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Abstract— Limited by the working principles, LiDAR-SLAM
systems suffer from the degeneration phenomenon in environ-
ments such as long corridors and tunnels, due to the lack
of sufficient geometric features for frame-to-frame matching.
The accuracy and sensitivity of existing degeneracy detection
methods need to be further improved. In this paper, we
propose a novel method for degeneracy detection using local
geometric models based on point-to-distribution matching. To
obtain an accurate description of local geometric models,
an adaptive adjustment of voxel segmentation according to
the point cloud distribution and density is designed. The
codes of the proposed method is open-source and available
at https://github.com/jisehua/Degenerate-Detection.git. Experi-
ments with public datasets and self-build robots were conducted
to evaluate the methods. The results exhibit that our pro-
posed method achieves higher accuracy than the other existing
approaches. Applying our proposed method is beneficial for
improving the robustness of the LiDAR-SLAM systems.

I. INTRODUCTION

LiDAR is a commonly used sensor for robot localization
and mapping due to its exceptional capability to measure at
long ranges and stability. A popular method for achieving
data association in localization and mapping is by minimiz-
ing the matching of geometry features between consecutive
frames. These algorithms rely on the geometrical information
provided by LiDAR. Consequently, the ability to converge
to an optimal solution depends on sufficient constraints in
all directions [1]–[3]. However, in symmetrical environments
like long corridors and tunnels, the constraints in specific
directions become incomplete. This leads to anomalies in
the optimization problem, which is referred to as the degen-
eracy phenomenon in LiDAR SLAM [4]. The degeneracy
phenomenon in LiDAR SLAM remains a significant concern.

Degeneracy detection plays a crucial role in assessing
localization confidence and enhancing the robustness of
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Fig. 1. The example of LiDAR SLAM in a degeneracy scene, with the
zoomed image showcasing our adaptive voxel resizing. The lower image
demonstrates the detection result obtained from our method, where the
degeneracy factor decreases as the robot enters the channel.

LiDAR SLAM. Consequently, degeneracy detection has gar-
nered increasing attention in recent years. One popular ap-
proach is based on point-to-point matching, as demonstrated
in [4] and [5]. This type relies on assessing the matching er-
ror of the point cloud between frames. However, considering
point pairs exclusively leads to a significant impact of point
noise on the detection results, causing the issue of “false
detection” and inaccurate degeneracy judgment. In contrast,
this paper proposes a point-to-distribution method that goes
beyond considering point pairs alone.

To address the issue of “false detection” and enhance de-
tection accuracy, this paper proposes a degeneracy detection
method utilizing local geometric models base on point-to-
distribution matching. Owing to the statistical nature of our
proposed degeneracy detection factor, it effectively mitigates
noise interference and mitigates the occurrence of the “false
detection” problem. Moreover, to enhance the accuracy of
the Probability Density Function (PDF) in describing the
distribution, we introduce an adaptive voxel segmentation
method that aligns with the Gaussian distribution assumption
used in existing methods [3]. The main contributions of this
work are the following points:

• We propose a robust degeneracy detection method using
local geometric models based on point-to-distribution
matching to overcome the “false detection” problem.

• We designing an adaptive voxel segmentation method
for an accurate distribution description.
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II. RELATED WORK

A. Degeneracy detection

Presently, three primary types of degeneracy detection
methods exist. The first type is based on supplementary
information. In [6] and [7], degeneracy detection is achieved
by position information from UWB to validate the local-
ization obtained from LiDAR SLAM. While this approach
can determine the degeneracy state, it is susceptible to site
constraints due to the necessity of UWB equipment. Like-
wise, [8] employs visual information from a depth camera
for degeneracy detection. Although visual sensor is tasked
with compensating for the absence of point cloud information
in degeneracy scenarios, it also making it susceptible to
changes in light intensity. [9] and [10] propose a known map-
based method for localization confidence detection by solely
utilizing LiDAR. Similarly, [11] utilizes raster maps for
offline detection. However these methods are only effective
in environments with priori information about the map.

