i.e., all overlapping
pairs in the partial MST are locally plausible), the edge is added to the tree
until all scans are included.

The multi-scan registration framework presented here follows a similar
philosophy, but considers multiple putative transformations per pair (rather
than commit early) and checks global plausibility already in the coarse reg-
istration stage (rather than repeatedly call the time consuming fine registra-

6



tion). Experience shows that the alignment error between two TLS scans
is often multi-modal (e.g. due to repetitive structure, rotational symmetry,
etc.), therefore it is not advisable to commit to a single solution at this stage.
We therefore sample multiple solutions with reasonably low fitting error. The
message of this paper is that, with the help of consistency constraints be-
tween pairs that form loop in the scan network, one can disambiguate the
pairwise transformations. Given a globally consistent coarse alignment of the
entire network, we follow the standard approach and refine first with pairwise
ICP, then with LUM.

3. Proposed Framework

Our task is fully automated registration of multiple overlapping TLS point
clouds, without further constraints on scan locations and without artificial
markers. Like most related works (cf. 2) we first perform a coarse registration
to find approximate scanner orientations, and then polish them in a separate
fine registration step. Coarse registration starts with finding approximate
pairwise orientations between overlapping scans. We do this with our previ-
ously developed K-4PCS method (Theiler et al., 2014a), but other registra-
tion schemes could be used as well. We note in this context that in many
TLS projects a part of the orientation is known a-priori from additional sen-
sors, in particular scanners are often levelled, such that the rotations around
the x- and y-axes are small. In such cases one can use simpler procedures for
pairwise alignment. However, situations exist were levelling the scanner is
either not possible (e.g. when the scanner is positioned through manholes or
inspection ducts) or not practical (e.g. on archaeological sites the instrument
is sometimes left on the tripod and set up just so that it does not collapse).
To remain as generic as possible, we do not assume levelled scanners.

The focus of this paper is the subsequent step from pairwise registration to
a coarse, but consistent alignment of all scans in a common coordinate frame
(in image metrology and robotics also referred to as “multi-view orientation”,
“pose estimation” or “loop closure”).

For pairwise scan orientation, several useful methods exist, and the prob-
lem is rather well-understood. Still, even the best methods sometimes fail.
Common failure are caused by ambiguous scene content such as are repetitive
structure (e.g. façade patterns) or rotational symmetries (e.g. rooms in in-
door scans). Due to the measurement principle of TLS both the point count
and the resolution of geometric details can vary dramatically between scans
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Figure 1: Workflow: Coarse, pairwise matching is followed by coarse alignment into a
globally consistent network. This network then serves as initialization for pairwise fine
registration, which in turn provides starting values for global refinement. Each puzzle
piece represents one scan; equal colour depicts the same scan.

of the same surface. An important observation in this context is that in all
these cases, the registration error of the correct solution will be reasonably
low, as desired. The difficulty stems from the fact that the error function
is multi-modal, i.e., there are other, wrong solutions which have low regis-
tration errors, too. Consequently, the pairwise registration procedure will in
most cases find – among others – the correct solution, if it has the capability
to return multiple candidate solutions rather than commit to a single one.
Our task then becomes to filter the pairwise candidate solutions in such a
way that they form a globally consistent network: rigid body transformations
are transitive, so any closed loop in the scan network should (approximately)
add up to an identity transformation. The core of this paper is a discrete
graphical model (Bishop, 2006) of the scan network. Inference in that model
amounts to picking one candidate for each pairwise transformation, such that
the loop constraints are enforced simultaneously for all loops up to a given
length.

To make the description of the complete system self-contained, we start
with a brief description of the K-4PCS method for pairwise, coarse registra-
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tion, and then move on to the coarse alignment of all scans in a globally
consistent network. We also briefly describe the subsequent fine registration
which completes the end-to-end registration pipeline.

3.1. Pairwise Coarse Registration with K-4PCS

As input for globally consistent registration, we first find pairwise align-
ments with K-4PCS on scan pairs (i.e. edges U) within a scan graph GS(V, U).
If it is known in advance which scan pairs are likely to have significant
overlap (e.g. from the acquisition plan) then one aligns only those pairs
(Fig. 2a). Otherwise, one conservatively starts from a fully connected scan
graph (Fig. 2b) and leaves it to the global alignment step to eliminate bogus
alignments between non-overlapping scans.

We first briefly recap K-4PCS (Theiler et al., 2014a,b), for more details
the interested reader is referred to the original publications. Our implemen-
tation of the algorithm, as described in this section, has been included as part
of the open-source Point Cloud Library (PCL, Rusu and Cousins, 2011).

K-4PCS has two steps. First, reduce the raw scans to smaller sets of
points that have high repeatability. This is done by voxel-grid filtering to
even out variations in point density, followed by 3D keypoint detection with
standard methods like 3D Harris and/or 3D DoG. Then, candidate trans-
formations between the two keypoint clouds are found with the 4-Points
Congruent Sets (4PCS) algorithm (Aiger et al., 2008). This method is a
RANSAC-type robust fitting method, which repeatedly samples a small base
set, finds putative point correspondences, estimates the transformation be-
tween the two point clouds from them, and scores the different random sam-
ples by how well they are supported by the two (key)point clouds. 4PCS
exploits the fact that a base set of 4 roughly co-planar points is actually
more efficient than the minimum of 3 points, because only computations
with subsets of 2 points are needed to test the base sets for affine, respec-
tively metric congruency (Huttenlocher, 1991).

