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Abstract

In Indoor Mobile Mapping Systems (iMMS) the trajectory estimation is implemented by the SLAM (Simultaneous Localization
and Mapping) algorithm. By assuming a fixed environment surrounding the instrument, the algorithm relies on stable geometries
to establish the trajectory. Drift effects represent the main source for errors and affect the trajectory estimation. These effects can
be magnified in feature-deficient or degenerate environments, where the variation of geometrical elements can be minimal, as in the
case of tunnels. In this context, difficult environments such as tunnels are suitable for the implementation of alternative algorithms
for the trajectory estimation. Considering this kind of scenario, the contribution has the twofold objective of evaluating the results
of two trajectory estimation methods, in terms of trajectory drift, with reference to an indoor SLAM-based MMS, and to establish a
repeatable methodology to do so. A novel algorithm for the trajectory estimation, not just relying on geometrical SLAM algorithm,
but also taking advantage of reflectance images coming from LiDAR sensors mounted on the system, is considered. The case
study is a 200 m long branch of a motor-way tunnel, with a diameter of 15 m. The test is further subdivided by computing all
trajectories with different constraining strategies, first without any constraints, then considering global optimisation, loop closure
and static control scans, to replicate typical realistic scenarios in tunnel mapping. The results of this work highlight how the novel

reflectance-aided SLAM algorithm is beneficial in terms of drift reduction in the estimated trajectories.

1. Introduction

Indoor Mobile Mapping Systems (iMMS) based on SLAM
(Simultaneous Localisation And Mapping) algorithm have be-
come a well-established solution for the rapid and detailed sur-
vey of enclosed environments. The SLAM algorithm is cap-
able of estimating the device trajectory by computing the vari-
ation of its position in relation to a set of stable features in its
surroundings (Durrant-Whyte and Bailey, 2006). Among the
possible classes of systems, the one considered in this work in-
volves the use of LiDAR and Inertial Measurement Unit (IMU)
sensors, rigidly mounted on a mobile platform, allowing an op-
erator to walk through the surveyed space while the system
continuously acquires 3D point clouds and high rate inertial
data. Trajectory estimation is performed by a LiDAR-Inertial
Odometry (LIO) algorithm following the SLAM paradigm (Xu
et al., 2022). Scan-matching step depends critically on the
availability of distinctive geometric features, edges, corners and
planar surfaces with varied orientations, in the surrounding en-
vironment. When such features are abundant, the trajectory can
be estimated with high fidelity. In geometrically degenerate en-
vironments, however, where the scene is dominated by a poor
distribution of geometrical features with repetitive or uniform
shapes, the available geometric information is insufficient, res-
ulting in an ambiguous trajectory estimate, and showcasing lack
of robustness and adaptivity to environment degeneracy (Yang
et al., 2026). Tunnels represent a paradigmatic example of this
condition: their cylindrical cross-section provides few informa-
tion along the longitudinal axis, causing the estimated trajectory
to accumulate systematic errors, the so-called drift, that grows
with the travelled distance.

Consequently, the drift mitigation remains one of the most com-
plex and significant challenges in advancing this technology. In
degenerate environments such as tunnels, novel algorithms able
to adapt standard geometrical SLAM formulation, represent a
promising direction, exploiting LiDAR reflectance images as a
complementary source of information (Marmaglio et al., 2024).
Feature correspondences extracted from these 2D intensity im-
ages can constrain the otherwise poorly defined trajectory es-
timate.

Several strategies have been proposed to counteract trajectory
drift: closed loops (Hess et al., 2016) and constraints insertion,
in the form of Ground Control Points (GCPs), or alternatively,
in the form of georeferenced Ground Control Scans (GCSs) by
terrestrial laser scanner (Marotta et al., 2022), are suggested
and often necessary. Closed loops are known to facilitate the
post-processing optimization of acquisition paths, and distrib-
uted constraints effectively resolve trajectory drift. However,
such strategies are not often available or practical in all survey
frameworks. Often in tunnel mapping, closed loops are reduced
and GCPs and GCSs can be placed only at few limited loca-
tions. As shown by (Vassena, 2022), GCSs can be exploited
in correspondence of the entrances of a tunnel, allowing geo-
referencing of the entire mobile survey. However, drift in the
internal parts remains directly linked to the robustness of the
SLAM algorithm and to the specific optimization method em-
ployed.

Therefore, a rigorous testing and evaluation framework is a crit-
ical component, in order to prove and validate the performances
of the algorithms. In tunnels, as shown by (Yang et al., 2026),
it is suggested to provide a “ground-truth” 3D model, obtained
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by accurate laser scanning survey, in order to establish a refer-
ence to which compare the result of the mobile mapping survey,
evaluating the errors with respect to a reference trajectory.

