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ABSTRACT Automated vehicle technology has recently become reliant on 3D LiDAR sensing for percep-
tion tasks such as mapping, localization and object detection. This has led to a rapid growth in the LiDAR
manufacturing industry with several competing makers releasing new sensors regularly. With this increased
variety of LiDARs, each with different properties such as number of laser emitters, resolution, field-of-
view, and price tags, a more in-depth comparison of their characteristics and performance is required. This
work compares 10 commonly used 3D LiDARs, establishing several metrics to assess their performance.
Various outstanding issues with specific LiDARs were qualitatively identified. The accuracy and precision
of individual LiDAR beams and accumulated point clouds are evaluated in a controlled environment at
distances from 5 to 180 meters. Reflective targets were used to characterize intensity patterns and quantify
the impact of surface reflectivity on accuracy and precision. A vehicle and pedestrian mannequin were also
used as additional targets of interest. A thorough assessment of these LiDARs is given with their potential
applicability for automated driving tasks. The data collected in these experiments and analysis tools are all
shared openly.

INDEX TERMS 3D LiDAR, sensors, 3D sensing, benchmark, automated driving, autonomous driving.

I. INTRODUCTION
Light Detection And Ranging (LiDAR) is well-known as
a remote sensing method, mainly used for surveying and
mapping large areas. The technology was then adapted for
terrestrial mobile systems first through 2D, planar LiDARs,
largely used for indoor applications. Recently, 3D LiDARs
have seen increasing use, particularly for automotive applica-
tions. In the context of automated driving, 3D LiDARs have
shown to promise for various exteroceptive tasks including
localization, mapping and perception. They represent a viable
alternative to cameras for object detection and tracking,
addressing many of the shortcomings such as limited field of
view (FOV), scale ambiguity and poor performance in dimly
lit environments. 3D LiDARs are also often used in tandem
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with cameras as they provide complementary information in
the form of accurate range measurements.

Due to their rising popularity in both research and
real-world applications, there has been a surge in the number
of 3D LiDAR manufacturers. This has led to an increase
in the diversity of 3D LiDARs themselves. Each has vary-
ing properties such as operational range, number of lasers
layers—also known as rings—and their layout, vertical FOV,
etc. Aside from 3D range information, 3D LiDARs include
an intensity channel, based on return power of the laser and
therefore the material’s reflectivity. Intensity is calibrated by
distance to counteract the natural decrease in returned power,
and therefore different LiDARs offer varied intensity profiles
dependent on hardware and on-board processing.

In recent years, much attention was given towards improv-
ing LiDAR-based algorithms, gradually increasing their
accuracy and efficiency. With few datasets available, most of

VOLUME 8, 2020 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/ 131699

https://orcid.org/0000-0003-0392-9635
https://orcid.org/0000-0002-5941-2195
https://orcid.org/0000-0002-2495-9924


J. Lambert et al.: Performance Analysis of 10 Models of 3D LiDARs for Automated Driving

TABLE 1. LiDARs tested, by manufacturer then number of rings. Acronyms are frames-per-second (FPS), vertical field-of-view (vFOV), vertical and
horizontal resolution (vRes, hRes), laser wavelength (λ), and sensor diameter d .

∗
The VLS-128 is the prototype version for the Alpha Prime VLS-128-AP.

Refer to the VLS-128-AP datasheet for comparison. aVelodyne states HDL-64S2 accuracy is ±2cm for 80% of channels. bFinest resolution, as these sensors
have variable angle difference between beams. cHesai and RoboSense state that accuracy for [0.3,0.5]m is ±0.05m, and [0.5,200]m is ±0.02m. dOuster
states accuracy for [0.8,2]m is ±0.03m, for [2,20]m is ±0.015m, for [20,60]m is ±0.03m, and over 60m is ±0.10m. eVLS-128 firmware is not stated as it
was not a production model. fRS-LiDAR-32 had top board firmware version T9R23Va_Tb_00 and bottom board firmware version B8R02Va_T5_A. gAn
approximate ranking of the cost of the LiDARs, the more ’$’ symbols, the more expensive.

these algorithms operate on the same, often outdated hard-
ware. In practice, a large variety of LiDARs are used; it is
unclear how each might perform on software designed for
different hardware, given the aforementioned variety. This
is especially true in the context of deep learning models for
object detection and point cloud segmentation, trained on
specific sensor data and generally not transferable to other
LiDARs [1].

Rather than testing algorithms on every LiDAR, it is prefer-
able to establish some desired sensor data characteristics
for each algorithm. For example, 3D NDT mapping and
localization [2] generally requires LiDAR with accurate long
range data for scanmatching. Clustering algorithms for object
detection and classification naturally require a high quantity
of points to properly create clusters. However, for deep
learning algorithms who use raw sensor inputs, it is unclear
what characteristics are required for good performance: data
density, accuracy, precision, and intensity profiles may affect
performance to different degrees. By comparing studies
assessing LiDAR performance on individual algorithms with
a study of fundamental sensor characteristics, a correlations
between performance and specific LiDAR properties can be
established. Such an analysis is beneficial as it generalizes to
future sensor models and may guide their design.

As such, a systematic comparison of hardware through
standardized tests is necessary to better fundamentally under-
stand the differences between LiDARmodels. Unfortunately,
little effort has been put forth towards comparing the perfor-
mance of LiDARs, from their accuracy and precision to per-
formance on different tasks. While manufacturer datasheets
can be used as a basis for comparison, the metrics and test-
ing procedures between makers are not directly comparable.
Knowing these basic properties is generally not enough to

draw conclusions on their performance for various tasks.
Ideally, a fixed testing procedure should be used for direct
comparison of the existing hardware.

This work establishes a testing procedure and evalua-
tion metrics to compare the 10 mechanical LiDARs listed
in Table 1. The test were carried out at the Japan Automo-
bile Research Institute (JARI) weather chamber in Tsukuba,
Japan on September 24-26 2019. The enclosed, 200m long
test site provided stable and comfortable conditions for the
lengthy evaluation procedure. It is otherwise a fairly standard
road surface and the proposed experiments are completely
repeatable. The LiDARs were tested under normal lighting
and weather for this work, but also under intemperate weather
including rain, fog and strong light. Given the quantity of
data collected, this paper focuses on the normal, so-called
static tests. The data collected is distributed publicly for
the research community and also includes dynamic outdoors
scenes [3].1

Following this introduction, a review of the basic principles
of 3D LiDAR sensing is given in the next section, followed
by a literature review of similar LiDAR comparison experi-
ments. A detailed explanation of the experiment is presented
in Section III. Finally, the results contributed by this paper are
organized as followed:

• Qualitative analysis of the collected data and identifica-
tion of various shortcomings of the LiDAR sensors in
Section IV-A,

• Evaluation of the precision and accuracy of LiDARs
at incremental ranges from 5 meters up to 180 meters,

1For more information on the dataset, visit: https://sites.google.com/g.sp.
m.is.nagoya-u.ac.jp/libre-dataset

131700 VOLUME 8, 2020



J. Lambert et al.: Performance Analysis of 10 Models of 3D LiDARs for Automated Driving

with an analysis of the impact of surface reflectivity,
in Section IV-B,

• Analysis of the stability of an individual LiDAR
beams, in terms of precision and intensity variation,
in Section IV-C,

• Evaluation of the quantity of points on the vehicle,
pedestrian and reflective targets from 5 meters up to
180 meters in Section IV-D,

• Comparison of returned intensity distributions, on three
different reflective targets, and evaluation through a
KL-divergence separability metric in Section IV-E.