Given a base set B(a,b, c,d) in the source point cloud S, one searches for
a matching base setM(p1,p2,q1,q2) in the target point cloud T as follows
(see Fig. 3):

• Calculate the diagonal intersection point e = intersect(ab, cd)

• Calculate the diagonal intersection ratios r1 = ‖a − e‖/‖a − b‖ and
r2 = ‖c− e‖/‖c− d‖
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Figure 2: Examples of basic scan graphs GS(V,U): (a) Manually defined edges with
sufficient mutual overlap and (b) fully connected graph without prior information.
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Figure 3: 4PCS matching: Given a point quadruple B(a,b, c,d) ∈ S we seek congruent
4-point sets M(p1,p2,q1,q2)∈T . Congruency is verified via intersection ratios r1, r2 of
the diagonals in B.

• Extract point pairs P(p1,p2) and Q(q1,q2) from T whose pairwise
distances roughly match the diagonals of B, i.e., ‖p2 − p1‖ ≈ ‖b− a‖
and ‖q2 − q1‖ ≈ ‖d− c‖

• For each resulting quadruple M(p1,p2,q1,q2), check whether the di-
agonal intersection points (using r1, r2) coincide,

p1 + r1 · (p2 − p1) ≈ q1 + r2 · (q2 − q1) or
p1 + r2 · (p2 − p1) ≈ q1 + r1 · (q2 − q1)

(1)

• For base sets which pass the test, check also for similar side lengths of
the quadrangles B and M

• Base sets M and B that survive both tests are congruent; fit a rigid-
body transformation and find its support in the keypoint clouds

To compute the support that a sample receives from the n points of T ,
K-4PCS uses M-estimator Sample Consensus (MSAC, Torr and Zisserman,
2000), with a truncated quadratic cost

ρA =
1

n

n∑
j=1

min

(
ε2j
δ2
, 1

)
, (2)

with εj the residual errors and δ a truncation threshold. Additionally, a mild
prior on the translation t favours configurations where the two scanners are
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not too close to each other.

ρB(t) =


0 t > tup

1
2

+ 1
2

cos

(
− t− tlow
tup − tlow

π

)
t ∈ [tlow, tup]

1 t < tlow

(3)

The boundaries tlow and tup define a smooth transition from the maximal
translation cost 1 to 0.

Taken together, the final cost function, scaled to the range [0 . . . 1], is

ρ = 1
1+λ
· (ρA + λ · ρB) . (4)

The above matching scheme, repeated for multiple randomly sampled base
sets, delivers a list of alignment candidates, ranked by their matching cost.

3.2. Global Graph-based Coarse Registration

By the nature of TLS, pairwise registration based on point/normal ge-
ometry is sometimes ambiguous (cf. 2). The key to robust alignment is to
exploit the redundancy afforded by loop constraints in the scan graph. We
point out that the role of redundancy is quite different for fine and coarse
registration. Global fine registration shall minimize the influence of random
noise on the transformation parameters, by distributing the residual errors
evenly across the project. Global coarse registration shall weed out grossly
wrong transformation parameters, whereas its accuracy must only be good
enough to initialize fine registration.

By starting from a set of putative pairwise alignments, our two-step
pipeline discretizes the problem. Given the candidate alignments, we seek
to select one of the candidates for each pair, respectively for each edge of
the scan graph (Fig. 2), such that the overall discrepancies are minimized.
That formulation makes it possible to leverage efficient discrete optimization
algorithms for inference.4 Inevitably, it will sometimes happen that for one
or more pairs all alignment hypotheses are wrong. For the discrete (forced
choice) optimization we thus introduce an additional virtual solution per

4Note, discretization of multi-dimensional problems with the help of data-driven pro-
posals has been successfully used in image analysis tasks, including for example optical
flow (Lempitsky et al., 2008) and multi-target tracking (Milan et al., 2013).
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pair. These “joker” transformations have the same cost for any choice of
pairwise orientation parameters, and that cost is set higher than the maxi-
mum expected cost of a correct registration. In this way virtual solutions will
only be selected if all available candidates are inconsistent with the overall
network. Note that a virtual solution does not hold valid transformation
parameters. It only serves to identify scan pairs where none of the candidate
transformations can be correct. After global coarse registration, such pairs
are eliminated from the scan graph and not used in later steps.

To include the loop constraints, we construct a graphical model GR(X,L)
from the scan graph GS(V, U). The variables xi ∈X of that model are scan
pairs, and the domain of a variable xi is its set of l labels (i.e. candidate trans-
formations) Ti(ti,Ri) indexed through a superscript, xi ∈{T1

i ,T
2
i , . . . ,T

l
i}.

The unary potential of a specific transformation is its pairwise alignment cost
ρ(xi) from Eq. (4). Higher-order potentials of order ≥ 3 connect variables
that form closed loops in the scan graph. Loosely speaking, the graphical
model is a dual representation of the scan graph, where vertices xi correspond
to edges ui∈U (see Fig. 4).

u1

u3 u4

u6

u8

u7

u2

u5

v1

v5

v4

v3

v2

(a) Basic scan graph GS

v1

v5

v4

v3

v2
x1

x3 x4

x6

x 8

x7

x2

x5

(b) Corresponding graphical model GR

Figure 4: Example of scan graph GS(V,U) and corresponding graphical model GR(X,L).
Scan pairs are variables in the graphical model (black circles in (b)), pairwise registration
costs ρ are the unary potentials (green) and loops form higher-order cliques (blue) with
cost ψ. For readability, only 3rd-order cliques are shown.