This paper describes the methodology adopted for testing dif-
ferent trajectory estimation methods, with reference to a real
case scenario of a tunnel mapping with a backpack indoor mo-
bile mapping system, SLAM-based, defining a robust testing
activity framework. A laser scanner survey has been conduc-
ted, to establish a 3D ground-truth point cloud of the tunnel,
with centimetre-level density. Standard geometrical SLAM al-
gorithm is compared to a novel approach taking into account
reflectance images, generated by the LiDAR sensors of the sys-
tem. These algorithms operate in the odometry phase, then
different constraining and optimisation techniques are added,
for an improvement effect in drift reduction. The comparisons
among the computed trajectories, spanning all combinations of
estimation algorithm and constraining method, are evaluated
with respect to a “reference” trajectory, estimated exploiting
the laser scanner ground-truth. The results of the comparis-
ons are presented, with a focus on the beneficial application of
the novel reflectance-based SLAM algorithm, employing estab-
lished metrics for final analysis (Grupp, 2017).

1.1 Literature review

SLAM algorithm is a known research topic, present in the refer-
ence literature of robotics for more than a couple of decades so
far, since the studies of (Dissanayake et al., 2001). The solution
that it provides states that an autonomous vehicle is capable of
starting in an unknown location and, exploiting relative obser-
vations of the surrounding environment, it is able to increment-
ally build a map and at the same time compute an estimate of
its location. Since then, substantial development has been wit-
nessed. In particular, the key aspects relate to the sensors util-
ised and the odometry algorithm exploited. The scoping review
of (Gharebaghi et al., 2021), conducted over a wide range of se-
lected articles in the field, highlights that the standard hardware
core equipment is composed by LiDAR sensors and IMUs, and
identifies the Extended Kalman Filter (EKF) as the most com-
mon sensors data fusion method; moreover, it recognises clas-
sical geometry-based point cloud matching, such as Iterative
Closest Point (ICP) algorithm, as the most utilised.

Methods relying only on LiDAR information (LOAM — LiDAR
Odometry And Mapping) can effectively work, leveraging the
extraction of planar and edge features (Shan and Englot, 2018),
but just for this reason they can suffer when pushing the per-
formances in featureless environments. Levereging inertial data
facilitates the retrieval of additional information for the odo-
metry algorithm phase, for better pose estimation. Indeed, the
work of (Xu and Zhang, 2021) comprises a new formula of
tightly coupled iterated Kalman filter, suitable to be applied
in fast navigation, mitigating drift for geometrically coherent
space, but the performance in degenerate environments is unsat-
isfactory. Improvements in the direction of adapting the SLAM
algorithm to environments with a lack of geometrical features
is a common aim in the studies, leading to more advanced solu-
tions, as the one presented by (Tuna et al., 2024), enhancing
point cloud registration in geometrically uninformative condi-
tions where ICP matching can suffer, and relying on inertial
prediction in the motion direction, for example inside small
tunnels. Novel approaches comprise reflectance images as a
complementary source of information, improving robustness in
conditions that are weak in geometry, by adding feature match-

ing and constraining correspondences, from 2D dense reflect-
ance images (Pfreundschuh et al., 2024). This framework needs
to be extended to the case of low-resolution LiDAR reflectance
images (Marmaglio et al., 2025): feature detection from LiDAR
generated 2D reflectance images overcomes the problem of the
possible failure of geometrical feature-based alignment, such
as in tunnels or long corridors, following a standard LiDAR-
Inertial Odometry (LIO) framework that fixes motion directions
even with sparse correspondences. In (Wang et al., 2025), a re-
view of the most recent advances in SLAM algorithms for de-
generate environments is outlined, discussing potential future
development trends.

SLAM algorithms seek for global optimisation procedures, sub-
sequently to the odometry estimation. Closed loop detection
is crucial in terms of beneficial drift compensation (Hess et
al., 2016). The global optimisation problem is addressed in
(Sanchez-Belenguer et al., 2020), with a sparse graph repres-
entation where local maps, featuring segmented portions of the
mobile survey space, are represented by nodes connected by
edges, with the aim of optimising the maps’ poses with regard
to all considered matches.

