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Abstract

Map evaluation for occupancy grid mapping (OGM) is critical in the field of high-definition mapping of the road environment for
autonomous vehicles. Existing methods cannot adequately evaluate the systematic and random errors that might be present in OGM.
This article introduces two evaluation metrics for OGM under LiDAR position uncertainty: Mean Signed Distance (MSD) and
Mean Absolute Deviation (MAD). MSD quantifies systematic displacement of occupied cells, while MAD measures random error
exhibited as boundary thickening. Unlike classification-based, probabilistic, and geometric metrics, MSD and MAD directly isolate
displacement and thickening effects in OGM. We validate both metrics in a controlled synthetic environment and on a real indoor
LiDAR dataset, showing better performance than conventional metrics.

1. Introduction

OGM is a widely used approach to representing environments
in the field of Simultaneous Localization and Mapping (SLAM).
It discretizes the environment into a grid of cells, and each cell
stores a probability value to indicate the occupancy probability
(Elfes, 1989). In SLAM, the LiDAR pose is estimated rather
than known (Shu et al., 2025), and the pose estimation process
inevitably involves errors from the Inertial Measurement Unit,
odometry, and Global Navigation Satellite System, as well as
from calibration and timing issues and environmental disturb-
ances (Sier et al., 2023). As a result, LiDAR poses are inher-
ently uncertain and never exactly known. The pose uncertainty
propagates through the inverse sensor model (ISM) and distorts
the spatial distribution of occupied cells, having negative im-
pacts on robotics tasks such as navigation, localization, motion
planning, and collision avoidance (Joubert et al., 2015). Pose
uncertainty includes both position and orientation uncertainty,
and this paper focuses on the positional component.

SLAM algorithms model, propagate, and reduce the pose un-
certainty by multi-sensor fusion (Jang et al., 2024), particle
filters (Ivanjko and Petrovic, 2004), graph constraints (Hess et
al., 2016), and so on. However, pose uncertainty cannot be fully
removed, and it still affects maps.

Most evaluation methods in OGM rely on classification-based
(Ronecker et al., 2024a), probabilistic (Pearson et al., 2022),
and geometric metrics (Dantanarayana et al., 2016), but these
metrics are not designed to capture the effects caused by the
LiDAR position uncertainty: systematic outward displacement
of obstacles and random boundary thickening. Therefore, current
evaluation metrics struggle to quantify and differentiate between
random and systematic errors. This differentiation is important
because random errors are inevitable and must only be quantified,
whereas systematic errors must be identified and eliminated from
the map. To address this gap, this work introduces two metrics:
MSD to quantify systematic obstacle displacement, and MAD
to quantify random obstacle thickening.

The main contributions of this paper are the following.

• We propose two OGM-specific evaluation metrics to sep-
arately characterize systematic displacement and random
boundary thickening in occupancy grid maps.

• We demonstrate, in a controlled synthetic environment and
on a real dataset, that the proposed metrics provide im-
proved separation and interpretability of these two error
modes compared to conventional metrics.

This paper is structured as follows. Section II demonstrates
the systematic and random errors under the LiDAR position
uncertainty. Section III introduces existing evaluation metrics.
Section IV proposes two new evaluation metrics, and Section
V summarizes and analyzes the evaluation results based on a
synthetic environment and a real data set. Section VI concludes
the paper.

2. Occupancy Grid Map Errors

The OGM errors are classified into two types in this paper: the
systematic error appears as outward displacement of occupied
surfaces, and the random error shows as boundary thickening
around the true surface. Both errors arise because repeated ob-
servations are fused by the ISMs used in the occupancy grid
algorithm, which assign unbalanced log-odds updates to cells
before and after the true distance, leading to a net bias as dis-
placement and increased variance as thickening. In the following
sections, we demonstrate these errors in 1D and 2D experiments.

