M2DP: A Novel 3D Point Cloud Descriptor and Its Application in Loop
Closure Detection*
Li He1 , Xiaolong Wang2 and Hong Zhang1
Abstract— In this paper, we present a novel global descriptor
M2DP for 3D point clouds, and apply it to the problem of
loop closure detection. In M2DP, we project a 3D point cloud
to multiple 2D planes and generate a density signature for
points for each of the planes. We then use the left and right
singular vectors of these signatures as the descriptor of the 3D
point cloud. Our experimental results show that the proposed
algorithm outperforms state-of-the-art global 3D descriptors in
both accuracy and efficiency.

I. INTRODUCTION
Over the past decade, the Simultaneous Localisation and
Mapping (SLAM) problem has received considerable attention. An important issue in SLAM is loop closure detection,
i.e., whether a robot has returned to a previously visited
location. Compared with visual loop closure detection, lidarbased loop closure detection has not received significant
attention in spite of its robustness to illumination changes and
high accuracy in localization. For lidar-based loop closure
detection, it is essential to be able to match two point clouds
generated from a lidar sensor.
In general, there are two categories of methods for point
cloud matching. The first category is the point-to-point
matching, which operates directly on the point clouds. Popular methods in this category include the iterative closest
points (ICP) [1] and its variants [2] [3], in the case when
two point clouds are already roughly aligned. For recovering
larger motion between two point clouds, one can resort to
the 4-Points Congruent Sets (4PCS) [4], the Super-4PCS [5],
the Congruent Pyramids method [7] and the 2D-3PCS [6]. In
contrast, the second category of point cloud matching methods generates one global descriptor for a cloud, and estimates
the similarity between clouds by comparing their descriptors.
Compared with point-to-point methods, matching methods
in this latter category have the important advantages in
storage and descriptor matching efficiency. Motivated by its
success in 2D image matching, the bags-of-words (BoW)
[20] method is a possible way in describing a 3D cloud. BoW
first calculates local descriptors of key points, and vectorquantize the local descriptors into words of a dictionary that
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has been constructed off line. The histogram of the words is
used as the descriptor.
One problem for bags-of-words is the complexity of
vector quantization, or the clustering of local descriptors.
Secondly, the local descriptors are typically constructed from
surface normals in a support neighborhood to capture the
local geometry when much of a robot environment often
shares similar local geometric characteristics. Furthermore,
to handle the large number of points in one cloud, local
descriptors are always calculated only on selected local key
points. However, the detection of distinctive key points with
high repeatability is still a challenging problem in 3D point
cloud analysis.
In addition to bags-of-words, other global descriptors exist
such as Viewpoint Feature Histogram (VFH) [12], Clustered
Viewpoint Feature Histogram (CVFH) [13], Ensemble of
Shape Functions (ESF) [14] and Small-Sized Signatures (Zprojection) [15]. Compared with the bags-of-words method,
these global descriptors that do not require local key point
detection have a lower complexity in descriptor computation.
In this paper, we propose a novel global point cloud
descriptor, named multiview 2D projection or M2DP, for
describing a 3D point cloud and we apply it to the problem
of lidar-based loop closure detection. Unlike most existing
methods that perform analysis on a point cloud in the 3D
space, we first project the 3D points to a series of 2D
planes representing different viewpoints of the cloud. By
characterizing the projection of the points in terms of its
spatial density distribution on a plane, we obtain many such
density distributions or signatures of a single cloud. We
then use the first left and right singular vectors of these 2D
signatures as the descriptor.
The rest of this paper is organized as follows. Section II
briefly reviews some related works. Section III introduces
the proposed multiview 2D projection method. Section IV
presents experimental results of the proposed descriptor in
the loop closure detection task. Conclusion is drawn in
Section V.
II. R ELATED W ORKS
Point cloud descriptors, describing either local or global
shape of a point cloud, can be categorized into two classes,
signatures and histograms [8]. Signatures split the support
region of a point into indexed bins by defining an invariant
local reference axis or frame. Inside each bin a signature
method computes one or more geometric measurements,
such as the number of points, the normals, and encode the
information from that bin. Histograms generate counts of

