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AN OPTIMALITY-AWARE LIDAR INERTIAL ODOMETRY MODULE
WITH HYBRID CONTINUOUS TIME OPTIMIZATION

CROSS-REFERENCE TO RELATED APPLICATION
[0001]  This application claims the benefit of priority to Singapore patent application no.
10202303272R which was filed on 20 November 2023, the contents of which are hereby

incorporated by reference in its entirety for all purposes.

TECHNICAL FIELD
[0002]  This application relates to a LIDAR inertial odometry module that employs a hybrid
continuous time optimization technique to mitigate errors introduced by human motion when
low-cost and compact wearable mapping systems are used to implement LiDAR inertial
odometry methods for collecting LiDAR-based 3D maps of structures and complex

environments.

BACKGROUND
[0003]  Duc to their mobility, miniaturization, and portability, Wearable Mapping Systcms
(WMS) have emerged as promising tools in fields such as emergency rescue, construction, and
Building Information Modeling (BIM). WMS offers an efficient solution for collecting 3D data
in Global Navigation Satellite System (GNSS)-denied complex environments that are often
inaccessible to wheeled or legged robots. The resulting 3D maps can then be used as prior maps

for robot navigation systems.

[0004] Several commercial WMS platforms, such as the backpack-based NavVis, which
utilizes multiple scanners, and the handheld GeoSLAM system, which employs a rotation
module, have been successfully used to develop prior maps in GNSS-denied environments. For
example, those skilled in the art have designed a dual-LiDAR backpack mapping system that
uses ground constraints to limit SLAM drift in multi-level buildings. However, while multi-
scanncr configurations and rotating modules increasc the Ficld of View (FoV) of such systems,
they also add weight and operational burden. Furthermore, most existing WMS systems use
high-grade Incrtial Mcasurement Units (IMUs), which significantly incrcase costs, making
them inaccessible for non-professional users. As a result, those skilled in the art are constantly

striving to develop compact, affordable WMS solutions.
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[0005] In low-cost WMS sctups, challenges arisc from the limited FoV of singlc-LiDAR
configurations and the high noise levels associated with affordable IMUs (e.g., the low cost
ICM40609 IMU). Morcover, cxisting WMS systcms gencrally require uscrs to move slowly to
avoid vibrations, which degrades the accuracy of LiDAR-Inertial Odometry (LIO) methods
making it difficult for such systems to be used in real-world scenarios. Head-mounted systems
have also been adopted in low-cost WMS setups. However, compared to backpack or handheld
ones, such systems are more susceptible to vibration but offer the advantage of "what you see
is what you get". As a result, those skilled in the art have strived to improve the performance

of compact, helmet-based WMS.

[0006]  For trajectory formulation and optimization of LIO, existing methods can be
generally categorized into two types: Continuous Time Optimization (CTO) and Discrete Time
Optimization (DTO). Compared with the traditional DTO approach, the CTO approach has
several intrinsic benefits and has been investigated for use in LIO systems in recent years by
thosc skilled in the art. Firstly, a CTO’s trajectory could be sampled at any time, which makes
it suitable for use in the fusing of asynchronous data (e.g., LIDAR and IMU) with human
molion constraints. Secondly, additional variables at the time instances corresponding (o a
measurement or motion constraint do not need to be introduced, which keeps the number of
variables manageable. However, the CTO method assumes smooth, polynomial motions,
which may Icad to loss of information and an ill-fittcd modcl at high-variation scgments, i.c.,
the motion vibration caused by human motions. Further, the CTO approach tends to increase
the modecl fitting ability by using a highcr-order B-splinc trajectory or by adding morc knots to
the active LiDAR frame.

[0007] A zero-velocity detection and update (ZUPT) approach has been proposed by those
skilled in the art to constrain human motion, but it was found to be only applicable for foot-
mounted IMUs. With the rapid development of deep learning, a lot of data-driven motion-based
methods have been proposed to predict IMU bias or IMU velocity to contain the accumulation
of low cost IMU errors. Moreover, the motion-based constraints can be integrated into batch
optimization models to enhance the system’s overall performance and have been applied in

loop closure detection techniques as well.
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[0008]  Inthcory, attitudc (roll and pitch) is obscrvable in LIO and Visual-Inertial Odomcetry
(VIO) due to the gravity vector. However, in practice, issues such as uneven feature distribution
or degencration tends to causc the matching process to converge to a local minima, which then
leads to erroneous IMU state estimations and loss of attitude observability. This problem is
exacerbated when low-cost IMUs are used or when the IMUs are moving under vibration, as

commonly encountered by wearable mapping systems.

[0009] In LiDAR-bascd systcms, a B-spline trajectory is commonly used to modcl the
continuous motion of the system over time in a smooth and mathematically flexible manner.
For a k-order B-spline (rajectory, each constraint corresponds (o k knots, which results in more
Jacobian estimations being performed as compared to the DTO during the batch optimization
process. Selecting fewer, but more important, feature points can improve B-spline trajectory
estimation performance. Conversely, maintaining all feature points in the LIO system could
hinder real-time performance. To address this, those skilled in the art have attempted to select
feature points according to space distribution, based on different semantic types, or according

to the information matrix’s spectral attributes using a greedy optimization approach.

[0010]  Despite efforts of those skilled in the art, when existing LIO methods are applied to
compact WMS, these efforts face (wo main challenges: (1) The [irst challenge faced is that
human motion vibrations cannot be effectively modeled with low-order splines (e.g., 4th
order), and increasing the spline order adds significant computational overhead and
uncertainty. (2) The second challenge is that uneven or degenerated LiDAR feature
correspondences lead to suboptimal convergence, resulting in long-term drift. These issues
causc attitudc and Z-axis drift, lcading to "bent" point cloud maps that arc gcomctrically

consistent locally but unsuitable for robot navigation and planning systems.

SUMMARY
[0011]  In one aspect, the present application discloses a module for generating a set of
optimized estimated states for generating a LIDAR point cloud map in real time. The module
comprises a processing unit, and a non-transitory media readable by the processing unit. The
media contains instructions that when executed by the processing unit causcs the processing
unit to segment sequential data received from an inertial measurement unit (IMU) into a low-

[requency part, a high-lrequency part and a conslant velocity part. The processing unit then
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computes hybrid IMU constraints bascd on data contained within the low-frequency part, the
high-frequency part and the constant velocity part and then proceeds to compute an initial guess
of system states for an active LIDAR frame by performing an IMU optimization process based
on the hybrid IMU constraints. The processing unit then computes an optimal set of LIDAR
correspondences based on measurements of the active LIDAR frame and the initial guess of
system states before proceeding to compute a set of optimized estimated states for the active
LiDAR frame by performing a maximum-a-priori (MAP) optimization process using the
optimal sct of LIDAR correspondences, the hybrid IMU constraints, and prior constraints. Once
this is done, the processing unit then generates the LiDAR point cloud map based on the set of

optimized estimated states.

[0012]  In another aspect, the present application discloses a method for generating a set of
optimized estimated states for generating a motion-corrected LiDAR point cloud map in real
time using a computing module. The method comprises the steps of segmenting sequential data
reecived from an incrtial measurement unit (IMU) into a low-frequency part, a high-frequency
part and a constant velocity part, computing hybrid IMU constraints based on data contained
within thc low-frequency part, the high-frequency part and the constant velocity part and
computing an initial guess of system states for an active LiIDAR frame by performing an IMU
optimization process based on the hybrid IMU constraints. The method then includes the steps
of obtaining an optimal set of LiDAR correspondences based on measurements of the active
LiDAR frame and the initial guess of system states and computing the set of optimized
cstimated states for the active LiDAR frame by performing a maximum-a-priori (MAP)
optimization process using the optimal set of LiDAR correspondences, the hybrid IMU

constraints, and prior conslraints.

BRIEF DESCRIPTION OF THE DRAWINGS
[0013]  Various embodiments of the present disclosure are described below with reference
to the following drawings:
Figurc 1 illustratcs a block diagram of a LiDAR Inertial Odometry (LIO) with Hybrid
Continuous Time Optimization (HCTO) in accordance with embodiments of the present
disclosure;
Figure 2 illustrates a block diagram representative of a HCTO module of the LIO with HCTO

as illustrated in Figure 1 in accordance with embodiments of the present disclosure;
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Figure 3 illustratcs plots of diffcrent motion statcs in a repetitive motion pattern;

Figure 4 illustrates the grouping of candidate correspondences in a current LiDAR frame
according to cmbodiments of the present disclosure;

Figure 5 illustrates a Maximum-A-Priori (MAP) optimization in an active window with the 4th
order B-spline as an example;

Figure 6 illustrates a block diagram of a processing system for performing embodiments of the
present disclosure;

Figurc 7 illustratcs a flowchart of a process for gencrating a LIDAR point cloud in real time
using a LIO with HCTO module in accordance with embodiments of the present disclosure;
Figure 8 illustrates a prior map constructed by a HCTO process for a robot navigation system
in different challenging environments using wearable devices;

Figure 9 illustrates localization errors in the trajectory of a HCTO for a seq-subway-station
when a wearable helmet is used to capture the data;

Figure 10 illustrates localization errors in different axes of the HCTO process for a seq-subway-
station when a wearable helmet is used to capturce the data;

Figure 11 illustrates point clouds constructed by the HCTO module using wearable helmets for
a car park scquencc and a subway station scquencc;

Figure 12 illustrates datasets of a university campus where the intensity rendered point clouds
are overlapped on the satellite image of the university campus;

Figure 13a illustrates a side view of a random LiDAR frame in Site 1, where the visualization
of the point clouds are generated by the HCTO module;

Figurc 13b illustratcs a side view of a random LiDAR frame in Sitc 2, where the visualization
of the point clouds are generated by the HCTO module;

Figure 14 illustrates localization error analysis of seq-02 of Site 1 of the universily campus;
Figure 15 illustrates localization error analysis of seq-02 of Site 2 of the university campus;
Figure 16 illustrates a visual comparison of the different methods employed at Site 2 of the
university campus where the point clouds are rendered by height to have a better visualization
of the drift in attitude and z-direction; and

Figurc 17 illustrates a prior map constructed using the HCTO technique for an outside view of
a four-story apartment, an inside view of the apartment and a long corridor of each floor of the

apartment.