The second type involves degeneracy detection methods
based on deep learning. [12] and [13] propose predicting the
uncertainty of the robot’s pose by training on preprocessed
sensor data. Additionally, [14] suggests training a degeneracy
analysis network using raw LiDAR data to detect degeneracy
in single-frame point clouds. However, deep learning-based
methods suffer from limited generality and cannot be readily
applied to diverse environments.

The third type involves eigenvalue-based methods. Masaki
et al. propose the method assessing the degree of degeneracy
using the Fisher information matrix [15]. In the presence of
degeneracy in LiDAR SLAM, the maximum eigenvalue of
the Fisher information matrix increases significantly. Sim-
ilarly, [10] combines the local geometric model with the
Fisher information matrix to assess localization confidence.
Additionally, [16] introduces a PCA-based vector estimation
method for detecting degeneracy in indoor scenes. However,
these methods provide only a basic assessment of degeneracy
status and do not account for the uncertainty in position
estimation. To capture the uncertainty in position estimation,
Ji Zhang et al. [4] propose utilizing the eigenvalues of
the approximated Hessian matrix as a degeneracy factor to
quantify the degree of degeneracy. Despite being validated
in [17], this method remains vulnerable to noise interference
due to its reliance on point-to-point matching. In [5] and [18],
an enhanced point-to-point matching algorithm is proposed
to improve the accuracy of degeneracy detection. However,
despite the potential improvement in matching accuracy with
the method proposed in [19] and [20], it remains suscep-
tible to noise points and can lead to incorrect degeneracy
detection results. The issue of “false detection” still remains
unresolved.

To address the problem above, we propose a degeneracy
factor utilizes local geometric models base on point-to-
distribution matching, which provides additional reference
information for degeneracy detection. We validate the effec-
tiveness of our method in diverse environments, demonstrat-
ing its superiority over alternative approaches.

B. Voxel Segmentation

In point-to-distribution matching methods, voxel segmen-
tation plays a crucial role in accurately describing the point
cloud distributions. A common approach, as proposed in
[3], is to divide the point clouds into voxel cells of fixed
sizes. While this method is efficient, it does not take the
distribution into account, often resulting in multi-peak point
cloud distributions within the voxel. So violate the assump-
tion of Gaussian distribution and lead to inaccurate local
geometric models. Although an adaptive method [21] to
accommodate different environmental dimensions, it is worth
noting that when the point cloud distribution is scattered,
relying solely on the eigenvalues of the covariance matrix can
lead to inadequate representation of the voxel’s geometric
characteristics. In addition, the method [22] adapts voxel
sizing for subsequent point cloud frames by computing the
ratio between the number of scanned point clouds and the
desired count. However, the size of the voxel still remains
constant within a single frame. Consequently, it is fails to
address the challenge by multi-peak point cloud distributions.

To address this limitation, researchers have explored alter-
native techniques. For instance, [23] proposes the k-means
clustering method to enhance the accuracy of [3]. However,
this method requires manual selection of the number of
initial clusters, which can be subjective and time-consuming.
Similarly, [24] employs a split greedy clustering method to
improve 3D spatial matching accuracy. Nevertheless, the time
consumption may not meet real-time requirements. Another
approach [10] proposes a multi-constraint real-time point
cloud clustering algorithm based on depth maps. However,
this method necessitates adjusting the segmentation scale
when deploying it on different LiDAR systems. Alternatively,
deep learning-based methods [25], [26] have shown better to
solve clustering problems. However, their real-time perfor-
mance and generalizability remain significant limitations.

Given the discussion above, we design an adaptive seg-
mentation method to adjust the voxel size by analyzing the
distribution density of point clouds. The method divides the
local geometric model into three kinds of geometric models
to satisfy the Gaussian distribution assumption. Also, we
adopt different segmentation methods for variant geometric
models to build an accurate distribution description.

(a) (b)

Fig. 2. Illustration of voxel segmentation. (a) is the result of using fixed
size voxel. (b) is ours with adaptive voxel size for an accurate distribution
description.
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Fig. 3. System architecture of the method in this paper. The system receives information from the LiDAR of two consecutive frames, where the last
frame xi−1 is segmented into geometric model according to the density analysis, which splits the model into voxels with adaptive sizes. The distribution
probability of the current frame point cloud xi in xi−1 is then calculated. The degeneracy state is judged by comparing the distribution probability change
before and after adding the perturbation δd.

