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Abstract

In two-dimensional laser SLAM exploration and mapping in complex indoor environ-
ments, scan matching is sensitive to the initial pose, error accumulation, and redundant
map updates. To address these issues, an MDF-ALC-SLAM method is proposed. Firstly,
a multi-resolution distance field is constructed at the front end, and a coarse-to-fine scan
matching strategy is adopted to optimize the pose estimation method. Second, it selects
adaptive keyframes based on translation displacement, rotation angle, and matching er-
ror. Third, the back end uses polar-coordinate-space geometric descriptors to search for
candidate closed loops and performs pose graph optimization after geometric verification,
achieving loop detection and map correction. Finally, offline replay simulation experi-
ments and SIASUN smart park physical experiments were conducted. The offline experi-
ment used manually annotated reference positions and headings, with trajectory devia-
tion ATPE being 0.042 m and ATHE being 1.54°, and the average processing time per
frame was 68 ms. The on-site experiment conducted 30 autonomous return tests and used
a laser tracker to measure the return pose. ATPE was 0.053 m, and ATHE was 1.94°; on
the RK3399 platform, the algorithm’s average processing time per frame was 73 ms. The
on-site return error reflects system performance under the joint action of positioning and
motion control, which is not equivalent to SLAM'’s overall trajectory positioning error. It
demonstrates the correctness and superiority of the proposed method.

Keywords: 2D LiDAR SLAM; scan matching; multi-resolution distance field; adaptive
keyframe; loop-closure detection; pose-graph optimization

1. Introduction

With the rapid development of artificial intelligence and robotics technology, the de-
mand for autonomous exploration and autonomous driving systems for updating maps,
autonomous positioning, and autonomous decision-making in unknown environments is
increasing day by day [1,2]. Simultaneous Localisation and Mapping (SLAM) can simul-
taneously estimate the robot’s position and construct an environmental map without
prior maps, and is widely used in commercial, elderly care, industrial inspection,
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warehouse logistics, intelligent manufacturing, and autonomous driving fields [3-5]. As
the core capability of mobile robots, autonomous navigation accuracy and robustness di-
rectly affect task execution efficiency and system safety. Traditional navigation methods
mainly rely on visual SLAM, laser SLAM, or multi-sensor fusion, using feature matching,
pose estimation, and map optimization to achieve autonomous positioning and path plan-
ning in unknown or semi-unknown environments. These methods perform well in struc-
tured and textured environments, but still face problems in environments with degraded
geometric features and sparse natural features [6-10]. SLAM navigation methods can be
classified into visual, laser radar, and multimodal methods according to the main sensor
types. Visual SLAM utilises texture and semantic information, while laser radar provides
direct geometric measurements and is usually insensitive to illumination changes. Laser
and multi-sensor SLAM systems often adopt methods such as scan matching, graph opti-
mization, or a combination of both, and representative systems include Gmapping, Hector
SLAM, Karto/SPA, and Cartographer. Their performance is affected by factors such as
initial pose, scene geometric structure, loop closure reliability, and computing resources.
Multimodal SLAM methods achieve sensor information complementarity and consistent
map construction in complex environments by fusing complementary information from
vision, laser radar, and inertial sensors.

Classic navigation methods usually rely on laser radar or visual SLAM to construct
geometric maps and then perform path planning and motion control. Domestic and inter-
national research on improved scan matching and positioning methods for laser SLAM
has been in-depth. Ran et al. [9] systematically reviewed the development of the SLAM
field, pointing out that scan matching and loop closure detection are important links for
reliable positioning and mapping. Tan et al. combined RGB and three-dimensional se-
mantic features, used voxel-level semantic reconstruction and an LSTM navigation model
to construct a visual language navigation framework, and reported performance improve-
ments on the R2R and R4R datasets [11]. Jiao et al. achieved online metric semantic map-
ping for large-scale outdoor environments through the fusion of laser, vision, and inertial
information, as well as GPU-accelerated global metric semantic grid generation [12].
Zhang et al. proposed SUI-SLAM, combining semantic segmentation and geometric un-
certainty modelling to handle dynamic scenes [13]. Wang et al. achieved better results
than ORB-SLAM2 by combining motion cues and semantic priors to filter visual features
on the TUM RGB-D dynamic dataset, improving the utilisation of effective laser observa-
tions [14]. These studies improve the accuracy and robustness of registration from differ-
ent perspectives. Loop closure detection and location identification are important for re-
ducing cumulative drift in two-dimensional laser SLAM. These studies show that a dis-
criminative geometric representation and reliable constraint verification are very im-
portant. Although multi-resolution scanning matching, motion-based key frame selection,
and descriptor loop closure detection have been widely studied, their application in two-
dimensional laser SLAM still has problems: local scanning matching is easily affected by
initial pose errors, traditional motion threshold key frame strategies do not explicitly con-
sider the quality of registration, descriptor retrieval may produce ambiguous candidates
in repetitive geometric environments, and in large scene ranges, mapping may cause in-
accurate positioning problems.