the trait values on each point or a subset of points, and
concatenate these counts the descriptor.
One of the first algorithms among signature methods is
Structural Indexing (SI) [18]. SI constructs a representation
from either a 3D curve or a splash according to the 3D
support. The former generates the curve from points and
encodes the angles between consecutive segments of the
edges of the curve, while the latter takes into account the
local distribution of surface orientations along a circle. The
3D SURF [19] extends the popular 2D SURF descriptor to
3D data by voxelizing the 3D mesh and defining the saliency
of each voxel by the Haar wavelet response.
More recently introduced descriptors mostly fall under the
histogram class. Spin Image [9] employs a cylinder support
around a keypoint. This cylinder is then divided radially
and vertically into volumes, and the number of points lying
inside each volume is counted. VFH [12] consists of two
steps in its construction. First VFH finds the viewpoint
direction to ensure rotation invariance. Then, VFH counts
the angles between points normal to this direction and bins
angles into an histogram. To improve the robustness of VFH
against occlusion, CVFH [13] first divides the whole cloud
into smooth regions. Then, CVFH uses the region’s average
normal and centroid to compute the VFH descriptor. SmallSized Signatures [15] is a simple method focusing specially
on the problem of loop closure detection with lidar data. It
first calculates the normals of all points, and then bins the
components along the z-axis of normals into a histogram
as the descriptor. VFH, CVFH and Small-Sized Signatures
all require a pre-processing step to compute the normals
of all points. The ESF [14] method avoids the normal
calculation by using only shape properties - distances, angles
and areas - in defining a descriptor. ESF uses a voxel grid to
approximate the real surface, iteratively samples three points
and computes the shape properties. SHOT [8] can be seen as
a hybrid of signature and histogram methods. SHOT splits
a sphere that is centered at a keypoint into several bins, and
collects the histogram of normal angles in each bin to build
the descriptor. Finally, 3D-Normal Distributions Transform
(NDT) [24][25] divides the 3D space into a regular grid of
cells. Each cell is classified into one of the three classes,
linear, planar or spherical, according to the covariance matrix
of that cell. By counting the number of cells that belong
to one class, NDT takes the histogram of classes as the
descriptor of one point cloud.
Most existing methods utilize normals of points in constructing their 3D descriptors. For point clouds with noisy
data, it is often difficult to obtain an accurate normal for one
point. For normal-free methods, such as Spine Image or ESF,
the lack of spatial information in these descriptors prevents
them from capturing intricate details in different clouds. In
this paper, our goal is to build an efficient and accurate
descriptor for 3D point clouds that is easy to compute and
able to capture local geometric details of a point cloud, two
properties that are important in loop closure detection.

III. M ULTIVIEW 2D P ROJECTION A LGORITHM
Although there are many local/global descriptors which
have been successfully employed in cloud-based object
recognition/detection tasks, it is still a challenge to strike
a good balance between accuracy and efficiency for solving
loop closure detection task by a 3D descriptor.
A. Algorithm Overview
Our point cloud descriptor is of the signature type. To gain
a brief understanding of the proposed method, we start from a
two-view example to explain M2DP and then extend the idea
to more than two views. Consider a 3D point cloud P and
two projection 2D planes X and Y and denote the projected
points of P onto X and Y as Px and Py , respectively. With
the assumptions that X and Y are not parallel and that no
occlusion occurs in projection, we are able to reconstruct
P from Px and Py and the angle between X and Y . By
deriving a signature of Px as vx and one of Py as vy ,
we can represent P by a signature matrix A = [vxT vyT ]T .
Thus, we can match two point clouds by comparing their
signature matrices. By increasing the number of projection
planes, we obtain an enlarged signature matrix A. To achieve
a compact signature, we can employ SVD for dimensionality
reduction. In our current implementation, we use the first
left and right singular vectors of the signature matrix A as
a concise description of a point cloud. Details of the M2DP
algorithm are described in the next three subsections, and
the M2DP algorithm is summarized in Fig. 1.
B. Pre-processing of a Point Cloud
In loop closure detection, it is essential for the descriptor
to be invariant to shift and rotation in 3D space. To ensure
shift-invariance, we first use the centroid of the input point
cloud as the origin of the descriptor reference frame. This
approach can be found in many global descriptors, such as
VFH and CVFH.
Once the point cloud is shifted with a zero mean, we
further perform PCA on the points, and define both x-axis
and y-axis of the descriptor reference frame by the first and
second PCs. This step assumes that each point cloud has two
dominant directions, and it allows us to align coarsely the two
point clouds being matched along these dominant directions.
This assumption is easily satisfied in our application of loop
closure detection. Thus, we use PCA to align input clouds
to achieve rotation invariance.
C. 2D Signature of a Single View
After pre-processing, we move on to generate several 2D
signatures, each from the projection of the 3D points to a
plane. We first define a 2D plane X with normal vector m
and require X to pass through the origin. Since the normal
vector m is characterized by its azimuth angle θ and elevation
angle ϕ, the pair of parameters [θ, ϕ] will lead to a unique X.
We project the cloud, as well as the centroid and the x-axis
in 3D space, onto X with parameters [θ, ϕ].
To capture the structure of points on X, we divide the 2D
plane into bins. Centered at the projected centroid, we first