DETAILED DESCRIPTION
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[0014]  The following dctailed description is madc with reference to the accompanying
drawings, showing details and embodiments of the present disclosure for the purposes of
illustration. Featurcs that arc described in the context of an embodiment may correspondingly
be applicable to the same or similar features in the other embodiments, even if not explicitly
described in these other embodiments. Additions and/or combinations and/or alternatives as
described for a feature in the context of an embodiment may correspondingly be applicable to
the same or similar feature in the other embodiments.

TR
a

[0015] In the context of various embodiments, the articles an” and “the” as used with

regard to a feature or element include a reference to one or more of the features or elements.

[0016] In the context of various embodiments, the term “about” or “approximately” as
applied to a numeric value encompasses the exact value and a reasonable variance as generally

understood in the relevant technical field, e.g., within 10% of the specified value.

[0017]  Asused herein, the term “and/or” includes any and all combinations of one or more

of the associated listed items.

[0018]  Asused herein, “comprising” means including, but not limited to, whatever follows
the word “comprising”. Thus, use of the term “comprising” indicates that the listed elements

are required or mandatory, but that other elements are optional and may or may not be present.

[0019]  As used herein, “consisting of” means including, and limited to, whatever follows
the phrase “consisting of”. Thus, use of the phrase “consisting of” indicates that the listed

elements are required or mandatory, and that no other elements may be present.

[0020]  As used herein, an Inertial Measurement Unite “IMU” refers to an electronic device
that measures and provides data sequentially on an object’s motion and orientation based on
sensors, such as accelerometers and/or gyroscopes, that are provided within the device. The
scquential data provided by the IMU may comprise, but arc not limited to, lincar acccleration

data, angular velocity data, orientation data, velocity data or positional data.
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[0021]  As uscd hercin, a “world framc” refers to a global coordinatc system used as a
reference for measuring the position and orientation of objects in real space. This global
coordinatc systcm rcmains constant and is typically aligned with a known reference, such as
the Earth's surface or a map. A “body frame” as used herein refers to a coordinate system that
is attached to a moving object, such as a helmet or a similar wearable item. The body frame’s
coordinate system moves and rotates with the object, and its origin is often centered at the

object's center of mass or another key point.

[0022] One skilled in the art will recognize that certain functional units in this description
have been labelled as modules throughout the specification. The person skilled in the art will
also recognize that a module may be implemented as circuits, logic chips or any sort of discrete
component. Still further, one skilled in the art will also recognize that a module may be
implemented in software which may then be executed by a variety of processor architectures.
In embodiments of the disclosure, a module may also comprise computer instructions or
cxccutable code that may instruct a computer processor to carry out a scquence of cvents based
on instructions received. The choice of the implementation of the modules is left as a design
choice (o a person skilled in the art and does not limit the scope of the claimed subject malter

in any way.

[0023]  Further, it should be noted that the following notations arc adopted throughout this
disclosure. For a vector p € R®, a hat notation P denotes the global optimization-based
estimation of p while the breve notation p denotes the IMU-propagated information. For a
matrix M, M, denoles the element at a ™ row and ¢ column of M. The orientation could be
represented by rotation matrix R € SO(3). The right superscript and subscript are then used to
define the coordinate transformation, i.e., [R4, p4]. transforming a vector from frame B to

frame A.

[0024] In this disclosure, reference is made to an i time segment spanning a period

[t;, tir1] with a constant duration At. A system state X'(t) at time t € [¢t;, t;,] is defined as:

X(t) = [RE (1), pg (1), ba (), by(t)] € SO(3) x R?  ...equation (1)
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where R$ (t), py (t) are rotation and translation of body frame as defined in the world frame,
aqg (¢) is defincd as a quaternion corresponding to RE (). ba(0), by(t) arc defincd as IMU
accelerometer and gyroscope biases respectively — which are modeled based on the random-
walk model for low-cost IMUs. It should be noted that a v’ () is not included in the system

states (i.e., in equation (1) above) as a B-spline was used to formulate the trajectory.
[0025]  IMU pre-integration step

[0026] An IMU prc-intcgration stcp is commonly usced in Discrete-Time-Optimization
(DTO) processes where the IMU measurements are integrated over a time duration to obtain
rclative spatial relationships. Given the i time segment where ¢ € [i;, t;.,], the statc variablcs
are constrained by the IMU measurements, i.e., acceleration @”(t) and gyroscope ®?(t) in
this time segment. The IMU measurements integrated over the time duration may then be

delined as:

P (tie) = PECE) + Ve (DAL + f
teltitivg

](R‘a’t(d”(t) —b,(t)) —g)dt?,

Ve (tia) = VP (1) + f (R, @) = balt) ~ g,

teltitivy
a5 (tis1) = 45 E® [l 1 0-5Q@ (©) = by(2))qlde ... equation (2)
. © 0 —w,; Wq
where Q(w) = [ 8 ],cux =| w; 0 —wo ...equation (3)
—w' 0
—w; Wy 0

where g is defined as a gravity vector in the world frame, wg, @,, @, are defined as three
elements in vector w. When the reference frame of integration is changed to b;, the three IMU

pre-integration factors, Ap',,, Av!,, and Aq’, . may be rewritten as equation (4) below:

pareyl

[ ' b;
Apiy, = ﬂ R, (@ —bga(t))dt?,
telt;
AV, = f f R} (@, — b, (t))dt,
teftitivg]

[ . — b; .
Aqi,, = ffte[tbtm] 0.50(&, — by(t;))Aq,. dt ... equation (4)

8
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[0027]  The three factors in equation (4) may also be used to restrict the relative motion of

the spline trajectory which will be used in the subscequent scctions of the disclosure.
[0028] Continuous Time Optimization (CTO) using B-Spline

[0029] A k™M order B-Spline having N + 1 knots (or control points) may be formulated usin
p y g

the Dc Boor-Cox recurrence relation which is defined as:
p(©) = X0 Bir(OP: ...equation (5)

where B; ;. (t) is defined as the B-Spline basis function. The function u(t): = (t- t")/ AT E

is defined as normalized time elapsed in the window [t;, t;.4] and is referred to in this

disclosure as ‘u’ for brevity. The valuc p(u) may then be represented as a matrix multiplication:

P(w) = [Pi Pis1s - Pitk—1]Mu ...equation (6)

where u,, = u™ and M is the " order blending matrix which is defined as:

cr
My =7 !

k-1
mz(_l)l_s(k — ] —1)k-1n
l=s

ssn€0,..,k—1 ...equation (7)
where p(u) can be transformed into a cumulative formulation by:
P(w) = p; + XJ1(Pisj — Pigjor) (Muw); ...equation (8)
where 1\7[]-‘,1 =¥k M; .

s=]

[0030]  Asthe system state knot X; is in a Lie group, the cumulative B-Spline of the system
with statc knots {Xg, ..., X, ..., Xy} may be dcfined as:
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X(w) = X; [1j=1 Exp(Log(X -1 Xitj) (Mu),) ...equation (9)

[0031] Based on the above, the velocity pg (v), the acceleration pg (u), and the angular
velocity R? (w), may be obtained at any time based on the differential of the cumulative B-
spline of the system, X(u). The IMU measurements at these specific times could be used to
restrict the splinc trajectory by comparing the differential results and raw IMU mcasurcments.
The exact details of fusing the IMU information of the CTO are omitted for brevity as it is a

standard way that is known to one skilled in the art.

[0032] A block diagram of LiDAR Inertial Odometry (LIO) system 100 with Hybrid
Continuous Time Optimization (HCTO) is illustrated in Figure 1 in accordance with
embodiments of the disclosure. System 100 comprises wearable sensing device 101 and a
computing modulc 102 for proccssing data received from device 101. Device 101 is provided
with IMU 103 and LiDAR module 106. In embodiments of the disclosure, IMU 103 may
comprise, but is not limited to a low-cost IMU such as the ICM40609 IMU module where IMU
103 and LiDAR module 106 may both be mounted on a compact helmet. Computing module
102, is provided with HCTO module 104, motion un-distortion module 108, optimal-aware
point feature association module 110, maximum-a-priori (MAP) optimization module 112 and
keyframe selection module 114. In general, system 100 is configured to construct hybrid IMU
constraints bascd on scquential data obtained from IMU 103 while removing LiDAR motion
distortions from LiDAR data measurements obtained from LiDAR module 106. In
embodiments of the disclosure, computing module 102 may be provided within the compact
helmet or may be located remotely, within a communicative range of device 101 through wired

or wireless means.