2.1 OGM Errors in 1D

The Octomap ISM (Hornung et al., 2013) is widely used in
OGM. It assigns the occupancy probability of grid cells passed
through by the laser ray, and the model is defined by (Hornung
et al., 2013).

L(n | zℓ) =


−0.4, 0 ≤ z < z∗,

0.85, z = z∗,

0, z∗ < z ≤ zmax,

(1)
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(a) Octomap ISM in log-odds. (b) Noisy observations in red and the accumulated log-odds in blue (σsensor

= 5 cm).

Figure 1. Peak probability shifts and obstacle width increases of the Octomap ISM with LiDAR position uncertainty (cell size = 1 cm, z∗

= 100 cm, log-odds clamp [−2, 3.5]).

L(n | z1:t) =
max (min (L(n | z1:t−1) + L(n | zt), lmax) , lmin)

(2)

where n is the grid cell index, z is the distance of the queried cell
along the ray, z∗ is the returned distance, zmax is the maximum
perception range of the LiDAR sensor, L(n | zt) is the ISM
update given in Eq. (1), and lmin and lmax are the lower and
upper clamping bounds of the log-odds values. The log-odds
values are -0.4 before the returned distance, 0.85 at the returned
distance, and 0 after the returned distance. These correspond to
occupancy probabilities of 0.4, 0.7, and 0.5 for free, occupied,
and unknown cells, respectively. In addition, a log-odds clamp
is provided to define an upper and lower bound on the occu-
pancy estimate: the minimum is -2, and the maximum is 3.5,
corresponding to the probabilities of 0.12 and 0.97, respectively.

Consider a 1D environment with a laser beam measuring an
obstacle at a true distance of 100 cm. Fig. 1(a) shows how the
Octomap ISM assigns the log-odds corresponding to occupancy
probabilities to cells before, at, and after the obstacle for a single
measurement. The 1D maps in Fig. 1 come with a cell size of
1 cm. The red dashed line indicates an obstacle at a distance
of 100 cm from the sensor in both maps. Fig. 1(b) shows
how the log-odds are accumulated after 1000 LiDAR sensor
observations with position uncertainty. The position uncertainty
is simulated by Gaussian noise with a standard deviation of 5 cm
(σsensor). Each red curve represents one noisy observation. The
accumulated log-odds in blue are limited by the clamp from -2
to 3.5. As shown in Fig. 1(b), the obstacle indicated by the peak
of the accumulated log-odds is wider than the actual obstacle
and is significantly moved away from its ground-truth location.

2.2 OGM Errors in 2D Synthetic Environment

Further to OGM errors in 2D, Fig. 2 demonstrates the obstacle
shifts and obstacle thickening in binary occupancy grid maps of
a controlled synthetic environment with a cell size of 10 cm. The
threshold was set at 0.65 (i.e., cells with an occupancy probabil-
ity greater than 0.65 were classified as occupied). The synthetic

dataset is a controlled L-shaped 2D environment designed to
illustrate systematic displacement and random boundary thick-
ening under repeated observations. The virtual sensor is placed
inside the L-shaped environment, and repeated scans are fused
under the same ISM as in Eq. (1). In the reference map shown
in Fig. 2(a), the obstacle boundary is represented by an occupied
band with a width of 5 dm, and the longer sides of the L-shape
are 250 dm.

Three synthetic binary occupancy grid maps are generated that
represent random error only (R), systematic error only (S), and
combined random and systematic errors (RS), as shown in Fig.
2(b), Fig. 2(c), and Fig. 2(d), respectively. The synthetic
maps in Fig. 2 are not intended to reproduce a realistic SLAM
scene, but serve as controlled canonical cases in which random
thickening and systematic displacement can be isolated visually
and quantitatively.

Fig. 2(b) shows the random error displayed as the thickening of
the surfaces, and Fig. 2(c) shows the systematic error displayed
as outward displacement of the surfaces. In addition, Fig. 2(d)
is the map that suffers from both errors.