Fig. 1: Framework of the proposed M2DP method

Algorithm 1 M2DP Algorithm
INPUT: Point cloud P , number of concentric circles l,
number of bins for each circle t, number of 2D planes along
the azimuth p, and number of 2D planes along the elevation
q.
OUTPUT: A (pq + lt)-vector d for point cloud P
1:
2:
3:

4:
5:
6:

7:

8:
9:
10:
11:
12:
13:
14:
15:

Compute the centroid of point cloud P , P̄ = mean(P ).
P ← P − P̄ .
Compute the PCA of P . Align the x-axis with the first
PC. Align the y-axis with the second PC. Initialize a
pq × lt matrix A with zero values.
for θ = 0 to π do
for ϕ = 0 to π2 do
Construct a 2D plane X with normal vector express
m as a function of θ and ϕ algebraically, i.e., m =
[cos θ cos ϕ, cos θ sin ϕ, sin θ]T .
Project P and x-axis to X. Denote the projected
points as Px and the x-axis also as x-axis. For each
point ux in Px and its corresponding point u in P ,
uT m
ux = u − ∥m∥
2 m.
2
Generate the bins on X as shown in Fig. 2 with
parameters l and t.
Count the number of points of Px in each bin. Use
the counts to form a lt × 1 signature vector vx .
Augment A by a row with vx .
π
→ ϕ.
ϕ + 2q
end for
θ + πp → θ.
end for
Run SVD on A, A = U SV T . Concatenate the first left
and right singular vectors as d, d = [uT1 v1T ]T .

generate l concentric circles, with the radii [r, 22 r, ..., l2 r],
and set the maximum radius to be identical to the distance
between the centroid and the farthest point (see Fig. 2).
We then divide each ring into t bins, and index these
bins according to the x-axis. This way of dividing a plane
generates a total of l × t bins.
For every bin, similar to Spin Image, we simply count
the number of points lying inside that bin. Thus we have an
lt × 1 signature vector vx to ∑
describe the projection of the
lt
3D point cloud on X, where i=1 vx (i) = n holds.
There are several benefits of using the proposed 2D
descriptor, such as efficiency in computation and accuracy
in description as the result of avoiding the computation of
surface normals, a process that is prone to noise in input data.
Another point-count-based descriptor similar to ours is Spin
Image. Spin Image is designed to be a local shape descriptor
where a grid is built near a keypoint, and each cell in this grid
holds the weighted sum of nearby points. Since the number
of points in Spin Image is linearly interpolated and there
is only one grid in producing the descriptor, much spatial
information of a point cloud is lost through the description
process of its Spin Image.
Compared with many normal-based local/global descriptors, we do not need the calculation of point normals. The

Fig. 2: Illustration of bins in 2D plane

normal-based local/global descriptors have been successfully
applied to shape matching problems. However, the computational cost of normals on a large number of points is costly
in computation, and most normal-based descriptors often use
a downsampling step to limit the number of points. One
problem of this downsampling step is the risk of loss of
accuracy in representing the cloud. The advantage of our
method that count point numbers projected to multiple planes
gives it the ability for an accurate description of the source
point cloud, and it also has very low computational cost
compared with those that require calculating the normals.
D. Multiview 2D Projection Descriptor
We produce multiple 2D planes by employing p different
azimuth angle θs and q different elevation angle ϕs, where
π
. The
the stride on azimuth is πp and that on elevation 2q
total number of 2D planes hence is pq. For each 2D plane,
we generate a 2D signature described in the previous section,
which is a lt×1 vector. We build the pq ×lt matrix A whose
each row corresponds to one 2D signature, to represent the
cloud. We further run SVD on A, and concatenate the first
left and right singular vectors as our final descriptor.
IV. E XPERIMENTAL E VALUATION
In this section, the proposed method is validated through
experiments. We compare our proposed M2DP with five
methods: the global descriptor VFH [12], ESF [14], Zprojection [15], the local descriptor SHOT [8] and Spin
Image [9]. The proposed M2DP is implemented in Matlab
and C1 . The Z-projection method is written in Matlab, while
we use the C++ implementation of VFH, ESF, SHOT and
Spin Image in the Point Cloud Library (PCL)2 . Our platform
running these experiments is a laptop equipped with an Intel
quad-core 2.50 GHz CPU and an 8 GB RAM.
In general, there are two ways to use a local descriptor,
such as SHOT, to represent an entire point cloud. The first
is the bags-of-words method, which uses the histogram of
vector-quantized local descriptors as the global descriptor.
The second considers the whole cloud as the support of one
reference point, such as the centroid, and computes the local
descriptor with respect to this point. In our experiments, we
adopt the second way.

