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ABSTRACT

Simultaneous Localization and Mapping (SLAM) is widely used to solve the localization problem of
unmanned devices such as robots. However, in degraded environments, the accuracy of SLAM is
greatly reduced due to the lack of constrained features. In this article, we propose a deep learning-
based adaptive compensation strategy for sensors. First, we create a dataset dedicated to training
a degradation detection model, which contains coordinate data of particle swarms with different
distributional features, and endow the model with degradation detection capability through supervised
learning. Second, we design a lightweight network model with short computation time and good
accuracy for real-time degradation detection tasks. Finally, an adaptive compensation strategy for
sensors based on the degree of degradation is designed, where the SLAM is able to assign different
weights to the sensor information according to the degree of degradation given by the model, to
adjust the contribution of different sensors in the pose optimization process. We demonstrate through
simulation experiments and real experiments that the robustness of the improved SLAM in degraded
environments is significantly enhanced, and the accuracy of localization and mapping are improved.
© 2025 The Author(s). Published by Elsevier B.V. on behalf of Shandong University. This is an open access

article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Simultaneous localization and mapping (SLAM) allows robots
or self-driving vehicles to simultaneously perform localization
and map construction in unknown environments. It processes
sensor data to sense the surrounding environment, updating the
position and environment map in real time [1]. SLAM based
on particle filter is widely used because of its high efficiency,
among which GMapping has become the first choice for sweeping
robots and service robots because the two-dimensional grid map
constructed is suitable for robot navigation tasks [2].

However, SLAM may suffer from degradation problems in
certain situations. For example, in feature-sparse scenarios, such
as narrow corridors or tunnel environments, the matching re-
lationship between sensor observations and map features fails,
resulting in drift of localization. The degradation issues of monoc-
ular camera SLAM mainly stem from its inability to directly
measure the depth information of objects [3-9], leading to scale
uncertainty, which means it cannot accurately determine the
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actual size and distance of objects. In environments with sparse
features, monocular SLAM struggles to extract sufficient feature
points for effective matching and tracking, thereby affecting the
accuracy of localization and mapping. At the same time, the lack
of sufficient geometric features results in sparse point cloud data
captured by the lidar, and the lidar ranging information will be
consistent in the long straight corridor, the constraints provided
by lidar are relatively insufficient in these situations, making it
difficult to establish a match with the map features, which in turn
affects the accuracy of localization and mapping [10-13].

The key challenge is to adaptively compensate for the de-
graded state of SLAM by dynamically adjusting the contribution
weights of different sensors to pose optimization based on their
respective strengths. Existing multi-sensor fusion strategies often
employ a tightly coupled approach, which results in insufficient
dynamic fusion capabilities [13-16]. In degraded environments,
erroneous information from failed sensors can propagate through
the pose matching process to the entire system, leading to lo-
calization failure. Moreover, dynamic switching mechanisms may
cause information loss between multimodal data, resulting in
large variations in pose optimization and consequently affecting
overall localization accuracy [17].

2667-3797/© 2025 The Author(s). Published by Elsevier B.V. on behalf of Shandong University. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/).


https://doi.org/10.1016/j.birob.2025.100235
https://www.elsevier.com/locate/birob
https://www.elsevier.com/locate/birob
http://crossmark.crossref.org/dialog/?doi=10.1016/j.birob.2025.100235&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:weizhang13@bupt.edu.cn
mailto:wzchi@suda.edu.cn
https://doi.org/10.1016/j.birob.2025.100235
http://creativecommons.org/licenses/by-nc-nd/4.0/

Y. Li, W. Zhang, Z. Zhang et al.

In recent years, deep learning has been used to improve SLAM
performance in complex environments. Liu et al. [18] used Con-
volutional Neural Network (CNN) for feature extraction and pro-
cessing of lidar data to enhance the performance of SLAM in
dynamic urban environments. Zhang et al. [19] used Generative
Adversarial Network (GAN) to generate realistic image data to
supplement sensor information to enhance the performance of
SLAM in low-light conditions. Li et al. [20] used transformer
architecture to learn global features for loopback detection. Lian
et al. [21] built neuroimplicit representations through multilayer
perceptron (MLP) to improve the adaptability of SLAM in dynamic
environments.

