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Self-Supervised Depth Correction of Lidar Measurements from Map
Consistency Loss

Ruslan Agishev, Tomas Petficek, Karel Zimmermann

Abstract—Depth perception is considered an invaluable source
of information in the context of 3D mapping and various
robotics applications. However, point cloud maps acquired us-
ing consumer-level light detection and ranging sensors (lidars)
still suffer from bias related to local surface properties such
as measuring beam-to-surface incidence angle. This fact has
recently motivated researchers to exploit traditional filters, as
well as the deep learning paradigm, in order to suppress the
aforementioned depth sensors error while preserving geometric
and map consistency details. Despite the effort, depth correction
of lidar measurements is still an open challenge mainly due
to the lack of clean 3D data that could be used as ground
truth. In this paper, we introduce two novel point cloud map
consistency losses, which facilitate self-supervised learning on
real data of lidar depth correction models. Specifically, the models
exploit multiple point cloud measurements of the same scene from
different view-points in order to learn to reduce the bias based
on the constructed map consistency signal. Complementary to
the removal of the bias from the measurements, we demonstrate
that the depth correction models help to reduce localization drift.
Additionally, we release a data set that contains point cloud
scans captured in an indoor corridor environment with precise
localization and ground truth mapping information '.

Index Terms—Range Sensing, 3D Mapping, LIDAR, Data Sets
for SLAM

I. INTRODUCTION

Lidars has been deployed in a myriad of applications,
including but not limited to simultaneous localization and
mapping (SLAM) for mobile robots and autonomous cars, and
remote sensing ([13], [19], [17]). However, point cloud maps
acquired using consumer-level light detection and ranging
sensors (lidars) still suffer from various biases induced by
immediate capturing conditions. It is well-known that different
environmental conditions such as illumination, temperature or
humidity [7] and surface reflectance [10] affect lidar perfor-
mance. A lidar measurements accuracy could also be influ-
enced by diverse material types and scanned distance (see and
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Fig. 1. Mobile robot with lidar mapping a corridor-like environment. Points
color denote lidar beams incidence angle (darker color - higher angle).
Measurements with higher incidence angle have higher bias [9]. The snapshot
is taken from the FEE Corridor data set (Sec. IV-B). The data set is recorded
for learning the lidar measurements correction models as well as to evaluate
SLAM and reconstruction algorithms.
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Fig. 2. Self-supervised pipeline to learn lidar measurements correction model
and optimize sensor poses. Point cloud map is constructed from corrected lidar
measurements and sensor poses. We compute the map consistency loss on the
resultant map and propagate the error back to model parameters as well as to
corresponding poses correction terms. The depth correction model removes
the bias from raw lidar scans.

example in Figure 5). In this work we confirm that a substantial
bias typically emerges when measuring surfaces with a high
incidence angle (Figure 1). The resulting measurement bias
then negatively influences both the localization and mapping
accuracy; therefore, some kind of bias-compensation module
is highly desirable.

In many applications, such as the outdoor deployment of a
mobile robotic platform, the accurate capturing conditions are
apriori unknown and dynamically evolving. In such situations,
the bias-compensating module has to be regularly (or even
continuously) adapted on immediate capturing conditions.
Since reliable measuring of exact capturing conditions would

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2024, Yokohama, Japan. Cite as RA-L paper.



2 IEEE ROBOTICS AND AUTOMATION LETTERS. PREPRINT VERSION. ACCEPTED JUNE, 2023
IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2024, Yokohama, Japan. Cite as RA-L paper.

require various exotic sensors onboard, we instead focus on a
self-contained solution independent of other sensor modalities
that can naturally adapt the bias-compensating module just
from lidar measurements. Since there are no ground truth
depths that can be used for supervised adaptation, an alter-
native source of self-supervision is required.

In the task of lidar-based SLAM, the natural expectations
are that the resulting map will look like a map of a typical
environment. In order to perform the adaptation, we address
the two underlying sub-problems: (i) What is a suitable
self-supervised loss that measures the inconsistency between
reality and expectations? (ii) What is the structure of the depth-
correcting module that allows for end-to-end learning from this
self-supervised loss?