locations are considered as the ground truth loop closure if
their distance is less than 10m.
For each point cloud, we calculate its descriptor and search
for the nearest neighbour as the matching candidate. The ±50
(±5 for Freiburg Campus) frames before/after the current
frame are excluded from the matching process to avoid
matching neighboring point clouds. We then vary a distance
threshold on the nearest neighbour distance to determine the
match. If the distance between one frame and its nearest
neighbour is less than the threshold, we take this match as
loop closure. Using this threshold, the recall and precision
curve is generated to compare the performance of different
methods.
We compare the proposed M2DP with six other competing
methods, i.e., Spin Image, SHOT, VFH, ESF, Z-projection
and GIST [23]. GIST is employed here as a visual-based
benchmark descriptor for comparison. GIST is absent in
Freiburg Campus test because no visual image is provided
in that dataset.
All the surface normal-based methods require the parameter of the radius to calculate normals. In our experiments, this
value is set to be 5 × res, where res is the average distance
of points to their nearest neighbours in the first frame. Spin
Image requires three parameters: the radius to compute the
normal, the radius of the cylinder and the number of bins. We
set the cylinder radius to cover the farthest point, which turns
the local descriptor into a global one. We use 8 bins in Spin
Image. SHOT requires two parameters: the normal radius
and the radius to compute SHOT. Similar to Spin Image,
the second parameter is set to cover the whole cloud. VFH
only requires the normal radius as the input. Z-projection and
the ESF are parameter-free, while in Z-projection we set the
number of bins as 202. By using the default parameters, the
length of GIST descriptor is 512.
The proposed M2DP method needs to set the number of
bins for each 2D plane, or the l (number of circles) and t
(bins in one ring), and the number of 2D planes to use, or the
p (the azimuth) and q (the elevation). In our experiments, we
optimize parameters in M2DP on KITTI07 sequence and fix
the values as l = 8, t = 16, p = 4 and q = 16 for all tests.
This leads to a 64 × 128 matrix A and the final descriptor
is a 192 vector.

A. Dataset and Experimental Settings
We evaluate the proposed method using lidar data sequences in KITTI3 [22], Freiburg Campus4 and Ford Campus5 [21]. We use sequences 00, 05, 06 and 07 in KITTI
dataset. The 06 sequence (KITTI06) is a narrow oval-shaped
loop, with a total of 1101 point clouds. The number of point
clouds in 00, 05 and 07 sequences are 4541, 2761 and 1101,
respectively. Freiburg Campus consists of 77 point clouds
and Ford Campus dataset contains 3817 point clouds. Two
1 Source

code of M2DP: https://github.com/LiHeUA/M2DP

2 http://pointclouds.org
3 http://www.cvlibs.net/datasets/kitti/eval

odometry.php

4 http://ais.informatik.uni-freiburg.de/projects/datasets/fr360
5 http://robots.engin.umich.edu/SoftwareData/Ford

B. Experimental Results
In the first experiment, we employ the raw point clouds as
the input to verify the performance of competing methods.
The recall-precision curves for different methods are plotted
in Fig. 3. In addition, the recall values at 100% precision of
all methods are shown in Tab. I. Tab. II shows respectively
the time costs of generating descriptor and nearest neighbour
searching of all methods on KITTI00 sequence.
The surface normal-based descriptors, VFH, SHOT and
Spin Image, always incur a heavy computational burden for
a large cloud. As suggested in PCL, one popular solution
is to downsample an point cloud. We split the input 3D
space of KITTI06 sequence into several grids and in one
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Fig. 3: Recall-Precision curves on KITTI, Freiburg Campus and Ford Campus datasets
TABLE I: Recall at 100% precision on KITTI, Freiburg Campus and Ford Campus datasets
KITTI00
KITTI05
KITTI06
KITTI07
Freiburg Campus
Ford Campus

Spin Image
0.271
0.510
0.606
0
0.6
0.177

SHOT
0.898
0.816
0.666
0.466
0.769
0.798

VFH
0
0
0.029
0
0
0

TABLE II: Time costs of calculating descriptors and searching loop closures on KITTI00 for each point cloud in seconds
Spin Image
SHOT
VFH
ESF
Z-projection
M2DP