The higher-order potentials ψk(xu, xv, xw, . . .) encode the consistency con-
straints, i.e. they become higher as the loop-closing error grows. The energy
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of the graphical model thus reads

E =
1

ω
·
∑
i

ρ(xi) +
∑
k

ψk(xu, xv, xw, . . .) . (5)

The weight ω balances the importance of the unary and higher-order terms.
The higher-order potentials ψk (in graphical model terminology “cliques”)
measure the discrepancy of the transformations around a loop. In princi-
ple one could take into account cliques of arbitrary order, but lower orders
(shorter loops) are sufficient to discard grossly wrong transformations, and
are computationally more efficient. We thus extract only cliques of order 3
and 4 exhaustively, and add cliques of order ≥ 5 only where necessary to
ensure all scan pairs are constrained. E.g., if a scan is only registered to its
two immediate neighbours in a loop of five scans around a building, this will
give rise to a clique of order 5. Loops are extracted from the scan graph with
conventional Depth First Search.

The consistency potential ψk penalizes loop closing errors. To that end we
chain all transformations around a loop, Tε(xu, xv, xw, . . .) = Tu ·Tv ·Tw · . . .,
which in the error-free case would yield an identity transformation. As clique
potential we use a combination of the deviations from 0 translation and 0
rotation. The translation error is defined as the magnitude tε = ‖tε‖ of the
residual 3D translation vector, truncated at a maximum tmax for robustness.
Similarly, the rotation Rε is converted to axis-angle representation and the
angle θε is defined as 3D rotation error, and truncated at a maximum value
θmax. To account for error propagation, the truncation values are adapted to
the clique size: given an estimate for the maximum deviation tpair of a single

transformation, the value for a loop of length h becomes tmax =
√
h · tpair,

and similar for the angle. Empirically, assigning the translation and rotation
equal weights and using the squared error as cost worked best.

ψk =
1

2

(
min

(
tε
tmax

, 1

)
+ min

(
θε
θmax

, 1

))
(6)

The cost ψk is again scaled to [0 . . . 1] to arrive at a similar value range as
for the unary terms ρ(xi).

The most consistent global alignment corresponds to the choice of in-
dices j, respectively candidate transformations Tj

i that minimizes the en-
ergy (5). The energy minimization is NP-hard, but in practice relatively

14



well-behaved, due to the limited clique size. We use the Lazy-Flipper algo-
rithm (Andres et al., 2012b), as implemented in the open-source openGM
library (Andres et al., 2012a). Generally, one could apply various discrete
optimization methods, such as message passing algorithms (e.g. Loopy Be-
lief Propagation; Kschischang et al., 2001) or move-making algorithms (e.g.
α-Expansion; Boykov et al., 2001). The Lazy-Flipper is particularly suitable
for our application: it uses a clever data structure to efficiently perform a
depth-limited exhaustive search around a given initial solution. As our ini-
tial labels (i.e. the best pairwise alignments) can be expected to often be
good guesses, the algorithm converges quickly. Moreover, the Lazy-Flipper
by construction guarantees that changing any subset of transformations up
to the depth limit δ will not lead to a better solution. Since our graphical
models are relatively small, a fixed computational budget will correspond to
a relatively high δ, and thus to a strong minimum.

For each loop in the graph we have to compute transformation residuals
Tε for all combinations of labels (possible alignments) of the involved scan
pairs. This means that the computational cost grows quickly with the num-
ber of labels l (polynomially with order l). Luckily, the ordering defined by
the unary cost is relatively reliable, meaning that the best pairwise solution
is in most cases among the candidates with lowest costs. We exploit this and
devise an iterative minimization scheme. In the first iteration, we assign each
vertex the pairwise transformation with the lowest cost ρ and compute the
energy. We then identify the vertices that are not part of any consistent loop,
double the size of the label set (i.e., we add the 2nd-best pairwise transforma-
tion) and minimize the energy. This last step is repeated, doubling the set of
candidate labels in every iteration, until the energy no longer decreases. As
already explained above, we always include an extra label for the virtual so-
lution, which serves as a fall-back when the correct pairwise transformation
is completely missing. That label has a cost chosen such that it is higher
than that of any correct solution, but lower than most grossly wrong ones. It
will therefore be selected only if none of the available labels can be correct.
Accordingly, loops that include a virtual solution never count as consistent.

The result of the presented global coarse alignment is a complete set of
pairwise scan orientations, which is as consistent as possible throughout the
global scan network.
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3.3. Fine Registration

Coarse registration, if successful, delivers the necessary input for pre-
cise fine registration, namely relative transformation parameters to place all
scans into a common coordinate frame, which are accurate enough to serve
as initial values for maximum-likelihood estimation (network adjustment).
Technically, fine registration must at the same time establish point-to-point
correspondence between all scans and minimize the sum of residuals over
all such corresponding points. This is a brittle, highly non-convex problem,
hence care has to be taken to ensure convergence to a good minimum of
the error function. Moreover, there are typically millions of points, so an
additional challenge is to come up with a computationally tractable scheme.