This article proposes an adaptive sensor compensation strat-
egy for particle filter-based SLAM using deep learning. First,
we design a lightweight neural network model for degradation
detection, which is trained via supervised learning. The model
can assess the degree of environmental degradation based on
the distribution characteristics of the particle set and outputs
a degradation factor. Subsequently, the contribution weights of
different sensors are adjusted according to this degradation fac-
tor. By influencing the likelihood scores, the degradation factor
steers the pose optimization towards relying more on the sensor
constraints that are more reliable in the current environment,
thereby achieving dynamic compensation for degradation. This
article is extended from our previous conference work [22] and
the main contributions of this article are summarized as follows:

e A coordinate dataset of particle swarms for the degradation
detection task distinguishes particle swarms with various
distributional features by different labels;

e A lightweight network model with the ability to analyze
the distributional characteristics of the particle swarms to
enable degradation detection;

e An adaptive compensation strategy for sensors that is able
to change the contribution of different sensors to the SLAM
system depending on the degree of degradation.

2. Related work

Multi-sensor fusion strategy is used to reduce degradation by
integrating the advantages of different sensors. Rahman et al. [23]
developed SVIn2, a multi-sensor fusion SLAM system for under-
water environments. It integrates sonar, Inertial Measurement
Unit (IMU), and other sensors to provide geometric information
and motion constraints, improving localization and mapping ac-
curacy. Jia et al. [24] created Lvio-fusion, a self-adaptive SLAM
framework using an actor-critic method to adjust sensor weights.
It fuses stereo camera, LiDAR, IMU, and Global Positioning Sys-
tem (GPS) data, employing graph optimization and reinforcement
learning for dynamic weight adjustment and robust pose esti-
mation. Frosi et al. [25] introduced MCS-SLAM, a system that
integrates multiple sensor cues like color, depth, and normals
into a graph SLAM framework. Li et al. [26] proposed AVM-SLAM,
using multi-sensor fusion in a bird’s-eye view. It combines fisheye
cameras, wheel encoders, and IMU, with CNN for semantic feature
extraction and semantic Iterative Closest Point (ICP) for loop clo-
sure, ensuring accurate mapping and robustness. Wang et al. [27]
developed mvil-fusion, a monocular visual-inertial-lidar SLAM
system optimized for challenging environments. It tightly inte-
grates data from a monocular camera, IMU, and LiDAR, leveraging
LiDAR structural information and IMU motion constraints for
high-precision localization and mapping. Tao et al. [28] presented
a multi-sensor fusion localization strategy for intelligent vehicles
using global pose graph optimization. It combines data from
LiDAR, IMU, GPS, and visual sensors to achieve high-precision
vehicle localization. The proposed method achieves multi-sensor
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fusion by means of tight coupling, resulting in the error informa-
tion of the failed sensor in the degraded environment propagating
to the whole system through the pose matching process, in-
creasing the positioning error. At the same time, in complex
environments, it may not be possible to quickly respond to sensor
failure or degradation through the adaptive mechanism, which
affects the positioning accuracy. In this article, the contribution
weight of different sensors to pose optimization is dynamically
adjusted by the degradation factor based on the model output, so
as to achieve adaptive sensor information fusion.