To address these issues, this paper proposes a two-dimensional laser SLAM algo-
rithm that integrates multi-resolution distance field matching and adaptive loop closure
optimization, named MDF-ALC-SLAM (Multi-resolution Distance Field Matching and
Adaptive Loop Closure SLAM). The main contributions are as follows:

(1) A two-dimensional laser SLAM pose estimation method is proposed, which
adopts a hierarchical distance field scanning matching strategy to optimize the pose level
by level at multiple spatial resolutions. The coarse-layer estimate is used to initialise
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subsequent fine-layer optimization, reducing local matching sensitivity to initial pose de-
viation while retaining fine-scale pose optimization.

(2) A redundant map update method is proposed, which uses a key frame selection
strategy based on matching quality perception, jointly considering translational displace-
ment, rotational displacement, and scan matching residuals. This enables the map update
frequency to respond simultaneously to the robot’s movement and matching quality, re-
ducing redundant map updates.

(3) A loop detection and map correction method is proposed, constructing a polar
grid space geometric descriptor for the retrieval of two-dimensional laser loop candidates.
This descriptor characterises the spatial structure by combining point distribution, aver-
age radial distance, and angular distance variation; it fuses multiple feature channels via
weighted similarity and uses geometric consistency verification to generate reliable loop
constraints.

The remaining parts of this paper are arranged as follows: Section 2 introduces the
front-end structure of MDF-ALC-SLAM, including the laser measurement model, dis-
tance field construction, scan matching optimization, and key frame map update strategy;
Section 3 introduces loop detection and pose graph optimization based on structured laser
descriptors; Section 4 conducts offline replay simulation experiments with public data and
SIASUN Smart Park physical experiments, using the autonomous return test evaluation
algorithm to estimate the navigation performance; Section 5 summarises the conclusions
and looks forward to future work.

2. Overview of the Two-Dimensional Laser MDF-ALC-SLAM Algorithm

To verify the accuracy of the MDF-ALC-SLAM algorithm proposed in this paper for
mapping in complex office environments and its positioning precision, we adopted a com-
mercial robot experimental platform, as shown in Figure 1. This platform integrates map-
ping, positioning and path planning. A depth camera is used for obstacle avoidance, and
sensors such as laser radar are used for environmental perception. This device supports
the embedded deployment of deep learning models. The multi-sensor fusion of the 2D
laser SLAM front end estimates pose from laser observations and uses the results to up-
date the map. Loop closure detection provides robot pose estimation, thereby generating
high-precision and low-drift grid maps.

Figure 1. Experimental robotic platform used for 2D LiDAR SLAM.

The core features of laser SLAM include: (1) odometer correction based on scan
matching; (2) global consistency based on graph optimization; (3) loop closure detection.
Its main goal is to generate high-precision, low-drift grid maps while providing robot pose
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. Perception

estimation. In mobile robot navigation, the optimization process usually first estimates
the current frame’s pose through local scan matching and integrates consecutive frames
to build a local map subgraph. On this basis, it combines global scan matching and loop-
closure detection to extract constraint information, then minimises global pose error
through graph optimization to improve overall map consistency. Figure 2 shows the over-
all framework of MDF-ALC-SLAM based on multi-resolution distance field matching and
adaptive loop closure optimization: A two-dimensional laser SLAM pose estimation
method is proposed, which is based on coarse-to-fine scan matching of multi-resolution
distance fields to reduce the sensitivity to initial pose errors; adaptive key frame selection
is carried out by jointly considering robot translation displacement, rotation angle, and
scan matching error, reducing redundant map updates; a method combining polar grid
space geometric descriptors, geometric verification, and pose graph optimization is
adopted to achieve loop closure detection and map correction.

SLAM Front-End and Back-End « Navigationand Control
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Figure 2. Overall framework of the proposed 2D LiDAR SLAM algorithm based on multi-resolution
distance-field matching and adaptive loop-closure optimization.

