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Abstract—As 3D point cloud acquisition sensors become increasingly prevalent in urban environments (e.g., LiDAR sensors
for autonomous vehicles), the need arises to find efficient ways to
align large amounts of such 3D data, often in real-time. In this
work, we propose a novel method for 3D point cloud registration
refinement in an urban environment (e.g., between Terrestrial
LiDAR Scans - TLS - and Airborne LiDAR Scans - ALS),
assuming an initial coarse registration is available. The proposed
method is based on estimation of the direction of gravity, wall
detection, projection of the point clouds on a perpendicular
horizontal plane, and conversion into 2D edge-maps. Then, two
methods are considered for alignment between the 2D edgemaps: a 2D variant of the well-known ICP (Iterative Closest
Point) algorithm, and Edge-Map Phase-Correlation (EMPC).
We demonstrate the usefulness of the proposed methods for
registration in this challenging task, where the 2D variant of
ICP achieves a meaningful advantage over 3D ICP in terms of
runtime, while maintaining comparable registration accuracy.
Index Terms—ICP, LiDAR, Phase-Correlation, 3D point cloud,
Registration, Urban environment

I. I NTRODUCTION
In recent years, sensors for acquisition of 3D data, such as
LiDAR scanners or stereo cameras, have been used in various
applications, such as 3D urban modeling, topographic surveying, cultural heritage sites preservation, precision agriculture,
robotic navigation, and especially, in autonomous driving.
Since LiDAR scanners, such as those mounted on autonomous
vehicles, often acquire very large volumes of 3D data (e.g.,
hundreds of thousands or even millions of points per second),
the need arises to efficiently align such 3D data, often in realtime.
In this work, we consider the challenge of rigid registration
refinement, or alignment in the same coordinate system, of 3D
point clouds acquired in an urban environment from terrestrial
and airborne viewpoints. Given a large-scale ”global” point
cloud (e.g., a result of Airborne LiDAR Scanning of a city),
a ”local” point cloud (e.g., a result of Terrestrial LiDAR
Scanning, using a sensor mounted on a ground vehicle), and
an initial ”coarse” alignment between them, our goal is finding
a transformation (with 6 DoF - Degrees of Freedom - 3
for rotation and 3 for translation), that will refine the initial
registration as accurately as possible in a computationally
efficient way.
An initial coarse registration between the TLS and ALS
clouds is obtained by the viewpoint-dictionary-based method,
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proposed in [1], in which the global point cloud is converted into a dictionary of viewpoints, and each viewpoint
is characterized by its geometric view of the environment - a
panoramic range image. Then, given a local cloud, an efficient
dictionary search is performed, based on Phase-Correlation
between panoramic range images, quickly finding likely initial
registrations between the local and global clouds.
This is followed in [1] by a registration refinement step,
using the well-known Iterative Closest Point (ICP) algorithm [2], iteratively minimizing a cost function defined over
nearest-neighbor pairs of points between two 3D point cloud.
However, it was found in [3] that the registration refinement
step in this scenario consists, on average, of 80% of the total
registration time per local cloud. Thus, we set out in this work
to improve the computational efficiency of the registration refinement step, without compromising on registration accuracy.
II. P ROPOSED METHOD
In this section, it is assumed that an initial coarse registration
between the point clouds is available - e.g., using [1].
The proposed method is based on taking advantage of the
typical structure of urban scenes in order to efficiently refine
the registration between two 3D point clouds (a local cloud and
a global cloud) by first converting them into 2D edge-maps.
Fig. 1 shows a block diagram of the process used to convert
both clouds into edge-maps. The following subsections (II-A
- II-D) will expand on each of the algorithmic steps shown
in the diagram. We note that both the global and local clouds
may be downsampled, using a voxel-grid (as done in [1]),
before their conversion to edge-maps. In the diagram, gravity
direction estimation is applied only to the local point cloud,
as it is assumed that the global cloud is already given in a
reference frame in which the z-axis is aligned with the negative
gravity direction. If this is not so, the gravity estimation step
can be used on the global cloud as well.
After converting the clouds into edge-maps, the edge-maps
are aligned in order to find the translation (∆x, ∆y) and
rotation angle in the xy-plane (∆φ) necessary for refining
the registration between the original 3D point clouds. When
aligning the edge-maps, only the relevant part of the global
edge-map is used, according to the previously found initial
(coarse) registration (see green square in Fig. 2). As described
in subsection II-E, we consider two methods for edge-map
alignment: Edge-Map Phase-Correlation (EMPC) and Edgebased 2D ICP.
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A. Normal vector estimation

Fig. 1. Block diagram of the edge-map creation process employed on both
the global cloud and local cloud.