Towards this end, we propose the fully-differentiable depth-
correcting module, which leverages a state-of-the-art first-
principle model of lidar-surface interaction. We also introduce
a so-called map consistency loss - the measure that encodes
our prior assumptions about the appearance of the typical
environment. There is a trade-off between the strength of the
prior assumptions and the universality of the solution: the more
substantial the assumptions, the better the self-supervision, but
the lower the variability of environments the robot can operate
in. Since we target on a generally applicable solution, we
introduce weaker assumptions that are satisfied in an almost ar-
bitrary environment. We experimentally demonstrate that even
these weak assumptions are sufficient for the successful self-
supervised learning of the bias/depth-compensating module
since the resulting approach increases the localization and
mapping accuracy of a typical SLAM method.

The key contributions of the work are following.

« Novel point cloud map consistency losses are designed,
which could be used in a self-supervised manner for depth
measurements correction, as well as sensors calibration
tasks.

o A self-supervised training method is introduced aimed to
learn lidar measurements correction models.

o It is demonstrated that utilization of the depth correction
models not only allows to suppress the bias from lidar
measurements, but also to create more accurate maps,
and reduce localization drift in SLAM scenarios.

« Novel data sequences are released which contain accu-
rately localized point cloud data with a ground truth map.

The paper is organized as follows. Section II presents related
work. The description of depth correction models and map
consistency loss is given in Section III. Experiments and eval-
uation studies are described in Section IV. Finally, conclusions
are drawn in Section V. To facilitate reproducibility of the
paper, we provide the source code?.

II. RELATED WORK

A laser beam width is typically modeled as a Gaussian
function of the distance along the beam [3]. Using non-zero-
mean Gaussian beam model, Laconte et al. [9] were able to
measure the bias of several commercial lidar sensors as a

Zhttps://github.com/ctu-vras/depth_correction

function of depth and incidence angle. The authors additionally
present an experimental methodology on estimation of the bias
model parameters for a lidar sensor. We provide an extension
of their work, by introducing a learning method to estimate
the bias model parameters using raw sensory measurements.
Sterzentsenko et al. [16] presented self-supervised depth de-
noising method for RGB-D sensors. Similar to our approach,
the authors support the idea of utilizing spatial consistency and
surface smoothness as optimization objectives. In our work,
the lidar depth correction model is used that was introduced
in [8]. It estimates the bias as a polynomial function of laser
beam incidence angle, Section III-A. Additionally, we propose
a new model that includes dependence of the bias on measured
distance by a laser beam (Section III-A). This idea is motivated
by the depth measurements correction results presented in [9].
The authors of [8] utilize the model for lidars and cameras
calibration scenario. However, the application of the model in
localization and mapping scenarios was not studied in their
paper.

As we pose the task of global point cloud map consistency
estimation as optimization problem, a differentiable loss func-
tion is required as a minimization objective. The Chamfer loss
introduced in [6] is one of the most famous differentiable
function for point sets. It is usually utilized to evaluate a
distance between two point clouds, thus is typically suitable
for supervised tasks. It was shown in [1] that the introduced
quadric loss in combination with the Chamfer loss improves
3D reconstruction accuracy by preserving sharp edges of scene
objects. The loss is designed to reduce quadric error between
the reconstructed points and the input surface. However, as
it was mentioned by the authors of [1], the quadric loss can
not preserve the input point distribution, since the quadric loss
is zero anywhere on the plane. On the contrary, in order to
reduce the lidar measurements bias caused by high incidence
angle, we target to correct mainly the points which belong to
planar surfaces. Therefore a designed global map consistency
loss should be able to encourage points from different scans
that represent such objects as walls, floors, and roads to belong
to the same plane. Moreover, as shown in the next Section III,
we do not require ground-truth data to evaluate the point cloud
consistency, and the introduced losses are computed directly
on the global map independently on the number of lidar scans
and view-points forming the input point cloud.

