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Abstract— In this paper, we present a LiDAR Inertial Odom-
etry (LIO) algorithm utilizing adaptive keyframe generation
which achieves fast and accurate state estimation for aerial
and ground robots. It is known that keyframe generation
significantly affects the performance of Simultaneous Localiza-
tion and Mapping (SLAM) algorithms. Unlike existing SLAM
algorithms that generate keyframes based on fixed conditions,
we propose to use adaptive keyframe generation conditions
considering characteristics of surrounding environment using
real-time LiDAR scans. When a keyframe is generated, the
keyframe and the corresponding LiDAR measurements are
stored in our novel data structure designed for efficient sub-
map generation. The scan fo sub-map matching module then
uses the Generalized Iterative Closest Point (GICP) algorithm
to adjust estimated states at a global scale, producing more
accurate and globally consistent state estimation results even
in large-scale underground environments. Experimental results
from diverse types of underground environments show that the
proposed method outperforms the existing state-of-the-art LIO
algorithms in various metrics such as computational speed, CPU
usage, and accuracy.

I. INTRODUCTION

State estimation is the most essential element for the
operation of unmanned systems such as drones and mobile
robots. Recently, State estimation algorithms using LiDAR,
cameras and IMU are being actively studied. Among them,
LiDAR-based algorithms have the advantage of accurate state
estimation performance and are very commonly used for
autonomous systems. Also, if tightly coupled with an IMU,
state estimation accuracy can be greatly improved even in
aggressive motion by compensating the relative position and
orientation change within a short time. Due to its small
and lightweight hardware characteristics, vision-based state
estimation algorithms [1]-[4] using a stereo or monocular
camera have a great advantage in the field of unmanned
aerial vehicles. However, even with these advantages, the
vision-based state estimation algorithms have a sensitive
problem of failing to extract feature points in visually de-
graded environments such as very dark, foggy and dusty
areas. Therefore, in this paper, we focus on LiDAR-based
state estimation algorithms for reliable localization even in
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(a) (b)

Fig. 1: We (Team CoSTAR) conducted an autonomous
flight experiment inside a limestone cave in Wilmore, KY
to participate in the DARPA subterranean challenges final
event. (a) Proxima, the customized drone platform of Team
CoSTAR. (b) The map generated by Proxima using the
proposed method while autonomously flying. The white dots
indicate keyframes for map generation and the generation
conditions are changed according to the wideness of the
surrounding environment.

perceptually degraded environments such as in underground
environments.

It has been demonstrated that the LiDAR-based state
estimation algorithms are more robust than the vision-based
algorithms in visually degraded environments by using ac-
curate depth information. For example, the most widely
used LOAM [5] is a real-time mapping system that has
advantages such as low drift and low computational cost
by using a feature extraction technique that extracts plane
and edge features. Based on the feature extraction method of
LOAM, F-LOAM [6], which uses a non-iterative two-stage
distortion compensation method to reduce the computational
cost, has been proposed. In addition, LeGO-LOAM [7] with
ground-optimized characteristics and LIO-SAM [8], which is
tightly coupled with an IMU, have been proposed. However,
depending on the surrounding environment, these feature ex-
traction methods do not use sufficient LIDAR measurements
and thus state estimation performance is degraded. Also in
case of long term state estimation, the state estimation accu-
racy is not guaranteed because local relative pose estimation
drifts accumulate over time causing large inconsistency at a
global scale. If this feature extraction method is not used,
the number of LiDAR points becomes too large in large
environments and the computational cost required to estimate
the relative position between two consecutive LiDAR frames
can be high. This causes LiDAR frame drops which means
that the overall localization performance deteriorates.
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Fig. 2: The system configuration of the proposed method. The system consists of four modules: IMU pre-integration,
Environment analysis and pre-processing, GICP-based scan matching and Keyframe and map management module. The red
and green lines in the scan matching module represent scan to scan matching and scan to sub-map matching sequences

respectively.

In this paper, we propose an adaptive keyframe based
LiDAR Inertial Odometry (LIO) algorithm that can balance
computational cost and accuracy through surrounding envi-
ronment analysis. Specifically, the proposed method can re-
duce the computational cost by generating sparse keyframes
in large environments and increase accuracy by generating
dense keyframes in narrow environments. In comparison
with benchmark algorithms, the proposed method shows the
highest accuracy not only in general environments but also
in extreme environments.