This step involves computing a normal vector ni for each
point pi in the point cloud, where i ∈ {1, 2, ..., Npts } and Npts
is the number of points in the cloud. Normal vector estimation
was done based on the work of Hoppe et al. [4], using PCA
on a neighborhood (N hoodk (pi )) of the k-nearest-neighbors
of each point pi (e.g., k = 30). For each such neighborhood
the covariance matrix Ci is computed and its eigenvector that
correspond to the smallest eigenvalue is selected as the normal
vector ni . As discussed in section II-B, the sign of the normal
vector is not important in our proposed method, so there is no
need to make sure normal vectors on the same ”surface” have
the same orientation.
B. Gravity vector estimation

Fig. 2. Block diagram describing the framework used for local-to-global
edge-map alignment.

We note that in general, rigid registration between two 3D
point clouds requires finding a transformation with 6 DoF. By
aligning 2D edge-maps we may find only 3 DoF (two for
translation - ∆x and ∆y, and one for rotation - ∆φ). The 3
missing DoF are ∆z, ∆θ (Pitch, rotation around the y-axis),
and ∆ψ (Roll, rotation around the x-axis). The two missing
rotation angles are accounted for by rotating the clouds (both
local and global, if necessary), such that the z − axis is
aligned with the negative direction of the gravity vector,
whose estimation is described in subsection II-B. Since in this
section we use an initial registration found by the viewpointdictionary-based method presented in [1], ∆z is assumed to be
known because the grid viewpoints are set at a distance from
the ground that corresponds to distance of the local LiDAR
sensor from the ground. The assumption that ∆z is known
typically holds when the ground slope angle is relatively low
(e.g., lower than 10o ). In scenes were the ground slope may
be larger, ∆z may be estimated, after solving all the other
DoF, by matching the ground surface of the local cloud to the
ground surface of the relevant part of the global cloud.
We note that the algorithmic steps described in the following
subsections (II-A - II-D) can be used in the same way either
on a local cloud or on a global cloud.