Like several others, we prefer to approach the task in two steps. First,
an independent fine registration of scan pairs, with standard robust ICP; fol-
lowed by global fine registration with LUM. Both ICP and LUM are standard
tools available off-the-shelf in open- source as well as commercial software,
hence we only give a brief run-down with an emphasis on the particularities
of our framework. In our implementation we exploit the versions available in
PCL.

As input to fine registration we use the voxel-grid resampled point clouds
of the original, dense input scans. Compared to the raw data, the resampled
point clouds have two advantages: (i) a more even point density, which
ensures that point correspondences are representative of surface registration
errors; and (ii) a lower point count, which greatly speeds up the computation.

To further reduce the computational burden we prune the scan graph
GS(V, U) to a minimal set of reliable edges, by computing its minimum span-
ning tree (MST; Prim, 1957) with edges U weighted according to the pairwise
matching cost ρ (Eq. (4)). The MST is a sub-graph G ′S(V, U ′) in which each
scan (vertex V ) is only connected to the best-matching adjacent scan. We
point out that in the absence of a global coarse registration, the MST can
potentially also prune incorrect pairwise misalignments. However, this proce-
dure has no robustness and will only work if the pairwise costs ρ are reliable,
for two reasons: first, one commits to the edges with lowest ρ at the point of
constructing the scan graph, without checking loop closures; and second, one
trusts that any two scans are connected by such edges, otherwise pruning
will fragment the network.

Having found the MST, we refine the transformations (edges U ′) of G ′S
with conventional ICP, i.e., alternation between point-to-point assignment
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with the nearest-neighbour rule and minimization of the (appropriately trun-
cated) sum of Euclidean distances over all corresponding points. Note in this
context that corresponding scan points may still exhibit significant resid-
uals after coarse registration with K-4PCS (and hence after global coarse
alignment, which does not change the pairwise transformation parameters),
because the transformations at this point have been estimated from only
4 keypoint correspondences. Also recall that the ICP error is highly non-
convex and prone to getting stuck in weak local minima. We thus employ a
multi-scale strategy and gradually home in on a better solution with smaller
convergence basin, by iteratively decreasing the maximum allowable point-to-
point distance in the correspondence rejection step. ICP iterations continue
until the point-to-point distances reach the resolution of the point clouds,
i.e. the size of the voxel-grid cells.

The minimum spanning tree is cycle-free, therefore applying ICP only
along its edges will result in error build-up from the root of the tree to the
leaves. Adjacent scans of the original scan graph GS will have high relative
accuracy if they are linked by an edge of the MST, whereas adjacent scans
that belong to different branches of the MST will exhibit larger misalign-
ments, since their relative transformations have not been refined directly. To
globally redistribute the registration errors across the scan network we run
LUM, in the 6DoF version introduced by Borrmann et al. (2008). For each
scan pair within the network, the method calculates the alignment errors and
covariance matrix based on corresponding points (i.e. nearest neighbours up
to a maximum distance to prune false correspondences). The final scan ori-
entations within the network are then calculated using maximum-likelihood
estimation by minimizing the pairwise Mahalanobis distances between cor-
responding points. Note that in each iteration the method recalculates the
alignment errors and covariance matrices, but not the nearest-neighbour as-
signment. Therefore, the initial residuals should be at most as large as the
point distance (voxel-grid size) within a scan, which explains the need for
the preceding pairwise fine registration.

4. Experimental Evaluation

We evaluate our framework on six different TLS datasets, each featuring
different challenges. To generate ground truth, all datasets were manually
aligned using in-scene targets (if available) or natural point correspondences.
The manual coarse registration was refined in a commercial software (Geo-
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magic5) using multi-view ICP. The registered reference datasets are shown
in Fig. 5, and described in more detail in 4.1. Apart from the resulting ref-
erence positions of all scans in a common coordinate frame, we also retrieve
pairwise alignment information, i.e., the pairwise transformation parameters
T?(t?,R?) and the point correspondences after the last ICP iteration, which
we use as true correspondences C? = {cS , cT } for error estimation. The accu-
racy of the ground truth σ? is given by the Root Mean Square Error (RMSE)
between points in C?.

We experimentally evaluate first the complete framework and second the
global coarse registration step into a consistent network, which has been the
focus of the present paper. For that part we also perform a comprehensive
analysis and evaluate the influence of the most important parameters. For
detailed parameter studies of K-4PCS we refer the reader to our previous
work (Theiler et al., 2014a,b).

Since the 4PCS algorithm is a variant of RANSAC, each run will lead to
a different result. We therefore repeat each test r = 100 times, and record
success/error rates as well as average runtimes over all r trials. The Final
alignment after fine registration is additionally evaluated in terms of mean
metric accuracy. All experiments were run on 64 Bit Windows 7 desktop
computers with 16 GB of RAM and twelve 3.2 GHz CPU cores.

4.1. Test Datasets

We use four outdoor and two indoor scan projects for our experiments. A
summary of all test datasets is provided in Tab. 1 including details like the
number of scans, average number of points per scan, number of scan pairs,
and the application of the underlying project. Datasets were acquired with a
Zoller+Fröhlich Imager 5006i and a Faro Focus 3D. Both sensors have very
similar acquisition characteristics w.r.t. the quality and appearance of the
acquired data, thus we handle the resulting data equally.