Some researches have improved the degradation resistance of
SLAM systems by optimizing methods such as feature extraction
and closed-loop detection. Gao et al. [29] proposed FELC-SLAM,
which employs advanced ground segmentation methods and fea-
ture segmentation strategies, including ground features, edge
features, planar features, and spherical features. Additionally, by
introducing a robust decoupled global registration method for
loop closure detection in the backend, it effectively addresses the
sparsity of long-distance point clouds and the degradation issues
caused by the reduction of inner layers in point cloud registration.
Lin et al. [30] presented a Lidar SLAM algorithm tailored using
dynamic feature point extraction for coal mine environments.
The algorithm adapts to the unique challenges of coal mine en-
vironments, such as limited visibility and complex structures, to
improve SLAM performance. Tsai et al. [31] introduced a point
cloud feature extraction method based on ground segmentation.
By improving the segmentation algorithm for ground points and
the extraction of edge features, the method ensures the stabil-
ity and geometric characteristics of features. Implementing the
proposed point cloud preprocessing techniques on LeGO-LOAM
achieves higher accuracy while reducing rotation and transla-
tion errors in most dataset sequences. Xiao et al. [32] proposed
SL-SLAM, a visual-inertial SLAM system based on deep feature ex-
traction and matching. The system uses the Superpoint network
for feature point detection and LightGlue for feature matching
to improve the accuracy and robustness of matching. But these
methods struggle to adapt to dynamic environments and can
be affected by fast-moving objects, leading to incorrect feature
matching and impacting localization accuracy. And their robust-
ness varies across environments, with feature extraction being
less effective in scenes with changing lighting or lack of texture.
Moreover, these algorithms heavily rely on sensors, so sensor
noise and failures can accumulate and compromise the SLAM sta-
bility and reliability. In this article, degradation factors are used
to influence the likelihood score in the pose optimization process,
so as to achieve smooth and robust constraint compensation.

3. Rao-Blackwellized particle filter

In this section, we outline the updating process of the Rao-
Blackwellized Particle Filter (RBPF) within the SLAM algorithm
and substantiate the feasibility of the approach advocated in this
article. In this article, Gmapping is used as a research object,
and its core mechanism relies on the RBPF to deal with the
uncertainty and nonlinearity of the pose. The RBPF achieves the
state estimation by maintaining a set of particles representing the
probability distribution of the poses, where the dispersion of the
particles directly reflects the uncertainty in the estimation of the
poses.

The updating process of RBPF is shown in Algorithm 1. First,
a set of particles is initialized according to the probability dis-
tribution p(sp) of the initial state of the robot. Subsequently, the
particles are updated by using odometry information of motion
model in Eq. (1).

S = P up )+ 0 (1)
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Fig. 1. The schematic diagrams show the divergent and convergent states of the particle swarm in the degraded and non-degraded environments, respectively.

where s(t'il denotes the distribution of ith particle in the particle
swarm at the moment of t — 1; u;_; denotes the odometry data
at the moment of t — 1; and 77?11 denotes the noise to which the
ith particle is exposed.

After that, the particles are further updated by using the lidar
observation data and the weights of the particles are calculated
according to Eq. (2).

w =w,  pzlx ) (2)
Herein, wg'll denotes the weight of ith particle at the moment of
t — 1; z,—1 denotes the lidar scan data at the moment of t — 1;
and x| denotes the positional attitude of the ith particle at the
moment of t — 1. This step reflects the adjustment of particle
weights by the observation model. If particles exhibit a clustered
distribution, it indicates high localization accuracy. Conversely, a
dispersed particle distribution suggests lower localization accu-
racy and SLAM degradation, as shown in Fig. 1, which supports
the feasibility of using neural networks for degradation detection.

In order to maintain the robustness of pose estimation, we
utilize Neg as a metric to assess the variety within the parti-
cle set. Based on the specific value of Neg, particles undergo
resampling, where particles with higher weights are retained
while those with lower weights are eliminated, thus facilitating
the restoration of the representativeness of the particle set. Fi-
nally, the position and map of the particles are updated, and this
step involves the reconstruction of the map and the refinement
of the position based on the particles with the latest weight
adjustments.