The purpose of this algorithmic step is the estimation of
the gravity vector from a given 3D point cloud, acquired in
an urban scene. The point cloud can then be transformed to a
new reference frame (by rotation, changing the pitch and roll
angles), such that the new z-axis is aligned with a direction
that is negative to the estimated gravity vector. This step can
be used in the same way on either a local cloud or a global
cloud, but is described here for a local cloud.
The estimation is based on the following assumptions:
• The angle between the positive z-axis unit vector (ẑ) of
the original reference frame, in which the point cloud is
given, and the negative gravity unit vector (−ĝ) is smaller
than θmax (e.g., 20o ). We assume this holds true in most
urban environments, since the local sensor is mounted on
a vehicle and the road slope angle at which the vehicle
can be found is typically lower than 19o (see [5]).
• Each local cloud contains points sampled on at least two
walls that are non-parallel and their normal vectors are
perpendicular to the direction of gravity.
The first step involves the selection of all the points in the
cloud pi (and their corresponding normal vectors ni ), that may
belong to walls, according to the following criteria:
• The angle between the normal vector ni and the z-axis is
about 90o , up to a difference of θmax , that is: |^(ni , ẑ) −
90o | < θmax .
• The surface variation of the neighborhood of the point pi ,
λi,3
(using the eigenvalues
defined in [6] as
λi,1 + λi,2 + λi,3
of Ci where λi,3 ≤ λi,2 ≤ λi,1 ), is lower than a threshold
value τ (e.g., 0.05), and hence is likely to belong to a
mostly flat or slightly curved surface.
Next, the selected normal vectors are used to create an
Extended Gaussian Image (EGI) [7], in order to detect dominant normal vector orientations of walls in the cloud. For that
purpose, the normal vectors are mapped to the unit sphere,
and their orientations are discretized, using a grid with pixel
size β × β (e.g., β = 0.5o ), defined over the azimuthelevation angular space (azimuth: φ ∈ [0o , 180o ], elevation:
θ ∈ [−θmax , θmax ]). The azimuth angle is limited to a 180o
domain (instead of 360o as in [7]), by multiplying by −1 each
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normal vector whose azimuth angle is outside that domain. The
normal vectors are accumulated into the angular grid according
to their orientations such that a pixel with a high value in
the EGI corresponds to a dominant normal vector orientation
in the scene. In order to detect the dominant normal vector
orientations in the scene, M largest local maxima in the EGI
are selected (e.g., M = 10), where a circular neighborhood
with radius r = 2β is used to detect the maxima. For each
of the selected maxima, an equivalent normal vector n̄j is
computed as its mean normal vector, where j ∈ {1, 2, ..., M }.
In order to find the estimated gravity vector (ĝest ) in the
scene, a RANSAC-like algorithm is used, where in each
iteration a pair of local maxima are selected and used to
estimate ĝest . In contrast to RANSAC, the pair of maxima
is not selected randomly but in a deterministic manner, such
that all possible pairs are tested. This is feasible due to the
relatively low number of dominant wall orientations in the
scene. For example, if M = 10 than the total number of unique

M!
pairs of maxima is M
2 = 2!(M − 2)! = 45.
In each iteration the following operations are performed:
1) A pair of local maxima is selected. The two maxima are
associated with two mean normal vectors: n̄j1 and n̄j2 .
2) An estimated gravity vector is computed, using a crossproduct: ĝest = n̄j1 × n̄j2 .
3) The number of inliers is counted, where an inlier is
defined as a normal vector ni where |^(ni , ĝest )−90o | <
2β.
Finally, the selected estimated gravity vector ĝest is the one
with the most inliers, and the cloud is rotated such that the
z-axis of the new reference frame is aligned with −ĝest . An
example of a gravity vector estimation result for a TLS local
cloud is shown in Fig. 3.

Fig. 3. Example of a gravity estimation result (ĝest - arrow pointing down,
shown in blue) for a TLS local cloud. Normal vectors possibly belonging
to walls are mapped to points on the unit sphere. The red and green lines
represent two of the most dominant normal vector orientations in the scene.

C. Wall detection
After the local cloud’s reference frame has been corrected
based on the estimated gravity vector, wall detection takes

place, based on the possible-wall-points found in subsection II-B. Out of these, only the points whose normal vector
n is perpendicular to the estimated gravity direction up to an
angle of 2β (where |^(n, ĝest ) − 90o | < 2β), are considered
to belong to a wall.
D. 2D projection and edge-map creation
In this step, the previously detected wall-points are first
rotated (around the z-axis), according to a coarse registration,
found in our case using the viewpoint-dictionary-based method
from [1]. They are then projected onto the x, y-plane, in order
to create a binary edge-map, where ”1” represents the presence
of a wall and ”0” represents its absence. A square pixel grid
is defined over the x, y-plane where the size of each pixel
is d × d (e.g., d = 1/3m). The initial occupancy map is
created by setting the value ”1” in each pixel that contains
at least one projected wall-point. In order to improve edge
continuity, a dilation operation is applied to the occupancy
map, using the MATLAB function ”imdilate” [8], with a disc
structuring element with a radius of 3d. Next, in order to avoid
”thick” edges that may later result in decreased registration
refinement accuracy, a thinning operation is used, based on
MATLAB’s function ”bwmorph” [9]. Finally, connected components whose ”length” is shorter than 2m are removed, using
8-adjacency. The ”length” of a connected component is defined
as the major axis of the ellipse that has the same normalized
second central moments as the connected component.
E. Edge-map alignment
As described in Fig. 2, given a local edge-map and the
coarse registration of its corresponding local cloud to the
global cloud, only the relevant part of the global edge-map
is used for alignment. This part of the global edge-map is of
the same size as the local edge-map, and its center is set as
the x, y coordinates of the local sensor according to the coarse
registration. Next, given the local edge-map and the relevant
part of the global edge-map we seek to find the translations
∆x, ∆y and the rotation angle ∆φ, that correspond to the
alignment of the two edge-maps. Two different approaches
for edge-map alignment were considered: Edge-Map PhaseCorrelation (EMPC), and Edge-based 2D ICP. Both methods
are briefly described here and their registration refinement
results are compared in section V to each other, as well as
to the widely used 3D ICP refinement method [2].
1) Edge-map alignment using Phase-Correlation: This
method for image alignment is based on the work of Reddy
and Chatterji [10], regarding image registration using phasecorrelation. In general, this method allows finding the translation, rotation and scale factor between two images, but in our
case both edge-maps are given in the same scale (in both edgemaps, the ”physical” pixel size is d × d), so we aim to find
only the translation and rotation between them. Fig. 4 shows
a block diagram of the process for aligning two edge-maps
based on two phase-correlation steps.
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Fig. 4. Block diagram of the Edge-Map Phase-Correlation method (EMPC),
used for aligning two edge-maps.