Generally speaking, outdoor scan projects often cover wide areas and,
compared to indoor projects, feature larger translations between scan posi-
tions. This, in turn, usually yields smaller overlaps between adjacent scans.
A typical outdoor dataset in this sense is “Arch”6 with up to 25 m distance

5http://www.geomagic.com/
6Compared to Theiler et al. (2014a) we use an additional fifth scan of the “Arch” which

overlaps even less with the rest of the data.
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(a) “Façade” (b) “Arch”

(c) “Courtyard” (d) “Trees”

(e) “Office” (f) “Facility”

Figure 5: TLS test datasets used in the experiments. For a better visual impression only
a small portion of the points is displayed. Moreover, the ceilings of the indoor datasets
(e) and (f) have been removed (only for visualization).
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Dataset #Scans #Pts/Scan #Pairs Application
O

u
td

o
o
r “Façade” 7 25M 21* Urban Surveying

“Arch” 5 26M 8 Heritage Documentation

“Courtyard” 8 13M 28* Archaeology

“Trees” 6 20M 10 Forestry

In
d

. “Office” 5 10M 10* Indoor Navigation

“Facility” 23 11M 61 Facility Management

Table 1: Description of the test datasets. (*) stands for fully connected scan graph without
adjacency assumptions.

between adjacent scans, and associated overlaps < 40% of the points. Fur-
thermore, outdoor environments are less controlled, and moving objects like
people or cars can cause artefacts (present e.g. in “Arch” and “Façade”).
Scan projects that contain mainly vegetation are particularly challenging to
register, because they lack salient, repeatable and unambiguous structures.
We use “Trees” to test a rather extreme case, with scans acquired in a for-
est, and with low overlap of ≈ 40%. Another challenge for registration are
predominantly flat scenes with a limited amount of vertical objects. This
situation is covered to some degree by the “Courtyard” dataset, showing the
entrance to an ancient Egyptian tomb and its surroundings.

In indoor applications, in our case especially the “Office” dataset, rota-
tional symmetry can lead to ambiguous, almost equally good pairwise regis-
trations. The limited extent of indoor spaces typically yields larger overlaps
(here ≈80%). “Facility” is a limiting case. It shows a complicated industrial
environment, where pipes and other obstacles limit the scan overlap and the
number of available point-to-point correspondences. The dataset shall illus-
trate the breaking point of the proposed system – we note that for several
scan pairs we were even unable to do a manual registration without relying
on the artificial markers. The dataset is also quite large, consisting of 23
scans, respectively 61 pairs with reasonable overlap.

For all datasets, we apply a voxel-grid filter with a voxel size of 0.1 m,
keeping the centroid of all scan points in each voxel. From the filtered scans,
we extract 3D DoG keypoints for “Office”, “Facility” and “Façade”, and 3D
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Harris keypoints for the remaining datasets.7 Parameters are adjusted such
that 1000− 5000 keypoints are found per scan.

4.2. End-to-end Evaluation

The overall goal of our framework is to register all scans in a common
reference frame. We thus first evaluate the complete system, meaning that we
start from raw scans and assess the quality of the final scan network. Scanner
positions and orientations, given by a transformation matrix T(t,R) relative
to the network origin, are directly compared to the ground truth. The origin
is anchored at one of the local scan coordinate systems, see below.

We first check for inliers I (i.e. correctly registered scans) based on their
position t in the network. Given the ground truth with position t? and
accuracy σ? we define a successful registration as in Eq. (7).8

SS =

{
1 ‖t− t?‖2 ≤ 3 · σ?

0 ‖t− t?‖2 > 3 · σ?
(7)

We then calculate an overall scan success rate SSR, by simply counting the
number of correctly registered scans over all pairs and all test runs. Second,
we also quote the project success rate PSR, where a run counts as correctly
registered only if all scans are successfully aligned. This rather strict def-
inition corresponds to the goal of fully automatic registration (arguably, a
system that registers e.g. 9 out of 10 scans automatically and needs three
manual clicks for the last scan would still be useful to the end-user). To verify
the metric accuracy of the alignment, we compute the inliers’ mean position
error ∅εt and the mean orientation error ∅εθ in 3D axis angle representation.

∅εt = 1
|I|
∑
i∈I
‖ti − t?i ‖2

∅εθ = 1
|I|
∑
i∈I

](Ri ·R?
i )

(8)

7As a general rule, 3D Harris keypoints work slightly better for outdoor scenes, whereas
3D DoG keypoints are well-suited indoors, and more generally for smooth surfaces with
high-contrast texture in the intensity.

8Although this metric does not directly include the rotations, we found that scans with
low translation error also have low rotation error, which is somewhat intuitive given the
360◦ field of view and the vanishingly small chance of a rotation-invariant scene.
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For completeness, we note that to compare scan positions and orientations we
need to fix the coordinate system. The datum definition will fail whenever
an unsuccessful scan is involved. We thus let each scan position in turn
define the coordinate system and count the inliers for each of them. The
datum with the highest inlier count is kept, such that the success rates and
accuracies refer to the largest correctly aligned sub-network.