III. METHODOLOGY

Fig. 3 illustrates the framework of our proposed method,
which comprises two main modules. The first module fo-
cuses on adaptive tuning of voxel segmentation size. By
analyzing the distribution density of the local point cloud,
we classify voxels into distinct models. Subsequently, we
employ different segmentation strategies to dynamically re-
size voxels based on the specific model, thereby enhancing
the accuracy of local geometric model descriptions. The
second module involves degeneracy detection using local
geometric models base on point-to-distribution matching.
The degeneracy state of the robot is determined by evaluating
the change in distribution probability of the point cloud
within the corresponding voxel between the inter-frame.

A. Adaptive Adjustment of Voxel Size

The comparison with existing methods [3] is visually
illustrated in Fig. 2. The conventional method Fig. 2 (a)
employs a fixed voxel size throughout the representation
process, whereas our method Fig. 2 (b) adaptively adjusts
the voxel size based on the density distribution of the point
cloud. We perform voxel segmentation by identifying regions
of the point cloud that exhibit sparsity or density. This
segmentation approach not only enhances the accuracy of
the local geometric model representation but also ensures
the reasonableness of the Gaussian distribution assumption.

First, we partition the point clouds into line, surface, and
stereoscopic models following the approach as described in
[27]. Subsequently, specific strategies are applied to each
model category to address their distinct characteristics.

In the case of stereoscopic models, the voxels are directly
divided into eight equal parts due to the complex spatial
distribution of the point cloud.

For the line model, the point cloud distribution is primarily
concentrated in a single direction, making it necessary to
focus only on the distribution along that specific direction.

(a) Distribution Direction of Point Cloud (b) Density Sparse Region Detection

(c) Overlap Detection and Further Division (d) Segmentation Results

Fig. 4. An example of the adaptive voxel segmentation method for the
line model is provided. Here, µ denotes the mean value of the point cloud
within the voxel, while νi represents the dominant direction of the point
cloud distribution. The ellipse delineates the range representing the sparsely
distributed region of the point cloud, and c represents the segmentation point
determined through density analysis.

As shown in Fig. 4(a), where µ is the mean value within
the voxel, νi is the concentrated direction in which the point
cloud distributes. First, all the point clouds are projected onto
the vector νi, and the distribution density is determined based
on the distance between the projected points. As show in 4
(b), the elliptical region indicates the sparse region, while
the section of the purple line segment represents the dense
region. Once the sparse region is identified, the center point
c becomes the segmentation point, and the segmentation is
performed along the direction of this point, as depicted by
the black dashed line in the figure.
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For the plane model, the point cloud distribution is primar-
ily concentrated on a plane formed by two vectors. Therefore,
our attention is focused on the density of the point cloud
within that plane. The segmentation method is similar to that
of line models, with the main difference being that we project
the point clouds based on two vectors instead of just one.

As show in Fig. 4(c), if the vertical segmentation line over-
laps with a significant number of point clouds, segmentation
in that direction is omitted. Finally, the voxel is segmented
into multiple smaller voxels as shown in Fig. 4(d), whose
point cloud distribution is single-peak. In addition, a voxel
with a small number of point clouds is defined as a sparse
voxel. We fuse the sparse voxel with another nearby sparse
voxel to form a new voxel. If a suitable voxel cannot be
found, the point clouds within the sparse voxel are discarded
as noise.

After the above voxel segmentation, the PDF is able to
accurately describe the local geometric model. The proposed
method satisfies the Gaussian distribution assumption and
builds a voxel map for degeneracy detection.

B. Degeneracy Detection Factor

noise

(a) (b)

Fig. 5. The point cloud of the previous frame is represented as xi−1,
while the current frame is denoted as xi. In Figure (a), the point-to-point
method is used to establish correspondences between point pairs, where the
orange line represents a correct match. However, as shown by the red line,
errors occur when noisy red points interfere with the matching process. In
(b), the point clouds are clustered for point-to-distribution matching, which
effectively mitigates noise interference.