2) Edge-map alignment using 2D ICP: Another approach
we considered for edge-map alignment is based on converting
the edge-maps into 2D point clouds (or ”edge-clouds”), and
finding a registration between them using a 2D version of the
well-known ICP algorithm [2]. Conversion of an edge-map
into a 2D point cloud is done by placing a point at the center
of each edge-map pixel whose value is ”1”.
Then, a standard 2D version of ICP [2] is used with
two modifications whose purpose is avoiding outlier pairs of
corresponding points, since outlier detection was not explicitly handled in [2]. Other outlier removal methods, such as
described in [11], are possible as well.
Firstly, on the initial iteration, nearest-neighbor point-pairs
are considered inliers if the distance between them, D, is
smaller than a threshold value that depends on the distance
r between the local edge-cloud point and the origin (its
distance from the local sensor). For inlier pairs: D < 2dgrid +
2r sin(α/2), where dgrid (e.g., 3m) and α (e.g., 4o ) are the
viewpoint grid distance and panoramic range-image angular
resolution, used in the viewpoint-dictionary-based registration
method from [1]. This upper bound on D is a result of the
triangle inequality, under the following assumptions: (a) the
distance between the ground truth local sensor location and the
selected grid viewpoint is smaller than 2dgrid , (b) the coarse
registration azimuth error is smaller than α. The purpose of
this bound is to take into consideration that a rotation error in
the coarse registration causes larger location errors for points
that are far from the local sensor, and thus not filtering out
useful point-pairs in the first ICP iteration.
Secondly, on the other iterations, inlier point pairs are those
where: D < Dmax (e.g., Dmax = 2.5m).
III. E XPERIMENTAL SETUP
The global cloud used to test the proposed registration
refinement methods is an ALS cloud, acquired in an urban
environment (Vancouver, Canada), that covers an area of approximately 1km2 . A set of 94 local clouds (TLS) is also used,
such that each cloud fulfills our assumptions from section II-B:
the local road slope is lower than θmax = 20o , and each local
cloud contains points sampled on at least two non-parallel
walls, whose normal vectors are perpendicular to the gravity
vector. Fig. 5 shows the global cloud and the ground truth
local sensor locations.

Fig. 5. A top view of the global cloud used for testing the proposed
registration refinement methods. The ground truth local sensor locations of
the 94 local clouds are shown in green.

