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Abstract— Place recognition is essential for SLAM system
since it is critical for loop closure and can help to correct
the accumulated drift and result in a globally consistent map.
Unlike the visual slam which can use diverse feature detection
methods to describe the scene, there are limited works reported
to represent a place using single LiDAR scan. In this paper,
we propose a segmentation-based egocentric descriptor termed
Seed by using a single LiDAR scan to describe the scene.
Through the segmentation approach, we first obtain different
segmented objects, which can reduce the noise and resolution
effect, making it more robust. Then, the topological information
of the segmented objects is encoded into the descriptor. Unlike
other reported approaches, the proposed method is rotation
invariant and insensitive to translation variation. The feasibility
of proposed method is evaluated through the KITTI dataset
and the results show that the proposed method outperforms
the state-of-the-art method in terms of accuracy.

I. INTRODUCTION

To achieve accurate and robust 6 degree-of-freedom (DOF)
Simultaneous Localization and Mapping (SLAM), LiDAR
(Light Detection And Ranging) is mainly adopted due to its
robustness to illumination changes (hence can work in day
and night environment) and fine resolution to 360◦ perception
of the environment, compared to visual sensors. However,
once global positioning information is lacking, the SLAM
system will drift, resulting in a globally inconsistent map.

Reliable loop detection (or place recognition) module is
crucial for the SLAM system, it can reliably detect the loop
by comparing the similarity of any two places captured by
sensors. Benefiting from the mature technique of computer
vision, different loop closure methods are designed for visual
slam. For example, the similarity between different places
captured by camera can be calculated by means of the state-
of-art method, bag-of-words (e.g. [1], [2]), and it has shown
great success in real-world applications.

However, the relevant research of LiDAR-based loop
closure is not mature and rare. Current methods of place
recognition for 3D LiDAR mainly consists of keypoint
detection and matching [3], in either global [4] or local [5]
manners. Those methods are mainly adopted from or inspired
by computer vision methods. They can be generally clas-
sified into three categories, namely: signatures, histograms
and segmentation-based approaches. According to [6], those
existing LiDAR-based place recognition methods mainly
address two issues:
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(a) Point cloud from LiDAR. (b) Perform segmentation.

(d) The proposed descriptor: Seed.
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Fig. 1. The illustration of the proposed LiDAR-based descriptor (Seed)
framework. The workflow is illustrated as (a) to (d). (a) The original point
cloud of single LiDAR scan; (b) The segment result after processing the
original point cloud; (c) One example to show how to design the descriptor.
Based on the knowledge that the relative distance between segmented objects
are both translation and rotation invariant, we select one segmented object
as “primary” object (S1 for example), then project the relative distance with
respect to other objects into different cells, where Ci j denotes the relative
distance between Si and S j . The following projection is similar to scan
context; (d) Visualization of related descriptor.

1) Rotation Invariance: it means the descriptor should be
rotation-invariant under the viewpoint changes. One
example is revisiting the same place at opposite di-
rection. In such case, the only difference is the robot
or the sensor rotated 180◦. The requirement is that the
descriptor should look similar.

2) Noise handling: For the spatial descriptors, noise han-
dling is another requirement. It will also be affected
by the resolution of point cloud since it varies with
relative distance from the LiDAR to the objects.

Although these two issues can be addressed by the his-
togram methods [7]–[9], the problem of histogram method
is it cannot provide the internal structure of the scene (for
example, height), which makes it less discernible for place
recognition and may cause potential false positives. Scan
context, on the other hand, can preserve internal structure
of the scene by encoding the maximum-height information
into each cell of the descriptor. However, it is not rotation
invariant. In order to achieve rotation invariance, brute-force
matching scheme is adopted. In addition, the translation
change will also have effect on the descriptor.