2.3 OGM Errors in 2D Real Dataset

The occupancy map errors in the 2D real dataset are shown in
Fig. 3 with a cell size of 10 cm. The real dataset was obtained
from the University of Pennsylvania Robotics Specialization re-
pository and contains LiDAR scans and odometry data collected
in an indoor corridor environment (Geedh, 2022). The dataset
comprises 3701 LiDAR scans, each spanning an angular range
from -2.36 to 2.36 rad and containing 1081 rays. Fig. 3(a) is
the probabilistic reference map with ground-truth poses using
the Octomap ISM, while Fig. 3(b) is the binary reference map
converted from Fig. 3(a) using a threshold of 0.65. The obstacles
in white cells on both maps are clear and precise.

In comparison, Figs. 3(c) and 3(e) are the probabilistic predicted
maps generated using the Octomap ISM with different levels
of position uncertainty. The position uncertainty is simulated
by position noise following a zero-mean Gaussian distribution
with a standard deviation of 10 and 20 cm, respectively. Figs.
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(a) Reference map (width = 5 dm, longer sides’ length = 250 dm). (b) Map with the random error (Map R): the occupied surfaces are thicker
but still in the correct location (width = 11 dm, longer sides’ length = 250
dm).

(c) Map with the systematic error (Map S): the occupied surfaces are thin
but displaced (width = 5 dm, longer sides’ length = 350 dm).

(d) Map with both systematic and random errors (Map RS): thicker and
displaced occupied surface (width = 11 dm, longer sides’ length = 350
dm).

Figure 2. Systematic and random errors in binary occupancy grid maps of a controlled synthetic environment (cell size = 10 cm).

3(d) and 3(f) are the binary predicted maps converted from their
corresponding probabilistic maps with a threshold of 0.65.

As the position uncertainty increases, the probabilistic and binary
predicted maps show an increasingly significant peak shift (note
the shifted occupied spaces) and thicker obstacles. In summary,
the systematic error is presented on the map through outward
displacement of the occupied areas, while the random error is
reflected as the thickness increase of occupied regions.

3. Review of Existing Metrics

3.1 Classification-based Metrics

In a probabilistic occupancy grid map, each cell is labeled with
a probability value from 0 to 1, showing the probability of being
occupied (usually 0.5 denotes unknown). In a binary occupancy
grid map, each grid cell is classified as either occupied (1) or free
(0). To obtain a binary map from a probabilistic one, a threshold
is applied: cells with probability values greater than or equal to
the threshold will be occupied, while others are free. The chosen
threshold sets the trade-off between false obstacles and missed
obstacles. The classification-based metrics always operate on the

binary grid maps and evaluate how well the predicted occupancy
labels match the ground truth.

A confusion matrix is used to evaluate the performance of a
classification model. It can provide a detailed evaluation of a
predicted occupancy grid map by comparing its predicted states
(occupied or free) to the ground truth states of the environment
for each cell (Erkent et al., 2019). Four possible outcomes for
comparison are listed:

• True Positives (TP): Cells that are predicted as occupied
and are actually occupied in the ground truth.

• True Negatives (TN): Cells that are predicted as free and
are actually free in the ground truth.

• False Positives (FP): Cells that are predicted as occupied
but are actually free in the ground truth.

• False Negatives (FN): Cells that are predicted as free but
are actually occupied in the ground truth.

3.1.1 Precision

Precision =
TP

TP + FP
. (3)
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(a) Probabilistic reference map. (b) Binary reference map (threshold = 0.65).

(c) Probabilistic predicted map generated using the Octomap ISM with
position uncertainty (σsensor = 10 cm).

(d) Binary predicted map converted from the probabilistic predicted
map (σsensor = 10 cm, threshold = 0.65).

(e) Probabilistic predicted map generated using the Octomap ISM with
position uncertainty (σsensor = 20 cm).

(f) Binary predicted map converted from the probabilistic predicted
map (σsensor = 20 cm, threshold = 0.65).