The overall registration process uses the viewpointdictionary-based method [1] for finding coarse registrations
between the local clouds and the global cloud (the same set
of parameters is used as in [1]). Then, registration refinement
is carried out in three separate ways: 3D ICP (for comparison),
Edge-Map Phase-Correlation (EMPC), and Edge-Based 2D
ICP.
IV. G RAVITY ESTIMATION RESULTS
In this subsection, gravity vector estimation results, achieved
using the method described in section II-B, are presented.
The gravity direction error eg is defined as the angle between
the estimated gravity vector ĝest and the ground truth gravity
vector ĝgt : eg = arccos (ĝest · ĝgt ).
Fig. 6 shows a comparison of the gravity direction errors
before and after the correction described in section II-B. Before correction, ĝest is assumed to be the same as the negative
direction of the z-axis in each of the 94 local cloud. As can
be seen in Fig. 6, the proposed gravity vector estimation and
correction reduces the errors by approximately an order of
magnitude (mean, STD, and max. error). For example, the
mean gravity direction error is reduced from 2.60o (before
correction) to 0.23o (after correction).

Fig. 6. Comparison of gravity direction errors before (blue) and after (orange)
gravity vector estimation and correction. The errors were computed over 94
TLS clouds.

V. R EGISTRATION REFINEMENT RESULTS
A comparison of the registration results achieved by the
three methods (3D ICP, EMPC, and Edge-Based 2D ICP),
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TABLE I
C OMPARISON OF REGISTRATION RESULTS OF 3D ICP WITH THE PROPOSED METHODS : E DGE -M AP P HASE -C ORRELATION (EMPC), AND E DGE -BASED
2D ICP.
Registration
Refinement Method
3D ICP [2]
Edge-Map
Phase-Correlation
(EMPC)
Edge-Based
2D ICP

Localization
Error [m]
Mean STD Max
0.40
0.20
1.13

Mean
0.67

RRE
[deg]
STD
0.30

Max
1.73

Runtime
[sec]
Mean STD
Max
1.62
0.35
2.71

0.57

0.45

3.21

0.98

0.76

5.65

0.46

0.02

0.54

0.40

0.21

1.09

0.60

0.38

1.61

0.44

0.08

0.83

over the 94 TLS clouds, is shown in Table I (error statistics
and runtime comparison). Registration accuracy is measured in
terms of the local sensor’s localization error and RRE (Relative
Rotation Error), which is the sum of absolute Euler angles of
the error rotation matrix [12]. As can be seen in Table I, 3D
ICP and the Edge-Based 2D ICP method achieve comparable
localization error (mean error is 0.40m for both methods),
while in terms of RRE, the Edge-Based 2D ICP method
achieves slightly better results (mean RRE of 0.60o instead of
0.67o ). The EMPC method achieves less accurate registration
results, especially due to exceptional cases, where the local
edge-maps have a low number of edges (small number of walls
in the scanned scene).
The runtime of all the compared registration refinement
methods was measured for all of the 94 local clouds (MATLAB implementations, run on PC with i7-5820K CPU @
3.30GHz). For the proposed edge-based methods (EMPC and
2D ICP), the runtime measurements include the local cloud
normal vector estimation, gravity estimation and correction,
wall detection, edge-map creation, and finally, edge-map alignment. As can be seen in Table I, the Edge-Based 2D ICP
method achieves a meaningful improvement (by a factor of
3.7) in runtime over the widely used 3D ICP method, without
compromising registration accuracy. The mean runtime of 3D
ICP was 1.62sec (STD=0.35sec), while the mean runtime of
the Edge-Based 2D ICP method was 0.44sec (STD=0.08sec).
This demonstrates the advantage of the proposed Edge-Based
2D ICP method over 3D ICP for registration refinement of 3D
point clouds acquired in a typical urban environment, under
the assumptions from section II-B.
VI. C ONCLUSION
In this work, we proposed a novel approach for 3D point
cloud registration refinement in an urban environment, based
on 2D edge-map alignment. In addition, a gravity direction
estimation algorithm for 3D urban point clouds was presented. It was shown, using a challenging dataset of TLS and
ALS clouds, that the proposed registration refinement method
achieved a meaningful reduction in runtime in comparison
to the widely-used (3D) ICP algorithm, while maintaining
comparable registration accuracy (see section V). Other than
3D urban modeling and autonomous vehicle localization, we
believe the proposed methods could prove useful also in
indoors scenarios, such as robot localization and mapping.
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