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Spatiotemporal Dynamic Object Detection
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Abstract— Over the past decade, lidars have become a
cornerstone of robotics state estimation and perception thanks
to their ability to provide accurate geometric information about
their surroundings in the form of 3D scans. Unfortunately, most
of nowadays lidars do not take snapshots of the environment
but sweep the environment over a period of time (typically
around 100 ms). Such a rolling-shutter-like mechanism in-
troduces motion distortion into the collected lidar scan, thus
hindering downstream perception applications. In this paper,
we present a novel method for motion distortion correction of
lidar data by tightly coupling lidar with Inertial Measurement
Unit (IMU) data. The motivation of this work is a map-free
dynamic object detection based on lidar. The proposed lidar
data undistortion method relies on continuous preintegrated
of IMU measurements that allow parameterising the sensors’
continuous 6-DoF trajectory using solely eleven discrete state
variables (biases, initial velocity, and gravity direction). The
undistortion consists of feature-based distance minimisation of
point-to-line and point-to-plane residuals in a non-linear least-
square formulation. Given undistorted geometric data over a
short temporal window, the proposed pipeline computes the
spatiotemporal normal vector of each of the lidar points. The
temporal component of the normals is a proxy for the corre-
sponding point’s velocity, therefore allowing for learning-free
dynamic object classification without the need for registration
in a global reference frame. We demonstrate the soundness of
the proposed method and its different components using public
datasets and compare them with state-of-the-art lidar-inertial
state estimation and dynamic object detection algorithms.

I. INTRODUCTION

A key condition for popularising autonomous systems in
society is their ability to robustly perceive their environment
and safely interact with humans and other moving agents in
their surroundings. Recent advancements in computer vision
have provided the robotics community with unprecedented
perception abilities. Many of these methods are based on
visual images and deep neural networks. However, standard
cameras have limitations (e.g., low illumination scenes), not
all robotic systems can include a camera (e.g., privacy),
and the computational burden of some deep neural networks
can be prohibitive for embedded systems. Additionally, these
methods sometimes fail to generalise to unseen scenes [1],
and for some critical industries, they lack explainability [2].
As illustrated in Fig. 1, this paper focuses on two compo-
nents of lidar-inertial perception: an ego-motion estimation
approach and a dynamic object detection algorithm. This
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Fig. 1. The proposed method introduces a real-time IMU-lidar motion
distortion algorithm that undistorts lidar data (b) to later perform dynamic
object detection (c). The colour in (a) and (b) depicts the points’ timestamps,
while to corresponds the classification output in (c).

work is based on traditional geometric models and does not
require any training phase.

Due to the sweeping nature of most of nowadays lidars,
the scans collected from a moving sensor suite are subject
to motion distortion. Throughout the years, various tech-
niques have been proposed to address this distortion and
perform state estimation. A common approach is to combine
lidar and inertial data from an Inertial Measurement Unit
(IMU) into a single algorithm [3]. The idea is that the
inertial information collected during a lidar scan can be
used to correct the motion that happened during the scan.
Most of the popular frameworks available for lidar-inertial
state estimation rely on an “open-loop” motion distortion
correction of the lidar scans in the sense that it is not
part of their estimation algorithm, but a preprocessing step
that often relies on the current knowledge of the sensor’s
pose and velocity [4]. Accordingly, such a method needs
roughly known initial conditions to perform optimally. Thus,
the claim for “tightly-coupled” lidar-inertial state estimation
is only partially true [5]. Our method proposes a truly
coupled technique that does not require any initialisation or
specific initial conditions. This initialisation-free undistortion
is motivated by the task of dynamic object detection without
the need for global registration of the lidar data, opening
future opportunities for robust lidar-inertial odometry and
mapping framework in dynamic environments.