In this paper, we propose a segmentation-based egocen-
tric descriptor, named “Seed”, for 3D LiDAR-based loop
detection by using a single 3D scan. In this method, the
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original point cloud is firstly segmented and the subsequent
processing is based on segmentation output as indicated in
Fig. 1. The benefit of this process is that the segmented object
is more descriptive than keypoint-based features. Moreover,
the LiDAR resolution has less impact on the segmentation
result. Then, the descriptor is designed based on the segmen-
tation result and their topological structure, which can help
achieve both translation and rotation invariance. The main
contributions of this paper are as follows:
• A segmentation-based egocentric descriptor is proposed

for 3D LiDAR place recognition. Unlike existing point
cloud descriptors, the proposed method processes the
segmentation result rather than the original point cloud,
making it more robust (the segmented object is more
descriptive than keypoint), distinct and discriminative.

• Given the information of the detected segmented ob-
jects, the proposed method can preserve the internal
topology structure of the received 3D point cloud.
Moreover, it is both translation and rotation- invariant.

• The proposed method is evaluated on the public dataset
KITTI and compared with other state-of-the-art method.

The rest of this paper is organized as follows. In Section
II, an overview of the related work is presented about
place recognition for 3D point cloud. Section III illustrates
the details of the proposed segmentation-based egocentric
descriptor. The experiment evaluation is provided in Section
IV to verify its ability for loop closure, followed by the
conclusion with future work in Section V.

II. RELATED WORKS
Formation of point cloud descriptors can be boardly cat-

egorized into 3 different groups by the specific processing
method applied to the point cloud. There are: signatures,
histograms, and segmentation-based techniques. For signa-
tures technique, an invariant reference is constructed to
separate points within working region into bins. Based on
measurement processing like normalization, counting, the
information of each bin is extracted. Jan. et al. [10] defines
voxelized 3D mesh by Haar wavelet response of the voxel.
By doing so, the technique extended the SURF descriptor
to 3D space. In [11], the Structure Indexing method is
introduced. Based on 3D curve or a splash, the method
encodes either the angels between consecutive segments of
the curve or the surface orientation distribution along the
circle as descriptor accordingly.

Histograms based techniques are more of recent interest.
Featuring values of points or points subset are extracted and
further encoded as descriptor. Rohling et al. [12] apply the
point height and bins as 1D descriptor. While Granström et
al. [13] bin invariant features like volume, nomial range, and
range as histograms. Mentioned techniques applies global
features while in [3], 3D Gestalt descriptor is calculated
for selected keypoints. The selected points formulate voting
matrix by finding the nearest neighbor. VFH [8] method also
falls in this categorize. The techniques first find viewpoint
direction and then counts the normal angles which formed
by connecting points. The number of angles is then bin

into histograms. CVFH [14] follows the idea and improves
the robustness by dividing points cloud into smooth regions
before calculating descriptor.

Segmentation technique is based on recognized shapes or
objects. Douillard et al. [15] propose applying Symmetric
Shape Distance defined in [16] for segment recognition. In
[17], segments are used as landmarks for insertion in an
Extended Kalman Filter. Fernandez-Moral et al. [18] propose
recognition and accumulation of 3D planes in a graph for
further matching with a interpretation tree. And a geometric
consistency test is then conducted. The method is extended
in [19], but both focus on enclosing small space.

In this paper, we propose a segmentation-based egocentric
3D point cloud descriptor called Seed which can achieve
both translation and rotation invariance by extracting the
topological structure of the segment output. This differs from
Scan Context [6] which processes the raw point cloud data
and rotation-variant.

III. PROPOSED METHOD

In this section, we will describe the details of the proposed
approach for loop detection using single 3D point cloud scan.
The workflow of the proposed method is indicated in Fig.
2. It consists of three parts: 1) 3D point cloud preprocessing
to obtain different segmented objects; 2) descriptor genera-
tion based on the topological information of the segmented
objects; and 3) fast search for candidates if a loop exists. In
the following, each module will be presented in detail.

3D point cloud 
(single scan)

Segmentation

Descriptor

Ring Key KD-Tree

Candidates

2. Descriptor
3. Fast Search

1. Preprocess

Fig. 2. The workflow of the proposed method.

