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Motion Analysis and Performance Improved
Method for 3D LiDAR Sensor Data Compression

Chenxi Tu, Eijiro Takeuchi, Alexander Carballo, Chiyomi Miyajima, and Kazuya Takeda,

Abstract—Continuous point cloud data is being used more and
more widely in practical applications such as mapping, localiza-
tion and object detection in autonomous driving systems, but due
to the huge volume of data involved, sharing and storing this data
is currently expensive and difficult. One possible solution is the
development of more efficient methods of compressing the data.
Other researchers have proposed converting 3D point cloud data
into 2D images, or using tree structures to store the data. In a
previous study targeting streaming point cloud data, we proposed
an MPEG-like compression method which utilizes simultaneous
localization and mapping (SLAM) results to simulate LiDAR’s
operating process. In this paper, instead of imitating MPEG,
we propose new strategy for more efficient reference frame
distribution and more natural frame prediction, and use a
different algorithm to encode the residual, greatly improving the
algorithm’s performance and its stability in different scenarios.
We also discuss how various parameters affect compression
performance. Using our proposed method, streaming point cloud
data collected by LiDAR sensors can be compressed to 1/50th
of its original size, with only 2 cm of Root Mean Square Error
for each detected point. We evaluate our proposed method by
comparing its performance with several other existing point
cloud compression methods in three different driving scenarios,
demonstrating that our proposed method outperforms them.

Index Terms—Point cloud, Data compression, 3D LiDAR

I. INTRODUCTION

APoint cloud is a collection of points spread across a
3D space, which can be used to represent a local en-

vironment. Point cloud data collected by LiDAR sensors is
currently being used for driving environment representation
by many autonomous driving systems [1], including those
used by Google and Uber [2], and the LiDAR systems used
to collect this data are also becoming cheaper. For example,
Velodyne’s HDL-64, one of the most popular 3D LiDAR
sensors, used to cost around $100,000, but a less expensive,
less powerful version, the VLP-16, now costs only about
$4,000, and Velodyne predicts the cost may fall to $50 in the
future. These trends suggest that the use of point cloud data
is becoming an industry standard and that it will continue to
be used in autonomous driving applications in the foreseeable
future. Shared and stored streaming point cloud data are also
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likely be important components of accident investigation and
future V2V/V2X systems.

Streaming point cloud data is a type of ”big data”, however.
One hour of point cloud data from the HDL-64 sensor men-
tioned above could represent over 100GB of data, which is too
large to realistically share or store using currently available
technology. Thus, developing methods of compressing this
data has become an indispensable task.

Most previous studies on the compression of point cloud
data from LiDAR systems have generally used one of two
strategies. The first is to convert 3D point clouds into a 2D
format (height map, panorama, etc.) while using an existing
2D compression approach to reduce redundancy [3], [4], [5].
Using a tree structure is another widely used strategy for
compressing point clouds [6], [7].

Compressing streaming data is much more complex than
compressing static data, in part because of the problem of
temporal redundancy. Converting raw LiDAR packet data into
a 2D format and using some of the frames to predict the
others is an efficient strategy [8]. In contrast to video data,
pixels in adjacent frames of 2D formatted LiDAR data not
only translate but their values (usually representing distance)
also change according to the driving scenario. In addition, as
low-resolution sampling of motion through real-world environ-
ments, some pixels (points) may not appear in the following
frame. Furthermore, adjacent pixels do not always have similar
motion because laser modules in the LiDAR are usually not
distributed in a line or directed at a fixed point with only linear
variation in their orientation. All of these phenomena make it
difficult to directly use the pixels of reference frames to predict
the remaining frames, as is done during video compression.
We need to understand the motion of each point and determine
which point is being detected by which laser beam.

In our previous work [9], we proposed using SLAM in-
formation and LiDAR simulation to solve these problems.
Influenced by video compression algorithms, we continued
to search for neighboring pixels in reference frames to find
appropriate reflection points, and used Huffman coding to
deal with the residuals. But in driving scenarios, the value
and position of a pixel may vary greatly between adjacent
frames, so searching for neighboring pixels may not help
us find the point we are actually looking for. Additionally,
Huffman coding does not take into account spatial redundancy.
Furthermore, our previous method uses more reference frames
than are really needed, which needlessly increases the volume
of the data.

To resolve these issues, this paper expands upon our previ-
ous study [9], making the following four, main contributions:
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• A new motion analysis strategy, which optimizes the
number and locations of the reference frames, allowing
for more efficient utilization of the information in these
frames.

• A new searching strategy using a grid map, which allows
for more natural and stable frame prediction.

• A new encoding method based on JPEG-LS, further
reducing spatial redundancy in the coding module.

• More discussion about the influence of parameters, and
more experiments.

This paper is organized as follows: In Section II, we discuss
related work in the area of point cloud compression. In
Section III, we provide an overview of our proposed algorithm,
while the details of each module are explained in Sections
IV, V and VI. In Section VII, we visualize decompressed
point clouds and compare our proposed method with various
existing compression methods quantitatively, using driving
data collected in various driving contexts.

II. RELATED WORK

When compressing point cloud data, the key is to reduce
spatial redundancy. However, a point cloud itself is sparse
and disordered, which makes it difficult to compress directly
in its original format. Before compression, point clouds are
usually converted into a different format and then quantized
and encoded to reduce spatial redundancy. Several studies
proposing various approaches to formatting and compressing
point cloud data have been published.