III. METHODOLOGY

The method is outlined in Figure 2. Briefly, a depth
correction model is applied to individual laser scans (point
clouds). The corrected point clouds are transformed into a
global reference frame (that of the first measurement) to
build a global point cloud map. Then, a consistency loss is
computed for this map and its gradient is propagated back in
the computation graph to update model learnable parameters
as well as to correct sensor poses. We discuss further data
representation, models choice, optimization algorithm as well
as map consistency functions used as optimization criteria.

A. Depth Correction Model
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Fig. 3. Lidar scan points representation. A ray represented by vector r falls
at an oriented surface (drawn as a blue curve); v is the vector pointing to
the ray origin (sensor location), x is a vector defining the measured point
location. The surface normal n at the beam heating point forms the lidar ray
incidence angle « with the vector —r.

Lidar systems are based on laser ranging, which measures
the distance between a sensor and a target based on half the
elapsed time between the emission of a pulse and the detection
of a reflected return [2]. The systems are classified as either
discrete return (record single or multiple returns from a given
laser pulse) or full waveform recording (digitize the entire
reflected energy) [19]. In discrete return model, as the laser
signal is reflected back to the sensor, large peaks, (i.e., bright
returns), are interpreted as objects in the path of the beam. This
makes them favourable for 3D mapping applications, where
the sensed environment is represented by clouds of points
characterising intercepted features. For the real lasers, the light
beam width is not constant along its propagation axis [18].
That is why the intensity distribution is not uniform along a
beam direction.

When the laser beam hits an oriented surface, a great amount
of intensity returns sooner to the sensor than if the surface was
not oriented. This means that the returned waveform will have
a different shape depending on the incidence angle, reflectance,
and distance inducing a bias in the measurement [9]. Since we
focus on a self-contained system, which will be independent
of other sensors that would allow to predict surface proper-
ties directly, the proposed depth-correcting module infer the
immediate bias based on the incidence angle and measured
depth.

Lidar measurement (a scan) is represented as a set of points
x; € X C R3*!, Each point x is expressed as

X =V +dr, (1

in terms of origin v € R3*! of the measuring ray, its direction
r € R3*1 |lr|| = 1, and depth d > 0, Figure 3. For normal
vector n € R3*!, |ln|| = 1, which is perpendicular to the
surface at point x and pointing outward from the object,
incidence angle is given by

v = arccos(—nTr). 2

Following [9], we estimate depth bias e from measured
depth d and incidence angle -, resulting in corrected depth

d=d-ed), 3)

and corrected point X = v + dr. We evaluate the following
depth correction models: the polynomial model introduced
in [8],

ep (Vi w1, w) = wiy? + way?, “4)

and the polynomial model scaled by depth,
esp(d, v w1, w2) = d(uiy? + wy?), (5)

where w1, wy € R are the learnable parameters of the models.
In the following, we will denote w the learnable parameters
of the model and X (w) the set of points X’ corrected using a
model with parameters w.

B. Map Consistency Loss Functions

Let us denote Nx(x,r) the set of points x' € X within
distance r from a given point x. For a set of points X, let us
denote x the sample mean, x = 1/|X|> ., X, and @ the
sample covariance matrix,

Q- 1

WZ(X—X)(X—X)T‘ (6)

xeX
Note that () is a 3 x 3 real symmetric matrix. We denote 0 <
A1 < A9 < A3 € R its eigenvalues and uy, ug, ug € R3x1,
|lu| =1, uJu;x; = 0, their corresponding eigenvectors, such
that Au; = \;u; fori=1, ..., 3.

In principal component analysis (PCA), the eigenvectors of
a sample covariance matrix are also referred to as principal
components. They form an orthogonal basis in which the
individual dimensions of the data are linearly uncorrelated
and which allows to form lower-dimensional projections of
the data that preserve as much variance as possible in the
given number of dimensions. Eigenvalue \; corresponds to
the variance of the data projected onto the corresponding
eigenvector u;.