4. Degradation detection model
4.1. Dataset for the model

We utilize an Ackermann-type wheeled robot for data col-
lection and validation of anti-degradation system. The robot is
equipped with an LSlidar M10P, which is powered by an ARM
Cortex-A72 64-bit CPU and a Broadcom VideaCore VI GPU, as
shown in Fig. 3.

In our experimental setup, we expose the robot to both de-
graded and non-degraded environments. Specifically, the outdoor
scene is designated as the degraded environment, while the in-
door scene is considered the non-degraded environment. Upon

Algorithm 1: The process of updating RBPF

Input: The particle swarm at the previous moment S;_1,
the laser scan z;_; and the odometry data u;_1
Output: The particle swarm at the current moment S;
1 Initialize a set of random particles sg) ~ p(so)
2 while True do

3 | foralls”, inS,_, do

4 Initial update of particles s(['il based on the motion
model )
5 Optimization of particle weights wg'll based on
observation models
6 Normalize the weights according to
@ _ wgl
Yo = Z?’:l “7521

7 Calculate the effective sample size used to measure

particle diversity according to Ney = W
i=1\®
if Nof <= threshold then
L Remove low weight particles and keep high weight
particles
10 else
1 | Keep all particles

12 Update the estimated position of the particle x(ti)

13 Update the map for each particle m(t')

14 return S;

activating the SLAM node, we meticulously record the coordi-
nates (x,y) € R? of the particle in each frame. Specifically,
we take particle coordinate (x,y) € R? as the input feature of
the model, and the model analyzes the distribution of particle
swarm according to the coordinate information, so as to predict
the degree of degradation. The localization accuracy is closely
related to the distribution of particles. The localization accuracy
can be measured by the diagonal elements (o7, o, 07) € R"3 of
the pose covariance matrix. These three elements are essentially
variances, representing the accuracy of the particle coordinates
(x,y) and the orientation angle 6. Theoretically, the smaller the
values of (axz, o2, 092), the higher the localization accuracy. In this
case, the particles are concentrated near the ground truth of the
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Fig. 2. Schematic diagram of the model architecture.

pose, showing a more concentrated distribution. Conversely, the
accuracy of localization will decline when degradation occurs,
the values of (5, 0, 07) become larger, causing the particles to
diverge and show a more dispersed distribution. At this point, the
model should be able to detect particle divergence and determine
that degradation occurs.

Subsequently, we remove any data entries that contained
missing values. To mitigate the influence of outliers on the dis-
tribution of the particle swarms, we employ Z-SCORE normaliza-
tion. This statistical method standardizes the data by subtracting
the mean and dividing by the standard deviation for each fea-
ture, effectively reducing the impact of extreme values. Finally,
we add different labels to particle coordinate data (x,y) col-
lected in degraded environment and non-degraded environment
respectively.

The entire dataset consists of 587 degraded and 562 non-
degraded data, each consisting of all particle coordinates of the
current frame with a label representing whether degraded or
not, and the ratio of training set to test set is 7:3. The network
model is able to perform supervised learning of the distributional
characteristics of the particles in different scenarios with this
dataset dedicated to degradation detection.

4.2. Model architecture

In this article, we present a neural network model based
on Multilayer Perceptron (MLP) designed to predict the degree
of SLAM degradation by analyzing particle coordinate data, as
depicted in Fig. 2. The input consists of 60 values representing
the 2D coordinates of 30 particles after the spreading process. The
initial fully connected layer accurately reconstructs these 60 input
features into the 2D coordinates of the 30 particles using a pre-
set weight matrix, merging them two by two. This reconstruction
is crucial, enabling the network to process input data as 2D
coordinates, thus facilitating subsequent feature extraction and
learning.