3D modeling has been an important subject in the field
of computer graphics research for some time. 3D mesh
compression [10], which has been studied for more than 25
years, can be regarded as the forerunner of 3D point cloud
compression, and it directly inspired several early point cloud
compression methods. The earliest mesh compression methods
targeted static 3D objects, and some very early methods were
only single-rate mesh coders [11]. In order to transmit 3D
objects via communication channels of limited bandwidth,
progressive mesh coders were developed [12]. Inspired by
3D mesh compression, various 3D point cloud compression
methods were then developed, many of which were height
map-based methods which used strategies similar to the one
used in 3D mesh compression. Pauly and Gross [13] were
the first to propose using height maps to process point cloud
data. Other approaches, such as those of Hubo et al. [14]
and Ochotta and Saupe [15], [16] were then developed to
utilize height mapping for point cloud compression using
different coding methods. Schnabel et al. [17], [18] suggested
using geometric primitives such as planes, spheres, cylinders,
cones and tori in conjunction with height maps to compress
point cloud data. A method of real-time, continuous point
cloud data compression based on a height map was then
proposed by Golla and Klein [3]. Their method used pre-
processing to split the data into chunks, and then utilized
JPEG to compress a 2D matrix, outperforming previous height
map-based methods. Other methods did not use height maps
per se, but also divided point clouds into patches, such as
the method proposed by Kalaiah and Varshney [19], which

divided point clouds into statistical representations which
were constructed using clustering-based hierarchical principal
component analysis (PCA) of the point geometry. The method
proposed by Morell et al. [20] used triangles to represent each
plane.

Some researchers have tried converting 3D point cloud data
into a 2D format, rather than decomposing one frame of
point cloud data into multiple images, as with height map-
based methods. Houshiar and Nüchter [4] proposed mapping
point clouds onto panorama images using equirectangular
projection. Kohira and Masuda [5] mapped point cloud data
onto 2D pixels using GPS time and the parameters of the
laser scanner. Directly converting 3D point cloud data into
a 2D image will inevitably result in the loss of information,
therefore some methods utilize the LiDAR scanner’s operating
principle and target the raw LiDAR data, known as packet
data. Yin et al. [21] targeted this raw packet data and focused
on the LiDAR system’s data format. In a previous study [8],
we converted packet data into a 2D matrix and then used
an existing image compression method to compress the data.
In addition to image compression-based methods, learning-
based methods have also demonstrated their usefulness in 2D
data compression applications, even outperforming existing
methods [22]. Methods using auto-encoders [23] or RNNs
[24] also have potential for compressing 2D formatted LiDAR
data, especially packet data, which is usually in an irregular
2D format. Instead of converting point cloud data into a 2D
format, Hayes also took into account the operating principle
behind LiDAR and proposed converting point clouds into a
form that is susceptible to wavelet transformation [25].

Other compression methods store and compress 3D point
cloud data more directly, without trying to tie clustered points
back to a mesh. Krüger et al. [26] used spherical grids to
pack a 3D space. Researchers have also used tree structures.
Gumhold et al. [27] used prediction trees, and Hubo et al. [6]
used kd-trees, while Schnabel and Elseberg [28], [29] used
octrees, a method which is now widely used in the 3D graphics
domain. Kammer et al. [7] also used an octree-based method to
represent the spatial location of each point, using a double-tree
structure to calculate the difference (exclusive or) between the
octrees of adjacent frames, allowing time series redundancy
to also be reduced for streaming. Kammer’s method can be
used to control information loss quantitatively and allows the
real-time compression of streaming point cloud data. Since the
open code for this method is available to other researchers via
the Point Cloud Library, this method is currently a popular
method for the compression of streaming point cloud data.
Thanou et al. [30] proposed a method of streaming point cloud
data compression which includes a special motion estimation
module; here, octrees are used to divide 3D point clouds into
many occupied voxels, while the points in each voxel (leaf) are
represented by a weighted, undirected graph. Most previous
methods have been designed to compress a single point cloud,
and have only dealt with spatial redundancy, therefore they
are not suitable for the compression of streaming data. The
streaming point cloud compression methods which have been
proposed, such as [8], [7], [30], aim at reducing temporal
redundancy as well as spatial redundancy. However, methods



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015 3

���������

��	
������

�	��	��

����
���	�

���������

������	�

�������������
��

���������

��������
���	�����������

���	��������
�

�	
��������

����

�	
��������

����

��	��������
�

��	�����������

�������������
��
��	
��������

	�����

����������	 �
���	�������

�����
�� ��!

�����
�� ��! ��������

��, �, �, ��		, 
��ℎ, ����

��, �, �, ��		,


��ℎ, ����

�
���	������� ����������	������������������

�����
�

��, �, �, ��		, 
��ℎ, ����

�����
���������

���

Fig. 1: Flowcharts illustrating the proposed method. The upper flowchart shows the compression process while the lower one
shows decompression. For definitions of RI , RB and R̂B , please refer to Section IV.

which only compress adjacent frames [7], [30] have been
unable to achieve superior performance. Using less reference
frame data to predict more information is an important strategy
for improving the efficiency of streaming data compression.
It is also important to use reference frame information to
accurately predict the content of the other frames.

In our previous work [9], we proposed predicting LiDAR
frames by simulating the process used by LiDAR to collect
data, which is more natural than using video compression
methods on 2D formatted LiDAR data [8]. However, we
still employed a searching strategy and coding method used
for video compression, which led to unstable prediction and
unsatisfactory compression performance. In this paper, instead
of imitating video compression techniques, we propose a
new method of searching for appropriate points for frame
prediction more similar to what a LiDAR system actually does.
We also propose a motion analysis strategy in order to use less
reference frame data for more efficient prediction, which is
important when compressing streaming data. Furthermore, we
use a new encoder to reduce spatial redundancy. All of these
improvements work together, enabling the method proposed in
this study to greatly outperform the method proposed in our
previous work [9].

III. OVERVIEW

Our proposed method can be divided into three components:
(a) motion analysis, (b) prediction and (c) encoding, as shown
in Fig. 1. The motion analysis module selects reference frames
from the data, the prediction module reduces temporal re-
dundancy, and the encoder reduces spatial redundancy among
individual frames.

(a) Motion analysis is the first step in the compression
process, and is composed of two processes: motion estimation
and sequence decision.