The main contributions of this paper are as follows:

o We proposed a hierarchical hybrid LO/LIO architecture
that balances computational constraints and accuracy
using adaptive keyframe generation from surrounding
environment analysis.

e Our novel keyframe management module enables fast
sub-map generation for scan to sub-map matching, en-
abling accurate localization in large-scale environments.

o The most important contribution of this paper is that we
deployed the proposed method to real robots in percep-
tually degraded environments and extensively validated
the performance of the proposed method.

II. RELATED WORKS

Recently, LiDAR-based state estimation algorithms have
been actively proposed for reliable unmanned system op-
eration. In addition, many LiDAR Inertial Odometry (LIO)
methods tightly coupled with an IMU have been proposed
by using the IMU pre-integration method [9]. Their perfor-
mance has been verified in various environments according
to LiDAR point pre-processing and scan matching methods.

One of the most widely used LiDAR measurements pre-
processing method is the feature extraction method. These
methods are based on the feature extraction method of
LOAM which evaluates the roughness in local regions.
Extracted edge and planar points are used to compute the rel-
ative transformation between two consecutive LiDAR frames

through Levenberg-Marquardt (LM) optimization [10]. LIO-
SAM [8] is a tightly coupled LIO algorithm with an IMU
that improves the estimation speed and accuracy based on
the sub-keyframes generation using a sliding window. In
addition, global scale position can be compensated for by
using additional sensors such as GPS. Also, LIOM [11]
and LINS [12], which are tightly coupled LIOs, use the
joint-optimization method and an iterated error-state Kalman
filter (ESKF) respectively to improve accuracy and real-time
processing.

Rather than just the feature points, the point-based scan
matching method using an entire set of LiDAR measure-
ments has the advantage of improving the state estimation
accuracy by fully utilizing the spatial information of the
environment. The Iterative Closest Point (ICP) [13] [14]
method is the most widely used scan matching algorithm;
Generalized ICP (GICP) [15] and Voxelized GICP (VGICP)
[16], which improve accuracy and computational perfor-
mance, have also been proposed. HDL-graph-SLAM [17] is a
real-time high definition SLAM algorithm involving multiple
point-based scan matching methods such as NDT, ICP, and
GICP. LiTAMIN [18] proposed ICP-based scan matching
using LiDAR data applied with normal distribution to achieve
fast and stable performance.

However, these conventional LIO methods do not guaran-
tee the reliability of long-term state estimation because there
is no position compensation at the global scale except for
loop closure. In addition, the state estimation performance is
degraded in complex and large-scale environments such as
multi-floor and underground environments due to the fixed
keyframe generation conditions.

ITII. METHOD
A. System Overview
The robot state X can be expressed as follows:

X = [RT, pT, o, o7, T]", (1)
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where R € SO(3), p € R3, v € R b, € R? and
b, € R3 are the rotation matrix, position vector, velocity
vector, accelerometer and gyroscope bias vector of the IMU,
respectively. Note that RWB is the rotation matrix from
robot body frame B to world frame W. In this paper, for
convenience, we assume that the IMU frame and B are the
same. Also the transformation matrix T € SE(3) from B to
W can be represented as T = [R | p}. An overview of the
proposed method is shown in Fig. 2.

B. IMU Pre-Integration

The IMU pre-integration module uses raw IMU measure-
ments to calculate the relative position, velocity and rotation
changes between the previous IMU frame and the current
IMU frame. We can define the IMU raw measurement model
as follows:

dzt:wt+b;’—|—nf (2)
ar = R¥W(a; — g) + 0% +ng, 3)

where w; and a; are raw IMU measurements in B at time
t and g is the gravity vector in W. by and bf are biases
of the gyroscope and accelerometer respectively that can be
modeled by random walk. Also, ny and n{ are modeled as
Gaussian white noise of the gyroscope and accelerometer.
After receiving the IMU measurements we can obtain the
relative motion between the ¢ and 7 frames by applying the
IMU pre-integration technique proposed in [9]. The IMU
pre-integration measurements Ap;;, Av;; and Ag;; can be
computed as follows:

j—1

L ~ a

Apij = kz_: [A'UikAt + 5 B(Agik ) (ax — bk)AtQ} 4)

-1
Avi; =" R(Agi)(ax — b) At 5)

k=i

Gl g
_ LAH(Gop — b2

Agij = ¢; '©q; = H [2 (wf k)} ; (6)

k=i
where R(-), ® and At are the converting symbol from
quaternion to rotation matrix, the quaternion multiplication
symbol and the time interval between two consecutive IMU
frames, respectively. We suggest that readers refer to [9] for
a detailed explanation of (4), (5) and (6).