We propose two distinct map consistency loss functions,
generically denoted ¢, which are defined as functions of the
sample covariance matrix () from (6):

A1, its minimum eigenvalue, and @)
tr @, the sum of elements on its main diagonal. (8)

The former corresponds to the variance along the direc-
tion in which the observed variance is minimum, i.e., along
eigenvector u;. Eigenvector u; oriented toward the sensor
origin v is also used as an estimate of surface normal vector,
n = —sgn (ulr)u;. Since trace of a matrix corresponds to
the sum of its eigenvalues, the latter loss function corresponds
to the sum of variances along the three orthogonal directions
given by eigenvectors u;, trQ = Zle i

One can see similarities with optimization criteria com-
monly used in iterative closest point (ICP) algorithms. Point-
to-plane ICP [5] is similar to (7) in the sense that it only
penalizes mis-alignment in the direction perpendicular to the
surface while point-to-point ICP [4] penalizes mis-alignment
in any direction, similarly to (8). Unlike these and other ICP
criteria [15], both proposed losses are formulated in terms of
the resulting map and are thus independent of the order or
the number of contributing input point clouds. Moreover, the
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sampling points for which we gather the neighboring points,
construct the covariance matrices, and compute the loss can
also be chosen independently of input point clouds.

C. Self-supervised Learning of Depth Correction

In the following, a point x € R3*! transformed by rigid
transformation 7" will be written simply as T'x while a set
of points X C R3*! which are transformed by the same
transformation will be written as T'X". Rigid transformation
parameterized by vector p € R®*! will be denoted by T'(p),
here the pose vector p = [z,v, 2z, 0] contains position and
orientation given in axis-angle representation 8 = fe.

The introduced map consistency losses can be used to learn
parameters of the introduced depth correction models in a
self-supervised way as follows. First, we build global map
M from point clouds X, corrected by a depth correction
model and transformed into a global reference frame using
transformations Tk:

M =Ty (w). 9)
k

Each transformation 7} = T.0T(pg) is composed of initial
transform T}, provided as ground truth or from SLAM, and
correction d7'(py) parameterized by vector p, € REXL
Second, we define a set of points that are used during the
optimization using the projection ¢ : M — M, that selects
a set of points that have enough neighbors, belong to flat
surfaces and are observed from diverse (several different)
view-points:

M¢ = Mppr N Mflat N Mdisp (10)

To put it formally, the individual subsets are defined as follows.
The lower bound for the number of neighboring points is
motivated by robust normal estimation.

My = {Xi eM NM(Xz) > Nmin} (11)

As most of the points belonging to planar surfaces have a
large incidence angle, we estimate the flat regions from the
eigenvalue ratios.

A A
Mflat:{xi€M571§00701§£§C2} (12)
2

A3
Additionally, in order to evaluate map consistency information,
we need to use points measured from multiple sensor poses.

Maisp = {xi € M 1 0(p(xi)) > Omin,o(p) =trX,} (13)

Here the 3, denotes view-points covariance matrix and the
o(p(x;) is a view-point dispersion. An example of the in-
dividual subsets selected from a point cloud map is given
in Figure 4.

Third, we compute mean consistency loss ¢, (7) or (8), over
selected set of points x; € My,

> Ux),

X;EMy

1
L(w,p1,...,PK) = My (14)

from established neighborhoods Na(x;,7) and respective
sample covariance matrices ();. Forth, we compute the gradi-
ent of the loss with respect to the model parameters and indi-
vidual transformation parameter vectors, V., L(w, p1, . - . , PK)
and Vp, L(w, p1, . .., Pk), using backpropagation in the com-
putational graph. Fifth, we update w and pj using a gradient
descent algorithm. We repeat the above procedure for a
fixed number of iterations and select the final model which
minimizes the loss on a validation subset. The neighboring sets
N (xi,7) computed for each point in global map, x; € M,
are fixed during the optimization loop. Figure 2 describes map
construction procedure, consistency loss computation, poses
and depth correction model parameters updates (gradients
back-propagation) from the Algorithm 1 which summarizes
the described method.