Motion estimation here means obtaining the yaw, pitch
and roll (x, y, z) of the LiDAR data in each frame. We use

Simultaneous Localization and Mapping (SLAM) based on
the Normal Distribution Transform (NDT) [31][32] to obtain
this information. Giving a pair of point clouds, SLAM can
calculate their relative positions and orientations by searching
for the best shape matching. The same results can also be
obtained by using a special device, such as an IMU, or
by using various other matching algorithms. Using motion
information, the sequence decision module can optimize the
number and locations of the reference frames.

Our use of a motion analysis module is a unique feature
of our proposed method, compared with other streaming data
compression methods. Most other methods utilize a prediction
+ encoder structure, but the reference frames are usually
chosen at a constant interval.

(b) Prediction is the second step of our method. In the
following sections, we will call reference frames I-frames
(intra-coded frames) and the remaining frames, which are
predicted using the reference frames, will be called B-frames
(bi-directionally predicted frames), a conventional designation
used for video compression. The prediction module attempts
to predict the B-frames, using data from the I-frames and the
motion estimation results. The residuals between the predicted
B-frames and the true B-frames are then calculated.

(c) Encoding is the last step of our compression method.
During coding, the I-frames are compressed losslessly, while
the residuals of the B-frames are quantized and coded. In this
study, we used a different coding method than in our previous
paper. Our improved method considers spatial redundancy
among residuals, improving performance.

(d) The decoding process can be thought of as the inverse
of the process conducted during encoding.

IV. PREDICTION

Prediction is the most important step for many streaming
data compression approaches, since it can be used to efficiently
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reduce temporal redundancy. In our method, an original data
sequence is divided into I-frames and B-frames before pre-
diction occurs, so that some number of B-frames are enclosed
between pairs of I-frames in sequences such as ”IBBBIBBBI”.
The purpose of the prediction module is to use each pair of I-
frames to predict the enclosed B-frames, as shown in Fig 2(a).

To deal with the sparsity and disorder of point clouds, we
store the collected LiDAR packet data in a 2D format. Then, to
predict the packet data of the enclosed B-frames, we combine
the point clouds of the surrounding I-frames to create a 3D
representation of the scanned environment, and simulate laser
beam emissions to predict the reflected LiDAR signals within
the B-frames.

The whole process can be divided into four steps: coordinate
system unification, beam simulation, reflection point searching
and beam mapping. In the following subsections, we will
discuss each step in detail. Figs. 2(b) and (c) illustrate the
prediction process.

We use P I and PB to represent point clouds, which are 3D
arrays, of I-frames, B-frames respectively. Points in P I and
PB are denoted by P Ii∈[1...N ](x, y, z) and PBi∈[1...N ](x, y, z),
where N represent the number of points per frame. RI

and RB are 2D matrices which denote the raw packet data
of P I and PB , respectively. Elements in RI and RB are
denoted by RIi∈[1...M ],j∈[1...K](d) and RBi∈[1...M ],j∈[1...K](d),
respectively, where d represents the distance information of
one reflection point. Subscript i, representing a row, has a
mapping relationship with the LiDAR beam pitch angle, while
j, representing a column, has a mapping relationship with its
yaw angle. More details are provided in this paper’s Appendix.
M represents the number of points that the LiDAR system
obtains per emission, which is usually equal to the number of
laser emitters in the LiDAR system. K represents the number
of laser emissions per frame, which depends on the frequency
of rotation in the case of spinning LiDAR emitters, therefore
N = M × K. The calibration process used to convert raw
packet data R into point cloud P is denoted as P = f(R).

A. Coordinate system unification

As shown in Fig. 2, 3D LiDAR systems sample an en-
vironment by continuously emitting pulsed laser beams and
collecting the reflected signals, capturing the distance to each
surrounding object. To predict B-frames using a LiDAR sim-
ulation, we need to obtain information about the surrounding
environment.

In our proposed method, each B-frame is surrounded by two
I-frames, one representing the environment in the future and
one representing the environment in the past. By combining
the point clouds of the two I-frames, we can roughly estimate
the 3D environments of the enclosed B-frames.

The point cloud data of each frame has its own coordinate
system, based on the current orientation and location of the
LiDAR unit. The coordinate systems of these frames need
to be unified in order to link the I-frames and B-frames
together. Using motion estimation information obtained from
SLAM, we can determine the x, y and z coordinates for each
frame/coordinate system, as well as yaw, pitch and roll, in

relation to a global coordinate system. Using Equation (1),
P I can then be unified in relation to the global coordinate
system:

xgyg
zg

 = Ryaw ·Rpitch ·Rroll ·

xtyt
zt

+

cxcy
cz

 (1)

• xt, yt, zt are the Euclidean 3D x, y, z coordinates of the
point cloud at time t

• xg, yg, zg are the corresponding x, y, z coordinates of the
global coordinates system

• cx, cy, cz are the translation obtained using SLAM
• Rroll, Rpitch, Ryaw are the rotation matrices for roll, pitch

and yaw angles obtained using SLAM
Then, using the inverse of Eq. (1) and motion estimation

information from the B-frames, the point clouds of the two
I-frames, P I1 and P I2 , can be unified to the enclosed B-
frames: P̃ I1 and P̃ I2 . By combining the points in P̃ I1 and P̃ I2
together, we can obtain a rough 3D environment, {P̃ I1 , P̃ I2},
as shown in Fig. 3(a).

B. Beam simulation

3D LiDAR systems collect point cloud data by emitting
pulsed laser beams and capturing the reflected signals. To
predict a B-frame’s packet data RB from {P̃ I1 , P̃ I2}, we need
to simulate the LiDAR system’s laser beams and calculate
the reflection signals, i.e., the measured distances, for each
laser. For our purposes, we must know the rotation angle of
the LiDAR scanner when the beams are being emitted. This
information is stored directly in the LiDAR system’s packet
data and has a mapping relationship with the columns of the
2D raw packet data matrix. More details are provided in the
Appendix of this paper.