[0033] HCTO module 104 is configured to segment sequential data obtained from IMU 103
into a low-[requency part, a high-frequency part and a constant velocity part. Hybrid IMU
constraints 105 are then computed based on data contained within each of these parts. HCTO
module 104 then performs an IMU optimization process based on the hybrid IMU constraints
to obtain an initial guess of system states 107 for an active LiDAR frame as obtained from
LiDAR module 106 where distortions caused by the motion of LiDAR module 106 during the
scanning process arc corrccted. Motion un-distortion module 108 and optimal-awarc point

feature association module 110 then combine to utilize the initial guess of system states 107

10
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and data containcd in the active LiDAR framc to gencratc an optimal sct of LiDAR
correspondences 111 where the most informative points are selected for further processing.
LiDAR correspondences 111, together with TMU hybrid constraints 105, LiDAR factor rf and
prior constraints 1" are then used by MAP optimization module 112 to compute a set of
optimized estimated states 113 for the active LiDAR frame, based on a sliding window. By
doing so, a fixed number of LiDAR frames are kept in memory and the system’s states are
continuously optimized as cach new LiDAR frame is received. LIDAR factor £ and prior
constraints ¢ will be defined in greater detail in the subscquent scctions. If keyframe
selection module 114 determines from optimized estimated states 113 that the current active
LiDAR framc is to be sclected as a keyframe, this keyframe will then be sclected and added to
the keyframe database. This step ensures that only important frames are stored. A motion-
corrected LiDAR point cloud map may then be generatled based on optimized estimated states

113.

[0034] A block diagram representative of modules contained within HCTO module 104 is
illustrated in Figure 2 in accordance with embodiments of the present disclosure. HCTO
module 104 compriscs motion statc recognition module 202 that is configured to reccive raw
IMU measurements 201 from IMU module 103 and to segment raw IMU measurements 201
into a high-(requency part (HFP), a low-frequency part (LFP) and a constant-velocily part
(CVP). IMU measurements 201 that have been segmented into a HFP is provided to HFP
module 204, which then proceeds to compute HFP factors based on data in the HFP and pre-
integration constants or parameters generated by sub-module 214. IMU measurements 201 that
have been segmented into a low-frequency part (LFP) is provided to LFP module 206, which
then proceeds to compute LEP factors based on data in the LFP and raw mcasurcd constraints
as generated by sub-module 216. Finally, IMU measurements 201 that have been segmented
into a constant-velocity part (CVP) is provided to CVP module 208, which then proceeds o
compute CVP factors based on data in the CVP and attitude constraints as generated by sub-
module 218. HCTO module 104 then gathers the HFP, LFP and CVP factors to form IMU
hybrid constraints 105.

[0035] Excmplary mcasurcd IMU data, which compriscs acceclerometer outputs, arc
illustrated in Figure 3. It can be observed from plots 302, 304, 306 that there is a repetitive

molion pattern for each step as seen by the acceleromeler measurements in the x, y and z axes.

11
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It should be noted that when the commonly used cubic Spline (4% order) was cmployed, it was
only able to capture the linear changes of acceleration, and faced difficulties in representing
the raw IMU mcasurcments, cspecially during vibrations. This is illustrated in plot 308 which
illustrates a zoomed view of part of plot 301 where the model was unable to fit the data well in
certain parts of the plot. In particular, it can be seen that the low-frequency part (LFP) segment
can be effectively modelled using a linear model, whereas the high-frequency part (HFP)
segment may not. Accordingly, the trajectory is partitioned into two parts, the HFP and LFP,
by motion statc rccognition modulc 202 (as shown in Figurc 2), where thesc two parts arc
delineated by a Root Mean Squared Error (RMSE) 0y0ti0n Of acceleration measurements
within the B-Spline time interval At, as derived from linear fitting residuals. If module 202
determines that 0,,0¢i0n, Of @ time segment is a predetermined number of times larger, e.g., three
times larger, than the accelerometer measurement error, this time segment is determined as an
HFP. The predetermined number may be selected as “three” as this is based on the well-known
three-sigma rule. Conversely, if it is determined that G,,0¢10, Of a time segment is not larger
than the predetermined number of (ime, i.e., il is not three (imes larger, than the accelerometer
measurement error, this time segment is classified as a LPF as the acceleration measurements
can be fitted well using a linear model. Additionally, the initial guess ol acceleration a®(t) in
the world frame may be obtained based on pure IMU integration at any time t. Hence, a time

segment at which the time ||a® (¢)|| = 0 will be classified as the CVP.

[0036] Inother words, it can also be said that module 202 segments the scquential data from
IMU module 103 into individual segments according to a B-Spline time interval At. Module
202 then integrates and normalizes acceleration data within each individual segment, whereby
an individual segment having normalized integrated acceleration data equal to a zero value is
classified as the constant velocity part (CVP). Module 202 then proceeds to fit acceleration
measurements contained within each unclassified individual segment to a linear model, and
compute a root mean square error (RMSE) for each of the individual segments based on linear
fitting residuals. An individual segment is then classified as the low-frequency part (LFP) when
it is determined that the RMSE computed for the individual segment is equal to or less than
three times an accelerometer measurement error of the IMU, and/or an individual segment is
classified as the high-frequency part (HFP) when it is determined that the RMSE computed for

the individual segment is more than three times the accelerometer measurement error.

12
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[0037] Computation of Constant Velocity Part (CVYP) Factors
[0038] The computation of the CVP [actors take place in CVP module 208 based on
parameters obtained from attitude constraint module 218. Based on the principles behind

complementary filters for the estimation of orientation, a force equation of a system may be

definced as:
R‘[,’(t)(ab(t) + ba(t)) +g“=a“() ...equation (10)

[0039] When |[la®(t)]| = 0, the relationship between the stales and the gravity may be

defined as follows:

‘g’(t)(ab(t) + ba(t)) = —g® if|la®®)|| =0 ...equation (11)
[0040]  The condition ||a“(t)]| < 0.3 is used as a trigger for adding a CVP factor to
equation (10) where a“(t) is defined as the IMU-predicted acceleration in the world frame,
i.e., equation (11). The CVP factor is used to correct the roll and pitch of the state estimate.

Under the assumption that §8(t) is defined as the rotation correction corresponding (o an initial

guess RE (), equation (11) above can then be redefined as:
—Re@) (1 —[50(0)], ) g = 2°(2) + ba(t) .equation (12)

[0041] Based on the above, CVP module 208 then computes the CVP factors rEY at time ¢

as:

=10 ] [‘;gggj + T [(RE'E () +bo(D) + RE(D'g Lha .. equation (13)

where §8(t) and §8(t), are defined as the roll and pitch corrections respectively.

[0042]  Computation of High Frequency Part (HFP) Factors

13
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[0043]  As illustrated in plot 308 of Figure 3, the high-frequency part of motion may not be
fitted using 4% order B-Spline, which only guarantees the linear changing of acceleration and
may not be uscd to accurately represent the high-frequency motion. Conscquently, naively
fitting this will lead to a large error and unstable results. Increasing the order of the B-Spline
or decreasing the At, namely increasing the paramelter of the (rajectory, could be one solution
but such an approach will result in a greatly increased computational load and uncertainty of
the system. In this disclosure, instead of increasing the parameter (o [it the vibrated motion, the
raw IMU measurements are intergrade and HPF factors are computed to constrain the relative
motion between the start and end of the high frequency motion, which alleviates the effect of

the high-frequency part on sequential B-Spline segments.

[0044]  Under the assumption that a high-frequency part has a period [t;, t;441] with a
duration At, the IMU measurements in [t;, t;,,] are integrated to obtain the position, velocity,
and rotation elements (ie., Apl,,. Av),,. Aq.., respectively) of IMU pre-integration
according (o equation (4). The HFP [actors 77" may then be computed by HFP module 204
as:

Py (tiv1) — P5 () )
—0.5g9At? — pP(t;)At
RS BE (tier) — 82T — BE ()

R3 (t)'RE (ti41)

spia] [ REC!(
AViy,

Aq::+1

= ...equation (14)

It should be noted that the system’s velocity is extracted from the differential of the B-Spline
trajectory, selling it apart from the conventional DTO approach and this ensures local trajectory
consistency. In the high-frequency part, unlike in traditional CTO approaches, the B-Spline
trajectory does not attempt to fit the oscillated acceleration measurements, thereby facilitating
stable and swift convergence. Additionally, the step of integrating the raw IMU measurements
in the high frequency part can be regarded as applying a special low-pass filter to the raw IMU
mcasurcments as this intcgration cffcctively suppresscs the peak valucs attributed to jitter.
However, the HPF factor described in this disclosure is different from mere low-pass filtering
as it incorporated the IMU measurements according (o the strapdown IMU integration
principle, ensuring the relative motion relationship remains consistent from the beginning to

the end of the high-frequency motion.