The IMU pre-integration measurements were used as an
initial guess when performing GICP-based scan matching
to compute relative transformation between two consecutive
LiDAR frames in the scan matching module. The IMU bias
was optimized through non-linear optimization with LiDAR
odometry obtained from the scan matching module.

Note that the proposed method is a hybrid LO/LIO algo-
rithm. If there is no IMU input, this module is not used and
the initial guess is considered as previous state.

C. Environment Analysis and Pre-Processing

After obtaining LiDAR measurements we first define the
wideness of the surrounding environment. In wide envi-
ronments, even when LiDAR points downsampling was

Fig. 3: Adaptive keyframe generation. The white dots repre-

sent the generated keyframes. We define the wideness of the

environment according to NtVe“". dyey and dcorr also depend
V;nv

on N/,

Algorithm 1 Environment analysis and pre-processing

Input: Current LiDAR scan M., voxel size Veny(10m), max-
imum number of points NYer| maximum voxelization

size Vign » maximum keyframe distance dyg,, maximum
correspondence distance criteria diwy, exponential decay
value o, (3, v and p

Qutput: Voxelization parameter for scan matching Vi,
Keyframe generation criteria dyey, Maximum correspon-

dence distance d..; and Filtered scan Fz/

1: "M, + Outlier filtering(IM,) > Initialization
2: 'M)™ « Voxelization("M;) with Vip,

3: NY « Number of points('M}*")

4: if N~ > NV then > Super wide
5: Vecan = ‘/sg;%xa dkey = dll?e";x and deorr = d?g}f

6: else if NV > aNYer then > Wide
7. Vican = ,BVSLZ?, dkey = 'Ydﬁg,x and deorr = ng(l)i)r(

8: else if N > a2NYev then > Normal
9: Vian = B*Vtn's diey = 726512?‘ and deorr = p2digy
10: else if N > a3 NV then > Narrow
11 Viean = /63‘/;3?1}(’ dkey = 73dfg;x and deorr = ﬂgdg(l)?r(
12: else > Super narrow

13: Viean = 54‘/:(21?’ diey = 74df<rglx and deorr = /i4d§g:f
14: end if
15: F}* « Radius filtering("M;*") with radius Rropo;

performed using large voxelization parameters, sufficient
geometric features were maintained. So even if the keyframe
generation interval was large, accurate state estimation using
sparse points was possible. On the other hand, in narrow
environments, since the environment can change rapidly due
to blind spots, a large voxelization parameter can distort geo-
metrical features. Therefore the keyframe generation interval
must be dense. We also changed the correspondence distance
parameter used for scan to sub-map matching according to
the wideness of the surrounding environment. For wide areas
the maximum correspondence distance parameter was set
to a large value because the keyframe generation interval
was very large and the common geometrical features were
sufficient for a long time. On the other hand, in narrow areas
such as stairs and narrow corners, the maximum correspon-
dence distance parameter was set to a small value because
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there were cases in which common geometrical features
were not sufficient due to sudden environmental changes.
Therefore, as described in Algorithm 1, we defined the
parameters to be used for scan matching module according to
the surrounding environment and this enabled the proposed
method to perform global scale position compensation in
large areas and local scale position compensation in narrow
areas. The keyframes generated according to the result of
Algorithm 1 are shown in Fig. 3.

D. GICP-based Scan Matching

The output of Algorithm 1 was transmitted to the scan
matching module to compute the relative transformation of
two consecutive LiDAR frames. To use sufficient spatial
information we used point-based scan matching rather than
feature-based scan matching; the GICP [15] method was used
for scan matching.