The overarching goal of these experiments is to quantitatively
describe the fundamental properties of LiDAR. This allows
the performance on specific tasks or algorithms to be corre-
lated to LiDARproperties and qualities to bemade. It is hoped
this knowledge can lead to both better LiDAR and algorithm
design. The other contributions of this paper includes:
• developing a standardized, easy-to-replicate LiDAR
evaluation and comparison procedure,

• open-sourcing of the raw data for further analysis by
other researchers2,

• open-sourcing of a visualization tool for a more detailed
assessment of the results.2

A. 3D LiDAR SENSING
LiDARs have been used extensively in automated driv-
ing applications, typically in the context of map-making
and localization [4]–[6], segmentation [7], [8] and multiple
dynamic object tracking [9]. Developments in machine learn-
ing have recently significantly improved object detection and
segmentation capabilities in 3D LiDAR data [10], [11].

3D LiDARs have been used in several automated vehi-
cles, either for competition or in the development of con-
sumer products. Boss, the vehicle who won the 2007 DARPA
Urban Challenge [12], used the Velodyne HDL-64, IBEO
Alasca XT and Continental ISF LiDARs alongside other
sensors for localization, static object mapping and dynamic
object detection and tracking. Stanford’s automated driving
research vehicle Junior [13] also used in the 2007 DARPA
Urban Challenge used a self-calibrated HDL-64S2 for SLAM
and a camera-LiDAR fusion approach was adopted for
object detection where depth information was integrated in
the images. Following their lead, Google Car (2011) also
used an HDL-64, mainly for mapping and localization [14].
More recently, the mobility as a service companies Uber
and Waymo have vehicles which use 3D LiDAR sensing.
Open-source self-driving software stacks Apollo (Baidu) [15]
and AutoWare [16] also have LiDAR sensing at the core of
their pipeline.

The operating principle of LiDARs is simple: a light source
(laser pulse) illuminates a spot in the scene and its reflection
is received by a photodetector. Distance is calculated from
the time between when the laser pulse was sent and received,

2Visualization tools and more information on obtaining the data can be
found at: https://sites.google.com/g.sp.m.is.nagoya-u.ac.jp/libre-dataset

with some corrections applied based on return power. High
frequency light is used, usually in the range of 800-1000 nm,
just outside the visible range. This wavelength and the emis-
sion power renders it usable at long distances, with some
penetrative ability, while being eye safe. 3D LiDARs are
usually equipped with an array of angled laser emitters and
photodetectors, rapidly rotating to generate 3D point clouds.
There exist other LiDARswhich operate on differentmechan-
ical principles, such as a single emitter but are equipped
with a rotating mirror, also called MEMS LiDARs. Non-
mechanical LiDARs such as flash LiDARs, also known as
solid state LiDARs, emit awide laser beam and use an array of
photodetectors to form a range image. Finally, optical phased
array (OPA) LiDARs effectively steer laser emitters though
semiconductor phased array. Comprehensive analysis of the
different LiDAR technologies and their operational principles
can be found in [17].

All the LiDARs in this study are mechanical LiDARs
which use a rotating array of laser emitters but the two Ouster
LiDARs are somewhat unique with their mechanically rotat-
ing, multi-beam flash LiDAR design, leading to structured
point clouds. For the LiDARs examined, the number of laser
emitters varies from 16 to 128 as shown in Table 1. While
all have a 360◦ horizontal field of view, their vertical field
of view varies, as well as the angular distribution of the
emitter array, as noted by the vertical resolution (vRes.) row.
The manufacturer cited range and precision of the LiDAR is
also stated, though different makers have various methods of
determining these values; this work aims to unambiguously
reestablish these. A rough indicator of the price of these
sensors is also included, which must be considered for a fair
comparison. However, as prices change over time, vary per
region, and academic prices are also often available, exact
prices are difficult to cite. We ask the reader to note the
sensor models carefully as they often resemble each other
and the results obtained in this work should not be confused
and attributed to the wrong sensor. In particular, note the
Velodyne VLS-128 was a prototype for the newer Velodyne
VLS-128-AP ‘‘Alpha Prime’’.3

The LiDAR sensors were interfaced through the Robot
Operating System (ROS)middleware, using themost recently
available open-source drivers. Performance can be impacted
by software (device drivers), and firmware (on-board drivers)
and calibration parameters. The open-source raw data col-
lected in these experiments means the impact of any software
updates or re-calibration can be quantified; firmware is fixed
and cited in Table 1. With the exception of the VLS-128, all
sensors are consumer-ready models and should not contain
major firmware issues, though updates improving perfor-
mance may have been released. Drivers are available publicly
on the ROS build farm and Github as well as manufacturer
provided calibration files. Raw information in the form of
pcap files was also collected and openly available.

3The Velodyne Alpha Prime, alongside other sensors, are planned to be
included shortly.
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II. RELATED WORKS
Few papers which directly compare and characterize LiDARs
have been published, with some studies characterizing indi-
vidual LiDARs or comparing a few. There also exists some
research focused on comparing LiDARs for specific applica-
tions. Finally, some work on self-calibration of 3D LiDAR is
highly pertinent to this research as the goal of self-calibration
is to increase the overall accuracy and coherence of the
LiDAR point clouds, which requires establishing evaluation
metrics.

A. LiDAR TESTING
A recent work, closely related to this research, characterized
a 16 layer Robosense LiDAR and compared it to Velodyne’s
16 layer lidar [18], examining many aspects: it was found that
the RS-LiDAR-16 measurements can drift by up to 2.5cm
as the temperature of the sensor increases from boot. They
also note that sensor orientation, in particular roll angle, has
a significant influence on measurements. They also evaluate
point cloud performance by placing the sensor 2 meters away
from a wall and plotting errors for each point. It is unclear
how ground truth was established, but the RS-LiDAR showed
more consistent performance than the VLP-16, which had
larger errors between rings. Differences between rings high-
light the need for improving LiDAR calibration. As such,
the authors investigates a few self-calibration methods and
how whether they improve the performance of the LiDAR,
which is further discussed in the following Section II-B.
They also investigate the effect of surface color on measure-
ments, and provide qualitative detection and mapping results.
Self-calibration and its impact on point cloud stability was
also investigated for the VLP-16 [19].

Other LiDAR comparison papers include a study of the
Sick LMS151 and Hokuyo UTM-30LX specifically for
canopy detection [20]. Since canopy detection requires accu-
rate 3D point cloud reconstruction from many scans, high
point cloud accuracy is imperative. To control all the variables
and evaluate accuracy of the point clouds, they install the
LiDARs on a rail and precisely control their motion through
servo motors. This is a precise approach that is commonly
used for experimentation with LiDARs, but limits the testing
range to a few meters, which is not the operational range in
automated driving applications. One work used this system
to compare the bias of the Sick LMS-151, Robosense RS-
LiDAR-16 and Velodyne HDL-32E [21]. The performance
of the Hokuyo URG-04LX was evaluted using a similar rail
setup [22] as well as the SICK LMS200 [23]. The Hokuyo
UST-20LX was also characterized over near distances [24] as
well as the SICKLMS511-20100Pro [25]. Obstacle detection
capabilities were investigated for the Hokuyo UTM-30LX
[26], Hokuyo URG-04LX [22] and SICK LMS200 [23],
while the mapping capabilities of the SICK LMS511 was
the focus of another study [25]. The studies generally remark
considerable measurement drift over time due to temperature
variations. Variations based on target surface material were

also studied, through the use different materials such as metal
wood or cardboard; material color as well as angle of inci-
dence were found to be key sources of error.