Calculating descriptor
1.4549
1.5279
1.5086
0.7851
0.4943
0.3598

Searching loop closure
0.0052
0.0113
0.0101
0.0177
0.006
0.0057

grid we employ the mean of points in that grid as the representative. To compare the robustness of competing methods
with respect to different downsample sizes, in the second
experiment, we set the grid size as res × [10, 20, 50, 100]
and run all competing methods on these downsampled point
clouds. The recall-precision curves are shown in Fig. 4 and
the corresponding recall at 100% precision values are listed
in Tab. III.
The third experiment focuses on the robustness of all
methods against noise. In this experiment, we add uniform
noise in [−range range] to each point location in KITTI07

ESF
0.174
0.557
0.233
0.098
0.363
0.774

Z-projection
0.456
0.513
0.737
0.383
0.714
0.702

M2DP
0.896
0.764
0.899
0.510
1
0.838

GIST
0.957
0.855
0.885
0.451
0.789

sequence, where range = res × [0.01, 0.05, 0.1, 0.2, 0.5].
We use the relative descriptor error, err, to measure the
robustness of all competing methods. Denote the descriptor
of clean data as dclean and that of noise data as dnoise . Then,
err = ∥dclean − dnoise ∥2 /∥dclean ∥2 . Fig. 5 (a) shows the
relative errors and Fig. 5 (b) illustrates the corresponding
recall at 100% precision values.
From Tab. 1-3 and Fig. 3-5, we can observe the followings:
1) The performance of VFH and Z-projection methods is
poor. Since VFH builds the histogram on the angles between
point normals and the centroid direction, it only takes the
angles into account, and the information from point locations
is hence lost. If the pdf’s of normal vectors in different
clouds are similar, as in the case of lidar clouds, the absence
of spatial information may lead to non-discriminating VFH
descriptors. As a consequence, both the recall and precision
values of VFH are very low in our evaluation. A similar
problem can be found in the Z-projection method, in which
the z-component in normal vectors is not informative enough
for matching. ESF and Spin Image methods both show
relatively good results in our experiments. However, for
loop closure detection, the recall at 100% precision of both

TABLE III: Recall at 100% precision with different downsampling sizes, KITTI06
Spin Image
0.154
0.109
0.047
0.021

SHOT
0.945
0.834
0.415
0.087

VFH
0
0
0
0

ESF
0.071
0.037
0.056
0.005
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Fig. 4: Recall-Precision curves on KITTI06 with different downsampling grid sizes

methods is not competitive with respect to SHOT and our
method.
2) SHOT shows good result as can be seen in Fig. 3, giving
a healthy balance in recall and precision. However, the recall
at 100% precision of the SHOT descriptor highly depends on
the cloud size, as shown in Tab. III. There is a notable loss
of precision if the downsampling grid size increases from
res × 10 to res × 100 in KITTI06 sequence. To use SHOT,
therefore, it is important to select the downsampling size
carefully to obtain a good balance between efficiency and
accuracy.
3) The proposed M2DP method shows its advantages in
matching point clouds among all competing methods especially with small downsampled cloud sizes. On KITTI06 with
grid size of res×50, M2DP detects most of the loop closures
(recall of 94.9%) with no false alarm (precision of unity).
The proposed method also shows its robustness against noise

in KITTI07. Finally, the computational time of generating
M2DP descriptor is the least among all the competing 3D
descriptors. Compared with the visual benchmark descriptor
of GIST, M2DP shows comparable performance in loop
closure detection tasks.
V. S UMMARY
In this paper, we have proposed a novel global descriptor,
named M2DP, for a 3D point cloud, and applied it to lidarbased loop closure detection. The M2DP descriptor is built
from the projection of the 3D point cloud to multiple 2D
planes and computation of the signatures of the cloud on
these planes before SVD is applied to reduce the dimensions of the final descriptor. Experiments on the benchmark
datasets KITTI, Freiburg Campus and Ford Campus verify
that the proposed method is superior to existing 3D point
cloud descriptors in both accuracy and computational ef-
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Fig. 5: Robustness of competing methods against noise,
KITTI 07

ficiency. This superiority is particularly pronounced when
sparse point clouds are involved. The ability to handle sparse
point clouds is an important advantage when inexpensive
lidar is used with low spatial resolution or if computational
time is a major concern. In the future, we will examine
M2DP’s applicability to other types of depth data such as
RGB-D and depth map from stereo vision.
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