[0045] Computation of Low Frequency Part (LFP) Factors
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[0046]  For the low-frequency portion of the motion, all IMU measurements are directly
cmployced in the B-Splinc parameter cstimation by LFP modulc 206 to utilize all the available
information. Under the assumption that the low-frequency part has a period [¢;, t;4,] with a
duration At, LFP module 206 may compute the LFP factor 7" for each raw IMU measurement

as:

RY(6)(3°(1) + ba(0)) +8°

S0 1 by(©) ...equation (15)

o [pz’(o ~
T T [Re

[0047] IMU hybrid constraints 105 comprising the CVP rf¥, HFP r/* and LFP r¥
factors may then be obtained within a LiDAR frame duration (i.e., 0.1s in most scanning
configurations) from equations (13) — (15) respectively. IMU optimization module 216 then
performs an IMU only optimization based on the IMU hybrid constraints 105 to compute an
initial guess of system states X (t) 107 which is then used to correct LIDAR motion distortion.
It should be noled that the IMU only optimization is performed based only on the constraints

defined in equations (14) and (15).

[0048]  With reference to Figure 1, motion un-distortion module 108 and optimal-awarc
point feature association module 110 then combine to utilize the initial guess of system states
X (t) 107 and data contained in the active LiDAR frame to generate an optimal set of LIDAR

correspondences 111.

[0049]  In particular, points in the current active LiDAR frame are projected into the world
map coordinate based on the initial guess of system states X (¢) 107. This is to align the newly
captured points of the active LiDAR [rame with the existing map. For a LIDAR measurement
ft, its closest points are obtained from the map points and their average value u and plane
normal n are subsequently computed, where these computed values represent an orientation of
a surface formed by these points. In embodiments of the disclosure, the map points are
maintaincd using an incremental k-dimensional tree (ikdtree) as provided in keyframe sclection
module 114. A point-to-plane factor 1 is used to represent a relationship between the points
in the current LIDAR frame and map’s surfaces. The point-to-plane factor £ may then be

computed based on a difference in value between a LIDAR measurement in the active LIDAR
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framc and a reference surface on an cxisting LIDAR map, and can be specifically defined as

follows:
rf = n"(RY(Of, + p2(t) — w) ...equation (16)

[0050] A set of poinl-lo-plane factors in the current LiDAR [rame may be represented as
S; = {r#}. and there are usually more than several thousand LiDAR correspondences in each
frame. MAP optimization module 112 performs a MAP optimization on these correspondences
in a sliding window, which includes the most recent frames. However, optimizing such a large
number of correspondences leads to hecavy computational loads for B-Splince estimation and
may result in unforeseen degeneration caused by the uneven distribution of the
correspondences. To mitigate these issues, module 110 has to carefully select an optimal subset
of correspondences S € S, for the state estimation as this not only improves lime efficiency
but also odometry accuracy by focusing on well-distributed and high-quality correspondences.

The process of selecting this optimal subsel is also known in the art as an optimal design.

[0051]  As the system’s states X are presented as k™ order B-Spline, there will be k knots
related o the constant 7£. As the center knot is the most correlated with the current LiDAR
frame according to the B-Spline definition, only the center knot located in the current LIDAR
frame time duration is considered for the following optimal analysis to guarantee real-time

performance. The constant r is then linearized and its Jacobian w.r.t X is calculated as J, =

£
ot / ax | x=x- The information matrix A for § 2 may then be defined as follows:

A= Z/;tegro It e ...equation (17)

[0052]  The information matrix /A reveals the uncertainties for the variables to be estimated
and also the optimality of the subset S¢. Specifically, the minimum eigenvalue A, (4), which
is a commonly used metric, is utilized to qualily the optimality of information matrix A. The
minimum eigenvalue was selected as the metric because it restricts the possible degenerated
direction. Hence, in order to achieve the most optimal design for the knots estimation, the

objective function g(S 0 ) is thus maximized:
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argmax g(S¢)s.t.5S €S, |S?| < N©,

9(8) = Apnin[A(S)] ...equation (18)

where N9 is dcfined as the desirable size of correspondences remaining in the system when the
computational load is taken into consideration. The objective function in equation (18) is a NP-
hard problem and could be approximately solved by a stochastic-greedy heuristic. The
stochastic-greedy algorithm starts with an empty set. Then, at each step, it selects one element
from a random set with a size of |S;|/N®log(1/€) from (he remaining correspondence set,
which gains most of the objective function g (S 4 ) where € is the decay factor. The iterative
process stops when NO correspondences are achieved. It should be noted that the set function
2(8)is submodular and monotone increasing w.r.t. . Additionally, S* and S¢ # are the optimal

sel and stochastic-greedy heuristic result respectively, and are delined as:

ND
) +ES§+E ...equation (19)

9520962 (N°—1
g/ T\ N

[0053] Equation 19 clicits a lower bound for the stochastic-greedy heuristic results and it
was found that the stochastic-greedy heuristics were able to achieve a better result than the
lower bound. It is uscful to notc that the timc complexity of the stochastic heuristic is

0(|S¢]log (1/€)), which is related to |S;| but independent of N©.

[0054] In embodiments of the disclosure, the optimal set of LiDAR correspondences may
be oblained as follows. Module 110 first compules mean values and variance values [or each
dimension of Jacobian matrices, wherein each Jacobian matrix is computed based on the
LiDAR measurements received from the LIDAR module that have been linearized with regard
to the initial guess of system states X (£) 107. The dimensions of the Jacobian matrices are then
normalized by subtracting each dimension with a corresponding mean value and dividing a
result of the subtraction with a corresponding variance value. The normalized Jacobian
matrices arc then scgmented into scts of groups bascd on a high-dimensional voxclization
defined by a predetermined voxel size. One or more rounds of stochastic-greedy selection are
then performed to obtain the optimal set of LIDAR correspondences. In this embodiment, the

stochastic-greedy selection is performed based on a set of LiDAR point-to-plane factors 1,
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the Jacobian matrices, the scts of groups, and a minimum cigenvaluc until a size of the optimal

set of LIDAR correspondences is equal to a predetermined number of LiDAR correspondences.

[0055] In another embodiment of the disclosure, a group-based stochastic-greedy solver is
used for selecting the best or optimal subset of LIDAR correspondences S2 and this approach

is set out in Algorithm | below.

Algorithm 1: Group-Based Stochastic-Greedy for Feature Selec-
tion Censidering Optimality
Input: S, {}}, ¢ 4, NO. D,
Output: Selected LIDAR correspondences Sg
Initialization of the set S?_. — @
Calculate mean value {gu,, gy, ..., 45} and variance
{4, Z1,..., X5} at each dimension for {J.};

[ -

a3 foreach J, € (},}, J, € {J,} do

4 o= —wo) Z0; o1 =0y — i)/ 215

5 | Jo=Un—m)/Zn Y= —m3)/Zy

6 j[,4 = (Jt,4 - #4)/54; jt,s = (Jr.S - !45)/25;

7 end

& Divide {J,} into groups {g,} using {J,] as feature with voxel

size of D,;
o while Sﬁcl < NO do
10 G « subset obtained by random sampling Alog(1/e) groups
from {g, };

11 R={];} < subset obtained the first element in each

sampled group G with J; € g;;
12 foreach J; € R do

12 ’ Compute A; =J]J;

14 end

15 J* e argmaxjenﬁmm[/l(sg) + AL
15 | AMSZ) — ASQ) + A4

v | S2eSZUM B =g\

18 end

[0056]  To make the process more efficient, LIDAR correspondences S, are grouped based
on the similarity of their Jacobian vectors J,. This ensures similar candidate correspondences
arc not sampled again in cach stochastic step. Each Jacobian vector J,, which may be
represented as a 6-dimensional feature (with 3 dimensions for rotation in the form of a
quatcrnion and 3 for translation), contributes to the objective function in similar ways when

they are close in value. By regularizing each dimension of the Jacobian J, to obtain J,. the
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modulc balances the numerical ranges of the quaternion and translation parts, which helps to
group similar Jacobians together. The regularization of these Jacobians take place at Lines 2—

7 of Algorithm 1.

[0057] The module then uses a high-dimensional voxelization approach to group the
regularized Jacobians J;, into voxel-based clusters, with a specified voxel size D, to obtain
AN© groups as illustratcd in Figurc 4. This mecthod cffectively scgments the LiDAR
correspondences into groups by considering the regularized Jacobians J,, thus speeding up the
stochastic-greedy search. By storing voxel indexes in a hash table, the grouping process has a
lincar complexity of O|S;|, making it computationally cfficicnt cven when handling large
datasets. During each greedy searching step, a random number of candidates A log (1/€) are
sampled from cach group, as opposcd to a larger numbcer that would traditionally be uscd. The
module then selects the best candidate (other than |S;|/N%log (1/€) candidates in the original
stochastic-greedy search process) from these groups, and the process continues iteratively until
the desired number of optimal correspondences N9 is rcached. This iterative process is sct out

at Lines 9-18 in Algorithm 1.