Two consecutive LIDAR measurements Z;_; = {ZAi,tq}
and Z; = {Z;;} can be expressed by the following proba-
bilistic model:

Zita ~N(Zii1,Cis 1), Zis ~N(Zig,Ci), (D)

where C;;_; and C;, are covariance matrices. Assuming
that there is no noise and there are only perfect correspon-
dences, the relative transformation T* between ZZ +—1 and
Z ¢ satisfies ZZ =T ZZ +—1. We can define the Euclidean
distance d}:t with arbitrary transform T as follow:

dfy=Ziy — TZiy 4, (8)
df, ~ N(0,Ciy + (T*)Ci 1 (T)T). 9)

Now we can compute the relative transformations for two
consecutive LiDAR frames from (9) through iterative calcu-
lations using the maximum likelihood estimation (MLE) as
follows:

T= arg;nin zzz(d;rt)T(

As mentioned previously, the scan matching module con-
sists of scan to scan matching and scan to sub-map matching.
Scan to scan matching computes the relative transformation
T between two consecutive LiDAR frames; scan to sub-map
matching is performed when the keyframe is generated by
satisfying di., defined in Algorithm 1. The state estimated
through the last scan to sub-map matching is set as the
reference state T7 in W and the state between consecutive
keyframes is estimated by accumulating the results of scan to
scan matching. From (10), when the relative transformation
between the last keyframe and time ¢ is AT, the robot state
T, at time ¢ in W can be expressed as follows:

Cit+ TOi,t—lTT)il(dEt)' (10)

T, = T, AT, (11)
AT, = arg;nin Z(Sd t)T(CZ-,t + TCi,LTT)_l(SdEt)
i (12)
- argmmz (md¥ )T (Ciy + TC; p TT) 71 (AT,
(13)

Algorithm 2 kNN-based Sub-map generation

Input: M;, AT, diey, T; and T}

Output: All keyframes K = {K;}, Entire map points
My = {I\A/IZ-’A}, k-nearest keyframes K, and KNN-
based sub-map My

T AT, « 1 i=0

2 Ko = p(T%) and Mo 4 = M, T%
3. if ||[p(ATy)|| > diey then

: KDtree.Build(K)

> Initialization
> Initialization

4
5: KDtree.Search(T,, k)

6: {ko, k1, -+ ,kp—1} + KNN.ExtractIndex
7 Ky {KkU,Kkl,-~ Kkk—l}A

8 My, {Mko,kahA," My, ,.a}
9: GICP.BuildTarget(F =, Cpy) > Section III-D
10: T7 < GICP.GetTransform(T, deor)

11: RegistMap =1

12: for j=0to:—1do

13: if |p(T}) — Kj|| < diey then

14: RegistMap =0 > To prevent overlap
15: end if

16: end for

17: if RegistMap then

18: K.PushBack (p(T7%))

19: M 4 PushBack (M, T%)

20: end if

21: 1 i+1

22: end if

p(T) is the position vector p in T = [R | p}

where C; 1, and C; j; are covariance matrices of LiDAR
measurements of the last keyframe and sub-map points,
respectively. The error models considering the d; in Section
HI-C for scan to scan matching (*d}";) and scan to sub-map
matching (mdft) can be expressed from (8) and Algorithm
1 as follows:

dz = FVM" TF‘/;cim (14)
mdT, = FZ.Vs;‘" TF:/*;\}', (15)

where Fv“a" and F:/;j\}" are the filtered points of the last
keyframe s LiDAR measurements and sub- -map points by
Algorithm 1. The details of sub-map points will be intro-
duced in Section III-E. Finally, when AT, was obtained
and an IMU is available, the IMU bias in Section III-B was
optimized using T.

E. Keyframe and Map Data Management

As mentioned in Section III-D, scan to sub-map matching
is an important factor to improve the state estimation perfor-
mance of the proposed method. In this module, we propose
a kNN-based sub-map generation method that can employ
sufficient spatial information while maintaining lower com-
putational cost than the radius-based filtering method as
shown in Figs. 4 and 5. For fast M generation, we propose
the KNN-based sub-map generation method described in
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Fig. 4: Scan to sub-map matching via kNN-based sub-map
generation. White squares, yellow squares, yellow map, red
map and white scan represent K, Ky, MA, MM and Mth,
respectively, in Algorithm 2.
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Fig. 5: Comparison of processing time for sub-map genera-
tion. As the overall map size increases over time, the com-
putational cost of the radius-based (80m) method increases
while that of the proposed kNN-based (k = 30) method stays
low.