The main idea of the proposed motion distortion correction
method is to use our previous work on continuous preinte-
grated measurements from [6] between timestamps 79 and
71 as the 6-Degree-of-Freedom (DoF) continuous trajectory
representation over the same temporal window. Doing so,
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based on the assumption of constant bias between 7y and
T1, the trajectory is fully defined by the value of the IMU
biases (6 values), the velocity at time 7y (3 values), and the
orientation of the gravity vector at time 7 (2 values).

The ability to robustly undistort lidar data is a key con-
dition for model-based scene understanding. In this work,
we integrate the proposed motion correction method with
our previous work on dynamic object detection [7]. In this
previous work, we relied on known poses of the sensor in a
global reference frame to extract the spatiotemporal normal
vector of the points in the scene. The known sensor poses
were provided by the known kinematics of a robotic arm
or the output of a visual-inertial framework. In this paper,
we show that it is possible to reliably classify the dynamic
objects in the scene using only lidar and inertial data' by
performing motion correction over a short period of time
and analysing the spatiotemporal normal vectors without the
need for global registration of the lidar data. It makes our
method robust to any estimation drift, which contrasts with
methods like [8] that require known poses and maintain a
global map of the environment.

To summarise, the contributions of this work are as fol-
lows: the derivation of a real-time algorithm for initialisation-
free motion distortion correction based on lidar-inertial data;
its integration with an explainable model-based dynamic
object detection; the evaluation of the proposed framework
components with real world-data; and the open-source re-
lease of the code and dataset with ground truth annotation
used for validation’.

II. RELATED WORK
A. Lidar inertial state estimation

Provided the ubiquity of IMUs and the popularisation of
3D lidars, a lot of work has focused on the problem of lidar-
inertial odometry and state estimation. More than a decade
ago, the authors of Zebedee [9] introduced a lidar-inertial
3D mapping device that relied on a piece-wise linear motion
model as a continuous representation of the sensor trajectory
to address the challenging motion of the 2D lidar used. Later,
LOAM [10] was presented. It introduced a certain amount
of concepts that are still the cornerstone of many lidar-
inertial frameworks proposed nowadays (including ours). Its
formulation relies on scan-to-scan and scan-to-map lidar reg-
istration using lidar features corresponding to planar patches
and edges in the environment. Despite its ability to use
inertial data, LOAM algorithm uses lidar and IMU data in
a fairly loose manner in the sense that it was mostly used as
an open-loop undistortion step and an educated initial guess
for the scan-to-scan matching.

Some works attempted to couple the IMU and lidar data
by using a factor graph formulation [4], [5] or in an EKF
[11]. Recently, DLIO [12] introduced a continuous-time
undistortion mechanism based on a constant-jerk motion
model to interpolate the inertial predictions between IMU

'Most of the lidars available today include an IMU.
Zhttps://uts-ri.github.io/lidar_inertial_motion_correction/

measurements. Despite the claim of “tight” coupling, these
methods use the IMU to correct the motion distortion in a
one-off state-propagation pre-processing step based on the
last state estimate. It means that the position of the lidar
during a lidar scan is not estimated using both geometric and
inertial information. Therefore, the undistortion accuracy is
tied to the accuracy of the previous scan-matching steps. On
another hand, methods with a continuous state representation
[9], [13] perform “non-rigid” registration of the lidar scans
by considering the points independently. A downside of this
approach is the size of the estimated state that inherently
yields a heavier computation burden in general, as shown in
[14].

The concept of preintegration, originally presented in [15],
corresponds to the creation of pseudo measurements that
combine the information from multiple IMU measurements
without the need to know the initial conditions. In the
context of lidar-IMU calibration, the work in [16] relied on
a continuous representation of the inertial data to virtually
upsample the IMU measurement and perform preintegration,
thus providing inertial information for each lidar point. This
has been later extended with IN2LAAMA [17], an offline
localisation and mapping framework. With novel continuous
preintegrated measurements [18] then [6], IN2LAAMA is
creating a bridge between discrete and continuous-time state
representations with discrete pose, velocity and bias variables
for each lidar scan but locally considering continuous trajec-
tories within each of the scans, thus allowing for “non-rigid”
scan-to-scan registration. In this paper, we push this notion
further by eliminating the concept of scan and removing the
pose from the estimated state.