[0058] To determine the voxel size D, a lazy counting strategy (LCS) is proposed. The
detailed workings of the LCS approach is omitted for brevity as it is known to one skilled in
the art. The LCS first down samples the current candidates with farthest point sampling to the
size of AN?. Then the mean distance between the remaining candidates is calculated Lo obtain
D,. As the feature distribution in the environment does not dramatically change every frame,
LCS is only triggered to update the voxel size D,, when the size of the grouping results differ

significantly (20% in practice) from AN©.

[0059] Once the optimal set of LiDAR correspondences 111 have been obtained, it is then
provided to MAP optimization module 112 which performs a maximum-a-priori (MAP)
optimization using the optimal set of LIDAR correspondences, the hybrid IMU constraints and
prior constraints 77 to obtain the set of optimized estimated states X (t)113 for the active

LiDAR frame as illustrated in Figure 5. The MAP optimization equation is defined as follows:
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2

—~. Py 2 2 2 2
1) = Seeal 1, + Zaeollr& %, + Saeollr 7, + Saeollrll + I

ZHF

...equation (20)

[0060]  This equation involves a weighted sum of several error lerms, each corresponding
to different factors affecting the system’s state. Specifically, it includes the IMU hybrid
constraints, i.¢., the high-frequency part (HFP) factor ™%, the low-frequency part (LFP) factor
%, the constant velocity part (CVP) factor £, the LIDAR factor 7, and the prior constraint
2. Thesce factors computed at time ¢ for all data points in the active scnsor data duration ® =
[t titm]. are weighted by their corresponding covariance matrices ¥ which reflect the
uncertainty associated with the measurements. Additionally, the term r:* represents the prior
constraint for the first k-1 knots in the active window, and this term is used to marginalize out
past states from the sliding window and maintain efficiency without losing track of prior

information.

[0061] In each optimization step, when a new LiDAR frame is received, the system
formulates the optimization problem using k"-order B-Spline to represent the trajectory of the
system. The trajectory segment during the time window [t;, t;4p,] is influenced by a set of
knots, [Xj, ..., Xijro+k—1] defined as active nodes (as illustrated in Figure 5) that are to be
optimized within the sliding window. This ensurcs that the optimization focuscs on the relevant
segment of the trajectory and the sliding window technique balances the computational load

by limiting the number of knots being optimized at any one time.

[0062] To achieve better accuracy and to handle the system's dynamics, each factor's
covariance matrix is carefully designed. For instance, Y.cvp, Y7, Yo7, 2or and Y3, are the
covariance matrices corresponding to the factors. ey, Yacr, 2. oF are related to the raw IMU
measurements and account for the IMU’s inherent noise, while };, is based on the accuracy of
the LiDAR scnsor (typically around 3 cm for Livox LiDAR systcms) and Y. is sct according
to the marginalized prior constraint — for minimizing errors when older knots are removed from
the optimization window. It should be noted that the IMU mcasurement is propagated to obtain
the initial poses while the system states presented in knots of B-Spline are initialized with IMU-

only optimization.
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[0063]  Once the optimized cstimated statcs 113 arc obtained, keyframe sclection module
114 then selects a new keyframe when the system experiences a significant change in
translation or oricntation that cxceeds a certain threshold. This cnsurcs that the keyframe
captures a meaningful state of the system. The selected keyframes are then stored in a keyframe
database provided within module 114, which contains keyframes distributed over time and
space, representing important moments in the system's movement. The points in each keyframe
are integrated into the local map, which is managed using an ikdtree (incremental k-d tree) for

cfficicnt storage and rctricval of spatial data.

[0064] In accordance with embodiments of the present disclosure, a block diagram
representative of components of processing system 600 that may be provided within computing
module 102, HCTO module 104 and/or any of the modules shown in Figures 1 and 2 to carry
out the computing and processing functions in accordance with embodiments of the disclosure.
One skilled in the art will recognize that the exact configuration of each processing system
provided within these modules may be different and the cxact configuration of processing
system 600 may vary and the arrangement illustrated in Figure 6 is provided by way of example

only.

[0065]  In embodiments of the disclosure, processing system 600 may comprise controller
601 and uscr interface 602. Uscr interface 602 is arranged to cnablc manual intcractions
between a user and the computing module as required and for this purpose includes the
input/output components required for the uscr to enter instructions to provide updates to cach
of these modules. A person skilled in the art will recognize that components of user interface
602 may vary from embodiment to embodiment but will typically include one or more of

display 640, keyboard 635 and optical device 636.

[0066]  Controller 601 is in data communication with user interface 602 via bus 615 and
includes memory 620, processing unit or processor 605 mounted on a circuit board that
processes instructions and data for performing the method of this embodiment, an operating
system 606, an input/output (I/O) interface 630 for communicating with user interface 602 and
a communications interface, in this embodiment in the form of a network card 650. Network
card 650 may, for example, be utilized to send data from these modules via a wired or wireless

network to other processing devices or to receive data via the wired or wireless network.
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Wircless nctworks that may be utilized by network card 650 include, but arc not limited to,
Wireless-Fidelity (Wi-Fi), Bluetooth, Near Field Communication (NFC), cellular networks,

satellitc networks, tcleccommunication nctworks, Wide Arca Networks (WAN) and cte.

[0067] Memory 620 and operating system 606 are in data communication with processor
605 via bus 610. The memory components includce both volatile and non-volatile memory and
more than one of each type of memory, including Random Access Memory (RAM) 623, Read
Only Mcmory (ROM) 625 and a mass storage dcvice 645, the last comprising onc or morc
solid-state drives (SSDs). One skilled in the art will recognize that the memory components
described above comprise non-transitory computer-readable media and shall be taken to
comprise all computer-readable media except for a transitory, propagating signal. Typically,
the instructions are stored as program code in the memory components but can also be
hardwired. Memory 620 may include a kernel and/or programming modules such as a software

application that may be stored in either volatile or non-volatile memory.

[0068]  Herein the term “processor” or “processing unit” is used to refer generically to any
device or component that can process such instructions and may include: a microprocessor, a
processing unit, a microcontroller, a programmable logic device or other computational device.
That is, processor 605 may be provided by any suitable logic circuitry for receiving inputs,
processing them in accordance with instructions storcd in memory and gencrating outputs (for
example to the memory components or on display 640). In this embodiment, processor 605
may be a single corc or multi-core processor with memory addressable space. In onc cxample,
processor 605 may be multi-core, comprising—for example—an 8 core CPU. In another

example, it could be a cluster of CPU cores operating in parallel to accelerate computations.

[0069] A flowchart which sets out the process for generating a set of optimized estimated
states for generating a motion-corrected LiDAR point cloud map in accordance with
embodiments of the present disclosure is illustrated in Figure 7. In embodiments of the
disclosurc, process 700 as illustrated in Figurc 7 may be performed by computing module 102

or any combination of modules provided within computing module 102.

[0070]  Process 700 begins at step 702 with process 700 segmenting sequential IMU data

obtained from an IMU module into a low-frequency part, a high-frequency part and a constant
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velocity part. Proccss 700 then proceeds to compute hybrid IMU constraints bascd on data
contained within the low-frequency part, the high-frequency part and the constant velocity part.
This takes placc at step 704. At step 706, process 700 then computes an initial guess of systcm
states for an active LiDAR frame by performing an IMU optimization process based on the
hybrid IMU constraints. Subsequently, at step 708, process 700 computes an optimal set of
LiDAR correspondences based on measurements of the active LIDAR frame and the initial
guess of system states. At step 710, process 700 computes the set of optimized estimated states
for the active LIDAR frame by performing a maximum-a-priori (MAP) optimization proccss
using the optimal set of LiDAR correspondences, the hybrid IMU constraints, and prior
constraints. In embodiments of the disclosure, at step 712, process 700 then goes on to generate
motion corrected LiDAR point clouds based on the set of optimized states generated at step

710.

[0071] In embodiments of the disclosure, during the process of segmenting the sequential
data into the low-frequency part (LFP), the high-frequency part (HFP) and the constant velocity
part (CVP), process 700 further segments the sequential data into individual segments
according to a B-Splinc timc interval. Process 700 then integrates and normalizes acccleration
data within each individual segment, whereby an individual segment having normalized
integrated acceleration data equal to a zero value is classified as the constant velocity part
before fitting acceleration measurements contained within each unclassified individual
segment to a linear model, and computing a root mean square error (RMSE) for each of the
individual scgments bascd on lincar fitting residuals. Process 700 then classifics an individual
segment as the low-frequency part when it is determined that the RMSE computed for the
individual segment is equal to or less than three times an accelerometer measurement error of
the IMU and classifies an individual segment as the high-frequency part when it is determined
that the RMSE computed for the individual segment is more than three times the accelerometer

measurement error.