The particle coordinate data then pass through a series of
fully connected layers interspersed with ReLU activation func-
tions. Each fully connected layer performs a linear transformation
on the previous output, progressively reducing the dimensional-
ity from 30 to 2. The ReLU activation function introduces non-
linearity, allowing the model to capture complex patterns in the

input data. This dimensionality reduction not only minimizes the
parameters to mitigate overfitting but also focuses the model on
the salient characteristics of particle distribution.

Ultimately, the model outputs the degradation degree through
a (4, 2) fully connected layer followed by a SoftMax activation
function, yielding a two-dimensional vector. The first dimen-
sion represents the non-degradation degree, while the second
dimension indicates the degradation degree.

During feature transformation, the model first reorganizes
the 60 input spreading coordinate values into 30 particle 2D
coordinates via the initial fully connected layer and weight ma-
trix. This step preserves the original data structural information
and provides a clear coordinate representation for further fea-
ture extraction. Subsequently, the data undergo multiple fully
connected layers and ReLU activation functions, abstracting and
transforming the input features. As the network progresses, the
feature dimensionality decreases, and the model extracts higher-
level, discriminative features from the raw coordinate data. These
multi-layered features are then used to predict the SLAM degra-
dation level, producing a two-dimensional vector that accurately
reflects the SLAM current state. The first dimension of the vector
indicates the degree of degradation, while the second dimension
signifies the degree of non-degradation. When the value of the
first dimension exceeds that of the second dimension, the system
is deemed to be in a degraded state.

The feature transformation process is meticulously designed
to enable the model to effectively learn and predict the SLAM
degradation level from complex particle coordinate data, offering
a novel approach for degradation detection in SLAM systems.

5. Adaptive compensation strategies for sensors

After detecting the degradation state of the SLAM system,
corresponding strategies must be adopted to mitigate the impact
of the degradation phenomenon on the SLAM performance, so as
to enhance the accuracy of localization and the quality of maps.

Pose optimization, as a key aspect of SLAM, finely adjusts
the pose by fusing multiple sensor data to find the globally
optimal pose, which in turn enhances the overall performance
of SLAM. Especially in degraded environments, it is necessary to
compensate for the pose optimization process by using odometry
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Algorithm 2: Global position optimization based on the
degree of degradation

Input: Initial position p,, the maps carried by the particles
m, lidar beam b, degree of degradation c, noise n,
difference in odometer position §

Output: Optimized position p, and score s, of optimized

particles
1 for all particles do
2 Update the position using the motion model and add
noise 1y, 1y, Ng:
8 = (8, Sy, 80) = Pnew — Pold
ny + = Gaussian(|8x| + 84| + 18y])
3 ny + = Gaussian(|8,| + |3¢| + [5x|)

ng + = Gaussian(|8p| + /87 + 67)

4 Calculate the difference i between the predicted hit
point of the laser beam pp;; and the mean value of its
corresponding point €peq, in the map:

5 Y = Phit — €mean

6 Calculate the initial score s; of particles:

7 | si= (s + eV )

8 while ScanMatching do

if motion is translation then

10 L Move §; distance in the corresponding direction
1 else

12 L Rotate §, in the corresponding direction

13 Update the score s; of particles based on sensor

impact factor ¢:
@ = —e07¢ 4 035 4 q
si=(si+ e VMY g
15 | Assign the position with the highest score to p;,

14

16 return p,

data due to the insufficient constraints in the ranging information
provided by Lidar.

We design an adaptive compensation strategy for sensors to
improve the pose optimization process, the flow of which is
shown in Algorithm 2. In the pose optimization process, the
position of robot is firstly adjusted initially using information
from the odometer based on the motion model, and then further
optimized by scanmatch using lidar data based on the observation
model. During the scanmatch process of the lidar, the robot is
fine-tuned by different degrees of translation and rotation, and
the one with the highest matching score is selected as the optimal
pose of the robot among the many fine-tuned positions. Then
an influence factor ¢ is introduced to control the dependence
on different sensors, which adjusts the matching score in each
pose optimization process to determine whether the optimized
pose of lidar or the initial pose of odometer is preferred. As
the degradation confidence increases, the fraction of matches per
scan decreases, so the pose given by the odometer is favored. This
approach reduces the effect of differences in sensor properties on
the SLAM system by adaptively adjusting the dependency weights
of different sensors.