LiDAR systems have many laser beam emission modules
located at different positions in the scanner, so the point
of origin of each particular laser beam is different, i.e., the
simulated origin of the beams is not point (0,0,0). By using
the manufacturer’s calibration file, which has the necessary
correction parameters, for each distance value RBi,j we can
simulate the corresponding laser emission with a line li,j . Note
that the LiDAR system’s calibration file is used to convert the
packet data into point cloud data, and that each type of LiDAR
system has a unique calibration file.

C. Reflection point searching

Using 3D environment {P̃ I1 , P̃ I2} and simulated laser
beams li,j , in this step we determine which points could be
detected and signal reflected by it. Using Euclidean distance
as our criterion, we select the closest point in {P̃ I1 , P̃ I2} to
each simulated beam li,j to represent the obstacle which is
reflecting the beam back to the sensor.

Since a point cloud frame can have over 100,000 points,
directly traversing all of the possible points to find the closest
one would be prohibitive, thus an effective searching strategy
is important to whole prediction process. In our previous
study [9], in which we imitated image compression methods,
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Fig. 2: Prediction process procedure.

Fig. 3: Example of {P̃ I1 , P̃ I2} after coordinate system unification (Green points represent P̃ I1 , red points represent P̃ I2 ), plus,
continuing from left to right, close-ups of two patches in {P̃ I1 , P̃ I2}, P̂B and PB .

Fig. 4: RMSE of decompression vs. Bitrate of compression
output for different values of n. Dotted line shows performance
using the reflection point searching method proposed in our
previous study [9].

for each beam li,j we chose the points in P̃ I1 , P̃ I2 which
corresponded to the neighbor of RI1i,j and RI2i,j as our candidate
points. However, if the LiDAR unit/vehicle is moving at a high
rate of speed, these candidate points may not include the actual
reflection points that we are seeking.

To resolve this issue, in this paper we propose a new
searching strategy for more efficient and stable prediction.
For P̃ I1 and P̃ I2 , we build two polar grid maps, GI1 and
GI2 , respectively. The columns of grid map G represent yaw
angle while its rows represent pitch angle. By calculating the
pitch and yaw angles for each point in P̃ I1 and P̃ I2 , we can
assign the points to grid maps. For each simulated beam li,j ,

by using its pitch and yaw angle we find the corresponding
grid in GI1 and GI2 , and select points within that grid, and in
its neighboring grids, as candidate points. Parameter n controls
the range from which neighboring grids can be chosen as
candidates for the reflection point. For a grid Ga,b, and its
neighboring grids within range n, here means grids {Gi,j},
while i ∈ [a− n, a+ n], j ∈ [b− n, b+ n].

As previously noted, the simulated beams do not originate
exactly from (0, 0, 0), which is the pole of the polar grid map,
since the emitters are located at various places in the LiDAR
scanner. This means that if we only rely on the yaw and pitch
angles of the simulated beams, we may miss the true grid
points we are looking for. For points which are far away from
the emitter, this effect is very slight, but for points near the
origin of the beam, the effect could be substantial, which is
why we also need to include neighboring grids. Therefore,
choosing the optimal value for parameter n is crucial.

To evaluate how n affects final compression performance,
Root-Mean-Square Error (RMSE) between the decompressed
data R′ and original raw packet data R are used to measure
information loss. The raw packet data only contains distance
and angle information, and our compression method captures
the angle information losslessly (for more details, please see
this paper’s Appendix). Storage volume needed after compres-
sion is measured in bitrate (Mbps). Fig. 4 shows RMSE vs.
bitrate for different values of n

As shown in Fig. 4, when n = 0 our reflection point search
is much less effective than when using other values, due to the
bias in the starting point of each simulated beam, as explained
previously. By including neighboring grids as candidates,
n = 1 clearly outperforms n = 0. Although increasing n
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leads to better compression/decompression performance, after
n reaches a certain point further improvement becomes very
modest. Thus, when n is sufficiently large, we can be almost
100% sure that the reflection point we are looking for is
included in our search area, and that continuing to increase n
further will not improve performance. Increasing n also greatly
increases calculation cost. Since improvement after n = 1 is
relatively slight, n = 1 is chosen as a cost-effective setting for
our proposed method, thus for all of the following experiments
n = 1.

By utilizing grid map with appropriate n, we can guarantee
that all points around beam’s emission angle are chosen as
candidates during searching. In Fig. 4, the dotted line shows
the performance of the reflection point searching method used
in our previous study [9] when n = 1. When using about the
same number of candidates, our new grid map-based approach
clearly outperforms the previous method.

D. Beam mapping

Directly selecting reflection points from the environment
built using I-frames is not enough, as these reflection points
may not actually be located on the simulated beams. In order
to ensure that all of the selected reflection points are located
on beams, we map the reflection points to the corresponding
simulated beams by fixing their y coordinates. Here, the y axis
refers to the axis perpendicular to the direction in which the
LiDAR unit is moving. After mapping, we acquire predicted
B-frame point cloud P̂B . Fig. 3 shows an example of P̂B in
comparison with {P̃ I1 , P̃ I2} and PB .

A point cloud of a driving scenario can be roughly divided
into three parts: the static environment, dynamic objects and
ground points. For objects in the static environment, such as
buildings, the points in P̂B are relatively accurate. However,
for dynamic objects moving at high speeds, the proposed
prediction method may contain obvious bias. For example, in
Fig. 3(f), the close-up of P̂B , there appear to be two vehicles
(using data from P̃ I1 and P̃ I2 shown by Fig. 3(e)), when in
fact there is only one vehicle.

Ground points here refer to points reflected by the ground.
As shown in Fig. 3(c) of P̂B , through beam mapping we could
obtain some ground points which do not exist in P̃ I1 and P̃ I2 ,
as shown in the red box. The remaining ground points could
constitute many rough circles centered on o, like the points
shown in Fig. 3(d) for PB . This step may create some ’noise’
however, as shown in the orange boxes.