3.2D LiDAR SLAM Front End Based on Multi-Resolution
Distance-Field Scan Matching
3.1. 2D LiDAR Map Modeling and Distance-Field Construction

The RPLIDAR C1 two-dimensional laser radar periodically scans the surrounding
environment of the robot, measuring the relative distances of obstacles from the sensor
coordinate system, providing perception observation data for positioning and mapping
[15-20]. The original measurement of a single laser beam is expressed as:

z; = (1, 6;) M
Among them, z; represents the original polar-coordinate measurement for the i-th
laser beam, r; is the measured distance between the radar and the obstacle, and 6; is the
corresponding angle.
The polar measurement is converted to Cartesian coordinates in the LIDAR frame as
L
L X Z [ricos 0;
P = L’LL] = [r;sing; )
In the formula, p} represents the i-th point in the laser radar coordinate system L;

x} and y} are the Cartesian coordinate position values of the i-th point.
In view of this, the complete laser scanning data Z can be expressed as:
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Z = {p{,p3, -, D§} 3)

In the formula, N represents the number of valid measurement points currently be-
ing scanned; p} refers to the i-th point in the laser radar coordinate system.
In a 2D LiDAR SLAM system, the robot state is represented as

§=xy0]" (4)
In the formula, ¢ represents the pose vector of the planar robot, x and y are the
position coordinates in the world coordinate system, and 6 is the heading angle (the di-
rection in which the robot is facing). T represents the matrix transpose.
The rotation matrix and translation vector from the robot frame to the world frame
are given by

RO =[Gns cose )¢ =] ®

In the formula, R(0) is the 2D rotation matrix, t is the translation vector t = [x,y],
and x, y, and 6 are the pose components defined in Equation (4).
The corresponding LiDAR point in the world frame is then expressed as

{piw =T(Ep!

bl = RO} +1t ©

Here, T(¢) denotes the rigid-body pose transformation parameterized by &, R(0)
is the rotation matrix, and t is the translation vector. The point p; is the ith measure-
ment in the LiDAR frame L, whereas p}" is the same point expressed in the world frame
w.

The scan-matching objective is defined as

N
E© =) DT EpH? )

Among them, E(§) is the scan-matching objective, N is the number of LiDAR
points in the current scan, D(-) is the distance-field function, and T(¢)p} is the trans-
formed position of the ith LiDAR point in the map frame. At the correct pose, trans-
formed points should lie close to mapped obstacle boundaries, yielding small distance-
field values.

For the th LiDAR point, the residual is defined as

ei(§) = D(T(E)p{) 8)

where e; is the residual associated with the ith LiDAR point. Thus, the single-point re-
sidual equals the distance-field value evaluated at the transformed map position T(&)pF.
The optimal robot pose is therefore given by

£ = argmingE (§) 9)

In the formula, ¢* denotes the pose that minimizes the objective E(§), and arg min
denotes the minimizing argument. The coordinate transformation maps LiDAR observa-
tions acquired at different times into a common world coordinate frame, providing a con-
sistent representation for subsequent map construction and pose optimization.

The objective in Equation (7) is an unweighted squared-distance least-squares cost.
Consequently, isolated dynamic returns or gross outliers can exert disproportionate influ-
ence on the estimate. The present formulation therefore assumes that the majority of
matched returns arise from a predominantly static scene; robust losses or explicit dy-
namic-object rejection are natural extensions for strongly dynamic environments.
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A two-dimensional occupancy-grid map (OGM) provides a probabilistic representa-
tion of the robot workspace by discretizing the environment. Let the environment be di-
vided into a regular grid:

M = {m;,m,, ..., m,} (10)

where M is the occupancy-grid map, m; denotes the ith map cell, and n is the total
number of grid cells.
The relationship between physical coordinates and grid indices is given by

X =1,y = jhn (11)
Among them, i and j are the integer grid indices along the map axes; x and y are
the corresponding physical coordinates; and 7, is the map resolution in meters per grid
cell.
To improve the numerical stability of occupancy updates, the state of each cell is rep-
resented in log-odds form:

P(m)
L(m) = logm (12)

where P(m) is the occupancy probability of cell m, and L(m) is its log-odds represen-
tation. This form converts Bayesian occupancy updates into additive increments and im-
proves numerical stability.

For a cell traversed by a LiDAR ray, the free-space update is

Le(m) = Le—a(m) + lree (13)
For a cell at which the ray terminates on an obstacle, the occupancy update is
Ly(m) = Le—1(m) + Lo (14)

Among them, L;(m) and L;_;(m) are the current and previous log-odds values of
cell m; t is the update index; and I, and [, are the free-space and occupied-space
update increments, respectively. The condition [y, < 0 decreases occupancy probabil-
ity, whereas [_occ > 0 increases it.

Continuous fusion of laser observations can yield a two-dimensional occupancy
map. Occupancy grid mapping and scan matching are widely used in two-dimensional
laser SLAM [21-26]. Although occupancy value interpolation can also be used for contin-
uous pose evaluation, this paper directly represents the proximity of the map position to
the obstacle by the distance field. It builds the matching residuals based on this.