B. Dynamic object detection

As mentioned earlier, a common approach to detect
dynamic objects is to leverage semantic segmentation of
geometric sensor data. The classic strategy is to use a UNET
architecture to classify all the pixels/3D points related to
potential dynamic elements. In [19], the authors proposed to
use such a method with the Convolutional Neural Network
(CNN) Rangenet++ [20] and the KITTI Vision Benchmark
dataset [21]. This work was later extended by changing the
network input space for a stream of consecutive scans [22].
Alternatively, if depth and color (RGB) images are acquired
simultaneously, the RGB data can be used with a standard
semantic segmentation network, such as a Region-based
Convolutional Neural Network (R-CNN), and then mapped
back into the depth information for classifying potential
dynamic objects [23].

As mentioned above, these algorithms can classify po-
tential dynamic objects. However, they can not separate
moving elements from static ones that have the potential
to be dynamic (e.g., a parked and a moving vehicle). For
this reason, some of the literature focuses on detecting
dynamic objects regardless of the semantic information.
A straightforward approach is to integrate dynamic object
detection into an occupancy grid mapping framework. The
occupancy grid can then be used to detect areas that used to

12565



be free and are now occupied (i.e., all the newly occupied
areas are parts of dynamic objects). This strategy has been
proposed in Dynablox [8], where the authors build upon the
voxel occupancy map from the Voxblox framework [24] to
solve the dynamic object detection. Similarly, Mersch et al.
proposed a framework that segments dynamic objects by
looking at the discrepancies between a lidar scan and the
map. They propose to use a sparse 4D (i.e., [X, y, z, time])
CNN to segment points that are dynamic [25].

In recent work, we introduced a simple method to detect
dynamic elements within range scan data as a byproduct
of the spatiotemporal normals computation [7]. While not
requiring to solve the mapping problem as in [8], [25],
our previous work relied on the accurate knowledge of the
sensor poses in a global reference frame. By, integrating [7]
over the short temporal windows of the proposed lidar-
inertial undistortion method, we demonstrate the ability to
recover object dynamicity based on spatiotemporal normal
computation without the need for global registration.

ITII. METHOD
A. Preintegration background

The preintegration concept allows for the aggregation of
IMU measurements into pseudo measurements that relate
the inertial pose at different timestamps. In the context of
motion distortion correction we are only interested in the
relative motion between timestamps 79 and 77 considering
the reference frame of the IMU at time 7y as the “local”
reference frame. We denote it as Siﬂ. Accordingly, the pose
of the IMU at 7y is the identity. In such conditions, the stan-
dard preintegration equations that involve the preintegrated
measurements AR';O (rotation) and Aptm (position) can be
simplified as

R}, = AR, (1)

(t — T())2

g+ ApL, @)

t
Py, =t —71)vy +
where gj, is the gravity vector in §. . The notations R7,,
v} , and ptI represent the IMU orientation, velocity, and
0 0
position in 7 , respectively.
For the rest of the paper, we will use the homogenous
transformation T7_ to refer to the IMU pose at time

.= [ o4

Note that the preintegrated measurements in (1) and (2)
are considered to be bias-free. However, in real-world sce-
narios, the inertial measurements are affected with slow-
varying additive biases. Following the seminal work in [15],
most preintegration methods offer a Taylor expansion of the
preintegrated measurements to enable post-integration bias
correction. Thus the IMU pose (3) is not only a function of
the preintegrated measurement, the initial velocity, and grav-
ity vector, but it is also a function of the accelerometer and
gyroscope biases. For more details about IMU preintegration
and bias correction mechanisms please refer to [6].