One previous work compared three sensors, the Hokuyo
URG-04LX, Hokuyo UTM-30LX, and the Sick LMS-151,
and modeled their noise components [27]. While these are
2D sensors, 3D scans were made using a custom made tilting
platform to accumulate multiple 2D scans. As with our work,
ground truth for the distance between the LiDAR and the
target was made using Leica Total Station (TS15). They used
four targets: aluminum, white board, steel and rusted iron
as these represent commonly used material but also cover
a large spectrum of reflectance. They note highly reflective
surfaces like aluminum are difficult to detect especially when
the angle of incidence is large, and that these surfaces may
cause mis-detections due to reflections on multiple surfaces.
Sunlight seemed to have an effect on the sensor as well,
though this may have been caused by additional internal
heating. Their experiments were limited to 8 meters.

Overall, research characterizing and comparing 3DLiDAR
sensors in the context of automated driving is severely lacking
in the literature. Widespread comparison of sensors has not
been conducted, with current studies limited a small number
of sensors. Performance at long range has not been analyzed
either, which is the operational environment of automated
driving. This study aims at filling this gap in the research
literature, as we compare 10 sensors from various makers
over a distance of 180 meters.

B. SELF-CALIBRATION
LiDAR self-calibration is concernedwith improving the qual-
ity of point cloud data and therefore closely related to this
study. This can mean improving the accuracy of distance
measurements or increasing the consistency of intensity mea-
surements. Some previous works are concernedwith extrinsic
calibration of multiple rigidly attached 2D LiDARs, while
others attempt to improve the performance of 3D LiDAR
sensors. This pre-calibration step is necessary for many
real-world application; the aforementioned Junior test vehicle
applied an unsupervised calibration method to improve the
consistency of HDL-64 point clouds [13] for the DARPA
challenge. The pre-calibration of intensity patterns allowed
extrinsic LiDAR-camera calibration by establishing correla-
tions LiDAR intensity and camera pixel intensities [28].

Previous work establishes a mathematical model of the
calibration adjustment of the HDL-64S2’s default parameters
[29]. In this work, planar surfaces are used to formulate a cal-
ibration correction as a least-squares problem, significantly
increasing the accuracy of the sensor. They report root-mean-
squared error (RMSE) of the plane estimation to be reduced
by a factor of 3. In following work, the same calibration
approach was taken on three VLP-16 sensors and shown
to improve accuracy of the distance measurements from
10-20% [19]. Planar features and edge features are a common
calibration target used for laser scanner calibration [30], [31],
as well as for extrinsic calibration to other sensors [32],
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FIGURE 1. The JARI environment under different simulated weather conditions.

[33]. This approach can be repeated on different reflective
targets for a more robust calibration, as some behavior can be
specific to the reflective surface [18].

There also exists target-less calibration, also known as
unsupervised or automatic. The performance of certain algo-
rithms such as SLAM have been used for self-calibration
of depth sensors [34]. Otherwise, many methods use the
assumption that LiDAR points are structured on continu-
ous surfaces to construct a metric for point cloud consis-
tency based on mutual information. Point cloud entropy was
defined and used to calibrate an array of rotating 2D sensors
[35], [36] and also for extrinsic calibration with cameras [37]
and egomotion sensors [38]. A similar metric based on the
same assumption to approach unsupervised self-calibration
of an HDL-64S2 as an energy optimization problem was also
developed [39].

While manufacturers provide calibration parameters,
sensor-specific parameters that may change over time lowers
the overall point cloud accuracy and self-calibration methods
are required. The development of robust, standardized cali-
bration procedures applicable to all LiDARs remains an open
problem.

III. METHODOLOGY
A. ENVIRONMENT
In this section, the environment and vehicle used for data
collection is introduced. The tests were conducted in the
Japan Automobile Research Institute (JARI) weather cham-
ber, shown in Figure 1a. From door-to-door, it is a 200m
long hangar with a flat road surface. The width is divided
in three standard drivable lanes with a shoulder on each side
and pedestrian sidewalks. The weather chamber is tempera-
ture controlled and can simulate several weather conditions
including rain, fog and strong light. Tests were conducted in
all conditions, but this work focuses on clear conditions.

B. PROCEDURE
Themain purpose of the static testswas to evaluate the perfor-
mance of 3DLiDARs from near to far distances. Past research
doing standardized tests on LiDAR performance were largely
limited to a short distance, but the JARI environment allowed
establishing ground truth up to 180 meters. During the static
tests, the conditions were completely clear, well lit and the
temperature was controlled. The static tests preceded any

FIGURE 2. Example setup for the static test.

fog or rain experiments so there were no residual effects or
excessive humidity.

The setup used for the static test is shown in the Figure 2.
A Leica Total Station (TS) Viva TS15 [40] was used to mark
the ground at regular intervals with high accuracy as shown
in Table 2, through the following procedure: the road lane
markers (dashed white lines) were first used to align the
LiDAR, TS and target markers along a single straight line.
The TSwas placed at a horizontal distance (depth) of 5meters
to the LiDAR mount center. At the center of the LiDAR plate
which accommodates every LiDAR, a TS prism was placed
to precisely determine the horizontal distance from TS to
LiDAR origin.

In the opposite direction, still along the traffic lines,
the ground was marked at regular intervals through the
following procedure: A pole-mounted prism was used as
tracking target for the TS, as it is more reliable than direct
measurements at long distances. The range measurements
were corrected based on the corresponding prism constant.
Moving along the traffic lines, the ground was marked at
a series of target intervals based on the horizontal distance
between the TS and the prism. The chosen distance inter-
vals are shown in the left-most column of Table 2, with
distances from LiDAR to target post-correction shown on
the right-most column. The height of the pole was also
noted, allowing to minimize any tilting which would skew
the measurements. Markers were made denoting the target
center. Once the target was placed at the correct position,
traffic line markers were used to align the target’s orientation
to ensure its perpendicularity; additional markings weremade
at each corner of the target as shown in Figure 3 to ensure
repeatability. These ground markings were made once and
relied on for the duration of the experiment as using the
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FIGURE 3. Typical target alignment procedure. The right side of the center
beam (marked by green line) is aligned with the lane markers. The front
target’s center support beam (marked by red line) is aligned with the
marker made by the total station’s distance estimation. Corners are also
marked as secondary markers to ensure reliably repeatable positioning.

TABLE 2. Target distance goal in the left column, measured range from
the Total Station (5 meters in front of vehicle) in center column, then
LiDAR to target ground truth.

TS for every target placement was not feasible due to time
constraints. Despite the millimeter accuracy of the TS and
this repeatable procedure, repeated target placement is an
additional source of noise.