The occupancy map is transformed into a distance field through Euclidean distance
transformation. An efficient and accurate distance transformation algorithm on sampled
grids provides a standard computational basis for this operation [27,28], and the resulting
distance metric is used for multi-resolution pose estimation.

The distance field function at any map position is defined as:

D(q) = glelggllq —oll;

D(xy) = min ((x—w?+ (v = v))/? (15)

where q denotes an arbitrary map position, O is the set of obstacle cells, and o is an
obstacle-cell position. In Cartesian form, (x,y) denotes the query position and (u,v) an
obstacle-cell coordinate. The function D(q) gives the Euclidean distance to the nearest
obstacle; D(q) = 0 indicates that the query position lies on an obstacle boundary.

3.2. Scan-Matching Optimization Based on Multi-Resolution Distance Fields

https://doi.org/10.3390/app162110726
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The obstacle distance field provides spatial residuals for aligning laser points with
the map, and its local derivatives are used for pose optimization. The precise distances of
the discrete occupancy point set are not necessarily differentiable at positions where there
are occupancy points or multiple nearest points. Therefore, the actual gradient used by
the optimizer depends on the numerical field representation and interpolation method
[29-33].

The gradient of the distance field is defined as:

oD
e

vD(@) = |53 (16)
ay

Among them, VD(q) is the spatial gradient of the distance field at position g, and
0D/0x and 0D /0y are its partial derivatives along the map x and y axes. The gradient
points in the direction of the steepest local increase in distance and enters pose optimiza-
tion through the residual Jacobian.

Given ¢;(§) = D(T(&)pF) = D(pY), the derivative of the distance-field residual with
respect to the robot pose follows from the chain rule:

oD _ D apl¥ _ D AT(&)pt
0§ opl¥ 0¢  opl 0¢

(17)

In the formula, dD/dp_i*W is the spatial derivative of the distance field evaluated at
the transformed point p}*, and dp_i"W /3¢ is the derivative of that point with respect to
the pose vector ¢. A first-order Taylor expansion about the current pose estimate gives

e(§ +AS) ~e(§) +JAS
o w 0T )pd)
Ji = (VD(p;")) % as)
AT ®pH) [1 0 —xtsind —ytcoso
¢ [0 1 xfcos®—ytsing

Here, e is the stacked scan-residual vector, ] is its Jacobian, J; is the Jacobian row
associated with the ith LIDAR point, and A¢ is the pose increment. The quantities x/
and y/ are the LIDAR-frame coordinates of point i. The spatial gradient in Equation (16)
is a column vector, so its transpose appears in Equation (18).

The Gauss—Newton increment satisfies the normal equations:

JTpas =—Jje (19)

where JT denotes the transpose of the Jacobian, e is the stacked residual vector, and 4¢
is the Gauss—Newton pose increment. A unique increment requires J to have full column
rank; otherwise the normal equations can become ill-conditioned.

The robot pose is then updated as:

Sk = &k T AS (20)

Among them, ¢, and .., are the pose estimates at iterations k and k + 1, respec-
tively, and A¢ is the increment obtained from Equation (19). Iterative optimization seeks
a local pose estimate that reduces the scan-to-map residuals; it does not guarantee a glob-
ally optimal alignment.

Local distance-field optimization can be sensitive to initialization. Large inter-scan
motion, occlusion, or repetitive geometry can cause convergence to an incorrect align-
ment, a general limitation of local scan registration that motivates coarse-to-fine or
broader-search initialization strategies.

A coarse-to-fine multi-resolution optimization strategy is therefore proposed.

https://doi.org/10.3390/app162110726
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Distance fields are first constructed at multiple resolutions, where denotes the scale
level.
The distance-field pyramid is constructed as

D;(x,y) = Downsample(D;_; (x,¥)) (21)

In the formula, D, is the original finest-resolution distance field, D; denotes the dis-
tance field at pyramid level [, Downsample(-) is the downsampling operator, and L is
the index of the coarsest level. The level index satisfies [ = 0,1, ..., L. Distance values are
expressed in physical units at every level, and optimization traverses the levels from
coarse to fine.

Optimization proceeds from the coarsest level to the finest level. At each level, the
search region is described by a vector of nonnegative translational and angular half-
widths:

b, = [bx,z; by 1, be,z]T (22)

where b; is the search half-width vector at pyramid level [; by, by, and by, are the al-
lowable half-widths in the x, y, and heading directions, respectively. The coarsest level
provides the initial pose estimate for the next finer level.

As the optimization moves to a finer level, the search half-widths do not increase:

b_,<b, l=L—1,..1 (23)

In the formula, the symbol < denotes component-wise inequality, so every search
half-width at level [ — 1 is no larger than the corresponding half-width at level [. The
final refinement minimizes the matching objective at the finest level:

&= arg{minEO(E) (24)

Among them, Ey(§) is the finest-level matching objective and ¢* is the final opti-
mized pose. This hierarchical strategy is intended to improve initialization for fine-scale
scan matching, although ambiguity can remain in repetitive or weakly constrained scenes.