Figure 3. Systematic and random errors in predicted probabilistic and binary occupancy grid maps with LiDAR position uncertainty (cell
size = 10 cm, probability clamp [0.12, 0.97]).
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Precision defined in Eq. (3) measures the proportion of cells that
are truly occupied (TP) out of all cells predicted as occupied (TP
+ FP), ranging from 0 to 1. High precision means that almost
every predicted occupied cell really corresponds to a true wall
or object, and there are few false obstacles. This matters in
mapping because an FP can block a feasible path and make the
planner overly conservative, and high precision can ensure that
the predicted obstacles are trustworthy (Ronecker et al., 2024b).
However, precision only focuses on the correctness of occupied
cells, with no attention to the correct detection of free cells. Also,
precision is spatially blind, which means that it counts label
agreement cell by cell but does not consider where the occupied
cells are located, how far they are displaced, or how obstacle
geometry is deformed, so two maps with identical precision can
have very different geometric or topological structures.

3.1.2 Recall

Recall =
TP

TP + FN
. (4)

Recall defined in Eq. (4) measures the proportion of truly oc-
cupied cells (TP) out of all actual occupied cells (TP + FN),
ranging from 0 to 1. High recall means the map rarely misses
obstacles, reducing the risk of planning through false free space
for navigation (Ronecker et al., 2024a). Compared to precision,
recall ignores false obstacles (FP) in the map and is also spatially
blind.

3.1.3 F1 Score

F1 =
2Precision · Recall

Precision + Recall
=

2TP

2TP + FP + FN
. (5)

F1 score in Eq. (5) is the harmonic mean of precision and recall,
measuring the balance between avoiding false obstacles (FP)
and avoiding missed obstacles (FN), ranging from 0 to 1. A
high F1 score indicates that the map has few false obstacles
and few missed obstacles (Jin et al., 2024). On the other hand,
F1 score ignores the true free space (TN) in the map and is
also spatially blind. Additionally, under class imbalance, like
a binary grid map dominated by free cells, F1 score provides
a single-class view for the occupied class and thus might hide
poor performance on the free class.

3.1.4 Intersection over Union (IoU)

IoU =
TP

TP + FP + FN
. (6)

IoU in Eq. (6) is the intersection over union between the pre-
dicted occupied set and the true occupied set: the intersection is
TP and the union is TP + FP + FN, ranging from 0 to 1. A high
IoU means the predicted obstacle regions align well with the
ground truth overall (Ronecker et al., 2024b). IoU reflects both
false obstacles (FP) and missed obstacles (FN), but it ignores
the true free space (TN) in the map and remains spatially blind.
Moreover, IoU is sensitive to map alignment, and even small
misalignments between maps can reduce IoU substantially.

3.1.5 AUC-PR

The precision-recall curve is a curve that calculates precision
and recall for every threshold. AUC-PR is the area under the
precision–recall curve, ranging from 0 to 1. For map evaluation,

a high AUC-PR means that across all thresholds, the binary grid
map keeps precision high while achieving high recall, which
indicates that predicted obstacles are usually real (low FP) and
most true obstacles are found (low FN) (Sodhi et al., 2019). It is
also threshold-free because it considers performance across all
possible thresholds. Regarding the limitations, AUC-PR is also
spatially blind and ignores free space correctness (TN).

3.2 Probabilistic Metrics

Probabilistic metrics measure how well the predicted probabilit-
ies in the generated map reflect the true occupancy likelihood.
They work with continuous occupancy probabilities rather than
binary values.

3.2.1 Mean Square Error (MSE)

MSE =
1

N

N∑
i=1

(
pi − gi

)2
. (7)

MSE in Eq. (7) measures the mean squared error between the
predicted occupancy probabilities pi ∈ [0, 1] and the known
ground-truth values gi ∈ [0, 1] for each evaluated cell, gener-
ating a value from 0 to 1. It quantifies the average squared
difference between the predicted and actual occupancy prob-
abilities, with a lower MSE indicating that the two probability
sets match closely (Pearson et al., 2022). As limitations, the
score is spatially blind, treats all cells equally so class imbalance
might dominate the average, and does not distinguish between
systematic misalignment and calibration errors.