By calculating the distance between each point in P̂B and
its corresponding emitter, we can obtain the predicted raw B-
frame R̂B . Finally, we calculate the residual Rres between
predicted B-frame R̂B and actual B-frame RB , and send it
with RI to the encoder.

V. CODING PART

During coding, raw data matrix RI and residual Rres

between R̂B and RB are quantized and coded. RI is losslessly
compressed using a JPEG based compression method which
is described in our previous work [8].
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Fig. 5: Quantization of difference values. Up to three steps are
used during quantization, depending on the size of the absolute
difference value. After quantization, original data ranging from
-13000 to 13000 cm is mapped to continuous integers range
from −4000/α to 4000/α. Parameter α controls the range
after quantization, and can also be used to tune compression
ratio and loss.
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Fig. 6: Compression results using three different coding meth-
ods.

In [9], we used Huffman coding to code the residual. At
that time, we thought of residual Rres simply as a sequence,
but actually Rres between R̂B and RB also contains spatial
redundancy. In this paper we propose utilizing a conventional
lossless image compression method (JPEG-LS) as a coding
tool when coding the residual, which further reduces spatial
redundancy, resulting in lower data volume and more accurate
decompression.

To encode the residual, we quantize each value Rresi,j as
shown in Fig. 5 and then JPEG-LS [33] is used to encode the
quantized values, allowing spatial redundancy to be further
reduced. Thus, after simulating LiDAR’s operating process to
deal with temporal redundancy in the B-frames, and utilizing
the 2D characteristics of the raw scanner data to deal with
spatial redundancy in the I-frames and in the residual after
prediction, compressed data is obtained.

A. Evaluation of different coding methods

In this section, we compare our proposed compression
method, Quantization + JPEG-LS, with two other coding
methods, Quantization + Huffman coding (the method used in
our previous study) and lossy JPEG [34], in order to evaluate
the effectiveness of our proposed method. Fig. 6 shows the
results when using these three coding methods with the same
difference values.
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As shown in Fig. 6, the proposed method (solid line)
achieved the best compression performance. The reason JPEG-
LS outperforms Huffman coding is because JPEG-LS utilizes
the 2D characteristics of the raw data to reduce spatial
redundancy. Lossy JPEG, which is a popular 2D image
compression method, achieved the worst compression results.
This is because when using a lossy compression method, the
amount of loss that can be tolerated is highly dependent on the
application. Lossy JPEG was developed to ”fool” human eyes
when observing visual images, and quantization is performed
after Discrete Cosine Transformation (DCT). Because Rres

has a completely different distribution compared with normal
images, Lossy JPEG’s quantization factor is not suitable for
Rres compression. Although it is difficult for us to detect
loss after lossy JPEG compression with our naked eyes,
quantization after DCT can lead to a large amount of bias,
as Fig. 6 shows. Therefore, in our proposed method we chose
to first quantize our values and then use JPEG-LS as a coding
tool.

VI. MOTION ANALYSIS

As explained in Section III, when using the proposed
method the target data should be distributed into I-frames
and B-frames at the beginning of the compression process.
The I-frames, which are reference frames, are used to predict
the B-frames located between them. For example, given the
sequence ”IBBBI”, the second, third and fourth frames are
predicted using information in the first and fifth frames.

As described in the previous section, the I-frames are com-
pressed losslessly, which results in a relatively large volume
of error-free data, while the B-frames are compressed using a
lossy method, which results in less data but with some errors.
How we decide to arrange the sequence of frames is highly
important for the outcome of further processing.

In this section we explain how our sequence decision mod-
ule optimizes I-frame and B-frame sequencing by analyzing
the motion of the LiDAR unit.

A. Sequence decision algorithms

The key sequencing decisions are where we should place
the I-frames and how often. In our prediction process, the
information in each B-frame is based on the information
coming from the two nearest I-frames, thus we need enough I-
frames to provide information which is as accurate as possible
for the B-frames. On the other hand, the data in the pair of
I-frames enclosing the B-frames should not overlap too much,
because when there are few changes between frames additional
I-frames are unnecessary, and too many I-frames leads to a
higher volume of compressed data.

In our previous study [9], we introduced three different
sequencing methods and discussed their performance in detail.
These methods can be summarized as follows:

Fixed number of B-frames: A fixed number of B-frames
are used between each pair of I-frames for all of the data. This
is the conventional method used in compression methods such
as MPEG.

Fixed shift: Rather than fixing the number of B-frames,
the driving distance traveled during the interval between two
I-frames is fixed. The location of the LiDAR unit in each
frame can be determined using motion estimation, so the
shift distance is si per frame. The number of B-frames (nB)
between two I-frames then depends on two parameters, the
threshold of shift s and lower limit nBmin, while observing the
following restriction:

nB ≥ nBmin and
∑nB

i=1 si 6 s (2)

Uniform motion splitting: In this method, we not only
fix the shift distance between two I-frames, but we also
separate uniform motion frames from frames which include
acceleration or deceleration activity [9].

In our previous study, we analyzed the performance of
the sequencing methods described above and concluded that
simply increasing the number of B-frames between I-frames
does not improve compression performance, and that setting
I-frames among the low velocity frames is cost-effective. In
light of these results, we proposed a new sequencing method
which we called the ”local minimum method”.

Local minimum: The average velocity of the LiDAR within
each pair of frames assumed to be the velocity observed in
the latter frame. We then select the frames which have the
local minimum velocity as I-frames. Between these minimum
velocity I-frames, additional I-frames are inserted using the
fixed shift method.

B. Comparative evaluation of sequence decision methods
A comparison of these different sequence decision methods

is shown in Fig. 7, which represents 7 seconds of data as the
vehicle is approaching a crosswalk.