3.3. Adaptive Keyframe-Based Map Updating Using Motion and Matching Error

The traditional SLAM navigation algorithm integrates each frame of laser scanning
into the map, which easily leads to the introduction of redundant observations, thereby
causing problems such as increased map maintenance costs [34]. To address this issue,
this paper designs an adaptive keyframe selection method.

The definition of the robot’s translational displacement is:

As = \/Ax? + Ay? (25)

where As is the translational displacement relative to the last selected keyframe, and Ax
and Ay are the corresponding coordinate changes.
The keyframe selection score is defined as:

Q = als + B|A8| + YE,, (26)

Here, @, §, and y weight translational motion, angular motion, and matching error,
respectively. The implementation uses scaled coefficients so that the three terms contrib-
ute on a comparable, approximately dimensionless basis. The coefficients were designed
from reference scales of 0.20 m translation, 10° rotation, and 0.05 m scan-matching error,
corresponding to normalized importance weights of 0.45, 0.25, and 0.30. Accordingly, a
=225 m7, B =143 rad?, and y = 6.00 m'. As and |Af| denote motion relative to the
last selected keyframe, and E,, denotes the scalar scan-matching error. The keyframe
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score threshold is Q;, = 1.0. When Q > Q,;, the current LiDAR scan is selected as a
keyframe.
The map is then updated using the selected keyframe:

My = My, @ Zy (27)

In the formula, M;, and M;_, are the updated and previous maps, respectively; Z,
is the selected keyframe scan; k is the keyframe index; and the @ operator denotes inte-
gration of Z, into the map using its estimated pose.

The score makes the map-update frequency responsive to robot motion and scan-to-
map agreement. Its weights and threshold are fixed parameters; adaptation arises from
the changing inputs to the score. Because a large matching error may indicate either a
useful new observation or failed registration, the implementation additionally rejects map
integration when E,, exceeds E,,;, = 0.10 m. Thus, a scan is integrated only when Q >
Q¢ and E,, < Epqy. This prevents grossly misregistered scans from being promoted
solely because they produce a large residual.

4. SLAM Back End Based on a Spatial-Geometric LiDAR Descriptor
and Loop-Closure Optimization

Closed-loop detection and global optimization are crucial steps for reducing long-
term drift in two-dimensional laser SLAM [34,35]. The front-end scan matching estimates
the local motion between adjacent scans, but sensor noise, motion estimation errors, and
repeated geometric structures can lead to cumulative drift. Therefore, this paper designs
a combined spatial-geometry encoding laser structure descriptor. First, candidate closed
loops are generated through fast keyframe retrieval. Incorrect matches are rejected using
laser scan geometric consistency, and finally the global trajectory is corrected through
pose graph optimization.

4.1. Construction of a 2D LiDAR Structural Descriptor Based on Joint Spatial-Geometric
Encoding in Polar Coordinates

The core task of closed-loop detection is to determine whether the current environ-
ment of the robot has been visited before. Laser data collected at different times may
change due to rotation, translation, and local occlusion. Directly matching the laser point
sets incurs high computational costs and is also susceptible to environmental changes.

We construct a joint spatial-geometric descriptor from keyframe LiDAR data. Each
polar cell records the point count, mean radial distance, and local structural variation,
yielding a compact representation of the environment. As shown in Figure 3, the scan
space is divided into polar cells:

Gr = N, x Ny (28)

Here, G, denotes the polar-grid partition, N, and N, are the numbers of radial
rings and angular sectors, respectively, and N_rN_6 is the total number of regions. The
illustrated region in Figure 3 contains three LiDAR points.

https://doi.org/10.3390/app162110726
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Figure 3. (a). Polar grid partitioning of 2D LiDAR point clouds. (b). Descriptor construction based
on grid point counts.

The LiDAR-point count in each region is defined as

N
Ry = Y 101 € Cap) (29)
i=1

Here, ng;, is the number of LIDAR points in region C,;,; a indexes the radial ring; b
indexes the angular sector; N is the number of points in the scan; and /() is the indicator
function, equal to 1 when point p; belongs to C,;, and 0 otherwise.