After ground truth distances were established, each LiDAR
was evaluated separately. While the original intent was
to align and simultaneously compare the sensors, prelimi-
nary experiments revealed significant indirect interference
between the sensors, even in an outdoor environment; the
narrowly enclosed JARI space would have undoubtedly led
to corrupted data. A benefit of testing the sensors individually
is that each was mounted on a stationary vehicle making the
collected data much more realistic. The aim was therefore to

FIGURE 4. The Toyota Prius used for the experiments. The LiDAR sensor,
alongside other sensors, is bolted on a plate which is mounted firmly on
top of the car.

design a precisely repeatable experiment and execute it for
each sensor.

The procedure consisted of first mounting a LiDAR which
had spent at least 30 minutes operating normally, to min-
imize measurement drift over time due to changing inter-
nal temperature. The targets were mounted on top of a
Toyota Prius as shown in Figure 4. The targets were then
placed in their initial position, 5 meters away from LiDAR.
The main target used for this experiment is a 3 panel flat
board with 3 complementary reflective material as shown
in Figure 5: (i) the left most target is an Edmund Optics
light absorbing black-out black velvet sheet rated at 10%
reflectance (low reflectivity target), the (ii) center target is
simply regular white poster board paper (mid reflectivity tar-
get) and (iii) the right-most is 3M diamond-grade 4090 series
sheet (high reflectivity target). Each of the panels is of size
A0 with no separation or extra frame, making the total
width of the target 2.523 meters. The height of A0 boards
is 1.189 meters but the reflective sheets stand above the
ground for total height of 1.8 meters. The target frame was
custom designed and machined using light but robust alu-
minum x-beams. Several extra x-beams were used to ensure
stability and prevent any warping of the frame during exper-
iments. Thick and robust foam boards were used as backing
on the frame to ensure each reflective sheet remains as flat
as possible.

Two additional targets were used during the experi-
ments, a pedestrian target the size of an adult approximately
1.7 meters in height and a black Toyota Esquire 2019 of
length 4.695 m, width 1.695 m and height 1.825 m. The
additional targets were placed side-by-side with the reflective
target, though their positions were not as carefully monitored
(Figure 5).

131704 VOLUME 8, 2020
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FIGURE 5. The reflective target, vehicle and pedestrian targets during
experiments as seen from the experimental vehicle’s dashboard camera.
Each third of the reflective target is A0 size. The left-most target is the
black velvet, center target is a regular poster board, and right-most target
is a diamond-grade reflective sheets.

TABLE 3. Angle offset between the LiDAR frame of reference and the
environment, based on the ground and walls. LiDAR points were rotated
by the inverse angles before analysis.

Alignment of the LiDAR with the environment was cor-
rected in post-processing. During experiments, the heading
of the vehicle on which the LiDAR was mounted on (yaw)
as well as the leveling of the plate (pitch) was difficult to
control, which impact the horizontal measurements used in
this analysis. As such, we used ground and wall extraction to
correct these angle offsets, shown in Table 3. These alignment
errors were generally small but over long distances could bias
the results.

After placing the targets carefully at each marked distance,
the operators moved to away from the targets and more than
10 seconds of totally static data was collected. While the
LiDAR was recording continuously, these static frames were
segmented and used to obtain the following results.

IV. RESULTS
A. QUALITATIVE OBSERVATIONS
In order establish a general understanding of the data col-
lected and some commonly observed problems, a qualitative
assessment is first provided in this section. There were a
number of sensor specific observations that raised concern
during these static tests. It is important to first highlight
these qualitative observations as some impact the following

quantitative analysis. Table 4 summarizes the which effect
was observed for each LiDAR. These different are labeled
and described as follows, with Figure 6 showing an example
for each.

Secondary reflections: Some LiDAR detected the target fur-
ther than it really was, at precisely double the expected
distance. It is therefore hypothesized that a secondary
reflection is being recorded, where the LiDAR beam
bounces between the target and the LiDAR twice before
being detected. High intensity reflections were the pri-
mary cause of the behavior shown in Figure 6a.

Intensity-based abberation: Some LiDARs exhibited
inconsistent behavior for specific intensities, as in
noisy and inaccurate measurements. An example is
shown in Figure 6b.

Blooming: Several LiDARs showed radial noise around the
reflective targets as shown in Figure 6c. This behav-
ior is visually similar to fringing around strong light
sources in camera images, called blooming.

Missing points: Point cloud rings were often discontinued,
simply missing on some targets and at some dis-
tances as shown in Figure 6d. Some LiDARs strug-
gled with particular intensities or objects, as in the
car or pedestrian. This effect is somewhat quantified
in Section IV-D, though lower number of points than
expected can be due to several factors. The behavior
highlighted here is clearly missing points where objects
should be easily detected. Note that secondary reflec-
tions were not considered here as missing points.

Traffic line visibility issues: traffic line detection is impor-
tant in automated driving but the behavior of the tested
LiDARs varied significantly, with some odd behavior
as well. in Table 4, the LiDAR traffic light detection
is rated as (i) Very Good, (ii) Good, (iii) Acceptable,
(iv) Poor and (v) Very Poor respectively. Factors such
as visibility at long and short range, measured intensity
andmeasurement distortion caused by traffic lines were
considered in this qualitative assessment. Additional
comments are also included as in some cases where
lines are visible but distorted, as shown in Figure 6e.

Significant secondary reflections were observed in the
VLP-32c and OS1-16. Usually this occurred for a small
subset of points, at close distances, specifically on the high
intensity target. Since this reflective material is similar to the
one used for traffic signs and other roadmarkers, this problem
could lead to both false detections, positive and negative,
in the real world and should be addressed.

The VLS-128 showed significant intensity aberrations
which caused excessive noise in front of the high intensity
target. The Ouster sensors, OS1-16 and OS1-64, also had
intensity-based aberrations but of a different kind; each target
looked like separate offset planes instead of one continuous
surface. This suggests the intensity-based corrections for the
distance measurements are poorly calibrated.
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TABLE 4. Qualitative observations of different detrimental effects each LiDAR, as described in Section IV-A.

Blooming occurred primarily around the high intensity
target and was a large source of noise for the OS1-64. The
blooming in other affected sensors, the HDL-32, VLP-16 and
Pandar64, was considerably smaller and the issue is not catas-
trophic, but still an additional source of noise.

In regards to missing points, several sensors often failed
to return any measurements on the target, vehicle or man-
nequin when it was clearly in line of sight. For some sensors
like the VLP-16 and RS-LiDAR-32, fewer than expected
points on the vehicle occurred consistently at all distances.
Other sensors like the OS1-64, OS1-16 and HDL-64 had
considerablemissing points on each reflective target as shown
in Figure 6d. The Pandar40p, VLP-32c, HDL-32 visually
appeared to have missing points, but further analysis on point
quantity (Section IV-D) will show the problem is not so dras-
tic. Increasing the return rate of the sensor to provide as much
data as possible is obviously important for all applications.
It remains to be analyzed what kind of material or perhaps
particular incidence angles lead to these missing points.

Finally, traffic line visibility is discussed quantitatively.
Only the VLS-128 was able to consistently detect the traffic
lines its entire operational range. There were minor distor-
tions in range and intensity, but overall it is the best per-
forming sensor. The Pandar64 and Pandar40p also had good
detection rates, but the distance measurements were heavily
distorted by the traffic lines, as can be seen in Figure 6e; it
is difficult to physically explain this phenomenon, the traffic
lines did not have significantly different height than the road.
However one previous study noted that reflective surfaces
were difficult to detect at a large angle of incidence [27].
This suggest that white, highly reflective paint may not be a
good choice for automated vehicles using LiDAR technology.
Other sensors had varying ability to detect them which we
tried to comparatively assess in Table 4.
With some example point clouds presented as well as a few

unexpected sources of noise identified, quantitative analysis
of the data collected will now be discussed.