In this section, we introduce our degeneracy detection fac-
tor utilizing the previously constructed voxel map. Fig. 5(a)
demonstrates that using a noisy point for inter-frame match-
ing leads to errors and “false detectio” due to point-to-point
matching [4]. In Fig. 5(b), by clustering the point clouds from
the previous frame xi−1 for point-to-distribution matching,
the interference of noise is mitigated. These clustered points
are referred to as the local point clouds in our method. By
considering the local point clouds as a unified entity, we
can derive the local geometric information of the point set
through its mean µi−1 and covariance matrix Σi−1,

µi−1 =
1

n

n∑
i=1

xi−1 (1)

Σi−1 =
1

n− 1

n∑
i=1

(xi−1 − µi−1) (xi−1 − µi−1)
T (2)

where n denotes the number of point clouds, xi−1 (x, y, z)
is the point cloud position of the last frame. As a distribution

description, we analyze the covariance matrix. As shown
in Equation (3), each element of the covariance matrix
cov(xi, xj) represents the degree of deviation between a
random variable and its mean. Thus the mean and covariance
matrices provide the feature of a local geometric model.

Σ =

cov(x, x) cov(x, y) cov(x, z)
cov(y, x) cov(y, y) cov(y, z)
cov(z, x) cov(z, y) cov(z, z)

 (3)

As a result of the adaptive voxel segmentation, the local
point clouds are assumed to obey a Gaussian distribution.
Consequently, the distribution probability Si(p) of the cur-
rent frame point cloud xi within the matched area of xi−1

is represented by a probability density function (PDF):

Si(p) = exp(−
(xi − µi−1)

TΣ−1
i−1(xi − µi−1)

2
) (4)

where p is the transformation of the position between the
current point cloud and the matched local point cloud of
xi−1. Taking logarithms on both sides of Equation (4), we
can obtain

−2lnSi(p) = (xi − µi−1)
TΣ−1

i−1(xi − µi−1) (5)

let
ei(p) = xi − µi−1 (6)

and substituting into Equation (5), there is

Fi(p) = −2lnSi(p) = eTi (p)Σ
−1
i−1ei(p) (7)

where Fi(p) is the distribution probability of xi. Ideally,
p = 0 when there are sufficient geometric constraints, which
means that the distribution probability of xi in the voxel
map is Fi(0) = 1. Adding a perturbation δd to Equation
(7), the distribution probability of the perturbed point in the
corresponding local geometric model can be denoted as:

Fi(p+ δd) = −2lnSi(p+ δd)

= eTi (p+ δd)Σ−1
i−1ei(p+ δd)

(8)

Based on the distribution probability changes of xi before
and after adding δd, a degeneracy factor D is defined as
follows

D = ∆Fi = Fi(p+ δd)− Fi(p) (9)

In non-degenerate scenes exhibiting a diverse range of lo-
cal geometric models, point-to-distribution based detection
methods yield a multitude of distinct local geometric model
descriptions. However, in the presence of a degenerate scene,
as depicted in Fig. 1, where a single variation in local
geometric models occurs, the impact of the matching error on
our detection results becomes more pronounced. By utilising
the differential responses observed in non-degraded and
degraded scenes, our proposed degradation detection factor
enables accurate determination of the degradation state.

To prove our proposed degeneracy detection factor, we
further derive the degeneracy factor D. Perform a Taylor
series of ei(p + δd) in Equation (8)

ei(p+ δd) ≈ ei(p) +
dei
dp

δd

= ei(p) + Jiδd

(10)
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Substituting Equation (10) into Equation (8):

Fi(p+ δd) ≈ (ei + Jiδd)
TΣ−1

i−1(ei + Jiδd)

= eTi Σ
−1
i−1ei + 2eTi Σ

−1
i−1Jiδd+ δdTJT

i Σ−1
i−1Jiδd

(11)

where Ji is a Jacobian matrix. In order to simplify Equation
(11), let

bTi = eTi Σ
−1
i−1Ji

Hi = JT
i Σ−1

i−1Ji
(12)

According to Equation (7) and Equation (12), Equation (11)
can be rewritten as

Fi(p+ δd) = Fi(p) + 2bTi δd+ δdTHiδd (13)

therefore, D can be expressed by the following equation

D = Fi(p+ δd)− Fi(p) = 2bTi δd+ δdTHiδd (14)