[0072]  In cmbodiments of the disclosure, during the process of computing the hybrid IMU
constraints, process 700 further computes the CVP factors based on CVP parameters derived
during a time interval of the CVP, the CVP paramcters comprising roll and pitch correction
factors, CVP rotation matrices defining an orientation of a body frame in a world frame, CVP
acceleration parameters in the body frame, CVP IMU accelerometer biases, and a gravity

vector in the world frame.
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[0073] The IMU pre-integration parameters comprise pre-integrated position parameters,

pre-integrated velocily parameters and pre-integrated rotation paramelers

[0074]  In embodiments of the disclosure, during the process of computing the hybrid IMU
constraints, proccss 700 further computcs the HFP factors bascd on HFP paramcters derived
during a time interval of the HFP, the HFP parameters comprising IMU pre-integration
paramelers, HFP rotation matrices defining an orientation of the body (rame in the world [rame,
positions and velocities of the body frame in the world frame, the gravity vector in the world
frame and the B-Spline time interval At. The IMU pre-integration paramelers comprise pre-
integrated position parameters, pre-integrated velocity parameters and pre-integrated rotation

parameters.

[0075]  In embodiments of the disclosure, during the process of computing the hybrid IMU
constraints, process 700 further computes the LFP factors based on LFP parameters derived
during a time interval of the LFP, the LFP parameters comprising accelerations and angular
velocilties of the body [rame in the world frame, LFP rotation matrices defining an orientation
of the body frame in the world frame, LFP acceleration parameters in the body frame, LFP
IMU accelerometer biases, the gravity vector in the world frame and gyroscope parameters in

the body frame.

[0076] In summary, applying existing LIO methods (such as the state of the art Fast-Lio2
model) to compact WMS faces two primary challenges. First, human motion vibrations are
difficult to model using low-order splines, such as the commonly used 4th order spline. While
increasing the spline order or adding more knots could address this, it would significantly
increase computational load and uncertainty in the system. Second, uneven or degenerated
LiDAR fcaturc correspondcnces can lcad to the matching process converging on a local
minimum, resulting in long-term drift as shown in plot 801 of Figure 8. These issues cause
attitude and Z-direction drifl leading to distorted "bent" point clouds such as that illustrated in
plot 802. Such “bent” point clouds are locally consistent but unsuitable for use as prior maps
in planning and navigation systems, such as for controlling the navigation systems of delivery

robots. It should be noted that plots 801 and 802 were generated based on the Fast-Lio2 model.
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[0077]  The proposcd LIO with HCTO as described in this disclosure is suitable for real-
time point cloud mapping as it separates the Low-Frequency Part (LFP) and High-Frequency
Part (HFP) of human motion using scquential IMU mcasurcments. Raw IMU constraints arc
then applied for the computation of the LFP factors and IMU pre-integration constraints are
used for the computation of the HFP factors to handle severe vibrations. This allows efficient
IMU fusion without increasing system variables or uncertainty. The proposed LIO with HCTO
system also identifies the Constant Velocity Part (CVP) from IMU data to correct attitude drift
using CVP constraints on the splinc trajectory. Additionally, the LIO with HCTO system
features an optimal design-based feature selection scheme with a group-based stochastic-
greedy solver, which improves real-time performance and odometry accuracy, particularly in
degenerated environments. The effectiveness of the LIO with HCTO is can be seen from plot
803 which illustrates a motion-corrected LiDAR point cloud that has been generated using the

LIO with HCTO system described in this disclosure.

[0078] Embodiment of the LIO with HCTO based on a wearable mapping system

[0079]  In embodiments of the disclosure, the performance of the LIO with HCTO system
is described using a public wearable sensing dataset (WHU-Helmet) as disclosed in “WHU-
helmet: A helmet-based multi-sensor SLAM dataset for the evaluation of real-time 3D mapping
in large-scale GNSS-denied environments. IEEE Trans. Geosci. Remote Sens.” and using in-
house wearable sensing datasets. The performance of the LIO with HCTO method is compared
with existing state-of-the-art (SOTA) methods. The (irst SOTA method is Fast-Lio2, which
uses filter-based state estimation with the ikdtree managing the whole map points in an
incremental way. The second SOTA method is DLIO, which is a direct LIO using continuous-
time motion un-distortion. The third SOTA method is SLICT, which estimates the system states
using CTO. The fourth SOTA method is CLINS, which fuses high-frequency and
asynchronous sensor data effectively. Video recordings of experiments performed based on the
LIO with HCTO system may be found on the project page of HCTO:
“https://github.com/kaleiyin0O/HCTO”.

[0080]  The proposed HCTO module was implemented in C++ and Robot Operating System
(ROS) where the order of the B-Spline is set to 4. The time segment length At for the B-Spline

was set to 0.05 and the decay factor € for the stochastic-greedy was set to 0.1. The size of the
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selected correspondences N9 was set to 500 and the grouping factor A was set to 2 in order to

obtain 1000 (AN?) correspondence groups in each LiDAR [rame.

[0081]  An additional in-house WHU-Helmet2 dataset was also collected using a helmet-
based wearable system. However, the main difference in the hardware configuration between
WHU-Helmet and the in-house built version WHU-Helmet2 is the type of LiDAR scanner
used. The Livox Avia is used in WHU-Helmet, which has a longer observation range but with
a limited sight view (70.4° x 77.2°) as compared to the Livox Mid360 (with a sight view of
360° x 59°) which was used in the LIO with HCTO system of the present disclosure. The
limited view also poses a challenge for LIO systems in indoor environments. For this
experiment, two sequences were selected: the car park and subway station scenes, from the

WHU-Helmet datasct to cvaluate the performance of the proposed method.

[0082]  Both car parks and subway slations are common scenes, which need prior maps for
robot-based delivery systems. For the evaluation of the performance of the various methods,
an Absolute Translation Error (ATE) was used as the measurement metric and the results are

listed in Table 1 below.

Table 1
ATE of HCTO and other msthods on public WHU Helmet Diataset (Unit {m]). The best
resuits are in BOLD, secraxd best results are underlined, x denntes diverge.
rataset Fast-LioR DL SLICT  CLINE  HOTO
O

segroarpirk {00 fon, W) X x X 118 £.504
segepilmwarstation (~08 ks, W) x X 3.94 1.410

W o Walking.

[0083]  As the two scenarios contained too many degenerated scenes like the corridor and
elevator passage, most of the existing methods diverged. The localization error of seq-subway-
station in WHU-Helmet for the proposed HCTO is plotted in Figures 9 and 10. From these
plots, it can bc scen that the proposcd LIO with HCTO systcm was ablc to achicve good
performance in these degenerated scenes. The point cloud maps constructed by the proposed
LIO with HCTO system for the subway station and car park are illustrated in Figure 11. Based
on a simple visual inspection, it can be said that the point cloud maps constructed by the

proposed LIO with HCTO system achieved high accuracy and did not diverge in the narrow
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corridors and clevator passage. The cxperimental results demonstrated the potential for the

proposed method to be used to generate the prior map in car parks and subway stations.

[0084]  In-house University Campus Dataset

[0085] A university campus dataset, comprising two study sites are shown in Figure 12. The
dataset was collected using the in-house built compact helmet system where Site 1 - 1201 is an
opcn-road cnvironment that covers an arca of about 500 m x 300 m while Sitc 2 — 1202 is a
multi-level indoor environment that covers an area of 400 m x 100 m. The two study sites
represent common environments where robot delivery systems may be employed. For this
experiment, the ground truth was constructed in a similar manner to the Newer College Dataset
(“The newer college dataset: Handheld lidar, inertial and vision with ground truth. In: 2020
IEEE/RS]J International Conference on Intelligent Robots and Systems. IROS, IEEE, pp. 4353—
43607). A centimeter-level terrestrial laser scanner (Leica MS60) was utilized to obtain the
prior map at the study sites. To cnsurc the accuracy of the prior map, optical prisms were first
evenly set as the control points in the environment. Then a standard geodetic network
adjustment was applicd for the terrestrial laser scanning registration. Each LiDAR scan from
the wearable sensing system was then registered to the prior map to obtain the ground truth

pose.

[0086] In Site 1, three data sequences (seq-01, seq-02, and seq-03) were collected by a user
of the systecm under varying degrees of motion: walking (about 1.5 m/s), running (about 2.5
m/s), and a combination of walking and running, respectively. The trajectory length of each
sequence is about 1500 m. When the user was running, the data sequence contained more
vibration than the walking sequence. Visualization of the point clouds generated by the LIO
with HCTO system in Site 1 is shown in Figure 13a. Based on this point cloud, the features for
arandom LiDAR frame is generated and it was found that only 500 high-quality features are
retained from an initial set of 4,825 features. This reduction ensures that the system maintains
rcal-time performance while preserving the most relevant information for accuratc mapping

and state estimation.

[0087]  Similar to previous experiments, ATE was used as the metric to evaluate the

accuracy of the different methods. The trajectories and localization errors from different
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mcthods arc plotted in Figure 14 and the final results arc listed in Table 2 below. As the operator
moved more gently in the first sequence, most methods achieved better results compared to the
other two scquences. As the operator ran to collect the seq-02, all the methods suffered from
the vibration. Table 2 also illustrated that the proposed LIO with HCTO system achieved the
best performance for all three sequences in site 1.