SSR PSR ∅εt in mm ∅εθ in mdeg

“Façade” 100% 100% 8.8 ± 1.0 27.2 ± 6.4
“Arch” 98% 90% 11.4 ± 10.5 18.9 ± 11.3
“Courtyard” 100% 100% 27.8 ± 1.0 18.2 ± 1.1
“Trees” 97% 92% 3.6 ± 0.7 16.2 ± 2.3

“Office” 100% 100% 5.4 ± 0.5 36.3 ± 8.2
“Facility” 53% 0% 6.7 ± 6.7 29.1 ± 19.4

Table 2: System-level results. Overall scan success rate SSR, project success rate PSR,
and average registration errors ∅εt and ∅εθ.

Tab. 2 shows the final results of our proposed framework given the six
test datasets; i.e., the scan success rate SSR, the project success rate PSR
as well as the registration accuracies represented by ∅εt and ∅εθ. For three
of the six datasets we achieve SSR = 100%, which means that in 100 trials
not a single scan was misregistered. Consequently, also at the project level
we reach a perfect (PSR = 100%). Even for cases with low scan overlap
(“Arch”) and difficult conditions (“Trees”) we still achieve scan registration
success rates of ≥ 97%, corresponding to a ≥ 90% chance that the whole
project is registered correctly. To correct the unsuccessful runs, it would in
most cases suffice to manually register one scan.

The “Facility” dataset shows the limits of our method. At first glance
it seems that the proposed framework fails completely, considering the PSR
of 0%, meaning that no test run was able to reproduce the whole network
correctly. Still, on average >50% of all scans could be registered correctly. A
closer inspection reveals that the framework consistently produces two large
sub-networks which are, each by themselves, correctly aligned. However, the
connection between the two parts is weak and the system does not manage
to put them together (see Fig. 6), so only the scans in the larger part count
towards the SSR. Hence, even this seemingly catastrophic failure could in
most cases be remedied by manually identifying three correspondences.
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As a general comment along those lines, we point out that the global ver-
ification of consistency delivers explicit information about network stability,
respectively local weaknesses already during coarse registration. That is, for
each edge U in the scan graph we get not only the globally most consistent
pairwise alignment, but also whether it is included in a consistent loop, and
thus controlled by redundancy. In a practical end-user software, one can thus
automatically diagnose local weaknesses in the network, and give feedback
which alignments to manually check and correct, if necessary.

SN1

SN2

Figure 6: Registration of dataset “Facility”. The framework produces two correct sub-
networks SN1,SN2 but these cannot be registered w.r.t. each other. Red ellipses mark
the areas – visualized on the right with removed ceiling and front wall – where too many
pairwise misalignments due to very high scene complexity occur.

The registration accuracy of the correctly registered scans matches the
expectations: we generally achieve translation errors on the order of 10 mm.
Relative to the τ=100 mm resolution (voxel-grid spacing) of the input point
clouds, this amounts to ∅εt < 0.1 · τ . Notice how the lack of vertical struc-
tures affects the location uncertainty for the “Courtyard”. One can also
observe a trend that indoor scans are registered a bit more accurately in
terms of position, which appears to be caused by the larger overlap and the
presence of numerous orthogonal planes near the scanner. The inverse seems
to be true for rotations. The limited baselines in indoor spaces lead to slightly
lower rotation accuracy.

In Tab. 3 we quote the runtimes of the framework. The total time TTotal is
further divided into the different registration steps; pairwise coarse registra-
tion with K-4PCS (TPC ), global consistent coarse registration (TGC ), pairwise
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TPC in s TGC in s TPF in s TGF in s TTotal in s

“Façade” 190 ± 6 <1 8 ± 1 2 ± 0 200 ± 6
“Arch” 1030 ± 13 <1 103 ± 30 8 ± 0 1141 ± 32
“Courtyard” 342 ± 4 <1 39 ± 1 17 ± 0 398 ± 4
“Trees” 1840 ± 27 <1 40 ± 3 7 ± 0 1887 ± 28

“Office” 97 ± 7 <1 3 ± 0 1 ± 0 101 ± 7
“Facility” 3493 ± 74 2 ± 0 36 ± 11 5 ± 1 3536 ± 74

Table 3: Runtime of the current implementation in seconds. We show the total runtime
TTotal as well as the time needed for individual steps of the pipeline.

refinement with ICP (TPF ) and global optimization with LUM (TGF ).
The current system is able to register scan projects in practically relevant

time. Starting from raw scans with up to 50M points, processing times range
from less than 2 minutes for the 5 scans of “Office” to just under one hour
for the 23 scans of “Facility”. Our prototype is implemented in C/C++, but
not yet optimized for maximum speed.

The main computational burden is the pairwise coarse registration with
K-4PCS which, in the absence of additional information, has to be carried out
for all potentially overlapping scan pairs. The runtimes also clearly show how
the computational cost of pairwise coarse registration grows with decreasing
overlap. The runtime for the proposed global coarse registration is negligible,
with values ≤ 2 s. Hence verifying global consistency does not significantly
increase the runtime, while it ensures that the coarse alignment ends, as far
as possible, with a globally consistent network.

4.3. Coarse Registration Results

The main innovation of this paper is to exploit loop constraints already
at an early stage, to achieve a coarse alignment that is globally consistent
across the scan network. We therefore separately evaluate the gain through
this additional step (in the following abbreviated as GCA), compared to the
baseline of directly using the best pairwise K-4PCS registrations.