Focusing on the blue lines in Fig. 7(c) and Fig. 7(d), when
the number of B-frames between two I-frames is fixed, as
velocity decreases relatively less bitrate is needed and RMSE
also decreases. Now note the red line, which represents the
fixed shift sequencing method. Even at very low velocity, some
frames still require a large bitrate and have large RMSE if
they are located far from the I-frames, as illustrated within
the red square in Fig. 7(a). Uniform motion splitting and local
minimum can be seen as a trade-off between the other two
methods. By inserting only a few I-frames when the LiDAR
unit is traveling at a low velocity, bitrate and RMSE of the
enclosed B-frames can be reduced. This is because when
the vehicle is moving slowly, fewer I-frames are needed to
accurately represent the relatively static environment in the
many nearby B-frames. When compared with uniform motion
splitting, the local minimum method proposed in this paper is
more cost-effective because it only inserts one I-frame in the
low velocity ”valley” shown in Fig. 7(b).

Fig. 8 shows global compression performance using each
of the four sequencing methods. At high bitrates, the B-
frames are compressed almost as losslessly as the I-frames.
In this case, no matter how we select the I-frames the results
are almost the same. At high compression rates, i.e., at low
bitrates, the proposed local minimum method, represented by
the solid yellow line, clearly outperforms the other methods.
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Fig. 7: Various frame sequencing strategies and their effects.
In (a), the four frame sequencing methods are illustrated.
Small blue asterisks represent the B-frames while the big
red asterisks represent the I-frames. (b) shows the velocity of
the LiDAR unit during each frame. (c) and (d) show RMSE
and bitrate for each frame, respectively, when using each of
the sequencing methods. Note that in the (c), points where
the RMSE value equals 0 represent I-frames, because our
proposed method compresses the I-frames losslessly. Similarly,
in (d), points where the bitrate value is a little over 7 Mbps
represent I-frames.

Fig. 8: Compression performance using four different sequenc-
ing methods.

VII. EVALUATION

In this section, we evaluate the performance of the proposed
method both subjectively and objectively. In Section VII-C, we
visualize some examples of decompressed point cloud data and
analyze them perceptually. In Section VII-D, we quantitatively
evaluate the proposed method in terms of the volume of the
compressed data and the error rate of the decompressed data,
and compare its performance with that of existing point cloud
compression methods. We do not compare our method with
some other compression methods proposed in related work,
either because the code for these methods is unavailable, or
because the datasets used are not from autonomous driving
situations and do not provide the raw LiDAR packet data,
making a direct comparison difficult.

A. Test data

In order to evaluate the proposed method and compare it
with other methods, the use of an open dataset is highly
desirable. Some point cloud compression methods employ
the fr1/room dataset [35], while in the autonomous driving
domain the KITTI dataset [36] is often used. Unfortunately,
the KITTI dataset does not provide the raw packet data
which is required for our proposed method to function.
Therefore, we use our own data from a Velodyne HDL-
64E S2 sensor for our comparative evaluation (which can be
downloaded here: https://drive.google.com/drive/u/0/folders/
1qUG kEqfoT3oCOIMHI0FOktY8Nk9hC3b). The data con-
tains three, one-minute sets of driving data, representing three
different driving scenarios: exiting a parking lot, driving in
a residential area and driving on a major urban road. Fig. 9
shows the environments and routes used.

B. Implementation

In the motion analysis module, we set parameter s = 3
and parameter nBmin = 15. During prediction, we build a 60×
2000 grid map to search for appropriate reflection points, with
each grid sector covering two points on average. In the coding
module, we use parameter α = ( 34 )

i i ∈ [0, 1, 2, ..., 11] to
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Fig. 9: Locations and routes used for collection of driving data.

tune the trade-off between compression rate vs. information
loss.

Our implementation is based on Matlab and uses only one
core of an Intel Core i7-7820X CPU. Processing time depends
on parameter n for reflection point searching. When n=0,
compressing 1 minute of data takes about 30 minutes. When
n=1, compressing 1 minute of data takes about 80 minutes.

There are methods which could be used to greatly accelerate
the processing speed, such as using multiple cores in parallel,
utilizing GPU acceleration (especially for accelerating reflec-
tion point searching, which is the biggest calculation cost) or
customized FPGA, which is often used to accelerate MPEG
into real-time. However, accelerating the proposed method to
operate in real-time is outside the scope of this paper.

C. Visualizing the decompressed data

Fig. 10 shows examples of decompressed point cloud data
at different Root-Mean-Square Error rates. When RMSE =
3.05 cm, it is almost impossible to detect differences in
the decompressed point cloud samples with the human eye.
However, as RMSE error rates increase the differences become
more obvious. The error rate of decompressed data can be
thought as the bias of point location. As RMSE increases,
lines and planes become rougher, leading to the loss of detail.
For example, focusing on the point cloud data in the boxes in
Fig. 10, which represent a vehicle, in the original point cloud
and even at low RMSE we can easily determine the orientation
of the vehicle and even identify its front windshield. However,
when RMSE=9.49 cm we can no longer easily ascertain this
information. In addition, when the error rate is huge it is dif-
ficult to accurately assign boundary boxes to obstacles, which
would be dangerous in an autonomous driving application.

Compression error is mainly the result of quantization, and
it is difficult to determine a threshold/minimum standard for
error because the acceptable level of quality when using lossy
compression methods is always dependent on the applications
they are being used for. Streaming point cloud data collected
for autonomous driving is being used for multiple applications:
mapping, localization [37], object detection/tracking [38], and
so on [39]. Furthermore, each of these applications focuses
on different information from the point cloud. For example,
object detection applications are more sensitive to information
about relatively nearby points, while localization using normal
distributions transforms (NDTs) is oriented on more distant
points. For this reason, we want the decompressed data to

Fig. 10: Examples of decompressed LiDAR data at various
rates of RMSE (colored by height).

retain as much useful information as possible, although some
error is inevitable. As shown in Fig. 10, at 9.49 cm of
RMSE there is so much loss of detail that it interferes with
determining the bounding box of the obstacle. Thus, we
consider roughly 10 cm of RMSE as the largest error rate
our compression method can tolerate when being used for
autonomous driving data.
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D. Comparison of proposed method with other compression
methods

In this section we compare the proposed method with other
point cloud compression methods, as well as with the method
proposed in our previous study [9]. As the proposed method
targets raw data, in Section VII-D1 we compare the proposed
method with other three methods which also target raw point
cloud data. In Section VII-D2, we compare the proposed
method with the octree compression method[7], which is
probably the most popular generic point cloud compression
method.