A. Overview

The proposed approach starts from preprocessing the raw
point cloud data. First, the raw point cloud data is down-
sampled for the consideration of computation complexity.
After which, the segmentation is applied on those raw
point cloud data to generate different segmented objects.
The reason doing so is that the segmented object is more
descriptive than raw points. In addition, the segmented object
is more robust to resolution effect (this may caused by the
relative distance between the object and LiDAR). Then, we
extract the topological structure from the segmented objects
and encode those information into a 2D image which is
the final descriptor. To achieve fast search, we adopt the
method proposed in scan context [6], which can accelerate
the searching process and make it practical in real scenario.
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B. Pre-processing

Once the raw measurement of the point cloud is received,
down-sampling is first applied to reduce the number of
point cloud and noise effect, which helps in accelerating
the process. As mentioned in Introduction, the segmentation
technique brings along the advantages of more descriptive
shapes than keypoint-based features, since it has the ability
to compress the point cloud into a set of distinct and dis-
criminative elements for place recognition. This process can
further reduce the processing time. Besides, it is also helpful
for achieving rotation and translation- invariant property.

The segmentation approach used in this work is the
“Cluster-All Method” [20]. To segment the point cloud
into different clusters, the ground plane is first removed
by clustering adjacent voxels based on vertical means and
variances. With the ground-removed point cloud, Euclidean
clustering is used for growing segments.

C. Rotation and Translation Invariant

In order to ensure the proposed descriptor invariant to
arbitrary rotation and immune to translation variations, we
encode the topological information into the descriptor.

For any two given sets of segmented object from a 3D
point cloud scan captured at time instant tk, Sk

i and Sk
j .

Assume that at time instant tk+1, we detect those two segment
objects again, denoted as Sk+1

i and Sk+1
j . The relative rotation

and translation between two scans are R and t, respectively.
Hence, it yields

Sk+1
j = RSk

j + t

Sk+1
i = RSk

i + t (1)

To ensure it invariant to both rotation and translation, we
found that the relative distance

||Sk+1
j −Sk+1

i || = ||Sk
j−Sk

i || (2)

is unrelated to both rotation R and t. Hence, if the descriptor
can effectively use this topological information, then the
proposed descriptor can also maintain this property.

D. Descriptors

Suppose that there are N segmented objects from a single
3D scan. One of the them is denoted as Si, where i ∈
[1, · · · ,N]. Its center is denoted as Ci. Since the relative
distance among segmented objects remains unchanged re-
gardless of the translation and rotation of the robot, we
encode the relative distance into the descriptor as follows.

Firstly, since the proposed descriptor is egocentric, we
have to determine its center based on the given segmented
objects. In this work, we select two segmented objects which
have most data in their clusters. Then, we divide the corre-
sponding point cloud data into two layers according to their
height values. This is because dynamic objects usually occurs
at the lower height. Removing dynamic objects will improve
the robustness. After that, the mean µ and covariance Σ of the
higher layer of these two segmented objects are computed.
The mean µ is treated as the center. To determine the

Algorithm 1 Seed Algorithm
Input:

The set of point cloud data, P;
Parameters, like Ns, Nr, Lmax;

Output:
A Nr×Ns 2D matrix for point cloud P;

1: Downsample the point cloud P;
2: Do segmentation and obtain different segmented objects
3: Based on segmented objects, first extract two segmented

objects with most data. Then, divide the corresponding
point cloud data into two different layers according to
their height values;

4: Compute the mean µ and covariance Σ with data in
higher layer;

5: Treat mean µ as the center;
6: Perform the PCA on the covariance Σ then do voting,

chose the one having more data located in this area as
positive direction;

7: for each segmented object do
8: Compute its relative distance with respect to center;
9: Compute the angle between positive direction and the

one from center to segmented object;
10: Assign it to the corresponding bin of the Nr × Ns

matrix;
11: end for
12: return I;

direction, we perform PCA (principle component analysis)
on the covariance matrix Σ and the direction is obtained from
its eigenvalues. However, the direction from PCA may be
opposite for similar places. Hence, we use the remaining
point cloud data to vote and chose the direction where more
points vote as the dominant direction.