6-DoF IMU 3D lidar

Accelerometer .
Point

and
gyroscope stream
y measurements v

Feature point extraction
Point-to-neighbour-
line roughness score

LPMs preintegration
Piece-wise linear <
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parameterised by IMU biases, initial velocity and gravity alignment

!

Motion-corrected lidar data

Fig. 2. Overview of the proposed lidar-inertial undistortion pipeline. The
sensors’ trajectory is modelled with continuous preintegrated measurements
[6] resulting in an estimated state of only 11-DoF.

B. Motion correction

To detect moving objects in the lidar data, we first need
to correct for the motion distortion due to the ego-motion
of the sensor. Our method relies on both a lidar and a
6-DoF IMU to provide distortion-free point clouds of the
sensor’s surroundings based on a non-linear least-square
minimisation of distances between lidar points. An overview
of the proposed approach is present in Fig. 2. We consider
data collected between timestamps 7y and 77 by lidar and
IMU rigidly mounted with T¥ their extrinsic calibration.
Please note that the proposed method does not rely on the
traditional notion of “lidar scan” as the points are considered
independently. However, the time window [7g, 71] needs to
be long enough to allow for data association as mentioned
later in this section.

Given the raw data with timestamps, feature points are
extracted from the lidar data. These correspond to planar and
edge points. Then, preintegrated measurements are computed
for each lidar feature following the Linear Preintegrated
Measurements (LPMs) introduced in [6]. Using (3), it is
possible to project any lidar point into the sensor’s referential
frame at time 79 where data association between features
can be performed. Each data association lead to a point-to-
plane or point-to-line residual (depending on the nature of the
features) in our non-linear least-square optimisation. Using
the Levenberg-Marquardt algorithm we estimate the state
S = [b; b, v g1, with b, and b,, the constant
accelerometer and gyroscope biases, v the IMU velocity
at time 79, g the gravity vector in the IMU reference frame
at time 7.
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Fig. 3. Illustration of the proposed lidar feature detection as the point-to-
line distance with the “neighbour line”.

1) Feature detection: Let us denote x: a lidar point
collected at time ¢; with 79 < ¢; < 7. Most of the lidars
available nowadays collect data by swiping the environment
with a fixed number of laser beams. Let us use the term
“channel” to refer to the successive points collected by one
of the lasers.” The proposed feature detection computes a
roughness score for each point in a channel as*

) i i-n i itn
R )
L L

with n a user-defined parameter. This score corresponds to
the point-to-line distance between the point under consider-
ation and the line defined by neighbouring points from the
same channel. Points with a score under a certain threshold
are considered as planar features. To limit the computational
burden in the rest of the proposed method, only a random
subset of these planar features is used if too many points
are planar. The edge features correspond to local maxima
in the roughness score that is above the planar threshold as
illustrated in Fig. III-B.1. Let us use the generic notation ¢
to refer to selected feature points regardless of their nature.
2) Data association: As later illustrated in Fig. 5, we
divide the time window into K “segments” of the same
duration. Each segment requires a spatial overlap with the
other segments. Accordingly, the time difference between
71 and 79 must be superior to K times the duration of the
scanning pattern of the lidar used (e.g., with K = 2, 7 —7¢ >
200 ms for a standard spinning lidar operating at 10 Hz). The
data association between two successive segments consists
first of the following steps:
o Projection of all the features to the IMU frame at time
To leveraging (3): fI;o = T’}O (S)T}L fli }
o Building KDTrees [26] with the features of each seg-
ment (independently for each feature type).
e Closest neighbour search between segment pairs (2
neighbours for edges, and 3 for planar features).
We consider an association of a feature with its neighbours

as valid if the Euclidean distance separating them is under a
user-defined threshold. We denote a; = {f}, £ £F(,f!)} one

3For example, there are 16 channels in a Velodyne VLP16, while a
Blickfeld Cubel or a Livox Avia only have 1 channel.