3.2.2 Map Score

MapScore = 1 − 1

N

N∑
i=1

∣∣ pi − gi
∣∣. (8)

Map score in Eq. (8) measures the cell-wise similarity between
the predicted probabilities pi ∈ [0, 1] and the ground-truth values
gi ∈ [0, 1], making a value from 0 to 1 (Collins et al., 2007).
A high map score means the predicted map’s cell probabilities
closely match the reference values on average. In addition, it
has the same limitations as MSE.

3.2.3 Negative Log-Likelihood (NLL)

NLL = − 1

N

N∑
i=1

[
gi log(pi) + (1−gi) log

(
1−pi

) ]
. (9)

NLL in Eq. (9) computes the Bernoulli cross-entropy between
the predicted occupancies pi ∈ [0, 1] and the ground-truth labels
gi ∈ [0, 1] (Ramos and Ott, 2016), giving a value in [0,+∞). A
low NLL means the occupied cells are usually assigned probab-
ilities close to 1 and free cells close to 0 (Snyder et al., 2024).
For limitations, NLL is also spatially blind, sensitive to prob-
ability noise, and unbounded above, which requires numerical
stabilization when pi is near 0 or 1.

3.3 Geometric Metrics

Classification-based metrics such as IoU and F1 score only tell
whether each grid cell is labeled as occupied or free, and they
ignore where those occupied cells lie in space and how they are
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arranged. In mapping, however, spatial alignment matters: two
maps can have the same number of occupied cells but with walls
shifted a few cells apart or distort their shapes. To capture these
effects, geometric metrics are applied to measure how far two
obstacle maps differ in physical space.

Geometric metrics treat the occupied cells in the predicted map
and the ground-truth map as point sets:

A = {(ui, vi) : points occupied in the predicted map,
B = {(uj , vj) : points occupied in the ground-truth map,
a ∈ A : a single occupied point in the predicted map,
b ∈ B : a single occupied point in the ground-truth map.

3.3.1 Chamfer Distance (CD)

dCD(A,B) =
1

|A|
∑
a∈A

min
b∈B

∥a− b∥ +
1

|B|
∑
b∈B

min
a∈A

∥b− a∥.

(10)

Chamfer distance measures the average nearest-neighbor dis-
tance between the predicted and ground-truth occupied cells
(Dantanarayana et al., 2016). For each occupied cell in one
map, it finds the distance to the nearest occupied cell in the
other map and then averages both directions. Chamfer distance
reflects overall geometric similarity between the two maps. As
limitations, it hides outliers and ignore structural failures such
as broken or missing walls.

3.3.2 Hausdorff Distance (HD)

h(A,B) = max
a∈A

min
b∈B

∥a− b∥,

dHD(A,B) = max{h(A,B), h(B,A) }.
(11)

Hausdorff distance measures the maximum spatial deviation
between the predicted and ground-truth occupied cells (Hu et al.,
2025). For each occupied cell in one map, it finds the distance to
the nearest point in the other map, then takes the maximum over
both directions, so it captures the largest geometric mismatch
between the two maps. A low Hausdorff distance means every
obstacle is close to its ground-truth position. A low Chamfer
distance means that, on average, the predicted occupied cells
lie very close to the corresponding ground-truth occupied cells
across the map. As limitations, Hausdorff distance is sensitive
to outliers or single noisy cells, and it also ignores structural
failures on the map.