The primary goal of the global consistency check is to weed out erro-
neous pairwise registrations. As error metric we therefore use the number
of misregistered scan pairs. Coarse registration is not a goal in itself, but
only a precursor for fine registration, thus it is not trivial to decide when
the coarse orientation of two scans has been “successful”. We propose the
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following, rather conservative definition: for each coarse alignment, run an
independent fine registration with ICP; if that step converges to a low resid-
ual error, the coarse registration was certainly good enough as initialization
and is counted as correct. The error after ICP is measured by the RMSE
of pointwise residuals, evaluated at the true correspondences C? from the
ground truth.

CS =

{
1 RMSEICP(C?) ≤ 3 · σ?

0 RMSEICP(C?) > 3 · σ?
(9)

Given the definition of a successful pairwise, coarse alignment CS in Eq. (9)
we derive success CSR and error rates CER over all r trials and all scan pairs
per dataset. Throughout, we regard the pairwise registration step as a black
box and use the same default parameters. A detailed study of K-4PCS and
its tuning parameters can be found in (Theiler et al., 2014a,b).

Parameters for the graphical model are also kept constant for all datasets.
Inference is done with 1000 rounds of the Lazy-Flipper algorithm. As a
sanity check, we have compared the Lazy-Flipper to brute-force exhaustive
minimization (only for the smaller “Office”, “Arch” and “Forest” datasets).
Both methods returned the same result, while the Lazy-Flipper naturally is
a lot faster. The unary weight is set to 1

ω
= 1

2
. The unary cost for a virtual

solution is ρ=1; moreover, higher order cliques containing one or more virtual
solutions are always assigned a cost ψ = 0.6. As truncation bounds for the
loop closing error we set tpair = 0.5 m and θpair = 5◦, corresponding to the
empirical rotation and translation accuracies of unrefined pairwise K-4PCS
registration. Ordering K-4PCS candidates by their matching cost ρ is in
many cases fairly reliable. Since this is exploited by the iterative inference
scheme (cf. 3.2) we nevertheless allow for a maximum of 500 labels per vertex
xi, leading to at most 10 iterations. That number is rarely reached, because
we terminate early if all vertices are controlled by a valid loop, or if the total
energy did not decrease during 4 iterations.

Fig. 7 summarizes the results of stand-alone K-4PCS, and those after con-
sistency verification (GCA). We distinguish between correct pairwise align-
ments (green) and misalignments (red), according to Eq. (9). Interpreting
the results is complicated by the fact that after the global consistency check
virtual solutions may exist. We make the two possible cases explicit: (a)
picking the virtual solution is the optimal choice (VSR), because no correct
candidate is present; or (b) the optimization chooses a virtual solution, al-
though a correct candidate would have been available (VER). The latter case
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does not harm the final registration result (pairs that have been assigned a
virtual solution are simply ignored in the subsequent MST calculation), nev-
ertheless it is not the desired outcome, in the sense that a better solution of
the consistency check would have been possible.
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Figure 7: Comparison of pairwise coarse registration (stand-alone K-4PCS) and globally
consistent coarse alignment (GCA). The most important quality measure in the overall
context is the error rate (CER, red). We furthermore show success rates (CSR, green) as
well as the fraction of virtual solutions that were returned correctly (VSR, light green) or
unnecessarily (VER, yellow).

As shown in Fig. 7 stand-alone K-4PCS already achieves CSR > 80%
even for challenging datasets such as “Arch” or “Trees” with low overlap and
complex scenery. In the case of “Office” it reaches 99% (i.e. 10 misaligned
scan pairs out of 1000), in spite of a high degree of symmetry. The limits
of pure pairwise registration are again illustrated by “Facility” with only
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CSR ≈ 58%, due to complicated tube structures and obstacles that impair
the repeatability of the keypoints.

We go on to compare these results to those after GCA. Most importantly,
the loop constraints consistently reduce the number of misaligned pairs: CER
decreases significantly, in most cases to less than half of the value before
GCA. The biggest part the improvement (1<VSR< 11 percentage points)
comes from identifying pairs without any suitable candidates, and correctly
assigning the virtual solution. Moreover, CSR improves up to 3 percent
points, which indicates that the optimization manages to uncover “hidden”
candidates which are present, but not ranked first in terms of pairwise cost
ρ. On the negative side, the global coarse registration is not able to eliminate
all pairwise errors, as evidenced by the remaining CER. For four out of the
six datasets only a small amount of errors remain (< 4%), whereas a much
larger fraction of wrong pairs survive for “Arch” (15%) and “Facility” (21%).
We found two different sources for these errors:

(A) Pairwise K-4PCS generates too few correct alignments. As more and
more pairs have no correct candidates (and need a virtual solution), we
also lose loop constraints, until eventually the network fragments into
parts that are not connected by valid loops. In such cases (e.g. present
in “Facility”) the optimization can base its decisions only on the unary
ρ, and the potential gain (locally) vanishes.

(B) The optimization yields pairwise alignments which are globally consis-
tent, but not accurate enough to let ICP converge to the ground truth.
That case is the reason for most of the remaining errors. It is particularly
prominent for “Arch”, where the convergence radius of ICP appears to
be particularly small, perhaps due to low overlap in combination with
repetitive structures and scanning artefacts.

We point out that in the overall framework the MST can compensate quite
a few type (B) errors – see results for “Arch” in Sec. 4.2. Note, the inverse
problem to (B) can occur, too. The behaviour of ICP is data-dependent, and
in some cases candidate transformations exceed the consistency tolerance and
are dropped, although they would have sufficed as initialization. Such cases
inflate VER at the cost of CSR.