4For the sake of notation simplicity, the point indices in (4) reflect the
case with only 1 channel.

of such associations with f} the feature under consideration
and f7, ff, (, and flL) the target features.

3) Cost function: Provided the aforementioned data as-
sociations, our estimation problem corresponds to the non-
linear least-square optimisation of the cost function as

S* = argmin Z (d(a;,S))?, o)
S a, €A

where d(a;,S) is the distance function specific to the type
of features. For edges, the distance function is

|l g x|

d ai,S - s (6)
o= ]
and for planar points
d(gi 3) = (ffio_fjo)T((fgo_f}co)x(f;‘o_fﬁo)) (7)

&7, —ek )< e, 1)
Note that the state appears on the right-hand side through the
transformation of the lidar points into the first IMU frame.

C. Dynamic object detection

This subsection provides the technical details of the
integration of our previous work [7] with the proposed
undistortion method.

1) Overview: Let us define a dynamic object as an el-
ement in the environment that has a non-null velocity with
respect to an earth-fixed reference frame. Thus, the definition
of dynamic object here is agnostic to the type or nature
of the objects present in the environment. The goal is to
classify the the individual points in the distortion-free lidar
data based on a per-point dynamicity score. As illustrated
in Fig. 4, the normal vector to the spatiotemporal surface
contains information about the velocity of an object. The
temporal component of these spatiotemporal normals is used
as our score. In the 1D scenario, it directly links to the object
velocity while it corresponds to the projection of the velocity
on the spatial normal vector in higher dimensions.

Concretely, the dynamicity score computation for each
point consists of the following steps:

o Spatial neighbour search.

o Computation of the local spatiotemporal covariance

matrix.

« Normal computation (eigendecomposition, eigenvector

with the smallest eigenvalue).

e Score as the temporal component of the normal, and

thresholding.

2) Dynamicity score via spatiotemporal normal: Let us
consider the undistorted lidar points between 7y and 7y as
P. To provide a score to a point x}o, we first perform
a spatial neighbourhood search in P. Defining N as the
set of neighbour points to xﬂo, the local covariance cov; is
computed as

v v T
o 1 Xg _ . Xy _ .
covi= g > ([ ] -m) ([]-mi)  ®
x?OGNi
with m; = g ]

x?o eN;
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Intuition for the spatiotemporal normal computation as a proxy for dynamic point detection, 1D in (a) and 2D in (b). The spatiotemporal normal

vectors are related to the velocity of an object; for static objects, the temporal component of the normals is null (the normals have been omitted in (b) for

the sake of readability) [7].

We define the dynamicity score sZ as the absolute value of
the temporal component (last component) of the Eigenvector
associated with the smallest Eigenvalue of cov;. This value
is related to the projection of the object velocity in the 3D
space along the spatial normal vector at that location. The
point classification as static or dynamic simply consists of
thresholding s!. Please note that this concept is not specific
to lidar data and can therefore be applied to data from depth-
cameras too as shown in the experiment section of this paper

as previously shown in [7].

IV. EXPERIMENT
A. Implementation

Our open-source C++ ROS (1 and 2) implementation of
the undistortion has been made available.” We rely on Ceres
[28] for the non-linear least-square problem in (5). The
length of the time window for the motion distortion cor-
rection is 450 ms with segments of 150 ms. The undistortion
of all points is performed in a sliding window manner with
increments of 150 ms, as shown in Fig. 5. The estimated
velocity and gravity orientation of a given window are
used as initial guess for the following window. To lighten
the computational load, the LPMs are computed at a fixed
frequency of 1kHz and interpolation is performed for the
feature timestamps in between.