Algorithm 1: Depth Correction Optimization

Input: Point sets { X} }5_,, transformations {7} }}_;.
Output: Model parameters w.

1 Initialize model parameters w <— 0.

2 Initialize transformation corrections pg < 0 for

k=1,...,K.

3fori=1,...,Ndo

4 Construct map according to (9),

5 M Uk Tk(STk(pk)Xk(’w).

6 Select valid map elements according to (10),
Mg = p(M).

7 Compute loss according to (14),
L(w7p17 ceey pK) <~ |~A/114>| ZwiEM(i, E(th)

8 Compute loss gradients V., L(w, p1, ...
VPkL(wa P1,- .. 7pK)-

9 Update w and pj using the computed gradients
with a gradient descent algorithm.

) pK) and

10 Return w minimizing validation loss. See text for the
details.

1V. EXPERIMENTS AND RESULTS

We run a diverse set of tests with different criteria func-
tions and depth correction models according to the scheme
introduced in the Section III. A cross-validation method is
used to split a data pull into training, validation and test sets.
The parameters (models’ coefficients and poses corrections)
are learned on training part. The training performance is
evaluated on validation data set. The best models according
to map consistency criteria are selected and their performance
on testing part is recorded. In the cross-validation scheme
training, validation and testing data pulls are being swapped
until all possible combinations are selected for the learning
experiment. This algorithm is applied to the experiments
described in first row of the Table I. The questions of to
which extent depth correction models remove measurement
bias and how it affects localization quality in SLAM scenarios
are addressed next (second row of the Table I). In this part,
we compare SLAM pipelines with and without usage of
the trained depth correction models. In the table p; denotes
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(a) Points with enough neighbors, (b) Points belonging to flat surfaces, (c)
Mdisp (13), omin = 0.36

My (11), Npjn = 10 Mflat (12), Cp = 0.25

result,

dispersion, (d)
Mqﬁ = Mnbr N Mflat n Mdisp

View-points Filtering

Fig. 4. Filters applied to select from a set of scans the points used in the optimization. Example from the KITTI-360 data set [11]. (a) Outliers with not
enough neighboring points are shown in red. (b) Red points have a smaller eigenvalues ratio, ;—; (12) (c) The rainbow color gradient from red to violet
describes the points in the map observed from different sensor poses (view-points). Blue and violet points are measured from higher number of view-points.
(d) Resulting filtering mask, purple points are selected in the optimization, Algorithm 1.

TABLE I
EXPERIMENTS OVERVIEW

name purpose estimated value
model learning | learning of depth- | w, 0pq,...,dpk
and poses cor- | correction model with

rection sensor poses refinement

affect of depth correction ZF:1||IA’1 — pill2
models on localization ac-

curacy

localization ac-
curacy

ground-truth localization data, while p; are the estimated
poses, Section IV-D. Data containing sequences of lidar scans
and their corresponding locations is utilized. We collect the
data set in an indoor corridor environment, Section IV-B. This
choice is motivated by the presence of large planar surfaces.
It means that lidar beams fall at them at a wide spectrum of
incidence angles which allows to observe the measurements
bias.

A. Lidar Bias Estimation

The experimental setup to find out the dependence of
lidar depth measurements on incidence angle is described in
this section. We use the Ouster OS0-128 lidar 3. A rigid
0.50m x 1.15m board with a metal frame is a target to measure
with the lidar. The board could be rotated along the vertical
axis Figure 6. The board position in space is measured both
by the lidar and the theodolite Leica TS15. As the theodolite
provides measurements of one point in space, we place the
optical prism to be tracked by the Leica TS15 at the top left
corner of the board. It provides the ground-truth location of the
prism with Imm accuracy. The position of the lidar relative
to the board is also measured by the theodolite. In order to
estimate the lidar orientation relative to the board’s base (point
of rotation), we run the ICP alignment of the point cloud
sampled from the board mesh to the lidar point cloud at low
angles of rotation of the board. The experimental board has