For a nonempty region, the mean radial-distance feature is defined as

dap = ni Z Ti, Ngp >0 (30)
L:pi€Cqap
where d,;, isthe mean radial distance in region C,;,, 7; is the radial distance of point
p;, and ng, is the region point count. Equation (30) applies only when n_ab > 0; an
empty region has no defined sample mean. Compared with point counts, this feature ad-
ditionally represents obstacle-distance scale.
For two neighboring, nonempty angular regions in the same radial ring, the mean-
distance difference is defined below for b =2, ..., Ng:

Adgp = dgp — da(b—l) (31)

where Ad,, is the mean-distance difference between neighboring angular sectors b and
b — 1 within the same radial ring a. The regional features are arranged into the following
matrices:

Adll Adlz A Adlb
AD, = | : “o

: o (32)
Ad,, Ad,, -+ Adg
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where ADj, is the distance-variation matrix of keyframe k, whose entries are Ad,,. The
corresponding point-count and mean-distance matrices are denoted by Nj and Dy, re-
spectively. The structured descriptor of the kth keyframe is then expressed as

k= [Nk' Dy, ADk] (33)

where F, is the complete descriptor of keyframe k; Ny, Dy, and AD; are the point-dis-
tribution, mean-distance, and distance-variation matrices, respectively.

The point-count channel describes the distribution of returns, while the mean-dis-
tance channel describes their radial scale. The difference channel is a deterministic trans-
formation of the mean-distance channel and emphasizes angular contrast in the matching
score. It does not add independent geometric measurements.

4.2. Loop-Closure Candidate Retrieval Based on Spatial-Geometric Similarity

For the current keyframe descriptor, potential loop closures are retrieved from the
historical keyframe database

T = {Fl, F2, ""FM} (34)

to obtain candidate revisits. Here, F is the historical descriptor database, F; is the de-
scriptor of historical keyframe i, and M is the number of stored historical descriptors.
The current descriptor is denoted by F,. Temporally adjacent observations are not, by
themselves, evidence of a loop closure.

A weighted similarity measure combines the three feature channels. In Equations
(36)—(38), each feature matrix is flattened into a row vector using the same ordering, and
the norms are Euclidean norms. The cosine expressions are defined for nonzero feature
vectors:

S(F'C' Fi) = 1Sy + A3Sp + A3Sap (35)

where S(F_c,F_i) is the combined similarity between the current and historical de-
scriptors; 44, 1,, and A3 are nonnegative channel weights; and Sy, Sp, and S,p are the
point-count, mean-distance, and distance-variation similarities, respectively. The spatial-
distribution similarity is defined as

FcN (FiN)T
Sy = 36
" v
The distance-structure similarity is defined as
FP(FD)T
b = oo (37)
gt
The distance-variation similarity is defined as
FCAD (Fl-AD)T
Sap = oo eanT 38
2 e >

In Equations (36)-(38), FY, FP, and FA? denote the flattened feature vectors of the
current descriptor, with the corresponding historical vectors indexed by i. The super-
script T denotes transpose and || - || denotes the Euclidean norm. For nonzero feature
vectors, the point-count and nonnegative distance channels have cosine similarities in [0,
1], whereas the signed distance-difference channel has similarity in [-1, 1]. Consequently,
nonnegative weights satisfying 4; + 1, + 43 = 1 yield a bounded aggregate score. A his-
torical keyframe becomes a candidate when the score exceeds the loop-closure threshold.

The combined score measures agreement between the three feature channels and is
used to rank candidate revisits. Descriptor comparisons require consistent angular align-
ment. A high aggregate score does not guarantee that every channel is similar or that the
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candidate is a valid loop closure. Channel-wise cosine normalization removes each chan-
nel’s overall magnitude, so the distance channel represents the relative pattern of radial
distances rather than absolute metric scale alone.

4.3. Loop-Closure Constraint Verification Based on Geometric Consistency

Descriptor similarity alone may produce false loop closures in long corridors, sym-
metric scenes, or highly repetitive environments. The proposed method therefore applies
geometric consistency verification between the LiDAR scans.

Let the relative pose between the current keyframe and a candidate keyframe be

A& = [Ax, Ay, AB]T (39)

where A¢,; is the relative pose from candidate keyframe i to current keyframe ¢, and
Ax, Ay, and A€ are its relative translation and heading components. Distance-field scan
matching estimates this relative transform from the candidate keyframe to the current
keyframe.

The loop-closure matching error is defined as

N
1 .
Eloop = NZ D, (T(Afci)p]l') (40)
=

where Ej,,, is the loop-closure matching error, N is the number of points in the candi-
date scan, D, is the distance field associated with the current keyframe, T (A¢_ci) is the
candidate-to-current transformation, and p} isthe jth point of candidate keyframe i. The
loop-closure pose-constraint residual is defined as

ec = v(Z5' X 'X) (41)

Here, e; is the loop-closure pose residual, Z.; is the measured transform from can-
didate keyframe i to current keyframe ¢, and X, and X; map the respective keyframe
coordinates to the world frame. The function v(-) extracts the two translation compo-
nents and heading from an SE(2) transform.