6. Experiments

This section demonstrates the optimality of the model through
ablation experiments and verifies the anti-degradation of the
system in different environments through simulations and real-
world experiments. We use a laptop computer with an Intel(R)
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Fig. 3. Experimental platforms.

Core(TM) i7-7700HQ CPU @ 2.80 GHz, an NVIDIA GeForce GTX
1060 graphics card, and 16G of operating memory to remotely
maneuver an Ackerman wheeled robot for experiments, as shown
in Fig. 3. The robot is equipped with an LSlidar M10P, which
is powered by an ARM Cortex-A72 64-bit CPU and a Broadcom
VideaCore VI GPU. In simulations, we adopt a computer with
ubuntu 20.04 system with a CPU configuration of 13th Gen In-
tel(R) Core(TM) i7-13700K, GPU of NVIDIA GeForce RTX 2060
super, and 16G of RAM running on the computer.

The experimental framework is depicted in Fig. 4. In this setup,
we control the robot chassis using a laptop. The SLAM node
publishes the particle coordinates to the MLP node via ROS. After
making projections, the model sends the degradation level back
to the SLAM node, the SLAM system then uses the information
from the different sensors for adaptive constraint compensation.

6.1. Ablation experiments

We demonstrate the effectiveness of the proposed methods
with ablation experiments. We choose different pairings of op-
timizers and loss functions to find the best combination, where
the better performing choices are Binary CrossEntropy Loss (BCE),
BCEWithLogitsLoss, Adaptive Moment Estimation (Adam), Root
Mean Square Propagation (RMSprop). In addition, we have de-
signed the CNN consisting of two 1D convolutional layers, plus
a maximum pooling layer, and two fully connected layers. Then
we compare the performance of the two models, CNN and MLP,
to prove that our choice is optimal.

The results of the experiment are presented in Table 1, where
Average Precision (AP) reflects the average of precision and recall
of the model, F1 Score reflects the balanced performance of
the model between precision and recall, Parameters reflects the
complexity of the model, and Latency reflects the computational
efficiency and speed of the model, respectively. It can be seen that
CNN and MLP models perform similarly on AP and F1 Score, but
the complexity of CNN is several orders of magnitude higher than
that of MLP and the computational speed is slow. Considering the
demanding real-time requirements of SLAM, we finally choose
the MLP model with BCELoss and Adam.

6.2. Performance of anti-degradation systems in simulation environ-
ments

We create simulation environments through gazebo to verify
the performance of the system in various scenarios. A two-wheel
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Table 1
Results of ablation experiments.
Model Loss Optimizer AP (%) F1 Score Parameters Latency (ms)
MLP BCELoss Adam 95.07 0.9199 1608 17
MLP BCELoss RMSprop 94.04 0.8881 1608 32
MLP BCEWithLogitsLoss Adam 91.41 0.8925 1608 28
MLP BCEWithLogitsLoss RMSprop 90.45 0.8846 1608 33
CNN BCELoss Adam 95.15 0.8955 135618 33
CNN BCELoss RMSprop 94.15 0.9085 135618 27
CNN BCEWithLogitsLoss Adam 94.04 0.9272 135618 36
CNN BCEWithLogitsLoss RMSprop 95.74 0.9145 135618 47
Table 2
Positioning errors in simulation experiments.
Method Indoor environment Circular corridor
ATE (m) Errory (m) Error, (m) ATE (m) Errory (m) Errory (m)
Gmapping(120) 0.1067 0.0362 0.0388 1.1766 0.2989 0.3768
Gmapping(100) 0.124 0.0445 0.046 1.283 0.4407 0.5356
Gmapping(80) 0.138 0.059 0.0557 1.8079 0.5624 0.7372
Cartographer [33] 0.0968 0.0423 0.0439 47844 5.984 4779
Ours 0.0877 0.0264 0.022 0.25335 0.093 0.142