In the following subsection, we use two different evaluation
criteria for two different type of algorithms respectively. For
the compression methods which target raw packet data R and
decompression data are raw data R′ with point cloud P ′ =
f(R′) like proposed method, using RMSE of R′i,j vs. Bitrate
(Mbps) as the evaluation criterion is a natural choice.

However, when using compression methods which directly
target point cloud P and whose decompression data is simply
P ′, such as the octree compression method, we cannot directly
calculate RMSE between the original point cloud input P
and decompressed point cloud P ′ because the decompressed
point cloud is disorderly and there is no direct correspondence
between the data points in P and P ′. To evaluate these types
of methods we instead use Symmetric Nearest Neighbor Root
Mean Squared Error (SNNRMSE) as our evaluation criterion.

In contrast to compression methods which target raw data
and keep all the points, many other point cloud compression
methods throw away some data points during compression.
Therefore, using megabits per second (Mbps) directly as a
performance criterion would result in an unfair comparison in
this case, so instead we use bits per point (bpp) to evaluate
the volume of the compressed data, a method which has
been widely used as an assessment tool in other point cloud
compression research.

1) ours vs. other raw data targeting methods: Some other
compression methods besides our proposed method also target
raw point cloud data, in order to utilize the potential 2D
characteristics of the point cloud data collected by LiDAR
scanners. In [9], we proposed several methods which were
based on existing image compression methods. Yin [21]
proposed a method called Adaptive Point Cloud (APC) and
provided the source code, which we have modified in the
following experiment in order to adapt it to our sensor. Here,
we use the RMSE of the distance value in the raw data
vs. Bitrate (Mbps) as the evaluation criterion, as previously
mentioned. Fig. 11 shows the performance of the five selected
raw data compression methods.

As shown in Fig. 11, our proposed motion analysis-based
method (yellow line) outperforms the APC method, which
uses fewer bits for each point without reducing spatial or
temporal redundancy. The layered JPEG based method utilized
JPEG to compress rearranged 2D matrices/images, each of
which contains the data from one laser during a fixed period
of time. Our motion analysis-based method achieved better
compression results than the layered JPEG based method in
relatively small RMSE situations, as shown in the red box, al-
though the layered JPEG can compress data at a much smaller
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Fig. 11: RMSE vs. Bitrate using five different compression
methods.

bitrate when RMSE is high. As a video compression method,
MPEG provides a high compression ratio with a relatively
large RMSE, but is not as effective in situations requiring
low RMSE and does not perform as well as our proposed
motion analysis-based method. By using these new motion
analysis, prediction and encoder modules, the streaming point
cloud compression method proposed in this paper greatly
outperforms our previous work [9].

In general, the motion analysis-based compression method
outperformed the image compression-based methods while
requiring smaller RMSE, but the image compression-based
methods achieved higher compression ratios at higher RMSE.
Image compression-based methods can compress more data
because they take units or blocks of several pixels at a time,
for example a 4×4 group of pixels, while the motion analysis-
based method processes individual points of data. Thus, image
compression methods can lose more information, a feature
which could possibly be used to improve the proposed method.
In this study, our proposed method focuses on compressing
data with high accuracy because we consider a low RMSE
is a basic requirement for compression tasks in autonomous
driving systems. It should be remembered that safety is always
the key factor in autonomous driving applications, because
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Fig. 12: SNNRMSE vs. Bitrate (in bits per point) for proposed motion analysis based method, octree compression method and
our previous work [9].

mistakes caused by errors in decompressed data could lead
to serious accidents. In order to avoid this, the decompressed
data should have a very small RMSE.

So, in summary, we can say that our proposed method
outperformed APC and the image compression-based methods,
and that it is a more appropriate choice for autonomous driving
applications.

2) ours vs. octree compression method and previous work
[9]: Many data compression studies have directly targeted
point cloud data, taking advantage of its 3D characteristics
without utilizing the 2D characteristics of the raw LiDAR
packet data. The octree-based compression method proposed
by Kammer [7] is probably the most popular point cloud
compression method, since it can compress streaming point
cloud data in real-time and is supported by Point Cloud Library
(PCL).

As we mentioned at the beginning of this subsection, the
decompression output of octree compression is only the point
cloud, and some data points may be lost during compression.
Therefore, next we use SNNRMSE vs. bpp to compare decom-
pression results P ′ from octree compression with decompres-
sion results when using the proposed motion analysis method
and our previous work [9].

SNNRMSE is the conventional criterion used to quantify the
difference between two point cloud frames. Given two point
cloud frames P and Q, for each point p in P find the closest
point q in Q (in Euclidean distance), where q is defined as
q = NN(p,Q):

MSENN(P,Q) =
∑
pεP

(p− q)2/|P | (3)

Here |P | represents the number of points in P . Then:

RMSENN(P,Q) =
√
MSENN(P,Q) (4)

By considering both RMSENN(P,Q) and RMSENN(Q,P ),
RMSESNN(P,Q) can be calculated as follows:

RMSESNN(P,Q)

=
√
0.5MSENN(P,Q) + 0.5MSENN(Q,P )

(5)
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Fig. 13: Evaluating decompressed data by vehicle localization
application.