3hardware Rev C, https://ouster.com/
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Fig. 5. Dependence of the point-to-plane distance between measured cloud
(by Ouster OS0-128 lidar) and ground-truth plane (given by the calibration
board surface) on incidence angle. Results are provided for experiments with
the board placed at 5.3m and 8.6m distance from the lidar. Dashed lines
correspond to experiments without bias removal, while solid ones represent
the error with depth correction applied to the same point clouds. For one
experiment its own color is assigned.

two different surfaces: without marking (white one), and the
calibration side with AR-markers drawn on it (black one). We
run experiments with the board being placed at 5.3m and 8.6m
distances from the lidar and measure both of its sides. The goal
is estimation of the difference between the measured board
pose with respect to its ground truth for different orientations.
Knowing the board’s dimensions and the its base is fixed, the
full pose of the board is given. As the metric, we calculate the
point-to-plane distance between the board’s measured point
cloud and the plane representing the board’s surface scanned
by the lidar. The metric’s values for different board angles are
given in the Figure 5. The error achieves 10cm for incidence
angles around 80° which confirms the results described in
[9]. As dark surfaces have weaker reflective qualities, it was
observed that the error is larger when the black side of the
board was measured. The metric values for higher angles are
not provided as there are almost no points measured by the
lidar of the board oriented almost perpendicular. Note, that
we did not observe dependence of the point-to-plane distance
on incidence angles when the white-side target was placed
reasonably close to the lidar (for 5.3m distance). Additionally,
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(a) Rotated calibration board with known dimensions

(b) Lidar point cloud and ground-truth board
mesh.

Fig. 6. Bias estimation experimental setup. Left: the rigid board which could be rotated around vertical axis. The optical prism is attached to its corner.
The prism is tracked by the theodolite. Points marked with green circles are measured with the theodolite once before running the experiment in order to
precisely estimate board’s dimensions. Right: tracked corner trajectory is visualized in purple. Colored points represent lidar point cloud. The ground-truth
board location is visualized as a blue mesh with green arrow denoting its normal direction.

we provide the results corresponding to the point-to-plane
value estimated for the lidar scans with the depth correction
model ( 5) applied. They are depicted with the solid lines in
the Figure 5. Due to dependence on depth the same model
provides larger corrections for more distant measurements
(8.6m).

B. Data Set

In practice, however, it is not feasible to obtain exact
positions and orientations of all the objects sensed by a
lidar. In order to train the depth correction models using the
self-supervised scheme described in Figure 2, we collect the
following data set (called "FEE Corridor”). It contains point
clouds captured in an office indoor environment with precise
localization and ground-truth mapping information Figure 8.
Two ”stop-and-go” data sequences are provided of a robot
with mounted Ouster OS0-128 lidar moving in the same
environment. This data-capturing strategy allows recording
lidar scans that do not suffer from an error caused by sensor
movement. Individual scans from static robot positions are
recorded. Additionally, point clouds recorded with the Leica
BLK360 scanner are provided as mapping ground-truth data.
The scanner is the tripod-mounted survey-grade lidar utilized
to capture a detailed millimeter-accurate 3D-maps. Ground-
truth 6 Degrees of Freedom (6 DoF) lidar poses are obtained
using the SLAM introduced in [14] with alighment to the
prerecorded ground-truth map. In addition, the lidar poses
are recorded with the theodolite Leica TS15 tracker. The
theodolite tracks a prism placed on the robot. In the corridor
environment a direct line of sight of the prism is ensured for
the whole time of recording. The tracker provides translation
data (z¢, vy, 2¢ coordinates of the prism relative to the
tracker). The tracked poses are also included in the data set
for reference. As we track only position of the prism, the
orientation is provided by alignment of lidar scans to the pre-
recorded with the Leica BLK360 scanner ground truth map.