TABLE I: Datasets details

Dataset Length [m] LiDAR Platform Type
LA subway 656.41 Ouster 32ch Proxima Long tunnel
Kentucky cave 632.21 Ouster 32ch Proxima Lm;;s’/teone
Multi-floor 851.03  Velodyne 16¢ch  boston Dynamics — Extreme
Spot multi-floor
Mega Cavern 9118.11 Velodyne 16ch Ground vehicle Huge cave
DA.RPA SubT 522.73 Ouster 32ch Proxima Narrow g.nd
Final Event long corridor
Wells cave 368.95 Ouster 32ch Proxima Narrow cave

Algorithm 2. In Algorithm 2, when the keyframe generation
interval defined in Algorithm 1 is satisfied, k& keyframes
are extracted using the kNN algorithm and a sub-map is
generated at the same time. Finally, scan matching between
the sub-map and the current filtered scan is performed for
position compensation.

IV. EXPERIMENTS
A. Experiment Setup

Using multiple datasets, we compared our proposed
method with both LO and LIO algorithms such as LeGO
LOAM [7], HDL-graph-SLAM [17], LINS [12] and LIO-
SAM [8]. In all experiments we used the same values of
Riobot = 0.5m, NV = 100, Vmax = 10, X = 20m,

max scan

d™ = 5m, o = 0.6, B = 0.7, v = 0.5, p = 0.5 and k = 30

corr

in Algorithms 1 and 2. FLANN [19] was used for the kNN

TABLE II: LiDAR-only Odometry (LO) comparison results
in general environment datasets. (Red: Best, Blue: Second
best)
Dataset Method e2e Error [m] C time [ms] CPU [%]
Proposed 0.041 16.33 9.87
LA subway HDL-NDT [17] 4.255 26.31 13.24
HDL-Fast GICP [17] 6.128 2134 10.18
LeGO-LOAM [7] Fail 10.04 8.37
Proposed 0.044 18.40 12.74
Kentucky cave HDL-NDT [17] 2.304 30.32 18.12
HDL-Fast GICP [17] 1.123 24.25 15.60
LeGO-LOAM [7] 0.061 12.37 9.19
Proposed 0.003 10.02 11.43
Wells cave HDL-NDT [17] 13.419 15.01 16.08
HDL-Fast GICP [17] 1.07 12.48 1191
LeGO-LOAM [7] Fail 8.11 8.18

TABLE III: LiDAR Inertial Odometry (LIO) comparison
results in extreme environment datasets. (Red: Best, Blue:
Second best)

Dataset

Method

e2e Error [m] C

time [ms]

CPU [%]

Multi-floor

Proposed
HDL-NDT [17]
HDL-Fast GICP [17]
LeGO-LOAM [7]
LINS [12]
LIO-SAM (8]

0.142
Fail
Fail
Fail
Fail
Fail

16.92
20.23
18.12
Fail
24.61
6.72

11.16
12.41
11.89
Fail
1176
13.74

DARPA SubT
Final Event

Proposed
HDL-NDT [17]
HDL-Fast GICP [17]
LeGO-LOAM [7]
LINS [12]
LIO-SAM (8]

0.0019
2.09
6.93
Fail
Fail
Fail

19.11

2241
19.57
Fail
Fail
8.48

11.70
15.42
12.99
Fail
Fail
12.78

performance  C

time [ms]

CPU [%]

Mega Cavern

Proposed
HDL-NDT [17]
HDL-Fast GICP [17]
LeGO-LOAM [7]
LINS [12]
LIO-SAM (8]

Reliable
Fail
Distortion
Distortion
Fail
Reliable

30.24
23.25
7.63
Fail
10.18

10.14
15.67
14.15
20.04
Fail
21.41

method in Section III-E. All benchmark algorithms used for
comparison were run on an Intel NUC computer with a 6
core 17-10710U CPU; Robot Operating System (ROS) in
Ubuntu environment was implemented. Data was acquired
in geometrically degraded and extreme environments such as
multi-floor environments, narrow corridors, and huge caves
as well as in feature dense environments. Details of datasets
are shown in Table I.