B. POINT CLOUD ACCURACY AND PRECISION
1) OVERALL ACCURACY AND PRECISION
In this section, the accuracy and precision of accumulated
point clouds are established. By comparing the ground truth

horizontal distance and the LiDAR horizontal (x-axis) mea-
surements, two metrics were established to quantify LiDAR
performance: residual error and root-mean-squared error
(RMSE). To ensure the statistical significance of these results,
40 frames of LiDAR data on the three reflective targets
was accumulated. Distances with insufficient points on target
were discarded; the chosen threshold was an average of at
least 9 points per frame on target, or 3 points per reflective
target. This section therefore does accurately report the true
operational range of the LiDAR, which is better estimated by
the analysis in Section IV-D.

For 40 frames of accumulated LiDAR points, residual error
on the ground truth distance was the first metric considered.
The mean and standard deviation at each distance was then
calculated and shown in Figure 7. Note that in those figures,
the y-axis scale is the same for all LiDARs, so the stan-
dard deviation can be directly compared. The advantage of
residuals is that any bias in ground truth calculation can be
shown clearly, if present. Some LiDARs like the HDL-32 and
RS-LiDAR-32 consistently predict greater distances than the
ground truth, while the HDL-64 andOS1-16 predict distances
smaller than the ground truth. As such, using the data, there
is no identifiable bias in the established ground truth.

In terms of residual error, the VLP-16 had the smallest
noise overall andwas very accurate, though the analysis range
was limited to 35 meters, anything beyond this had very
few points on target. For the sensors capable of operating
at long range, the Pandar64 and Pandar40p were particularly
high performance, though slightly biased and drifting over
long distances in the latter case. The VLP-32c, HDL-32,
RS-LiDAR-32 and VLS128 are middle of the pack, with
good performance overall. The VLS-128 was generally accu-
rate but slightly noisy, and showed some disproportionately
large noise and inaccuracy at close range due to the high
intensity target, as previously shown in Figure 6b. The OS1-
64 and OS1-16 were accurate but lacked precision, while the
HDL-64 showed poor performance overall, worsening with
distance.

Another metric that allows for more direct comparison of
LiDARs and includes noise in one metric is RMSE, which
accumulates error regardless of direction. RMSE between
the measured points and the ground truth was calculated
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FIGURE 6. Notable examples for each of the qualitative observations
made of the LiDAR data.

at every distance as shown in Figure 8. From this figure,
it can be seen that generally, RMSE increases with target
distance and some LiDARs struggle at very close distances.

The Pandar64, Pandar40p, RS-LIDAR-32, VLP-32, HDL-
32 and VLP-16 are all deemed high performance with RMSE
mostly less than 0.05 meters.

The VLS-128 showed overall good performance, except
from 10 to 35 meters, which prompted further investigation.
It was found that some LiDARs specifically struggle with the
high reflectivity target at close range, as previously discussed.
In the next section, the impact of surface reflectivity on
LiDAR accuracy and precision is examined in depth.

2) IMPACT OF SURFACE REFLECTIVITY
By segmenting points from each target as shown on the left
of Figure 14a, the accuracy and precision analysis can be
performed for each reflective target. The impact of surface
reflectivity on LiDAR measurements is one of the more
extensively studied subjects, for example by using comparing
different color cardboard [18], [24], different types of metals
[27], or comparing a variety of materials [25]. This work
is limited to three targets, one with very high reflectivity
(diamond target) and one with very low reflectivity (velvet
target). One weakness of our experiments is that these are
extreme cases that are uncommon in the real world. However,
these experiments serve to set some bounds on LiDAR per-
formance and these particular cases have not been addressed
in current literature. Furthermore, the white poster board
target is expected to be easily identifiable with strong but not
overwhelming reflectivity [41], and may be referred to for
typical behavior.

The data analysis of the previous sectionwas repeated, with
residual error per LiDAR for each of the three targets shown
in Figure 9. RMSE error was also calculated for each target
separately, with the high reflectivity (diamond) target RMSE
in Figure 10a, normal reflectivity (white) target in Figure 10b
and low reflectivity (velvet) target in Figure 10c. These results
give a few additional insights on the performance of the
LiDARs given different reflective materials:

Many LiDARs performed worse on diamond-grade reflec-
tive sheet at close range, usually on the order of an additional
0.02 m RMSE. The VLS-128 is a more dramatic example:
the diamond-grade material causes significant noise of more
than 0.15m RMSE from 5 to about 35 meters. Performance
on the white and velvet is generally more stable at all dis-
tances. The Ouster sensors are somewhat unique in their
outstanding performance on the velvet target but far less
stable on the white target. Overall, RMSE grows over time
and in particular there seems to be a growing divergence of
measured distances between targets. It is important to men-
tion that at these last available distances, fewer points were
available for analysis and manual segmentation is more prone
to errors.

Another useful visualization of the data is measure-
ment distribution at a fixed distance. At a distance
of 15 meters, the distribution of distance measurements is
shown in Figure 11, with each target colored differently.
This highlights the impacts of reflectivity on the distribution
of distance measurement. In most cases, in particular the
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FIGURE 7. Comparison of average horizontal x distance residual error when compared with ground truth error, and 1σ standard
deviation. Note that y-scale is the same for all plots so that the standard deviations can be compared directly. The y-axis limits are
also the same, except the for the HDL-64 which had much larger residual error bias.

VLS-128, Pandar64 and Pandar40p, HDL-32 and VLP-32c,
the distribution ofmeasurement for thewhite and velvet target
is roughly equivalent while the diamond target measurements
have increased bias. In the case of the Pandar64, Pandar40p,
HDL-32 and VLP-16, the distributions are very close in mean

and level of noise, indicating well-calibrated LiDARs. Other
LiDARs like the OS1-64, RS-LiDAR-32 have distinct mea-
surements for each reflective target, though the latter has
small distance between distribution means. The OS1-16 dis-
tribution is unique in that the velvet and diamond targets
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FIGURE 8. Comparison of each LiDAR’s accuracy through RMSE between the ground truth distance and accumulated point
cloud horizontal x measurements.

measurement distributions are roughly equivalent while the
white target measurements are more biased.

It is also interesting to examine the shape of the mea-
surement distribution in Figure 11. They are expected to be
Gaussianwith standard deviation based on lasermeasurement
noise. However for many LiDARs, in particular the OS1-
64, Pandar40p and HDL-32, the white target measurement
distribution would be better approximated by a multi-modal
Gaussian. In other cases like the HDL-64, a normal distri-
bution does not adequately represent the measurement data
obtained. One explanation for multiple distribution is poor
calibration between LiDAR lasers.

With this additional information, outstanding perform-
ers in terms of accuracy and precision are Velodyne’s
VLP-32c, HDL-32, VLP-16 and Hesai’s Pandar64 and Pan-
dar40p. Robosense’s RS-LIDAR-32 also performed well,
better than the HDL-32 and comparable with the VLP-32c.
The VLS-128 would likely be the best performer overall if it
wasn’t for the noise caused by the diamond-grade reflective
sheet at short range; since this was a prototype version,
it might not reflect the performance of the released model.
Hesai LiDARs were found to be especially well calibrated
based on intensity and distance, with high consistency of
measurements between reflective targets at all distances.