Effective testing frameworks and suitable application cases
have notable weight in the complete evaluation of a SLAM-
based mapping solution, together with the choice of an adequate
odometry for complex environments, if needed. This is the
case of (Li et al., 2024), where following the description of
the proposed method, a LiDAR-Inertial odometry with graph
optimisation, the experimental validation is clearly presented:
the validation tests are conducted in multiple subway tunnel
scenarios and in an industrial park; the results of the described
framework are evaluated in terms of the final estimated traject-
ory, compared to the identified reference one. In (Koval et al.,
2022), a relative comparison between different odometry al-
gorithms, grouped in two families (LiDAR-only and LiDAR-
Inertial ones), is carried out applying the methods to an un-
derground tunnel dataset. Also, in this case it is considered a
comparison in terms only of 2D pose estimation, due to high
uncertainty in the z-axis, and of final 3D point cloud.

2. Methodology

The study conducted has the dual scope of evaluating the results
of two trajectory estimation methods, applied to a SLAM-based
indoor Mobile Mapping, in terms of trajectory drift, and to es-
tablish a repeatable methodology to do so.

The considered trajectory estimation methods, that differ in
terms of the odometry phase of the SLAM algorithm, are the
following:

e M1, geometrical LIO-SLAM algorithm (Ceriani et al.,
2015);

e M2, geometrical LIO-SLAM algorithm aided by LiDAR
reflectance images (Marmaglio et al., 2025).

The first method, M1, is adopted in the post-processing phase
of the Gexcel Heron system, a backpack SLAM-based iMMS
solution that integrates multi-beam LiDAR sensors with an
IMU component. Its odometry follows a standard LiDAR—
Inertial scheme: a loosely coupled Error—State Kalman Filter
(ESKF) fuses high-rate IMU data to produce a time-stamped
trajectory used both for scan deskewing, thus compensating the
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Figure 1. SLAM algorithms adopted, M1 and M2, differing for the Odometry phase.

motion of individual LiDAR returns to a common reference
time, and as initial guess for the subsequent registration. An
ICP step then aligns the current deskewed scan against the ac-
cumulated local map, minimising the point-to-plane error.

The alternative method, M2, retains this LIO structure, namely
the same ESKF prediction, deskewing and ICP registration,
but augments it with feature correspondences extracted from
LiDAR reflectance images (Figure 2) (Marmaglio et al., 2025).

Figure 2. Reflectance image (top) and 3D scene (bottom)
acquired by 32-lines multi-beam LiDAR sensors, mounted on
Heron, at a specific time.

Each LiDAR sweep is projected onto the sensor’s native en-
coder grid to form a 2D reflectance image, whose height cor-
responds to the number of beams and whose width to the num-
ber of azimuth samples per revolution (Figure 2). SIFT keypo-
ints are detected on this image and matched against a persistent
tracking map of previously observed features; sub-pixel loca-
tions are then back-projected to 3D through the known scan
geometry, yielding sparse 3D correspondences. The final pose
is obtained by jointly minimising a weighted combination of a
sparse point-to-point term from the validated reflectance cor-
respondences and the conventional point-to-plane scan-to-map
residual within the ICP framework. The sparse reflectance term
supplies information along weakly observed motion directions,
stabilising convergence in degenerate settings. After each op-
timisation cycle, the ESKF state is corrected by the ICP-derived

pose update, and the reflectance tracking map is maintained
by updating matched features, inserting newly detected stable
keypoints and eliminating stale tracks. The reflectance-aided
odometry is capable of providing reliable trajectory estimates
even in degenerate environments where the standard geomet-
rical odometry is prone to failure.

Both methods share the same global optimisation frame-
work (Sdnchez-Belenguer et al., 2020). The point cloud gen-
erated by the estimated trajectory is subdivided into local maps,
rigid portions of aligned cloud accumulated over a predefined
length and down-sampled. Each local map constitutes a node
of a pose graph. To enrich the graph connectivity, a Kalman
filter predicts the expected transformations between local maps
that have not yet been associated; candidate pairs are then veri-
fied through registration, and validated matches are inserted as
edges in the pose graph. The global optimisation redistributes
the accumulated drift error along the entire trajectory, exploit-
ing the redundancy of the connections. External constraints can
be added to the pose graph: loop closures, when the path re-
turns to the starting point; ground control scans, for instance
from Terrestrial Laser Scanner (TLS), registered against the
local maps; and known control points to anchor specific pos-
itions to the reference frame.

The schematic representation of the SLAM algorithms con-
sidered is presented in the flowchart of Figure 1.

3. Testing activity

The device considered for the discussed case study is the
SLAM-based mobile mapping solution of Gexcel, namely
Heron MS Twin Color (Gexcel, 2026). The Heron device is
configured with two 32-lines LiDAR sensors, one placed ho-
rizontally (300 m range) and one placed 45° inclined (120 m
range).