As the importance of depth correction for autonomous
cars was suggested already in the original work of Laconte

et al. [9], we also train and assess depth-correction models on
the data collected in the driving scenarios, namely on a part
of the KITTI-360 benchmark [11]. Here, the Velodyne HDL-
64E sensor was used as point cloud measurements provider
(at 10 fps), while ground-truth localization data was estimated
with GPS/IMU data fused with visual features. We selected
8 sub-sequences each containing 50 consecutive scans (from
102 to 151) and corresponding lidar poses. From these sub-
sequences for depth correction training and validation we take
every 5th scan and its pose due to computational reasons and
to ensure the sufficient overlap between the neighboring sen-
sor locations. Sub-sequences of 500 consecutive (count from
the beginning) scans were used in the evaluation of SLAM
accuracy; see the Table III describing the sub-sequences from
KITTI-360 used for depth correction training and evaluation.

C. Model Learning and Poses Correction

In this experiment, the influence of depth correction models
on map consistency is investigated. We divide FEE Corridor
sequences into 8 sub-sequences. Each sub-sequence contains
from 7 to 11 scans and corresponding lidar poses. Next train (4
sub-sequences), validation (2 sub-sequences) and test groups
(2 sub-sequences) are selected from them. We utilize 4 cross-
validation splits during training in order to have each sub-
sequence in each group (train, validation or test). The model
with the best performance on validation set is saved during
training. Since ground-truth localization may be difficult to
obtain due to the need for specialized hardware and usually
a constrained stop-and-go operation, in addition to learning
models’ parameters initial poses are being updated according
to the optimization pipeline represented on Figure 2. Note, that
lidar position and orientation correction could be preformed
differently based on the type of localization error one would
like to eliminate. In most of the real world cases, the sources of
localization error are independent for individual poses at which
laser scans were captured. Commonly, the transformations
update would be computed as follow, Tk = Ty0Ty, where
k denotes time index, Algorithm 1. This poses update strategy
was utilized in our work. However, if the error of localization
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Fig. 7. Side view of the corridor environment mapped in the data set IV-B. Red point cloud denotes the map collected using baseline SLAM pipeline [14].
Blue map was constructed using depth correction model to remove bias from lidar measurements before using the scans in SLAM alignment procedure.
The black line corresponds to robot trajectory tracked with the theodolite. The distance scales along vertical and horizontal axes are chosen differently for
illustration purposes.

(a) FEE Corridor data sequence (b) Husky with lidar

Fig. 8. Overview of the 3D model of the corridor (around 70m long) environment generated with a Leica BLK360 scanner and the ground-truth trajectory
obtained by the proposed approach. One cell of the grid is equal to 5 meters. The two trajectories traveled by the robot (corresponding to collected data
sequences) are shown in red and green respectively. Husky robot with mounted Ouster OS0-128 lidar and tracked prism is shown on the right.

TABLE II
LOCALIZATION ACCURACY ON FEE CORRIDOR DATA SET. TABLE III
ethod A0 [deg] At [m] LOCALIZATION ACCURACY ON KITTI-360 DATA SET.
baseline, SLAM [14] 1.49 0.60 method SLAM [14] SLAM [14] + ¢p (4)
SLAM [14] + DDD [16] 7.26 2.71 sart T ond
ours, SLAM [14] + ¢, (4) | 1.34 £0.02 | 0.56 £0.01 seq. | coon | scan | 20 [degl At [m] | A6 [deg] At [m]
03 1 500 4.23 12.62 3.89 11.84
04 1 500 2.05 3.33 1.66 3.39
. s . s . . 05 1 500 1.85 2.83 1.37 2.19
source could .be considered qegllgll?le, 1.t 1s.st111 posslble.to 06 | 500 2] 334 188 2.96
encounter a bias connected with calibration inaccuracies (i.e. 07 1 500 7.61 35.24 7.46 34.18
the error of a lidar location relative to the sensors suit origin). 09 1 500 4.04 12.16 3.83 11.76
. . . 10 1 500 3.75 11.36 2.84 8.91
It is reasonable to assume that the pose correction term is
constant and independent on time at which a laser scan was
taken, Vk =1... N : T, = 6T.
The trained models are used further in order to visualize the
effect of measurement bias suppression qualitatively. The point
. . ) . Seq.: 00. Start pose: 1, end pose: 500 Seq.: 06. Start pose: 1, end pose: 500
cloud map of the corridor environment is constructed with the
help of the SLAM method [14] without depth correction. It 200 150
. . . . . . =25
is visualized in red on the Figure 7. The lidar’s ground-truth .
. . . . . 151 -
trajectory (recorded with Leica TS15 tracker) on the side view *
is depicted in black. The map is being banded towards the 100 o
ceiling as the distance from the corridor origin increases. We e
. . . . 50 —
then run the same experiment with depth correction applied to T o A
raw lidar scans before being aligned in the SLAM algorithm. - EL*AJWE{CLWJ— o T SLAM#DC