C. LASER STABILITY
This section is concerned with the accuracy and precision
of an individual laser. The overall point cloud analysis pre-
viously completed gave us an idea of the average accuracy
to be expected from each LiDAR point cloud. However it
remains to be determined how much noise can be attributed
to individual laser emitters, and how much can be attributed
to the difference between laser emitters.

To determine this, a similar analysis as in the previous
section is performed here, but on a single laser emitter hitting
the white paper target head on, at a distance of 15 meters.
This distance was chosen as all LiDARs performed reliably

and a sufficient number of points could be accumulated for
a conclusive comparison. Driver modifications were made
such as to obtain spherical coordinates directly from the
LiDAR packets. For a selected altitude angle (ring) that hit
the target, a search for the center-most beam of the LiDAR
was conducted. As the rotation rate of the LiDAR is not
exactly constant, and the azimuth (yaw) measurements are
typically available to the hundredth of a degree, azimuth angle
varied over time. With the known horizontal resolution at
10 hz for each LiDAR, an appropriate window of possible
azimuth around the horizontal, 0◦ azimuth was used. The
range measurements obtained were also corrected for these
small angle differences so as to obtain a final, central beam
range for all accumulated points.

Using accumulated data from at least 100 frames for the
target distance of 15 meters, this section reports the range,
intensity and azimuth variation of each LiDAR. The focus in
this section is precision rather than accuracy, so as to better
understand how much point cloud noise can be attributed to
an individual laser. From the accumulated points, a normal
distribution is estimated for each measurement and standard
deviations are reported in Table 5.

The results for range measurement highlight the need for
better manufacturing and calibration of LiDARs. All LiDARs
had standard deviations much smaller than what was found
in the residual error analysis of Section IV-B. The Velo-
dyne sensors all have single laser precision on the order of
±5 mm, nearly an order of magnitude less than the overall
point cloud precision. This is even true for the HDL-64S2,
which showed very poor performance in the overall point
cloud analysis. This tells us the calibration of the sensor
is the main source of error. It can be hypothesized that
given the age and wear of the sensor, calibration parame-
ters may have slowly drifted, though it cannot be confirmed
through these experiments. The two Ouster sensor also have
high single laser precision when compared to point cloud
precision.
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FIGURE 9. For each reflective target, this shows a comparison of average horizontal x distance residual error when compared with
ground truth, and 1σ standard deviation. Note that y-axis scale is the same for all plots so that the standard deviations can be
compared directly, but the y-axis limits differ. The diamond target is in red, the normal white target is in blue and the velvet target
is in green.

Intensity variations were very small across the board, with
the exception of the VLS-128 which had intensity fluctua-
tions between 0 and 100; inconsistent intensity profiles is
a significant issue with the sensor and this appears to be

both due to individual lasers and differences between lasers,
discussed more in Section IV-E. This is important because
if it was only the latter, it could be solved through self-
calibration. Nevertheless, it is clear from these results that
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FIGURE 10. RMSE error between the ground truth distance and the measured horizontal x distance of the LiDAR for each
reflective target separately.

better calibration of laser arrays could dramatically improve
the overall performance of LiDARs.

Regarding azimuth angle variations, the distributions were
mostly uniform in the range of possible values for all LiDARs

due to the variations in rotation rate of the sensor. ROS drivers
correct the azimuth angle based on precise start and end time
of scans, with the exception of the Ouster drivers, which
provides structured point clouds at constant angles.
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FIGURE 11. Distribution of horizontal x distance measurement at 15 meters, with ground truth shown by a vertical black line.
Note that the x-axis scale varies significantly per plot. Number of bins and bin size is determined based on the number of points
accumulated and the range of measurement values. The diamond target is in red, the normal white target is in blue and the
velvet target is in green.

D. POINT QUANTITY
Point quantity is of critical importance for object detection
and tracking.While this is intuitively understandable from the
perspective of clustering algorithms, previous studies have

shown that the accuracy of state-of-the-art deep learning
algorithms are also highly dependent of point quantity [42].
Furthermore, the range accuracy and precision analysis in
Section IV-B was limited to distances where enough data was
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FIGURE 12. The theoretical number of points that should be found on target at each of the test distances, given the
scenario of the experiment and LiDAR configuration.

TABLE 5. Variations observed in the single laser analysis, for >100 hits
per LiDAR. The standard deviation of the range measurements, intensity
and yaw angle θ are shown. The right-most column indicates the
percentage of frames where no point was found at the specified ring and
yaw range. N/A indicates all the measurement had the same value and so
a standard deviation could not be calculated.

collected, which presents an inaccurate assessment of the true
range of the LiDARs. As such, this section shows the actual
number of points per frame, averaged over 40 frames, on the
three reflective targets. The vehicle and pedestrian were also
segmented manually by establishing the ground plane and
creating a bounding box using the known size of the object.

The following figures show the number of points on
the reflective targets, vehicle and pedestrian in Figure 13a,
Figure 13b and Figure 13c respectively. The VLS-128, with
its high number of rings, had the largest number of points
on targets at nearly all distances. The Pandar64 was close
behind, evenwithmore points at 180meters and on the pedes-
trian and vehicle. The HDL-64, VLP-32c, RS-LiDAR-32 and
Pandar40 were next with comparable performance. The
OS1-64 and HDL-32 followed in terms of number of points,
though the OS1-64 had much greater range.

A natural assumption with LiDARs is that the number
of points on targets of interest will increase with number
of rings. The results from this section show that while this
is generally true, there are other factors to be considered.
The Pandar64 has slightly less points than the VLS-128 at
close range, but is very close to the VLS-128 at long range,
despite having half the number of rings. Since the FOV and
horizontal resolution of of the VLS-128 and Pandar sensors
are the same, the only remaining difference in design is the
configuration of the ring pattern. While early generations
of LiDARs like the VLP-16 and HDL-32 have a uniform
layout rings at regular intervals, most recent models have
gradient patterns which focus more beams in the center of the
FOV; the general strategy is to have large separation between
beams that are likely to hit the ground or sky, and have small
separation between forward facing beams that will hit objects
of interest. Another possible configuration is called below
horizon as the majority of beams are pointing down, as is the
case of the HDL-64. The Ouster OS1 LiDARs come in all
varieties, but the ones in these experiments have the uniform
configuration.

Exact configurations for each LiDARs are shown in
Appendix A. As is made clear from the following results,
the Pandar64 and Pandar40pmodels are specifically tuned for
the detection objects from the perspective of a top-mounted
LiDAR. This can be seen from the asymmetric, gradient beam
pattern which favors LiDARswith a higher perspective on the
scene. The distribution is not centered around 0 pitch angle,
and there are more beams pointing down towards the ground.
This comes at the cost of less point on background objects like
tall buildings or overhead traffic signs. The VLS-128, VLP-
32c and RS-LiDAR-32 also have a similar configuration.
While their specificity makes them particularly efficient for
this scenario, it may make them less flexible sensor overall;
top-mounted LiDARs are neither practical nor aesthetically
pleasing and may be a short-lived trend. Current LiDAR
gradient designs may be poorly suited for a bumper mounted
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FIGURE 13. Summary of the average number of points on each target per LiDAR scan for all distances where the
pedestrian could be reliably labeled using point cloud alone, with a y-axis in log-scale.

setup. Furthermore, a high quantity of points on objects
implies less points on the rest of the scene. High quantity
of points on the road is important for road segmentation and
detecting defects like potholes or small obstacles. Then, large
quantity of points on tall background objects is important

for localization and mapping as these offer static references
observable from many points of view.