Substituting Equation (7) and Equation (8) into Equation
(14):

D = [−2lnSi(p+ δd)]− [−2lnSi(p)]

= 2ln
Si(p)

Si(p+ δd)

= 2bTi δd+ δdTHiδd

(15)

Under the influence of δd, the distribution probability of the
point cloud located at the matched area of xi−1 decreases, so
Si(p + δd) also decreases. Thus D becomes larger when
δd increases. Therefore the degeneracy factor is equivalent
to calculating the following maximum value

D = argmax(2bTi δd+ δdTHiδd) (16)

In Equation (16), 2bTi δd is a 1 × 6 vector. Therefore, we
only need to find the maximum value of δdTHiδd:

D∗ = argmax δdTHiδd

= argmax
δdTHiδd

δdT δd
× δdT δd

(17)

The term to be maximized in δdT Hiδd
δdT δd

is a Rayleigh quotient
[28]. Since Hi is a symmetric matrix, the maximum of the
quotient is equal to the maximum eigenvalue of Hi, namely
λmax. Therefore, there are

D∗ = λmaxδd
T δd (18)

and
D = 2bTi δd+ λmaxδd

T δd (19)

Since bTi and δdT δd are constant terms, they can be denoted
as a and b, respectively. Therefore, there is

D = aδd+ bλmax (20)

According to the derivation, the degeneracy factor D is
a 1 × 6 vector, which represents the degree of degeneracy
in the direction where the perturbation occurs. The larger
value of D indicates the larger degree of degeneracy and the
eigenvector νi corresponding to λi represents the direction
of the degeneracy.

IV. EXPERIMENT

In this section, we performed a comprehensive evaluation
of our method through a series of experiments. Firstly, we
tested the influence of the environment on the degeneracy
detection factor using a simulation system. Secondly, we
conducted a comparative analysis of our method with ex-
isting approaches using the publicly datasets M2DGR [29]
and KITTI [30], along with self-build robots experiments, to
assess its robustness and accuracy.

For convenient comparison with other degeneracy detec-
tion factors, we perform min-max normalization in terms
of the degeneracy detection factor. As show in Fig. 6, the
degeneracy factor is below 0.2 when the robot enters the
degeneracy scene. We eliminating any potential biases for the
original data by normalizing the degeneracy factor values.

C

A

(a)

(b)

(c)

B

C

B

A

Fig. 6. (a) is the illustration of real-world experiments, where the white
circle is the start position of the robot. (b) is the degeneracy factor after
normalization in environment (a). As shown by the factor value, we set
0.2 as the threshold. (c) is the example of dataset labeling. a value of 1 is
assigned to represent non-degeneracy, as observed in regions A and C. On
the other hand, a value of 0 is used to indicate degeneracy, as exemplified
by region B.

A. Feasibility Experiment

In the evaluation, we employed a simulation system to
construct diverse environments, aiming to demonstrate the
performance of our approach in accurately reflecting the
geometric features present in these environments. Specif-
ically, the geometric properties of each environment were
quantified using the mean curvature of the point cloud. The
results of the tests are presented in Table I, by comparing
the mean values of the degeneracy detection factor across

TABLE I
EVALUATION IN THE ENVIRONMENTS WITH VARIANT GEOMETRY

FEATURE

Curvature Dji Dours

Environment 1 0.09079 0.52903 0.73440
Environment 2 2.49651 0.50635 0.60572

Difference 0.02268 0.12868
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TABLE II
ROBUSTNESS EVALUATION ON PUBLIC DATASETS AND REAL-WORLD DATASETS INDICATED BY STANDARD DEVIATION AND FALSE DETECTION (THE

LOWER THE BETTER).