Fig. 12 shows the results. The proposed motion analysis-
based method (dashed lines) clearly outperforms the octree-
based method and our previously proposed SLAM-based
method [9]. Comparing the performance of the three methods
in various driving scenarios, all of the methods performed best
in the residential area and worst on the urban road. The reason
is that the ego vehicle (the platform for the LiDAR unit) moves
relatively slowly through the residential area, there are many
similar buildings and there are fewer dynamic objects, such as
other vehicles and cyclists. All of these factors make it easier
for compression algorithms to reduce temporal redundancy. On
the other hand, the urban road scenario is just the opposite.
Note that the performance of the proposed method is more
consistent across the various driving scenarios than that of
the octree and our previous work [9]. This is because the
prediction module in the proposed method, which uses a grid
map, can predict the data points within a static environment
relatively accurately even when the ego vehicle/LiDAR unit is
moving at a high velocity, which allows our proposed method
to function effectively under different driving conditions.

E. Evaluation by application

The evaluation of any lossy compression method should
take into consideration possible application scenarios. In this
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section, we use vehicle localization, which is one of the most
important applications for point clouds in autonomous driving,
to evaluate the applicability of our method. Given a point cloud
map, we perform localization using decompressed point clouds
which were compressed at various compression rates, and
compare the accuracy of the localization results. Localization
was based on the normal distribution transform (NDT) [31]
and we used the implementations provided by the Autoware
open source autonomous driving platform [32].

Using with original point cloud as the ground truth for
the localization results, the RMSE of localization (for all
frames) was then calculated to evaluate error. In Fig. 13, we
compare the RMSE of localization with the RMSE of the
decompressed data. We can see that at low compression rates,
both the decompressed data and localization results are very
accurate. However, when increasing the compression rate to
reduce the bitrate from 6.68 bpp to 3.61 bpp, the RMSE of
decompressed data increases almost 20 times (from 0.48 cm
to 10.45 cm) while the RMSE of localization only increases 3
times (from 0.46 cm to 1.37 cm). In other words, the increase
in the RMSE of the localization results was much slower than
the increase in the RMSE of the decompressed data. As a
result, even when the point cloud data is compressed at a
low bitrate with relatively high RMSE, we can still perform
localization accurately. As we can see in Fig. 13, although
the decompressed point cloud had a RMSE of 10.4 cm and
needed only 3.61 bpp (almost 1/70th of original point cloud),
this led to only about 1.4 cm of RMSE in localization error,
which is very small and well within the acceptable range for
vehicle localization tasks. Thus, the results of this experiment
demonstrate the potential of the proposed method for use in
real applications.

VIII. CONCLUSION & FUTURE WORK

In this paper we have introduced a method of streaming
point cloud compression which is an improved version of a
method we proposed in a previous paper. We also analyzed
how different parameter values affect compression perfor-
mance. Experimental evaluation of the motion analysis-based
compression method proposed in this paper demonstrated its
ability to compress LiDAR point clouds into a small volume
of data with very little information loss. This was achieved by
using an efficient prediction module to reduce temporal redun-
dancy, an encoder to reduce spatial redundancy and a motion
analysis module to optimize reference frame distribution. In
an experimental comparison of the proposed method with
existing point cloud compression methods, our results showed
that the proposed method achieved better overall performance
when compressing and decompressing LiDAR data (i.e., high
compression rates at low error rates), outperforming the other
methods and demonstrating that it has great potential for use
in autonomous driving systems.

As for future works, we will focus on optimizing our
method for main applications, epically localization and object
detection.

As mentioned before, the evaluation of any lossy compres-
sion method should take into consideration possible applica-
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Fig. 14: Arranging raw packet data into a 2D matrix. Each
row corresponds to one laser ID, and each column corresponds
to one emission. The value of each pixel represents distance
information.

Fig. 15: Visualization of raw packet data in an image-like
format. A pixel’s grayscale value from black to white rep-
resents a distance from 0 to 13,000 cm. Noted that without
calibration, we could not understand the raw data the way we
can understand a depth map.

tion scenarios. In autonomous driving, the most important ap-
plications for point cloud are localization and object detection.
In Section VII-E, we showed that decompressed data from
the proposed method could work well in localization tasks.
How about object detection and how to future improve the
performance of localization and object detection while keeping
the same compression rate remains a future goal.

To ensure that our decompressed data can work well in these
applications, we should selectively lose information in the
encoder module. And the definition of important information
varies between localization and object detection. In the future
work, we will focus on designing a smarter encoder module by
exploring and considering what is the most important informa-
tion for popular localization and object detection algorithms.
By discarding relatively inessential information, we believe to
obtain better localization and object detection results at the
same compression rate.

APPENDIX A
POTENTIAL 2D CHARACTERISTICS OF POINT CLOUD DATA

COLLECTED BY LIDAR SCANNERS

Each point in a set of point cloud data is represented by x, y,
and z coordinates, identifying its location in a 3D space. Raw
packet data, however, represents each point using a distance
value, a rotation angle and a laser ID. Rotation angle here
means the yaw angle of LiDAR, and all of a particular laser’s
emissions occur at the same yaw angle once per rotation,
without taking calibration into consideration. Laser ID here
represents pitch angle information. In LiDAR systems, every
laser sensor is fixed at a specific location and angle, so that if
the laser ID is known we can easily determine the pitch angle
of the beam. In other words, raw packet data can be roughly
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thought as a kind of polar-coordinate-like representation of
3D point cloud. After a calibration process f(R) = P , which
uses a calibration file to correct angle, distance and starting
locations, raw packet data R can be converted into a point
cloud P in real-time.

By arranging raw packet data into a 2D matrix as shown in
Fig. 14, the information can be stored losslessly. Fig. 15 shows
an example of an image created using this type of raw packet
data. Laser ID information is represented by row number i,
while information about the rotation angle, which corresponds
to column j, could be coded into a few bits of data because,
generally, the difference between adjacent rotation angles is
uniform. As a result, by using run length coding all of the
rotation angle information can be efficiently captured. These
potential 2D characteristics of point clouds are in fact based
on LiDAR’s own operating principle.

We need to store three elements, the x, y and z coordinates,
for each point in a point cloud, but when utilizing the data
in this image-like format, for the most part we only need one
element, distance from the scanner to the detected point. Thus,
the 2D format is itself already a kind of data compression.
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