The outstanding Pandar64 performance on the reflective
target can be explained through a simple simulation: with
a square target of known size, exactly straight ahead of a
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FIGURE 14. Examples of the high and low separability values. Point cloud
and segmentation colored by intensity on the left, intensity distributions
with estimated normal distribution on the right.

LiDAR at a specified height and the known configuration
of each LiDAR, it is possible to obtain a theoretical number
of points on target at each distance. A theoretical upper
limit of number of points also depends on beam divergence,
which was considered in this best-case scenario. Figure 12
shows the average number of points each LiDAR should have,
at each distance tested in these experiments. It can be seen
that, despite the optimized beam configuration of the Hesai
LiDARs, the VLS-128 should have the most points on target
at all distances. The Pandar40 is also comparable with the
RS-LiDAR-32 and VLP-32c, which should have very similar
point quantity beyond close range. Note that since most of
the LiDARs have identical horizontal resolution, the differ-
entiating factor is the number of rings on target, which works

TABLE 6. Average number of points per frame (PPF) for the duration of
the static tests, about 30 minutes per LiDAR. The maximum number of
points per point cloud at 10hz is noted in the maximum (max.) PPF
column. LiDARs marked with an asterisk* are not expected to have 100%
return rate as they do not have at least 200m range.

out to the same number for many LiDARs and distances.
Beam divergence also differed between LiDARs and can lead
differences at long distance, in the best case scenario. The
OS-64 and OS-16 LiDARs have lower number of points than
comparable sensors for this application, due to their lower
horizontal resolution and uniform beam pattern.

Another differentiating factor is return rate, which is shown
in Table 6. The return rate, as in the ratio between the number
of outgoing beams and incoming distancemeasurements, was
calculated for all LiDARs, averaged over the duration of each
experiment. Half the sensors have more than 200m range and
should return all points in these experiments, while the sen-
sors marked with an asterisks are not expected to have 100%
return rate. The VLS-128, Pandar40p and Pandar64 had out-
standing return rate near 95%, while the RS-LiDAR-32 and
VLP-32c and considerablymoremissing points with less than
90% return rate.

For the additional targets, it was found that many sen-
sors had difficulty detecting the vehicle, in particular the
OS1-64 and 16, RS-LIDAR-32 and VLP-16. By comparing
Figure 13a, Figure 13b, it becomes clear how much more
difficult the vehicle was to detect since the car is about the
same size as the reflective target. The car’s windows and
black color may have made it more difficult to observe,
but it remains a regular vehicle with reflective metallic
paint. This raises concerns about custom non-reflective paints
which may quickly be rendered invisible to LiDARs. Finally,
the pedestrian was most difficult to detect with no LiDAR
being able to identify it beyond 85 meters, as it is a con-
siderably much smaller target. Mechanical LiDARs without
adaptive scanning capabilities are simply not well-suited for
identifying thin objects at long distances due to limits in
horizontal resolution; flash LiDARs may be better suited for
this task.

These results highlight the importance of beam distribution
in LiDAR design. Some designs are favored in by experi-
mental setup, and users’ LiDAR position and target applica-
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tion should be carefully considered when interpreting these
findings. It is clear that as modern autonomous vehicles are
redesigned, so should LiDAR beam configuration. Gradient
approaches are clearly favored for point quantity on road
objects, but it remains to be evaluated if the gradient approach
has performance drawbacks for other tasks, in particular
localization and mapping.

E. INTENSITY
This section is concerned with the intensity measurements
made by the LiDARs. This additional channel provided by
most modern 3D LiDAR and all LiDARs in this study is
a function of returned power, which in turn depends on
surface reflectivity and angle of incidence. The accuracy
of the distance measurements for different reflective sur-
faces was discussed in Section IV-B and the stability of
intensity measurements for individual lasers was discussed
in Section IV-C. This section tackles the remaining task
of analyzing the distribution of intensities for the overall
point cloud. Using the manually segmented targets, intensity
distributions can be shown for each target, at every distance.
A Gaussian parameterization of the intensity distribution
was calculated for each target, with some examples shown
in Figure 14a, 14b, 14c and 14d.

The parameters of the intensity distributions for each
LiDAR is summarized in Figure 15, normalized between
0 and 255. Given that the collected LiDARdata is from targets
with very different reflectivity, a reasonable assumption is
that well calibrated LiDARs would show intensity distribu-
tions with low standard deviations and large distance between
their means. In other words, intensities values are consistent
throughout targets, and vary largely between targets. It can be
seen in Figure 15 that for many LiDARs, the diamond target
is usually easily identifiable (red line) while the white (blue
line) and velvet (green line) targets are less separable and
generally noisier. It can also be seen that at at the edge of the
LiDAR’s range of vision, intensities change significantly and
are oftenmore similar. TheHDL-64 intensity values converge
to high intensity at longer distance, while the VLS-128, OS1-
64, VLP-32c, RS-LiDAR-32, OS1-16 andVLP-16’s intensity
converge to lower values at long range. Only in the case of the
Pandar64 and Pandar40 and to a lesser extent the HDL-32,
were the three targets easily separable at all distances.

With 10 LiDARs, up to 14 distances and 3 distribution
per distance, direct comparison remains difficult through
Figure 15. A quality metric for the intensity distributions
to summarize these results is therefore required. A metric
that can indicate high degree of separation between Gaussian
distribution is Kullback-Leibler (KL) divergence [43]. Gener-
ally, for distributionsN1(µ1, σ1),N2(µ2, σ2), KL divergence
increases with larger mean difference and smaller standard
deviations as can be seen in Equation (1).

DKL(N1,N2) = log
σ2

σ1
+
σ 2
1 + (µ1 − µ2)2

2σ 2
2

−
1
2

(1)

TABLE 7. KL divergence between Gaussian distributions estimated from
intensity profiles of accumulated points on each target. The left column
shows the mean symmetric KL divergence (MKL) between the distribution
estimated from points on the white and diamond targets. The right
column shows the MKL between the white and velvet target.

By calculating the mean KL-divergence (MKL) over all
distances with sufficient points, a metric for the quality of
intensity distributions is obtained, as shown in Table 7. The
asymmetry between standard deviations in Equation (1) can
however skew this metric in an unintuitive way, depending on
the choice of reference distribution defined by N1(σ1, µ1),
so symmetric KL-divergence was used as defined by
Equation (2).

DSKL(N1,N2) =
DKL(N1,N2)+ DKL(N2,N1)

2
(2)

Two KL divergence values were then calculated at every
available distance, with the average over all distances shown
in Table 7:MKLw,d represents the mean symmetric KL diver-
gence between the white and diamond target, while MKLw,v
is between the white and velvet target. Average separability
(Avg. Sep.) averages MKLw,d and MKLw,v into one separa-
bility metric.