differential car equipped with RPLidar is used in the simulation
experiment. The scanning range of Lidar is 0.1 m to 30 m, and
the scanning frequency is 5.5 Hz. All model configurations are
from [34]. Theoretically, the higher the number of particles, the
better the performance of the SLAM, but the required computa-
tional resources will also rises sharply. We set the particle count
of improved gmapping to 80, and conducted a comparative test
with gmapping with particle count of 100 and 120 respectively, to
highlight that our method can overcome the problem of poor fit
of the estimated pose caused by small particle count, and reduce
the impact of degradation on SLAM.

In terms of map accuracy, we compare the maps of the im-
proved SLAM (with a particle count of 80) with those of the
pre-improved SLAM (with a particle count of 120) and cartogra-
pher [33] to perform a qualitative analysis. In terms of localization
accuracy, we plot the trajectories given by SLAM and qualitatively
analyze them by comparing their fit to groundtruth given by
gazebo. In addition, in the experiments, we select three evalu-
ation metrics for quantitative analysis, which are absolute trajec-
tory error (ATE), as shown in Eq. (3), the average of the absolute
value of the difference between the localization trajectory and
the true value in the x-direction, Errory, and the average of the
absolute value of the difference in the y-direction, Error,.

N
1
ATEtrans = N Z ”Tgt;h Testi;i”2 (3)
i=1

where N represents the number of sampling points, T.; repre-
sents the true value of the coordinates of the sampling points, and
Testi:; Tepresents the estimate of the coordinates of the sampling
points.

Fig. 5(a) is a 10m*10 m indoor scene, which enriches texture
features by setting obstacles. Fig. 5(b) is the map constructed
by the pre-improved SLAM using 120 particles, (c) is the map
constructed by the improved SLAM using 80 particles, (d) is the
map given by [33]. It can be observed that the indoor maps
generated by both SLAM systems are quite similar and accurately
represent the structure of the environment. Furthermore, the
trajectories output by the different SLAM systems are close to
the groundtruth, as shown in Fig. 6. However, in Table 2, it can
be seen that the improved SLAM has a reduction in ATE, with a
decrease in error of roughly 36.45% compared to Gmapping(80)
and 9.4% compared to [33], and both Errory and Error, are also
in the lower range, suggesting that the improved SLAM performs
well in indoor environments.

Fig. 5(e) is a 40 m*40 m circular corridor which consists of
smooth walls with sparse features, from (f), it can be seen that the
maps constructed by the pre-improvement SLAM do not present
the correct closure and are misaligned at the point where the
loopback occurs. The map (h) obtained from [33] has a greater
deviation, the length of the vertical corridor is shorter, and the
corners are skewed to varying degrees. The improved SLAM is
able to construct a correct map of the environment. In Fig. 6, the
highest fit between the trajectory of the improved SLAM and the
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Fig. 6. Evaluation plot of trajectory accuracy for simulation experiments.

groundtruth is observed, the variation curves of both Error, and
Errory fluctuate in a lower range, while the rest of the trajectories
show a larger offset. In Table 2, the improved SLAM performs well
in terms of ATE, with a 94.7% improvement in accuracy over [33]
and a 78.5% improvement over Gmapping(120).

The above experiments show that the improved SLAM per-
forms well in indoor environments, while the enhancement in
degraded environments is more obvious, presenting more accu-
rate localization and map building results. In addition, we record
that the average inference time of the model is about 18.7 ms,
which cannot affect the real-time performance of SLAM.