The resultant map is drawn in blue on the same Figure 7. With

the lidar measurements correction, the map drifts less at the
end of the corridor. Fig. 9. Effect of depth correction on localization accuracy. The two examples
from KITTI-360 data set are shown: the first 500 poses from the sequences
04 and 06 are given. Blue curves represent ground-truth trajectories, red ones
.. are produced by the SLAM [14], the green ones correspond to our pipeline:
D. Localization Accuracy SLAM [14] + €, (4). See Table III for more details.
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Up to this point we made sure, that the depth correction
models help to create more accurate point cloud maps by
elimination of the bias related to measuring objects with high
incidence angle. The next reasonable question is, “Once we
have more accurate lidar measurements, would it be possible
to improve the localization accuracy of the sensor?”. In order
to address it, we benchmark the SLAM method, [14] on the
sequences from the data set with the ground-truth localization
information. In the first part of the experiment, the SLAM
pipeline was running using the sensor measurements avail-
able in data sequences directly. Then we execute the same
procedure with the difference: depth correction is applied to
lidar scans before the SLAM point cloud alignment operation.
Additionally, we run the similar experiment with the Deep
Depth Denoising (DDD) method introduced in the [16] as
the depth correction part. As the DDD model was trained
with the RGB-D data, in the experiments point clouds are
transformed to range images. The vertical resolution of an
image is defined by the lidar’s number of beams. The depth
denoising operation is applied only for points in distance range
(up to 6.5m) that was used by the authors of [16] during
the model training. For each version of the experiment, the
localization error is computed and averaged over time. We split
the ground-truth trajectories from the FEE Corridor into poses
uniformly spread 1m apart and record their corresponding
time moments. We then evaluate the poses from SLAM at
the same time moments and compare them to ground-truth
poses. The results for depth correction models trained with
minimum eigenvalue loss (7) are given in the Table II (A8 is
orientation error, At is translation error). It is demonstrated
that removing the bias from lidar scans improves localization
accuracy by around 7%(4cm) in translation and 9%(0.15°)
in orientation. For the DDD model experiments, we observe
a significant localization error mostly caused by a drift in
a vertical direction (more than 2.5m along z-axis only). We
perform similar experiments on the KITTI-360 data set, refer
to the Table III. It can be noticed, that the suppression of the
depth bias from lidar measurements decreases both translation
and orientation errors for all except one (number 04) sequences
used in the experiments. Figure 9 contains examples of the
SLAM pipeline runs on the first 500 scans from the sequences
00 and 06. The correction of lidar measurements takes around
80ms (including normals and incidence angles estimation) on
a modern CPU. The implementation bottleneck lies in a point
cloud normals estimation that could be overcome by GPU-
based sparse tensor voting [12]. We run the SLAM evaluation
experiments offline, however, the implementation speed-up is
considered as a topic for the future work that will allow to
use the module in real-time scenarios.

V. CONCLUSION

In this paper, novel point cloud map consistency losses as
well as depth measurement correction models were presented.
To tackle the lack of ground-truth depth data, the models were
trained using lidar scans taken at multiple viewpoints of the
same scenes in a self-supervised manner. Once the models

were trained, it was shown that with their help the correction
of lidar scans allows the construction of a higher-quality point
cloud map. It was also demonstrated that depth correction
reduces the drift of lidar localization. In addition to that, we
release the data set with accurate ground-truth 3D-poses and
mapping information for point cloud registration algorithms.
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