The dynamic object detection is implemented by inte-
grating the framework for spatiotemporal normals compu-
tation [7] consisting of four steps that are, point cloud
accumulation, downsampling, dynamic score computation,
and upsampling. Note that here, there is no need for point
cloud accumulation as the undistortion step occurs over
several scans, thus alleviating the need for global pose.
The parameters have been tuned to work with the density
of the pointcloud from the dataset. The downsampling and
upsampling modules are based on voxels of size 0.1 m

Shttps://uts-ri.github.io/lidar_inertial_motion_correction/. Please note that
the released code also integrates an implementation of [27] for scan-to-
map-style odometry and mapping in dynamic environments.

and 0.2m, respectively. The threshold for classification of
dynamic objects is set to 0.4 and the search radius for
the spatiotemporal normals is set to 0.3m. Following [7]’s
notations, N =1, d,, = 0.3, thr = 0.4.

B. Motion correction

It is important to note that the proposed motion correction
method does not aim at performing global odometry but in-
stead targets local undistortion of the lidar data. Accordingly,
standard benchmarking methods for odometry frameworks,
like pose trajectory accuracy, are not considered in this
section. Instead, this evaluation focuses on the consistency
of the lidar data after correction against the 3D map of the
environment. We use the Newer College Dataset [29] as it
includes both inertial and geometric data from an QOuster
0S80 (128 beams) lidar and its embedded IMU, as well as the
ground-truth map of the area collected with a survey-grade
Leica BLK360 lidar. To benchmark our motion correction
method we choose to compare with state-of-the-art real-time
lidar-inertial estimation frameworks that are Fast-LIO2 [11]
and DLIO [12] that assert tight coupling of lidar and inertial
data in their state estimation pipelines.

1) Accuracy: This setup consists of saving to disk all
the motion-corrected scans and their associated timestamps
before registering them into the ground-truth map using the
ground-truth poses and a final ICP alignment. Once the scans
are aligned, we query the smallest distance between each
lidar point in the scans and the map. As the scans and the map
do not have a 100% overlap (some areas seen by the mobile
lidar are not observed from any of the survey lidar poses), we
compare the mean distances of the 75% best matches. Fig. 6
shows this mean error through time for the three methods on
both the quad medium and quad hard sequences.

Note that these sequences allow for a fair comparison
with both Fast-LIO2 and DLIO because the data start with
very little motion allowing for close-to-optimal initialisation
of the state. One can see that Fast-LIO2 under-performs
compared to our method and DLIO. The fact that DLIO
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Fig. 6. Comparison of the motion distortion correction accuracy between
the proposed method and state-of-the-art lidar-inertial odometry frameworks.
Distance between ground-truth map and motion-corrected lidar data after
ICP registration.

and the proposed method have similar performance® with
a mean error close to both the value of the sensor’s noise (=~
0.02m) and the map resolution (0.01 m voxel downsampled)
confirms that both methods can recover the motion distortion
of the lidar accurately.

2) Robustness to initial conditions: In the previous exper-
iments, we have provided the optimal initialisation conditions
for Fast-LIO2 and DLIO. Here we explore the scenario
where the sensor suite is moving when switched on. In other
words, in terms of state estimation, it means that the initial
conditions of the lidar dynamics are not accurately known.
We compare both our approach and DLIO in such scenarios
by starting the Quad hard sequence at timestamps 120's and
141 s (these correspond to higher rotational motion).

Fig. 7 shows the “double-wall” problem that occurs when
the undistortion is not optimal. In Fig. 8, we report the
“gap” within the double walls by computing point-to-plane
distances in areas where lidar data self-overlaps between

6The occasional spikes in Ours are likely due to a sub-optimal result of
the ICP refinement.

(a) Motion-corrected
lidar scan (color is time)

(b) Ours motion correction
without double wall

@
(d) DLIO motion correction
with double wall

(c) Scan self-overlap used
for quantitative results

Fig. 7. Illustration of the undistorting abilities of the proposed method
where no “double-wall” is visible in the motion-corrected data. (a) shows
the scene’s scan, (c) highlights the self-overlap area of the scan, (b) and (d)
are closeups of the motion correction results of the proposed method and
DLIO [12] within the red ellipse in (a).
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Fig. 8. Comparison of the motion distortion correction accuracy between

the proposed method and state-of-the-art lidar-inertial odometry frameworks.

the beginning and the end of the sweep (cf. Fig. 7(c)).
As expected, our method accurately corrects the motion
distortion while DLIO cannot close the double-wall gap as
its undistortion mechanism strongly relies on the knowl-
edge of the initial conditions. These results demonstrate
how truly-coupled methods can estimate ego-motion with
higher accuracy compared to frameworks based on “one-off”
undistortion of the lidar data.