6.3. Performance of anti-degradation systems in real-world environ-
ments

We use the experimental equipments in Fig. 3 to test the
improved SLAM in real scenarios, choosing two long straight
corridors with sparse environmental features and evaluating the
SLAM through the same steps and metrics as in the simula-
tion experiments, where the groundtruth is derived from manual
measurements.

Fig. 7(a) shows a 50m*2.5 m long straight corridor with a
vertical corner, where the smooth walls on both sides make
the SLAM lack constraints and thus degradation, leading to the
skewed map shown in map (b) given by Gmapping(120), while

(c) demonstrates that the improved SLAM is able to construct a
roughly accurate map, although still with a small degree of skew.
Although the map (d) given by [33] does not appear skew, it can
be seen from Table 3 that its localization error on the X-axis is
up to 10.78 m, and the corner part also appears double shadow.
As shown in the localization trajectory in Fig. 8, the improved
SLAM has the highest fit to groundtruth and the most significant
decreasing trend in Errory, indicating an improvement in SLAM
localization accuracy in the direction of lack of constraints. In
Table 3, it can be seen that the improved SLAM reduces the ATE,
Errory and Errory, metrics, and its ATE is reduced by about 38.83%
compared to Gmapping(80) and 97.9% compared to [33].

Fig. 7(e) shows a 60m*3 m long straight corridor made of
smooth walls with a vertical corner, as depicted in (f) and (g), the
map generated by the improved SLAM exhibit a slight skew, yet
it represent a significant enhancement over the map produced
by Gmapping(80) . As illustrated in Fig. 8, the localization tra-
jectory accuracy of [33] is the worst, especially on the X-axis,
and the error is 10.6225 m different from the groundtruth, the fit
between the improved SLAM output trajectory and groundtruth
is improved. Regarding the quantitative metrics, Table 3 shows
that the ATE of the improved SLAM is reduced by approximately
32.04% compared to Gmapping(80) and 94.43% compared to [33],
and both Errory and Error, are at significantly lower levels.
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Table 3
Positioning errors in actual experiments.
Method Straight corridor A Straight corridor B
ATE (m) Error, (m) Error, (m) ATE (m) Error, (m) Error, (m)
Gmapping(120) 0.655 0.1183 0.593 0.8528 0.5606 0.7325
Gmapping(100) 0.8642 0.1653 0.628 0.956 0.6062 0.7868
Gmapping(80) 0.9564 0.1834 0.664 1.0687 0.7599 0.8228
Cartographer [33] 28.4572 10.78 0.968 13.0365 10.6225 0.885
Ours 0.585 0.0676 0.186 0.72627 0.4069 0.1167

The above experiments show that the improved SLAM per-
forms particularly well in degraded environments, demonstrating
better robustness. It is able to accurately detect the degraded
state and compensate the SLAM system with information from
different sensors, thus improving the performance of SLAM. In the
real world experiments, the average inference time of the model
is 20.6 ms, which can guarantee the real-time performance of
SLAM.

7. Conclusion

In this article, we have proposed a deep learning-based adap-
tive compensation strategy for sensors in degraded environments.
First, we created a dataset dedicated to train a degradation de-
tection model, which contains coordinate data of particle popula-
tions with different distributional characteristics, and empowered

the model with degradation detection capabilities through super-
vised learning. Second, we designed a lightweight network model
based on the MLP architecture, which has a short inference time
to ensure real-time SLAM and at the same time good accuracy
for real-time degradation detection tasks. Finally, after the model
detecting degradation, we adaptively compensated the SLAM sys-
tem with a specific strategy to assign different weights to the
sensor information according to the degree of degradation, so as
to improve the robustness of SLAM in degraded environments.
We demonstrated through simulation experiments and real ex-
periments that the improved SLAM system had good performance
in various environments, and the improvement was especially
obvious in degraded environments, where localization accuracy
improved by up to 97.9% compared to cartographer [33] that
relied on parameter adjustment. In the future, we will develop
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a complete system to overcome the long-term accumulation of
errors in the odometry.
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