Secondly, once the center and direction are determined,
we equally divide the segmented objects into azimuthal and
radial bins in the coordinate formed by the determined center
and direction, as illustrated in Fig. 1. Let Ns and Nr be
the number of sectors and rings, hence, for each segmented
object, it will be located in a specific bin. Then its relative
distance to center is encoded into the descriptor. This means
the final descriptor can be represented as a Nr×Ns matrix

I = (Ci j) ∈ RNr×Ns (3)

where Ci j means the value of relative distance at the ith
ring and jth sector in descriptor. The complete algorithm for
constructing the descriptor is given at Algorithm 1.

E. Similarity Score

The main purpose of this work is to use the 2D image-
like descriptor to roughly describe each single 3D point cloud
scan. Once we have two different descriptors, their similar-
ity is evaluated by means of normalized cross-correlation
method, which is widely adopted in the field of computer
vision (e.g., template matching, image tracking, etc.). The
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Fig. 3. The illustration about how to construct ring key from the descriptor.

similarity S(Ii, I j) of two 2D image-like descriptors is given
as:

S(Ii, I j) =
∑(Ii− Īi)(I j− Ī j)√
∑(Ii− Īi)2(I j− Ī j)2

(4)

where Īi is the mean of Ii. If the similarity between two
descriptors is higher than a predefined threshold, a loop is
thought to be detected.

F. Fast Search

The searching technique is similar to the one proposed in
[6]. To accelerate the process of searching candidates, we
formulate the ring key (as illustrated in Fig. 3). For each
row of the descriptor (the circle ri), we project it to a single
real value by the function f (·), and denoted as

f (ri) =
||ri||0

Ns
(5)

where || · ||0 is the L0 norm.
By concatenating the f (ri) from inner to outer circle, it

forms the ring key, which is a vector v and is denoted as

v = ( f (r1), · · · , f (r(Nr))). (6)

To construct the KD tree, the vector v is used as the key.
For the query ring key, we retrieve its top N similar ring
keys. To find the closest descriptor among those candidates,
we calculate their similarity score according to eq. (4) and
chose the one with highest similarity score. If the highest
similarity score is larger than the given acceptance threshold,
it is considered as a reliable loop.

IV. EXPERIMENTAL EVALUATION

In this section, we evaluate the proposed method through
KITTI dataset and against the state-of-the-art method. During
the experiment, we compare our method with scan context.
Although there are some other methods, for example: M2DP
[4], Z-projection [8], and ESF [7], scan context shows better
performance in terms of accuracy. If the readers are interested
on the results for mentioned methods, please refer to [6].
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Fig. 4. Example to illustrate the rotation effect. The blue-triangulate and
red-star curves are the similarity results under different rotated angles for
proposed method and scan context, respectively.

TABLE I
THE INFORMATION ABOUT SELECTED KITTI DATASET SEQUENCES.

KITTI Seq 00 05 08

Distance (m) 3714 2223 3225

Environment Urban Urban Urban + Country

Num of Nodes 4541 2761 4071

Route Direction Same Same Reverse

Loops 790 493 332

Here, we only compare our method with scan context which
is implemented in Matlab 1.

The proposed method is verified using the LiDAR se-
quence in KITTI [21], which is a popular dataset for au-
tonomous driving and provides 64-ray LiDAR data (Velo-
dyne HDL-64E). In the KITTI dataset, we selected sequences
00, 05, and 08, which contains most loops among others. In
addition, the loops with different direction (same and oppo-
site) are provided for different environments. The detailed
characteristics of those sequence are summarized in Table I.

In this paper, the main parameters for both scan context
and proposed method “Seed” are the same. We set Ns = 60,
Nr = 20, and Lmax = 80 m. In other words, each sector has
6◦ resolution and each ring has a 4 m gap. The number of
candidates for KD tree searching is set as 50.