To summarize, the graph-based global coarse alignment significantly re-
duces pairwise misalignments that occur with unchecked pairwise registra-
tion. A small amount of errors remain undetected, mainly because of roughly
consistent alignment that are too far off for ICP refinement.
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Empirically, the crucial parameters of the graphical model are the es-
timated translation and rotation uncertainties tpair, θpair of a (coarse) pair-
wise transformation, which are needed to compute the higher-order terms
(cf. 3.2). We therefore conduct additional tests for varying accuracies tpair∈
{1 m; 0.5 m; 0.25 m; 0.125 m} and θpair∈{10◦; 5◦; 2.5◦; 1.25◦}.The correspond-
ing success and error rates on the “Façade” and “Trees” data are shown in
Fig. 8. Experiments on further datasets yield similar results and conclusions.
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Figure 8: Influence of the a-priori transformation accuracy on the success and error rates
of “Façade“ (left) and “Trees“ (right). Transformation accuracies are given relative to the
standard parameter tpair=0.5 m and θpair=5◦.

Fig. 8 reveals a clear influence of the transformation accuracy on the dif-
ferent evaluation criteria. In case of high uncertainty [1 m; 10◦] (equals “2x”)
we achieve a similar number of correct pairwise alignments as with our de-
fault values (“1x”) but at the same time more misalignments slip through.
Fewer virtual solutions are chosen, which increases the chance of error type
(B). With the default values [0.5 m; 5◦] the CSR can be retained, while re-
ducing the CER to ≈ 3%. Further decreasing the thresholds continues to
improve VSR and hence reduces CER. Simultaneously, the rate of unneces-
sary rejections VER strongly increases, at the cost of CSR.

In case of “Trees” the trend flattens with [0.125 m; 1.25◦] (1
4

of the de-
faults), since there are hardly any consistent loops left, and the graphical
model degenerates to an expensive way of picking the pairwise registration
candidates with the lowest costs.
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In short, stricter tpair and θpair will, as expected, reject more misalign-
ments and increase VSR. But as an unwanted side effect they also reject
many correct alignments and strongly increase VER at the cost of CSR.
The proposed default values appear to be – at least for our scan data – a
reasonable trade-off to filter most misalignments while avoiding unwarranted
rejections that weaken the network.

5. Conclusions and Outlook

We have described a complete framework for automated, marker-less reg-
istration of multiple TLS point clouds into a common coordinate system. A
unique feature of the proposed framework is the addition of a coarse global
registration step. Like most multi-scan registration methods we start with
pairwise coarse alignment, in our case via K-4PCS. However, rather than
commit to a single best solution for each pair, we retain a list of candidate
solutions. Then, still at the level of coarse registration, we set up a graphical
model to make explicit use of the redundancy afforded by loops of three or
more scans in the network. By discrete inference in the graphical model, we
pick one of the candidate transformations for each scan pair, such that the
alignment is globally consistent throughout the scan network. The global
consistency check ensures that the starting values for the subsequent refine-
ment are reliable (“robustness through redundancy”), at negligible compu-
tational cost. Refinement with pairwise ICP and global LUM completes the
registration pipeline.

Experiments on six different datasets demonstrate that the framework
is applicable to challenging, realistic TLS projects, in most cases reaching
success rates of 90% − 100%. Final registration residuals are around 1 cm,
corresponding to the expected uncertainty of the raw scan data, respectively
10% of the point cloud resolution after voxel-grid sampling. The computation
time depends mainly on the amount of overlap between individual scans.
With the current prototype implementation it ranges from less than two
minutes for 5 scans of an indoor project to just below an hour for the most
difficult dataset with 23 unordered scans of medium overlap.

The main source of registration failures is the initial pairwise coarse reg-
istration. In complicated cases that step still misses too many correct trans-
formations to build up consistent loops. Since the proposed global coarse
registration is based on loop constraints, it cannot improve the results in
their absence. Thinking about a practical deployment in an user software,
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the global consistency check has the convenient property that, even if it fails,
it still provides information about the location of the problem. It is thus in
any case a suitable basis for semi-automatic procedures with self-diagnosis.

A smaller number of failures remain due to the brittleness of ICP. I.e.,
coarse alignment in principle succeeds, but the subsequent refinement fails,
in spite of a reasonable initialization. We see two main strategies to ad-
dress these irksome failures; either use a more accurate coarse registration or
apply a less delicate fine registration. The first option appears less attrac-
tive, because it shifts computations to the coarse stage that need high point
density. This is against the philosophy of a coarse initialization, and would
almost certainly slow it down a lot. The second option goes in the direction
of robust ICP variants (e.g. sparse ICP, Bouaziz et al., 2013). Although we
do take standard measures like truncating the point-to-point distances and
multiscale computation, an even more sophisticated fine registration scheme
is certainly desirable. Unfortunately, no clear standard has emerged yet.

On a general note, our framework is designed for unfiltered TLS point
clouds with outliers (e.g., moving objects, multipath effects). Such gross
errors are sometimes removed prior to registration which potentially increases
the chance of ICP converging to the desired minimum, but we purposely avoid
such preprocessing. Arguably, cleaning individual scans requires a greater
amount of user input than manual registration, or strict assumptions about
the observed scene.
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