3) Discussion: The level of accuracy of DLIO’s undis-
tortion has been proven to be sufficient for many lidar-
inertial odometry and mapping applications where generally
the system is switched on in a relatively static position. How-
ever, we showed that its “on-off” undistortion mechanism
reaches its limits in more challenging scenarios where the
issue of “double walls” arises. In the context of dynamic
object detection, this can lead to misdetections: a gap of
0.1 m between surfaces observed approximately 100 ms apart
corresponds to an apparent velocity of 1m/s (slow walking
pace). We demonstrated that our approach allows for very
accurate motion-distortion correction, thus enabling down-
stream applications such as dynamic object detection (cf.,
Section IV-C).
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All our experiments run on a consumer-grade laptop with
an Intel i7-1370P CPU and 32 GB of RAM. All methods
display a very low CPU usage with around 3% for Fast-
LIO2, 6% for DLIO, and 7% for ours. It is interesting to
note that the sliding-window nature of our implementation
is motivated by the task of dynamic object detection that
requires significant spatial overlap in the undistorted lidar
data for more robust detections but still displays high level
of efficiency. For pure odometry, one can imagine even more
efficient computations by removing redundant estimations.

C. Dynamic object detection

In this subsection, we evaluate the integration of both our
motion distortion correction and dynamic object detection
through a comparison with Dynablox [8], a state-of-the-
art non-learning dynamic object detection framework. This
method relies on maintaining a voxel-based occupancy map
of the environment, detecting the dynamic points, and clus-
tering them into objects.

To the best of our knowledge, there is no public dataset
that provides raw, synchronised lidar and inertial data as
well as point-wise labels for point dynamicity. With this
in mind, we chose to add the dynamicity information to
the Newer College dataset (quad_easy, medium, and hard)
and we collected a novel dataset referred to as the Techlab
dataset. The latter contained two labelled sequences that
have been collected in our Techlab facility at the University
of Technology Sydney with a 16-beam OS1 Ouster lidar
and its embedded IMU. A Vicon motion capture system
has been used to collect the pose of the lidar relative to
an earth-fixed frame. For both datasets, the generation of
the ground-truth dynamicity of each point follows a similar
two-step process: the first one is mapping the environment
without dynamic objects, the second one is the registration
of each of the collected lidar points and query the distance
between each point and the static map. A point is classified as
dynamic if the queried distance is above a certain threshold.’
For the Newer college dataset, we have manually cleaned
the provided map to remove dynamic objects and used the
provided groundtruth trajectory for point registration. For the
Techlab dataset the map has been create with the help of the
Vicon system and the lidar data collected in an empty lab. In
the first Techlab sequence, three people and the sensor carrier
are constantly walking around the room, while in the second
sequence, people momentarily stop before starting to move
again. Note that with the proposed ground-truth generation
process, a person that stops will be considered as dynamic
despite have a velocity equal to zero.

The evaluation shown in Table I compares the performance
of the proposed method and Dynablox to which we provided
the ground truth localisation as Dynablox does not address
the problem of scan registration/motion distortion correction.
The different metrics are computed for points less than
20m away from the lidar. Across the different metrics,

7Some frames are not labelled due to lack of groundtruth pose. Other
points are ignored, as not all the areas observed by the lidar are present in
the map.