3.3.3 Earth Mover’s Distance (EMD)

EMD(P,Q) = min
γ≥0

m∑
i=1

n∑
j=1

γij ∥ui − vj∥,

subject to
n∑

j=1

γij = pi (i = 1, . . . ,m),

m∑
i=1

γij = qj (j = 1, . . . , n),

m∑
i=1

pi =

n∑
j=1

qj = 1,

(12)

where ui and vj are the cell centers of the predicted map and
the ground-truth map, respectively; pi ∈ [0, 1] and qj ∈ [0, 1]

are the non-negative occupancy probabilities used as masses
normalized to sum to one; and γij is the transport plan that
moves mass from ui to vj at cost ∥ui − vj∥, typically Euclidean
distance.

Earth mover’s distance measures the minimum work required to
transform the predicted occupancy distribution into the ground
truth (Hu et al., 2025). A low EMD means that the predicted
probability mass lies close to the true mass spatially, and only a
small amount of mass needs to be moved over short distances,
thus indicating a small average misalignment of obstacles. As
limitations, EMD requires non-negative masses and equal total
mass; it is computationally heavier than Chamfer/Hausdorff
distance, sensitive to global misregistration, and does not capture
structural failures.

In summary, existing metrics mainly report overall agreement,
probability consistency, or geometric discrepancy. However,
they do not explicitly decompose map errors into directional
bias (systematic displacement) and spread around the mean
boundary location (random thickening). In classical statistics,
systematic effects may be reflected by signed residual means,
but such quantities are not commonly formulated for occupancy
grid boundary evaluation. This gap motivates the proposed
signed-distance formulation.

4. Proposed Evaluation Metrics

Evaluation metrics introduced in the previous section provide a
single score and do not differentiate between random and system-
atic errors. This is a problem: random errors are partly unavoid-
able and are often handled by averaging or smoothing, while
systematic errors should be corrected or eliminated because map
applications such as localization and collision avoidance are
more sensitive to systematic displacement. Two evaluation met-
rics are proposed to independently quantify the systematic error
and random error caused by the position uncertainty in OGM.

4.1 Mean Signed Distance (MSD)

Let us define the occupied set on the shifted–thickened map by
Ω = { i | Pshift(i) > τ }, and N is the number of occupied cells.
For each cell i ∈ Ω, its signed nearest–neighbour distance to the
reference occupancy set Ωref is

di = si min
j∈Ωref

∥∥xi − xj

∥∥
2
, (13)

where xi and xj denote the spatial coordinates of the occupied
cell i in the evaluated map and the occupied cell j in the reference
map, respectively. The sign si encodes the motion direction of
the obstacle boundary:

si =

{
−1, the obstacle moves toward the sensor,

+1, the obstacle moves away from the sensor.
(14)

The MSD is then

MSD =
1

N

∑
i∈Ω

di. (15)

Large negative values indicate inward displacement, whereas
large positive values indicate outward displacement; the mag-
nitude quantifies the systematic shift. More importantly, if the
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map only contains random errors (thickened surfaces), the neg-
ative and positive distances cancel out, resulting in an MSD of 0.
Therefore, MSD only quantifies the systematic error.

4.2 Mean Absolute Deviation (MAD)

To measure thickness independent of the shift, we remove the
mean from each signed distance and average the absolute resid-
uals. With ri = di −MSD,

MAD =
1

N

N∑
i=1

|ri| =
1

N

N∑
i=1

|di −MSD|. (16)

A larger MAD reflects larger random errors and therefore thicker
occupied regions; values near zero correspond to narrow, sharply
defined obstacle surfaces.

Metrics Map R Map S Map RS
Precision ↑ 0.451 0.181 0.084
Recall ↑ 0.999 0.255 0.261
F1 Score ↑ 0.621 0.212 0.127
IoU ↑ 0.450 0.119 0.068
MSE ↓ 0.038 0.058 0.098
Map Score ↑ 0.923 0.942 0.847
NLL ↓ 0.116 1.606 0.811
CD [dm] ↓ 0.584 36.302 35.243
HD [dm] ↓ 7.000 70.711 70.036
EMD [dm] ↓ 1.969 62.493 62.828
MSD [dm] ↓ 0.076 39.165 39.034
MAD [dm] ↓ 16.357 1.201 16.363

Note. Arrows indicate preferred direction: ↑ higher is better; ↓ lower is
better. For MSD we evaluate the magnitude (|MSD|), smaller is better.