The residual compares the measured relative transform with the relative transform
implied by the current pose estimates. Its translational components are expressed in me-
ters and its angular component in radians.

4.4. 2D Pose-Graph Optimization with Loop-Closure Constraints

After loop-closure detection, the robot trajectory is represented as a pose graph, fol-
lowing the standard graph-based SLAM formulation in which poses are nodes and rela-
tive-pose measurements are edges [33]. Practical nonlinear least-squares solvers such as
g2o0 provide a general optimization framework for these graph-structured estimation
problems [34].

The node set contains the keyframe poses, and each edge represents a relative-pose
constraint between two keyframes.

The pose-constraint residual is defined as

ey = v(Z5'X'X;) (42)

Here, e;; is the pose-constraint residual between keyframes i and j, Z;; is the
measured relative transform, and X; and X; are their world-frame poses. Matrix prod-
ucts denote composition in SE(2), and v(-) uses the same translation-and-heading con-
vention as Equation (41).

Minimizing the information-weighted residuals over the pose constraints gives a
nonlinear least-squares problem:
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min Z ei"Qijei;, e =[exney eg]T (43)
(.nec
Here, X denotes the set of pose variables, C is the set of pose constraints, e;; is the
residual for the constraint between keyframes i and j, and £;; is its information matrix,
conventionally the inverse residual covariance. The components e,, e,, and ey are the
translational and angular residual terms.
The optimization over the full set of adjacent-keyframe and loop-closure constraints
is written as

X* = arg min Z e ;e (44)
(inec

Here, X" is the optimized set of keyframe poses, X is the pose-variable set, C is the
set of relative-pose constraints, and (2;; weights residual e;;. The constraint set includes
both adjacent-keyframe and accepted loop-closure measurements.

The node poses are iteratively adjusted to reduce the total weighted residual. Because
relative constraints leave the global reference frame undetermined, a reference pose must
be fixed. Nonzero residuals generally remain because the measurements contain noise.

The optimized pose set defines the global robot trajectory. Pose-graph optimization
reduces drift accumulated during long-term operation and improves the overall con-
sistency of the 2D map.

The back end combines descriptor-based candidate retrieval, geometric verification,
and pose-graph optimization. Retrieval proposes possible revisits, verification assesses
their geometric consistency, and graph optimization distributes accepted loop-closure
corrections across the trajectory. These corrections complement the local estimates pro-
duced by the front end. A globally corrected map additionally requires the scan data to
be placed consistently with the optimized keyframe poses.

5. Experimental Results and Analysis
5.1. Experimental Setup and Evaluation Methods

The experiment consisted of an offline playback of publicly available two-dimen-
sional laser SLAM data from German museums and a real robot field test. The former
compared the computational costs and trajectory deviation relative to the manually anno-
tated reference for Gmapping, Hector SLAM, Karto SLAM, Cartographer, and MDF-ALC-
SLAM, and analyzed the map results and module functions; the latter was conducted in
the SIASUN Smart Park, evaluating the repeat mapping of the complete system and the
position and heading errors upon returning to the starting target after mapping. The of-
fline experiment used the complete data package b0-2014-07-11-10-58-16. bag, bag, with-
out extracting local fragments. All offline algorithms and ablation configurations were run
on the same computer equipped with an Intel Core i7-12700H and 16 GB of memory. Table
1 lists the offline and field platform configurations, and Table 2 lists the algorithm param-
eters of this paper. The amplitude of the translational disturbance is set to a maximum of
0.1 m, and the amplitude of the heading disturbance is set to a maximum of 5°.

All algorithms used the two-dimensional laser data in the same data package, and
the odometer and IMU inputs were selected according to the actual configuration of each
algorithm. The sensor differences belong to system configuration differences, so the com-
parison conclusion is only applicable to the tested configurations. The offline evaluation
used the self-developed annotation tool, manually annotating the reference position and
heading on the grid map. All algorithms shared the same fixed annotation, and the trajec-
tory points output were paired with the reference points in the order of the route, with
each pair of points corresponding to the same position on the route. The manual
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annotation has uncertainty and cannot be regarded as an independent high-precision
measurement of the true value.

Table 1. Platform configurations for offline data replay and field experiments.

Configuration Description
Offline replay computing platform Intel Core i7-12700H; 16 GB RAM
Onboard computing platform for field experiments RK3399 board
Software environment for offline replay Ubuntu 20.04; ROS Noetic; C++
Sensors and motion inputs for field experiments 360° 2D LiDAR; wheel odometry; inertial measurement unit (IMU)
LiDAR used in field experiments RPLIDAR C1; 10 Hz
Reference measurement system for field experiments Leica AT960 with T-Mac; 800 Hz

Table 2. Parameter settings for the MDF-ALC-SLAM framework.