TABLE 1
EVALUATION OF THE INTERSECTION OVER UNION (IoU), RECALL,
ACCURACY, PRECISION, AND F1 SCORE BETWEEN DYNABLOX [8] AND
OUR PROPOSED METHOD ON THE Techlab AND THE Newer College

DATASETS.

Techlab TIoU Recall Accuracy Precision F-1
Sequence | Ours  0.61 0.72 0.99 0.81 0.76
4 [8] 0.74 0.74 0.99 0.99 0.85
Sequence 2 Ours 045 0.48 0.98 0.85 0.61
quenc 81 067 0.67 0.9 0.99 0.80
Newer College TIoU Recall  Accuracy Precision F1
ad.casy Ours  0.80 0.94 0.97 0.85 0.89
4 Y81 093 0.94 0.99 0.99 0.96
wad medium Ours  0.79 0.89 0.95 0.87 0.88
4 [8] 0.94 0.95 0.99 0.99 0.97
Ours  0.57 0.76 0.94 0.70 0.73

quad-hard ¢, 0.90 0.92 0.99 0.98 0.95

For all metrics, higher is better.

(b) Ours

(a) ground truth

(c) Dynablox

Fig. 9. [Illustration of the dynamic object detection. Both methods have
similar performances.

Dynablox shows better results than our proposed pipeline.
However, Dynablox implicitly leverages information from all
the previous lidar scans while ours only consider the last set
of undistorted lidar data (only three scans). Additionally, it
is important to note that our method and Dynablox have
a slightly different definition for dynamic objects. Ours
looks at the instant velocity of the points while Dynablox is
detecting points that are in voxels that have previously been
classified as free. Thus, Dynablox still considers a person that
stopped moving as dynamic in the same way as the ground-
truth labels are generated. This explains why the difference
between our method and Dynablox is smaller on Techlab 1
and larger on the other data sequences.

According to the different metrics and the qualitative
example in Fig. 9, one can see that our method performs well
at detecting dynamic points but tends to classify some static
points as dynamic (e.g., ground points near the pedestrian’s
feet). The degradation in the performance of our method in
terms of IoU, recall, and precision for quad hard is partly
explained by the imperfect ground truth as aforementioned
and the fact that the dataset does not contain many dynamic
points. Nonetheless, the high accuracy allows for robust
removal of dynamic elements from the lidar data. Addi-
tionally, as the proposed method only relies on the current
set of undistorted lidar data, our approach is not affected
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by any trajectory drift while mapping-based frameworks
like Dynablox are. Thus, future work includes the use of
our dynamic-free motion-corrected lidar data in a robust
odometry and mapping framework.

V. CONCLUSION

In this paper, we presented a method for lidar-inertial
motion distortion correction with application to dynamic
object detection. The first part consists of locally estimating
the ego-motion of the sensors. It is performed by coupling
each lidar point with inertial information via the use of
continuous IMU preintegration. With such a formulation, the
trajectory of the sensor suite is fully characterised using only
11 variables (IMU biases, initial velocity, and orientation
of gravity vector). The estimated state is the result of a
non-linear least-square optimisation that aims at minimising
point-to-plane and point-to-line distances.

The availability of motion-corrected lidar data allows us
to perform dynamic object detection based on the spatiotem-
poral normals at each point. Concretely, the lidar points
are stored all together with their individual timestamps.
Similarly to standard geometric normal computation, the
method queries the spatial neighbour of each point, but
instead of computing the spatial covariance (3 x 3) of each
neighbourhood, our method computes the spatiotemporal
covariance (4 x 4). By performing the eigendecomposition
to find the normal vector (eigenvector with the smallest
eigenvalue), we use its temporal component as a proxy for
the points’ velocity in space. Our real-time implementation
has been tested in real data and made open-source.

Future work includes the integration of the proposed
method in a global odometry/SLAM framework to ensure
geometric consistency at large timescales. We will also ex-
plore more coupled interaction between state estimation and
dynamic object detection to provide a principled approach
for outlier rejection in ego-motion estimation.
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