Table 1. Evaluation results of 2D synthetic environment.

Metrics
Predicted Map 1
σsensor = 10 cm

Predicted Map 2
σsensor = 20 cm

Precision ↑ 0.349 0.184
Recall ↑ 0.602 0.393
F1 Score ↑ 0.442 0.250
IoU ↑ 0.284 0.143
AUC-PR ↑ 0.225 0.076
MSE ↓ 0.010 0.017
Map Score ↑ 0.981 0.967
NLL ↓ 0.683 0.704
CD [cm] ↓ 7.964 17.487
HD [cm] ↓ 110.445 114.018
EMD [cm] ↓ 140.682 191.243
MSD [cm] ↓ 7.401 19.176
MAD [cm] ↓ 10.165 19.737

Note. Arrows indicate preferred direction: ↑ higher is better; ↓ lower is
better. For MSD we evaluate the magnitude (|MSD|), smaller is better.

Table 2. Evaluation results of 2D real dataset.

5. Results

To evaluate the effectiveness of the proposed metrics, we cal-
culate these for the occupancy grid maps shown in Section II.
Table 1 presents the evaluation results for the synthetic maps
shown in Fig. 2(b), Fig. 2(c), and Fig. 2(d) compared to
the reference map Fig. 2(a). For Map S and Map RS, the
classification-based metrics decrease sharply indicating that they
are sensitive to geometric displacement caused by the systematic
error, but fail to indicate the random errors in Map R. The results
of probabilistic metrics are quite similar for maps with random

errors, systematic errors, and both. The geometric metrics reflect
the systematic error well for Map S and Map RS, but they do
not reflect the random error in Map RS compared to Map S. In
contrast, MSD and MAD separately and consistently capture
the dominant systematic displacement and random thickening
patterns in the three maps.

Table 2 presents the evaluation results of the predicted maps
in Fig. 3 compared to the reference maps Fig. 3(a) or Fig.
3(b). As the position uncertainty increases, both errors increase,
presented as the growing outward displacement and thickening
obstacle surfaces in the predicted maps. The classification-based
metrics decrease, and the geometric metrics climb, indicating
deteriorating map quality, but they cannot quantify obstacle
displacement and boundary thickening separately. In contrast,
MSD and MAD dynamically capture their corresponding errors
as the position uncertainty varies. In addition, MAD is not
intended to equal the wall thickness directly. It is the mean
absolute deviation of signed boundary distances after removing
the mean shift. Therefore, MAD should be interpreted as an
indicator of boundary thickening rather than the physical wall
thickness itself.

The numerical values in Table 1 and Table 2 are influenced
by the selected ISM and clamping parameters. Their effects
have been analyzed in more detail in our related work (Liu et al.,
2026). In this paper, the Octomap ISM is used as a representative
and widely adopted baseline. However, the proposed evaluation
framework is not restricted to this specific ISM, because MSD
and MAD are computed from the resulting map boundaries
rather than from the analytic form of Eq. (1) itself.

6. Conclusion

In this article, we propose two evaluation metrics, MSD and
MAD, that quantify systematic and random errors in OGM
arising from the LiDAR position uncertainty, respectively. Ex-
isting evaluation metrics do not separate obstacle displacement
from boundary thickening, whereas MSD and MAD are de-
signed to quantify these two effects separately. Practically, MSD
can be used as an indicator of map bias caused by calibration er-
rors, synchronization issues, or trajectory drift, while MAD can
be used to evaluate map boundary sharpness and noise sensitiv-
ity. The performance of the proposed metrics is verified through
a controlled synthetic environment and a real indoor LiDAR
dataset. In the future, we will consider map errors caused by
orientation uncertainty in OGM, and also extend the evaluation
to three-dimensional cases.
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