All datasets except for Mega Cavern were field test data of
Team CoSTAR for the DARPA subterranean challenge final
event; the Mega Cavern dataset was provided by courtesy
of Team Explorer. It should be noted that the DARPA SubT
Final Event dataset was acquired on the data collection day
after the final competition. All datasets except for Mega
Cavern were end-to-end (e2e) case with the same starting
and ending point. We evaluated performance factors such as
e2e error, average LiDAR odometry computational time per
one LiDAR scan and average CPU load for comparison with
benchmark algorithms. In the case of Mega Cavern dataset,
because there was no ground truth and it was not an e2Ze
case, we compared the map building performance for long
term data.

B. Performance Comparison with Benchmark Algorithms

First, we evaluated the performance of the proposed
method using only LiDAR in general environments with
many edge and plane features, the comparison results are
shown in Table II. HDL-graph-SLAM [17] used NDT [20]
and Fast GICP [16] algorithms for scan matching as a point-
based matching method. In the LA subway, Kentucky cave
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(a) LA subway

(b) Kentucky cave

(c) Wells cave

(e) DARPA SubT Final

(f) Mega Cavern

Fig. 6: Maps generated with the proposed method in various
datasets. Using both adaptive keyframe generation and sub-
map matching, our method showed robust performance even
in extreme underground environments

and Wells cave datasets, our method showed the highest
accuracy among all benchmark algorithms with e2e errors
of 0.041m, 0.044m and 0.003m, respectively. The LiDAR
odometry computational time per one LiDAR scan of the
proposed method were 16.33, 18.40 and 10.02ms, respec-
tively, which were lower than those of HDL-graph-SLAM
[17] and larger than those of LeGO-LOAM [7], which is a
feature-based matching method, and CPU usage also showed
a similar tendency. In the point-based matching method,
the Fast GICP [16] method showed lower computational
time than that of NDT [20] method. We also evaluated the
performance of the proposed method in extreme environ-
ments; the comparison results are shown in Table III. For
extreme environment datasets, only the proposed method
succeeded in map generation. The proposed method showed
high accuracy performance with errors of 0.142 and 0.0019m
for the Multi-floor and DARPA SubT Final Event datasets,
respectively. In terms of computational time and CPU load,
similar to the results of general environment datasets, the
proposed method performs better than those of the point-

(a) DARPA SubT Final map (b) Multi-floor map with HDL-Fast

with LIO-SAM [8] GICP [17]

Fig. 7: Distorted maps generated by conventional methods.
Both feature-based method and the point-based method failed
to provide reliable state estimation results in the extreme
underground environment.

based matching method. However, depending on the features
in extreme environments, our method sometimes showed
lower values of computational time and CPU load perfor-
mance than those of the feature-based matching method.
In both general and extreme datasets, the feature-based
matching method commonly fails to estimate the reliable
state and to generate maps in geometrically degraded areas
such as long tunnels, long corridors and narrow stairs.
Finally, we evaluated the map generation performance of
our method using the long term and long-distance Mega
Cavern dataset with a total trajectory of 9118.11m. For the
Mega Cavern dataset, only the proposed method and LIO-
SAM [8] succeeded in generating a reliable map. Although
LIO-SAM had map distortion in the early part, the map
was corrected by the loop closure algorithm. On the other
hand, our method, even though there is no loop closure
algorithm, the map is reliable from beginning to end because
the state at global scale is compensated for by scan fo
sub-map matching (as detailed in Section III-D). The maps
generated by the proposed method are shown in Fig. 6 and
the results of conventional methods that generate distorted
maps in extreme underground environments are shown in
Fig. 7.

V. CONCLUSIONS

In this paper we proposed an adaptive keyframe genera-
tion based hybrid LO/LIO algorithm that enables fast and
accurate state estimation. In particular, unlike conventional
LIO algorithms, adaptive keyframe generation according to
the surrounding environment enables our method to balance
between computational cost and accuracy. In our novel
keyframe and map management module, sub-map generation
is performed through the KNN method, which has low
computational cost compared to the radius-based sub-map
generation method. Compared with other state-of-the-art al-
gorithms, the proposed method showed the most reliable state
estimation performance. Finally, the proposed method was
used in Team CoSTAR’s autonomous flying drone Proxima
in the DARPA subterranean challenge final event. For future
work, we plan to add a feature extraction algorithm using a
camera sensor to allow more accurate state estimation.
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