Table 2

ATE of HCTO and other metheds on in-house MTH-Campus Site {Enit fm]) The best
resulis are in BOLD, seeond bpst reselis are underfined. X denotes diverge,

Dataget Fagt-Lig2 DLIO  BLICT  CLEMS  HCTO (Curs)
sitel-seq01 (~1.5 km, W} 5,103 5437 4383 5462 2059
slief-seg-02 (~1.5 km, RY 5063 5.EO% 5547 349496
sitel-seg03 (~1.5 km, WRR) 5.235 5758 $.432 3108
sibed-eg-08 (~1.0 km, Wk 2.53% 2548 x 8,551

W for welking, R for running, WER for a combinstion of walking and running.

[0088] In Site 2, the user of the system walked (about 1.5 m/s) to collect data sequence (seq-
01) in a very complicated indoor environment, i.e., an Auditorium in a university, which
contains multiple levels and degenerated corridor scenes. Visualization of the point clouds
gencerated by the LIO with HCTO system of Site 2 is shown in Figure 13b. The trajectorics and
localization errors from different methods are plotted in Figure 15. From the results, it can be
seen thal the proposed LIO with HCTO system was able (o achieve (rajeclory accuracy,
especially in the Z direction. The APE of the trajectory errors were also listed in Table 2 above.

Due to the narrow corridors in the environment, SLICT diverged and did not get a valid result.

[0089]  The quality of the results obtained by the different methods were also evaluated by
visual inspection of the walls and ground constructed in the point map. The ground and the
walls in the real scenes were confirmed to be level and coincident with the gravity direction
respectively. The visual comparisons between point clouds generated by different methods are
illustrated in Figure 16. From the visual inspection, only the point clouds generated by the
proposed LIO with HCTO system, i.e., plot 1605, managed to achieve the leveling of the
ground and straight-up walls, which is vital for a prior map used for a robot delivery system.
Otherwise, the robot in the system would not be able to achieve the correct goal in a bent prior
map. In onc of the plots, i.c., plot 1604, the CVP factor and fcaturc sclection model in the
HCTO module was disabled. This plot 1604 showed some attitude drift from the visual

inspection. The main reason [or the bent map constructed by the LIO methods 1601-1603 is
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that the uncvenly distributed correspondences and degencrated scenes made the LIO systems
converge to the local minimal solution and lose the observation of attitude, especially under
the high vibration. However, the proposed LIO with HCTO system usced the CVP factor to
maintain the correct attitude and select good features to balance the unevenly distributed
correspondences, thus achieving the best performance as shown in plot 1605. It also should be
noted that due to the field of view limitation of the MiD360 on the helmet, the ground may not
be observed in the LiDAR frame. Thus, the strategy of using ground points to restrict the drift

can be difficult to be dircctly applicd to the helmet system.

[0090]  Apartments in hospitals and nursing homes are typical scenes that require robot
delivery systems. These apartments usually contain a lot of degenerated scenes like staircases
and long corridors, which pose challenges especially when the platform is moving. The LIO
with HCTO system is validated in a multi-level apartment from outside to indoor as shown in
Figure 17. To collect the data, the user of the system ran from the first floor to the top floor
through the staircasc as shown in illustration 1701. As for the inside of the apartment, the user
walked through the long corridor as shown in illustration 1702. Most existing LIO systems
diverged when the opcrator of such systcms ran into the staircasc or walked in the corridor.
However, the proposed LIO with HCTO system was still able to achieve pretty good results. It
should be noted that it took the system about 15 minutes to construct the prior map for the
multi-level apartment using the wearable system with the proposed LIO with HCTO system,

which is much more efficient and cost-effective than existing survey solutions.

[0091]  The computational load of the LIO with HCTO system when the university campus
Site-2 was generated was analyzed when the experiment was run on a computer with an Intel
Core 19-12900 CPU. It was found that on average, it took 72.16 ms (Atsum) to complete one
LiDAR f[rame procession, in which the pure IMU processing and LiDAR un-distortion took
9.17 ms (Atimusundist), the LiIDAR feature association took 7.34 ms (Atmatching), the feature
selection and state estimation took 55.65 ms (Atsowe), which guaranteed the real-time
performance (10 Hz) of the proposed system. The memory usage and time performance for all
the sequences were also recorded. To investigate the contribution of cach design feature in the
LIO with HCTO system’s performance, different configurations of the HCTO were set and the
results were compared on the helmel-based dataset with ground truth trajectories, and the

results are listed in Table 3 below. It should be noted that the hybrid IMU factors were disabled
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and the original IMU factors (samc as the LFP) were uscd for all motion statcs, whosc results
were listed in the first column. The CVP factors are disabled and the results are listed in the
sccond column. Lastly, the featurc sclection module was disabled and all the correspondences
were retained for optimization without consideration of the time performance, and these results
are listed in the third column.

Table 3

ATE ir different heimet-based sequences with ground truth (Unit {m]). The tesulrs with increased ATE compared with HOTC are i GREEN. The results with decseased 4TE
compared with HCTO are o RED. x devotes diverge

Dasaset Seguence HCTG (w/o HB) HCTO (w/o CVP) BCTO {wio ¥8) HCTO
WHU-Helmet seqcar-park {~0.6 km, W) x {:ix0} 0.801 (+0.297) Q688 (40313} 0.504
seqraubway-station {~L3 km, Wj 1.832 (+8.422) 1.644 (+0.234) 2751 (+1.341} 1416
sitel-saqdll {15 km, WD 5575 (+3.516) 2818 {:0.7603 2013 (-6} 2058
KTU-Carapus sitel-sep02 (1.5 ki, R} {0 3,580 (+0.354) 3,312 (~0.138} 3.446
sitelg2q-03 (~1.5 km, W&ER) 4603 (+1.498) 3315 (02103 2.893 (~0.212) 3108

W for watking: R for tunning; W&R for a combivation of walking aud runuing
HB for hybrid MU fuctors; CVP for vonstant velwcity Tutor; BS for featare sefection,

[0092] The first column of Table 3 illustrates that through the use of the hybrid IMU factors,
the vibration effect could be suppressed. The high-frequency part cannot be fitted by the B-
Spline trajectory, which may cause a large drift or even divergence. The second column of
Table 3 illustrates that the CVP factor could limit the drift. From the results of university-
campus datasct, thc CVP factor managed to achicve a higher improvement in its performance
when the operator was walking and this could be due to the fact that the CVP period may not
exist when the operator was running. The third column of Table 3 illustrated that the [eature
selection module was able to achieve a performance improvement in degenerated scenes in the
WHU-Helmet dataset. It should be noted that HCTO (w/o ES) could not perform in real-time

as it rctaincd all the correspondences.

[0093] In summary, bascd on thc cxperimental results, it can be concluded that the hybrid
IMU factors are effective in ensuring robustness when high vibration is present. The CVP
factor can noticeably reduce the drift, and the feature selection scheme can be very effective in
degenerative cases. In cases where feature selection reduces the accuracy, it is only a minor

decrease that can be justified by the significant improvement in real-time performance.

[0094] Numerous other changes, substitutions, variations, and modifications may be
ascertained by the skilled in the art and it is intended that the present application encompass all
such changes, substitutions, variations, and modifications as falling within the scope of the

appended claims.
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CLAIMS:

1. A module for generating a set of optimized estimated states in real time comprising;
a processing unit; and
a non-transitory media readable by the processing unit, the media storing instructions that
when executed by the processing unit causes the processing unit to:
segment sequential data received from an inertial measurement unit (IMU) into a low-
frequency part, a high-frequency part and a constant velocity part;
compute hybrid IMU constraints based on data contained within the low-frequency part,
the high-frequency part and the constant velocity part;
compute an initial guess of system states for an active LIDAR frame by performing an
IMU optimization process based on the hybrid IMU constraints;
obtain an optimal set of LiDAR correspondences based on measurements of the active
LiDAR frame and the initial guess of system states; and
compute the set of optimized estimated states for the active LiDAR frame by
performing a maximum-a-priori (MAP) optimization process using the optimal set of

LiDAR correspondences, the hybrid IMU constraints, and prior constraints.

2. The module according to claim 1, wherein the instructions that cause the processing unit to
segment the sequential data into the low-frequency part, the high-frequency part and the
constant velocity part further comprises instructions for directing the processing unit to:

segment the sequential data into individual segments according to a B-Spline time
interval At;

integrate and normalize acceleration data within each individual segment, whereby an
individual segment having normalized integrated acceleration data equal to a zero value is
classified as the constant velocity part;

fit acceleration measurements contained within each unclassified individual segment to
a linear model, and compute a root mean square error (RMSE) for each of the individual
segments based on linear fitting residuals;

classify an individual segment as the low-frequency part when it is determined that the
RMSE computed for the individual segment is equal to or less than three times an

accelerometer measurement error of the IMU; and

31



classify an individual segment as the high-frequency part when it is determined that the
RMSE computed for the individual segment is more than three times the accelerometer

measurement error.

The module according to claim 2, wherein the hybrid IMU constraints comprise constant
velocity part (CVP) factors for the constant velocity part, high frequency part (HFP) factors
for the high-frequency part and low frequency part (LFP) factors for the low-frequency part.