A. Rotation and Translation invariance

We first evaluate the rotation invariance of the proposed
descriptor. To verify this ability, we select one LiDAR point
cloud data and rotate it from 0◦ to 360◦ with 10◦ interval,
then its similarity score is computed between the original
scene and rotated scene. The result is shown in Fig. 4. It
is clear that the scan context is sensitive to the rotation
changes since the similarity score reduces significantly while
the proposed approach is robust to the rotation changes. One
example is shown in Fig. 5(a), where the original data is

1https://github.com/irapkaist/scancontext
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(a) Rotation (b) Translation (c) Real data for both

SeedScan context SeedScan context SeedScan context

Descriptor 
for orig data

Descriptor 
for new data

Point cloud

Fig. 5. Real experiment to show the performance of different descriptors under translation and rotation change. (a) One example to show rotation only,
where the original point cloud is rotated by 30◦; (b) one example to show translation only, where the original point cloud is transformed by 10 m along
the x-axis; and (c) real data from KITTI dataset sequence 08 which including both translation and rotation.
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Fig. 6. Precision-Recall curves for different dataset sequences.

rotated by 30◦. It can be found that the scan context is shifted
along the y-axis while the seed is the same, which indicates
the proposed method is robust to rotation changes.

In Fig. 5(b), we shows the effect of translation changes on
the performances of different descriptors. In this experiment,
the original point cloud is transformed by 10 m along the
x-axis. It can be found that the scan context is shifted along
x-axis while the proposed method keeps the same. This also
indicates the proposed method is not sensitive to translation
changes.

Lastly, we use the real data where the autonomous car
revisits the same place at opposite direction (which also has
a little translation difference) to test its ability under both
translation and rotation effects. The data used here is from
KITTI sequence 08. The descriptor results for scan context
and Seed are shown in Fig. 5(c). It is obvious that the scan
context has significantly shift while seed almost keeps the
same. The similarity score for scan context is 0.1068 while
it is 0.8648 for Seed. This shows that the proposed method
is more robust to the translation and rotation variation.

The main reason that the proposed method outperforms
scan context comes from the usage topological information
of segmented objects, which results in the translation and
rotation invariance of the descriptor. Besides, the selection of
egocentre and direction is also more robust than scan context.

B. Precision-Recall curves

To evaluate the loop detection performance of the pro-
posed method, we also tested our method on three KITTI
dataset sequence, which are 00, 05, 08 by means of precision-
recall curve. They contain lots of loops occurred either in
same direction or in opposite direction.

During experiment, we run the proposed method “Seed”
on those data sequences and compared the performance
with the method scan context. The result is shown in Fig.
6. Overall, the proposed method outperforms scan context
for all tested sequences in terms of the precision-recall
performance. The improvement of the performance mainly
benefits from the segmentation process. It can reduce the
noise effect and extract more descriptive segment objects
rather than the raw point cloud data.
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TABLE II
THE RECALL RESULT AT 100% PRECISION ON KITTI DATASETS.

KITTI Seq 00 05 08

Scan context 0.8481 0.7842 0.4225

Seed 0.8306 0.8574 0.5070

Fig. 7. The results of loop detection based on proposed method, tested on
KITTI Seq 05.

In addition, the recall values at 100% precision of these
two methods are also listed in Table II. It also shows that
the proposed method has better performance.

C. Example of Loop Detection

Finally, we also give an example to illustrate the loop
detection performance of the proposed method. In this ex-
periment, we evaluate the proposed method on the KITTI
sequence 05. The total length of the autonomous car tra-
versed is around 2223 m in the urban environment and the
result is shown in Fig. 7. It is obvious that the proposed
method can effectively detect the loop. This will be helpful
for the loop detection of LiDAR-based slam.

V. CONCLUSIONS AND FUTURE WORKS

In this work, we presented a segmentation-based egocen-
tric descriptor for 3D point cloud scan, to increase the reli-
ability of detecting loop closure. The proposed method can
achieve both translation and rotation invariant by utilizing the
inner topological structure of segmented objects, compared
to other existing methods. However, the limitation of this
work is that the performance will degrade significantly if
the environment has less segmentation information.

Therefore, the future work will use multi-view images of
the LiDAR scan and the segmentation result to formulate a
more general and robust descriptor, which can work even
in segment-less environment. Besides, we are planning to
integrate the loop detection module into LiDAR-based slam
system to improve the performance.
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