The case study is a 200 m long branch of a motor-way tunnel,
with a diameter of 15 m. The acquisition started from the en-
trance of the tunnel, proceeding to its inner outermost part un-
der construction, ending back at the same entrance of the tunnel
(Figure 3). The test was conducted in the San Donato Tunnel,
part of the expansion works of the italian A1 motorway, near
Firenze.
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Figure 3. Survey equipment and tunnel environment.

In order to establish a robust testing framework, ground truth
data is provided by a TLS survey, characterised by a centimetre-
level density and estimated 2.5 cm global accuracy, and by
ground control points used for the scans’ registration, distrib-
uted along the tunnel, and measured via total station survey.
Reference “drift free” trajectory has been estimated by exploit-
ing all available constraints, by tracking Heron trajectories on
TLS 3D point cloud (Figure 4). The procedure is conducted
utilising the “tracking” odometer from the Heron device data
elaboration (Sanchez et al., 2016). A reference 3D model is es-
tablished, which is constituted in this case by the laser scanner
point cloud of the tunnel. Subsequently, the geometrical SLAM
algorithm is executed to define the ground-truth trajectory, with
the ICP correspondences determined against the reference 3D
model, in place of accumulated local maps.

Figure 4. Tracking odometer: alignment between Heron clouds
and TLS georeferenced point cloud (correspondences in green).

The test is then conducted in post-processing by computing
trajectories employing the two methods, comparing the res-
ults with the reference ones. The test is further subdivided by
computing all trajectories with different constraining strategies
(CS):

e CS0: trajectory estimation depends solely on the odo-
metry phase of the employed method, without optimisa-
tion, loop closure or any other possible constraints. Only
one-way of the acquisition path is considered, from the be-
ginning to the last position in the forward direction.

e CS1: as CSO, but trajectory estimation depends on the
full SLAM processing, introducing global optimisation on
top of previous odometry solutions. No global constraints
(either GCSs or GCPs) are applied.

e (S2: as CS1 with added global constraints implemented at
the start and at the end of the tunnel, in the form of ground
control scans. This test simulates one common realistic

scenario in tunnel mapping where constraints are provided
at both ends.

e (CS3: as CS1 with no global constraints; however, this
time, the trajectories are computed in their entire length,
considering both ways, back and forth direction, imple-
menting the loop closure for the path returning at the be-
ginning of the tunnel. This simulates another realistic
scenario in tunnel mapping.

For cases CS0, CS1 and CS3, the corresponding point clouds
have been rigidly registered with the TLS ground truth based
on the first 20 metres of the tunnel, thus achieving a common
reference system. CS2 is already registered in the reference
coordinates system from the added global constraints. The map
view of the tunnel coming from the TLS point cloud, with the
indication of target and scan locations, and iMMS one with its
reference path, are shown in Figure 5.

In total 8 test trajectories (T#) have been computed (Table 1).

CS0 | CS1 | CS2 | CS3
M1 T1 T2 T3 T4
M2 T5 T6 T7 T8

Table 1. Trajectories considered, combining different estimation
methods and constraining strategies.

Even though the chosen tunnel scenario establishes a difficult
and challenging environment for the system itself, it has to be
noticed that it is characterised by some geometrical features,
represented by working site equipment (see Figure 3 and Fig-
ure 5), anyway leading to interesting results for each of the eight
test trajectories considered.

4. Results

The computed trajectories are evaluated through two metrics
commonly adopted in SLAM benchmarking (Grupp, 2017):
Absolute Pose Error (APE), which calculates the pointwise
difference between the estimated pose of the instrument and the
reference ground truth one, providing a measure of the global
accuracy; Relative Pose Error (RPE) over 10 m, which estim-
ates the change in position that the device has occurred over
a specified interval, with respect to the change in position of
the reference trajectory, over the same interval, 10 m, capturing
the local drift. Lower values of APE Root Mean Square Error
(RMSE) mean higher localisation accuracy and global consist-
ency; lower values of RPE RMSE mean better performance in
local drift reduction and local stability of the odometry. The
APE and RPE are referred in their traslational component.

To establish an effective and comprehensive comparison,
the eight test trajectories result from combining two post-
processing algorithms (M1 and M2) with four constraining con-
ditions (CSO—CS3), as described by Table 1. To isolate the
effect of the of the trajectory estimation method (M1 vs M2),
each comparison pairs two trajectories that share the same con-
straints but differ in the estimation method: T1 vs TS5, T2 vs
T6, T3 vs T7, T4 vs T8.