M2DGR [29] KITTI [30] Self-collected

street 01 street 02 street 03 street 04 street 05 street 06 01 03 06 city park

Ji Zhang [4] 0.17026 0.15212 0.16409 0.21166 0.21495 0.19694 0.20392 0.23884 0.21433 0.197637 0.21071
Ours 0.14620 0.14827 0.15620 0.16977 0.19237 0.19253 0.19745 0.18926 0.15362 0.186840 0.20172

improve 14.14% 2.53% 4.81% 19.79% 10.50% 2.24% 3.17% 20.76% 28.32% 5.46% 4.26%
Number of False Detections

Ji Zhang [4] 125 210 36 168 0 22 1 34 9 6 0
Ours 10 40 [7] 3 0 7 0 5 6 1 0

different environments, we observed significant variations
in our degeneracy detection factor(Dours), indicating its
ability to effectively capture and reflect the distinct geometric
features inherent in each environment. In contrast, the degra-
dation factors(Dji) obtained using the baseline method [4]
demonstrate smaller variability.

B. System Performance Experiment

To facilitate the comparison of detection results, we la-
beled the dataset with degeneracy status based on specific
rules. These rules involve calculating the angular change
of the point cloud normal vector and comparing the error
between odometry and the localization ground truth. If the
angle change is less than 5 degrees and the localization error
is greater than 5 meters, the frame is labeled as degeneracy.
An example of the labeled results can be seen in Fig. 6 (c).

This section evaluates the robustness and accuracy of the
proposed method from two perspectives. First, we measure
the algorithm’s robustness by calculating the standard devi-
ation of the degeneracy factors across the entire scene. It
is important to note that all the recorded sequences contain
real-world sensor noise. The test results, presented in Table
II, exclude the labeled degeneracy scenes from datasets
street04, street05 and 01 for fair comparison. The results
indicate that our method exhibits a smaller standard devia-
tion, demonstrating its stability in non-degeneracy scenes and
its ability to better resist noise influence. Additionally, the
reduced number of false detections demonstrates our ability
to mitigate the “false detection” issue.

Secondly, the algorithm’s accuracy is assessed through a
precision-recall test. Non-degeneracy (P ) and degeneracy
(N ) frames are manually labeled beforehand. Subsequently,
we compare the degeneracy detection factors (Dours and
Dji) with P and N . Precision and recall are defined as
follows: TP (true positives) represents degeneracy detec-
tions correctly predicting non-degeneracy state, FP (false
positives) represents incorrect predictions of non-degeneracy
state, and FN (false negatives) represents predictions of
non-degeneracy into degeneracy state.

Precision =
TP

TP + FP

Recall =
TP

TP + FN
.

(21)

According to equation (21), the precision-recall results
are shown in Table III. Among them, all datasets contain
degeneracy scenes. The results of “Precision” indicate that
our method exhibits higher accuracy in the majority of
scenes. The results of “Recall” demonstrate that our method
is more effective in mitigating noise interference, thereby
reducing “false detections”.

TABLE III
PRECISION-RECALL EXPERIMENT.

Precision Recall

Ji Zhang
[4] Ours Ji Zhang

[4] Ours

M2DGR [29] street 04 0.9053 0.9318 0.9957 0.9989
street 05 0.5890 0.8833 0.9970 0.9985

KITTI [30] 01 0.5969 0.7763 0.950 0.9833

Self-collected corridors 0.9070 0.8757 0.7178 0.9568
factory 0.8753 0.8779 0.8317 0.9484

Regarding the time consumption, the results in Table IV
demonstrate that our method is able to satisfy the real-time
requirement for on-road driving.

TABLE IV
THE TIME CONSUMPTION OF THE VOXEL SEGMENTATION METHOD.

Num. of point clouds 28040 16688 6331 4775 2783
Time(ms) 47.56 25.27 12.54 5.59 3.39

V. CONCLUSIONS

In this paper, a degeneracy detection method based on
point-to-distribution matching is proposed. To achieve an
accurate distribution description, we propose an adaptive
voxel segmentation method that constructs a precise PDF
for describing local geometric models. Furthermore, a de-
generacy detection factor is proposed, which using local
geometric models based on point-to-distribution matching. In
contrast to relying on existing point-to-point matching, we
refer to the local geometric models to overcome issues of
noise interference and the problem of “false detection”. The
evaluation on a public and self-collected dataset demonstrates
the superior robustness and accuracy of our method in
detecting degradation compared to existing methods.
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