One other desirable property of the KL divergence is that
the result is unchanged if the distributions are renormalized
in the same way. This was necessary for a fair, visual compar-
ison of the LiDARs: all LiDARs except the OS1-64, OS1-16
and RS-LiDAR-32 report intensity as discrete integer values
∈ [0, 255]. The three outliers used 16-bit integers instead,
hence had possible integer values ∈ [0, 65535]. For better
comparison, this was renormalized as 16 bit floats ∈ [0, 255].
However, in all three cases, only a fraction of the 16-bit
integers range was ever seen. The highest observed intensity
was therefore used for normalization which allowed for direct
comparisons through plots such as Figure 14a and Figure 14c,
while not affecting the separability metric. Note that despite
re-normalization, the target intensities for the RS-LiDAR-
32 in Figure 15 only covers about half the range of possible
values. This is because other features in the environment had
higher intensity than the reflective targets.

The best performers are highlighted in bold in Table 7
and shown in Figure 14a and Figure 14b. The Pandar64 and
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FIGURE 15. Mean intensity and one standard deviation for every zone, with the red zone corresponding to diamond target, blue
zone to the white target and green zone to the velvet target. Non-existent error bars indicates the distribution of intensity values
was singular.

Pandar40p were the top performers in this category, showing
well-defined and stable intensity distribution for each target,
with high separability between targets. Velodyne’s VLP-16,
VLP-32c andHDL-32 also showed sharp and separable inten-
sity patterns. The VLS-128’s intensity distributions were less
consistent as values vary significantly between lasers which

lead to inconsistent distributions. It was also previously dis-
cussed in Section IV-C that there is high intensity variability
for individual lasers as well, especially on the white target.

Examples of point cloud which led to low MKL are shown
in Figure 14c and Figure 14c. Otherwise, the HDL-64 showed
all targets at high intensity, especially the velvet and white
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FIGURE 16. Laser distribution diagram for each LiDAR in this study, part 1 of 2.

targets which are indistinguishable. The RS-LiDAR-32 also
had only very small intensity differences between targets
and an overall flat distribution. The RS-LiDAR-32 estimated
features in the environment, in particular the road surface,
to be more reflective than the diamond-grade target.

V. CONCLUSION
This work presents a comparative assessment of the perfor-
mance of 10 popular 3D LiDARs being used in automated
driving systems. This research was made possible by the
first-of-its-kind LiDAR Benchmark and REference dataset
(LIBRE) [3]. This work and supporting dataset represents an
initial point for a body ofwork addressing fundamental, direct
comparison of 3D LiDARs for automated driving. As 3D
LiDAR sensing is a relatively new technology being applied
in the safety-critical field of driving, the development of this
research field is of critical importance.

This research designed and carefully executed repeat-
able experiments so as to provide a fair comparison of the
LiDARs. Sensors were tested individually to eliminate the
possibility of interference between LiDARs. A large target
with three reflective materials was placed at set locations

from 5 meters to 180 meters, side-by-side with a vehicle and
adult-sized pedestrian mannequin. A Leica Total Station was
used to establish a ground truth to determine the accuracy and
precision of each LiDAR. Stability of individual lasers, inten-
sity profiles, quantity of points on target were determined and
presented in this work. Other major issues with the LiDARs
were also qualitatively discussed.

The scale of these experiments is unmatched in the current
literature. In most previous works, at most three LiDARs
were only tested at a very short range that is inappropriate
for our application. We recognize that the cost of LiDARs
and the testing facility used in these experiments makes
similar research financially inaccessible to most institutions,
academic or otherwise. Aside from the actual experimental
results, the major contribution of this research is the public
release of the data, its full analysis, as well as visualization
tools for a more detailed view of the results presented in this
paper. The intent of this work is not to crown an individual
LiDAR, but rather to allow users to make a more educated
choice about which LiDAR is best suited for their context.

According to our established metrics, we conclude that the
prototype VLS-128 has outstanding performance, despite a
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FIGURE 17. Laser distribution diagram for each LiDAR in this study, part 2 of 2.

few issues. Velodyne sensors have been used extensively in
automated driving, and the VLS-128 has the range, accuracy
and point quantity for perception tasks. We hope to soon
compare it to other makers’ 128-layer models. Velodyne’s
older HDL64S2 was shown to be quite outdated, though
our results and related research showed that a re-calibration

could likely improve it’s performance. The VLP-32c showed
great improvement over the older model, the HDL-32. The
VLP-32c had no major outstanding issues, good accuracy
and precision and good performance at long range. It seems
to be a very cost effective sensor but the limited number of
points may make detection at long range difficult. An array
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of VLP-32c may be a cost effective solution. The VLP-16 is
even more limited in that respect, but also has limited range,
which severely decreases its applicability for automated
driving.

Hesai’s Pandar40p and Pandar64 were also found to be
among the best performers. They were uniquely suited for
our experimental setup, and definitely have a refined beam
configuration for object detection in automated driving. They
had good accuracy and outstanding precision. Both sensors
showed steady intensity patterns at all ranges, outperforming
all sensors in that respect. Minor blooming and distorted
traffic line detection were the only issues of note with the
sensor. Overall, they are comparable to the Velodyne’s in
price and performance, with some different design choices.
For a setup similar to the one presented in this work, they are
likely the ideal choice for object detection tasks.

The Ouster’s OS1-16 and OS1-64 showed decent accuracy
and precision but lower than the average sensor tested in this
study. Significant blooming and secondary reflections was
observed in their data, and not only due to high reflectiv-
ity targets. They are however the most affordable sensors
tested here and produce decent point clouds overall. As such,
the uniform design Ouster sensors seem suitable for research
and small-scale automated navigation applications. Ouster
offers other sensor designs, with longer range and gradient
beam distribution, which may be more suited for automated
driving tasks.

The final sensor tested was Robosense’s RS-LiDAR-
32 which was found to have about average performance in
terms of accuracy, precision and range. There were no glaring
issues other than the poorly calibrated intensity patterns; it
was the only sensor to show the puzzling behavior of the
ground as a high reflective object. This could be due to a
fixable firmware or software issue. Nonetheless, as inten-
sity patterns are not a major concern for many applica-
tions, the RS-LiDAR-32 could represent one of the more
cost-effective sensors tested in this study, with a price tag
lower than Velodyne or Hesai LiDARs.

This research also highlights the importance of LiDAR
self-calibration. Differences between laser layers seems to be
the primary source of noise. The HDL-64S2 was also particu-
larly interesting, as it’s single laser accuracy was amongst the
best, but its overall point cloud accuracy was heavily biased
and noisy. It’s performance was found to be much worse
than was is reported by previous work [29]. As this sensor
had been heavily used for several years, we hypothesize that
the original calibration parameters are no longer valid. This
motivates the development of standardized 3D LiDAR testing
and calibration procedures as in the context automated driv-
ing, the sensors will be used continuously for years, in vary-
ing adverse conditions. Their high accuracy and precision
must be guaranteed for this safety critical applications, and
should likely be submitted to periodic performance tests and
re-calibration.

Future work includes examining the performance of
LiDARs qualitatively in fog, rain and strong light. More

LiDAR models will be tested, including new mechani-
cal, rotating LiDARS, MEMS LiDARs and flash LiDARS.
Benchmarking LiDARs for real-world automated driving
tasks such as object detection, localization and mapping is
also natural continuation of this research. It is hoped that the
findings of this paper allow correlations to be made between
fundamental LiDAR characteristics and performance on spe-
cific tasks.

APPENDIX
LASER DISTRIBUTION
For reference, this appendix includes the laser distribution of
each LiDAR, assuming point of the same origin, in Figure 16
and Figure 17.
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