In the following graphs (Figure 6, 7, 8, 9), the considered tra-
jectories are plotted over a planimetric view and altimetric one,
with the first pose referred as the origin and x-positive axis in
the progressive tunnel direction; the tunnel slopes upward. The
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Figure 5. Tunnel Ground-Truth: map view of TLS point cloud
with targets in green (left) and scanner positions in red (centre);
Heron point cloud with reference trajectory in blue (right).

reference ground truth is plotted as well, and the test trajector-
ies are coloured with respect to the reported scale, represent-
ing the APE magnitude at every pose. Over the colour scale,
the maximum value of the APE for every trajectory is detailed.
Moreover, a detailed zoomed view is displayed, in the corres-
ponding portions most affected by drift effect, to facilitate the
visualisation of the actual deviation of the considered trajectory
against the ground-truth. Indeed, these portions more subjected
to highlight the drift accumulation are either at the start or end
of the tunnel, apart for the CS2 case where the drift is higher at

the middle of the tunnel branch.

For every comparison, RMSE is reported in the corresponding
tables (Table 2, 3, 4, 5), as statistical indicator for the analysis,
for APE and for RPE over 10 m.

4.1 M1 vs M2: odometry comparison

The reflectance-aided method M2 consistently outperforms the
standard geometrical odometry M1, independently from the
constraining condition adopted. In terms of APE RMSE, the
reduction of the error (from M1 to M2) is on a decimetre-level
for CSO, CS1 and CS3, while on a centimeter-level for CS2. A
similar trend holds for local accuracy: RPE RMSE improves
gradually from CSO, to CS2 and CS3 that feature almost the
same value. Notably, the RPE RMSE of M1 remains nearly
constant across all constraint configurations (minimum value
0.048 — maximum value 0.056 m), indicating that the global
refinement does not affect the local stability of trajectory estim-
ation of the standard geometrical SLAM method.

4.2 Constraint strategy effectiveness

The four constraining strategies can be ranked by decreasing
APE RMSE as: CSO (odometry only) - CS1 (global optimisa-
tion) - CS3 (loop closure) - CS2 (control static scans), consist-
ently for both methods. Starting from the raw odometry (CS0),
global optimisation alone (CS1) reduces APE RMSE both for
M1 and for M2, confirming its role in redistributing accumu-
lated drift along the trajectory. Adding loop closure (CS3) pro-
duces a further improvement over CS1; however, as visible in
the zoomed views of the graphs, drift at the outermost section
of the tunnel is not fully compensated, since the return path
can only partially correct errors accumulated before the turning
point. The most effective strategy is CS2, where control static
scans placed at both ends of the tunnel anchor the trajectory to
the reference frame. This reduces APE RMSE with respect to
CSO for both methods: from 0.748 m to 0.078 m for M1 and
from 0.507 m to 0.035 m for M2. In this configuration the re-
sidual drift is confined to the middle section of the tunnel, far
from the constraints, reaching a maximum of approximately 0.2
m for M1, which represents the lowest APE peak among all M1
cases, and more than reduced by half for M2.

5. Conclusion and future works

The outcomes of this work highlight how the novel reflectance-
aided SLAM algorithm (M2) is beneficial in terms of drift re-
duction in the estimated trajectories. This behaviour is con-
sistent for all tests: from the RMSE analysis, it is highlighted
a better performance of the novel SLAM algorithm, both for
the APE and RPE metrics, across all constraining configura-
tions. In the context of the presented case study, the standard
geometrical SLAM (M1) proved still applicable thanks to the
few geometrical features present. For what concerns the effect-
iveness of the constraining stategies, the global optimisation
(CS1) helps in reducing the drift effect at the end of the trav-
elled path with respect to the simple odometry (CS0); the loop
closure (CS3) is not able to compensate itself the drift at the
outermost section of the tunnel; the control scans applied at the
edges (CS2) returns drift accumulation in the central portion,
configuring as the most effective method.

Future developments will extend the application of this test-
ing and analysis framework to other possible test sites, with
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Figure 8. Comparison T3 vs T7 (CS2): trajectories coloured by APE.
CS2 APE RMSE (m) RPE RMSE (m)
M1 T3 0.078 0.053
M2 T7 0.035 0.024
Table 4. RMSE comparison T3 vs T7 (CS2).
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Figure 9. Comparison T4 vs T8 (CS3): trajectories coloured by APE.
CS3 APE RMSE (m) RPE RMSE (m)
M1 T4 0.323 0.048
M2 T8 0.208 0.026
Table 5. RMSE comparison T4 vs T8 (CS3).
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even more homogeneous and degenerate environments, to chal-
lenge even more the presented SLAM algorithms, together with
the expansion of the discussion involving other typologies of
sensors, e.g. mobile mapping solutions based on Structure-
From-Motion or Visual-SLAM algorithms, from multicamera
systems, not considered in this work.
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