The module according to claim 3, wherein the instructions that cause the processing unit to
compute the hybrid IMU constraints further comprises instructions for directing the
processing unit to:

compute the CVP factors based on CVP parameters derived during a time interval of
the CVP, the CVP parameters comprising roll and pitch correction factors, CVP rotation
matrices defining an orientation of a body frame in a world frame, CVP acceleration
parameters in the body frame, CVP IMU accelerometer biases, and a gravity vector in the

world frame.

The module according to claim 4, wherein the instructions that cause the processing unit to
compute the hybrid IMU constraints further comprises instructions for directing the
processing unit to:

compute the HFP factors based on HFP parameters derived during a time interval of the
HFP, the HFP parameters comprising IMU pre-integration parameters, HFP rotation
matrices defining an orientation of the body frame in the world frame, positions and
velocities of the body frame in the world frame, the gravity vector in the world frame and

the B-Spline time interval At.

The module according to claim 5, wherein the IMU pre-integration parameters comprise
pre-integrated position parameters, pre-integrated velocity parameters and pre-integrated

rotation parameters.
The module according to claim 5 or 6, wherein the instructions that cause the processing

unit to compute the hybrid IMU constraints further comprises instructions for directing the

processing unit to:
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10.

compute the LFP factors based on LFP parameters derived during a time interval of the
LFP, the LFP parameters comprising accelerations and angular velocities of the body frame
in the world frame, LFP rotation matrices defining an orientation of the body frame in the
world frame, LFP acceleration parameters in the body frame, LFP IMU accelerometer

biases, the gravity vector in the world frame and gyroscope parameters in the body frame.

The module according to claim 1, wherein the optimal set of LIDAR correspondences for
the active LIDAR frame comprises an optimal set selected from a set of LIDAR point-to-
plane factors, whereby each LIDAR point-to-plane factor is computed based on a difference
in value between a LIDAR measurement in the active LIDAR frame and a reference surface

on an existing LIDAR map.

The module according to claim 8, wherein the difference in value between the LiDAR
measurement in the active LIDAR frame and the reference surface on the existing LIDAR
map is determined based on the LIDAR measurement, an average position of points on the
existing LiDAR map that are closest to the LIDAR measurement, a normal vector that is
perpendicular to the reference surface formed by the points on the existing LIDAR map, a
point-to-plane rotation matrix associated with the LIDAR measurement, and a position of

the body frame in the world frame as associated with the new LiDAR measurement.

The module according to claim 8, wherein the instructions that cause the processing unit to
obtain the optimal set of LIDAR correspondences based on the measurements received
from the LiDAR module and the initial guess of system states comprises instructions for
directing the processing unit to:

compute mean values and variance values for each dimension of Jacobian matrices,
wherein each Jacobian matrix is computed based on the LIDAR measurements received
from the LiDAR module that have been linearized with regard to the initial guess of system
states,

normalize the dimensions of the Jacobian matrices by subtracting a corresponding mean
value from each dimension and dividing a result of the subtraction with a corresponding
variance value;

group the normalized Jacobian matrices into sets of groups based on a high-dimensional

voxelization with a predetermined voxel size; and
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11.

12.

13.

perform one or more rounds of stochastic-greedy selection to obtain the optimal set of
LiDAR correspondences, the stochastic-greedy selection being performed based on the set
of LiDAR point-to-plane factors, the Jacobian matrices, the sets of groups, and a minimum
eigenvalue until a size of the optimal set of LiDAR correspondences is equal to a

predetermined number of LIDAR correspondences.

The module according to claim 1, further comprising instructions for directing the
processing unit to:

select a new keyframe from a keyframe database when it is determined that the set of
optimized estimated states exceeds predetermined thresholds; and

generate the motion-corrected LiDAR point cloud map based on the set of optimized

estimated states and the new keyframe.

A method for generating a set of optimized estimated states in real time using a computing
module, the method comprising:

segmenting sequential data received from an inertial measurement unit (IMU) into a
low-frequency part, a high-frequency part and a constant velocity part;

computing hybrid IMU constraints based on data contained within the low-frequency
part, the high-frequency part and the constant velocity part;

computing an initial guess of system states for an active LIDAR frame by performing
an IMU optimization process based on the hybrid IMU constraints;

obtaining an optimal set of LiDAR correspondences based on measurements of the
active LIDAR frame and the initial guess of system states; and

computing the set of optimized estimated states for the active LiDAR frame by
performing a maximum-a-priori (MAP) optimization process using the optimal set of

LiDAR correspondences, the hybrid IMU constraints, and prior constraints.

The method according to claim 12, wherein the segmenting of the sequential data into the
low-frequency part, the high-frequency part and the constant velocity part further
comprises the steps of®

segmenting the sequential data into individual segments according to a B-Spline time

interval At;
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14.

15.

16.

integrating and normalizing acceleration data within each individual segment, whereby
an individual segment having normalized integrated acceleration data equal to a zero value
is classified as the constant velocity part;

fitting acceleration measurements contained within each unclassified individual
segment to a linear model, and computing a root mean square error (RMSE) for each of the
individual segments based on linear fitting residuals;

classifying an individual segment as the low-frequency part when it is determined that
the RMSE computed for the individual segment is equal to or less than three times an
accelerometer measurement error of the IMU: and

classifying an individual segment as the high-frequency part when it is determined that
the RMSE computed for the individual segment is more than three times the accelerometer

measurement error.

The method according to claim 13, wherein the hybrid IMU constraints comprise constant
velocity part (CVP) factors for the constant velocity part, high frequency part (HFP) factors
for the high-frequency part and low frequency part (LFP) factors for the low-frequency part.

The method according to claim 14, wherein the computing of the hybrid IMU constraints
further comprises the steps of:

computing the CVP factors based on CVP parameters derived during a time interval of
the CVP, the CVP parameters comprising roll and pitch correction factors, CVP rotation
matrices defining an orientation of a body frame in a world frame, CVP acceleration
parameters in the body frame, CVP IMU accelerometer biases, and a gravity vector in the

world frame.

The method according to claim 15, wherein the computing of the hybrid IMU constraints
further comprises the steps of’

computing the HFP factors based on HFP parameters derived during a time interval of
the HFP, the HFP parameters comprising IMU pre-integration parameters, HFP rotation
matrices defining an orientation of the body frame in the world frame, positions and
velocities of the body frame in the world frame, the gravity vector in the world frame and

the B-Spline time interval At.
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17.

18.

19.

20.

21.

The method according to claim 16, wherein the IMU pre-integration parameters comprise
pre-integrated position parameters, pre-integrated velocity parameters and pre-integrated

rotation parameters.

The method according to claim 16 or 17, wherein the computing of the hybrid IMU
constraints further comprises the steps of’

computing the LFP factors based on LFP parameters derived during a time interval of
the LFP, the LFP parameters comprising accelerations and angular velocities of the body
frame in the world frame, LFP rotation matrices defining an orientation of the body frame
in the world frame, LFP acceleration parameters in the body frame, LFP IMU accelerometer

biases, the gravity vector in the world frame and gyroscope parameters in the body frame.

The method according to claim 12, wherein the optimal set of LIDAR correspondences for
the active LiIDAR frame comprises an optimal set selected from a set of LIDAR point-to-
plane factors, whereby each LiDAR point-to-plane factor is computed based on a difference
in value between a LIDAR measurement in the active LIDAR frame and a reference surface

on an existing LIDAR map.

The method according to claim 19, wherein the difference in value between the LiDAR
measurement in the active LIDAR frame and the reference surface on the existing LIDAR
map is determined based on the LIDAR measurement, an average position of points on the
existing LiDAR map that are closest to the LIDAR measurement, a normal vector that is
perpendicular to the reference surface formed by the points on the existing LIDAR map, a
point-to-plane rotation matrix associated with the LIDAR measurement, and a position of

the body frame in the world frame as associated with the new LiDAR measurement.

The method according to claim 19, wherein the obtaining of the optimal set of LIDAR
correspondences based on the measurements received from the LIDAR module and the
initial guess of system states X (t) comprises the steps of:

computing mean values and variance values for each dimension of Jacobian matrices,
wherein each Jacobian matrix is computed based on the LIDAR measurements received
from the LiIDAR module that have been linearized with regard to the initial guess of system

states;
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22.

normalizing the dimensions of the Jacobian matrices by subtracting a corresponding
mean value from each dimension and dividing a result of the subtraction with a
corresponding variance value;

grouping the normalized Jacobian matrices into sets of groups based on a high-
dimensional voxelization with a predetermined voxel size; and

performing one or more rounds of stochastic-greedy selection to obtain the optimal set
of LIDAR correspondences, the stochastic-greedy selection being performed based on the
set of LIDAR point-to-plane factors r{, the Jacobian matrices, the sets of groups, and a
minimum eigenvalue until a size of the optimal set of LIDAR correspondences is equal to

a predetermined number of LiDAR correspondences.

The method according to claim 12, further comprising the steps of:

selecting a new keyframe from a keyframe database when it is determined that the set
of optimized estimated states exceeds predetermined thresholds; and

generating the motion-corrected LIDAR point cloud map based on the set of optimized

estimated states and the new keyframe.
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