Parameter Value
Map resolution 0.05 m
Distance-field update frequency 10 Hz
Keyframe translation reference scale 0.2m
Keyframe angular reference scale 10°
Loop-closure candidate similarity threshold 0.85
Maximum optimization iterations 20
Keyframe weight a 225 m™!
Keyframe weight 1.43 rad™!
Keyframe weight y 6.00 m!
Keyframe score threshold Q. 1.0
Matching-error rejection threshold Ej; g 0.10 m
Distance-field pyramid levels 3 (O: finest; 2: coarsest)
Scan-matching solver Gauss-Newton
Keyframe matching-error reference scale 0.05 m

The scan matching employs a three-level distance field pyramid and Gaussian-New-
ton optimization. The Oth layer is the finest layer, with a map resolution of 0.05 m; the 2nd
layer is the coarsest layer. The optimization proceeds from coarse to fine, and the previous
layer’s result is used to initialize the next layer. The key frame reference scale participates
in the weighted score, not as independent insertion triggering conditions; only when the
score exceeds 1.0 and the matching error is no greater than 0.10 m will the scan be fused
into the map. The closed-loop candidate similarity threshold of 0.85 does not replace the
geometric verification in Section 3.3.

The computational cost is evaluated by the average processing time per frame of the
algorithm, including scan matching, map update, closed-loop detection, and back-end op-
timization. The statistical range includes scan matching, map update, closed-loop detec-
tion, and back-end optimization, excluding the waiting time for data playback. The sum
of processing times for each frame within the statistical range is divided by the actual
number of processed frames to obtain the average processing time per frame. All offline
algorithms and ablation configurations are replayed once with the data packets, and the
frame average values of this run are reported.

The average processing time per frame of MDF-ALC-SLAM is 68 ms, which is lower
than 85 ms of Karto SLAM, 75 ms of Gmapping, and 95 ms of Cartographer, but higher
than 60 ms of Hector SLAM. This comparison is only for the used data, computing plat-
form, and algorithm configuration.
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Offline playback uses absolute trajectory position error (ATPE) and absolute heading
error (ATHE) to evaluate the deviation of SLAM output from the manually annotated
reference. Both indicators are statistically calculated based on the root mean square value
of N valid corresponding points. ATPE first calculates the Euclidean distance between
each pair of position points in the same coordinate system, then takes the average of the
squared distances and takes the square root, with units in meters. ATHE first normalizes
each pair of heading differences to [-m, 7], then takes the average of the squared values
and takes the square root, and finally converts to degrees. Offline correspondence rela-
tionships are established based on the route sequence and corresponding positions, with-
out using timestamp synchronization for pairing.

Offline ATPE and ATHE reflect the trajectory deviation relative to the manually an-
notated reference; in the field test, the deviation of the robot after returning relative to the
starting target is evaluated based on the actual poses obtained from external measurement
equipment. The reference basis and statistical objects of the two types of evaluations are
different, so they are reported separately.

The field return position error is used to evaluate the deviation between the meas-
ured return position and the starting target position after the robot completes the closed-
loop route. Its calculation formula is:

N
_ 1
€p.j =l Preturn,j — Ptarget,j Il2, ep = N €p.j (45)
j=1

In the formula, p;4rger Tepresents the initial target position, and pregyrn is the actual
position of the robot after returning, as measured by Leica AT960 + T-Mac. Both refer to
the position of the robot base and are uniformly expressed in the same reference base
coordinate system, with the position error unit being meters. Here, j = 1,...,30; each
pair of the initial target and return positions is matched in the same reference coordinate
system. Formula (45) defines the single error and the arithmetic mean of the errors over
30 trials.

The on-site return heading error is used to evaluate the deviation between the actual
heading after the robot’s return and the initial target heading. Its calculation formula is:

N
_ 1
€y,j =l 1/)return,j - 1ptarget,j Il2, ey = NZ €y,j (46)
Jj=1

In the formula, Y,rgec represents the initial target heading, and ¥ eqym is the return
heading measured by Leica AT960 + T-Mac and converted to the robot base coordinate
system. Both represent the direction angles of the robot coordinate system relative to the
same reference base coordinate system, and adopt the same angle convention. The angular
difference in Equation (46) is first normalized to the range [-7, 7], then the absolute value
is taken and converted to degrees; subsequently, the arithmetic mean of the 30 results is
calculated.

To ensure reproducible, comparable experiments comparing different SLAM algo-
rithms, this paper runs the experiments in a unified software and hardware environment.
It configures the sensor inputs and key parameters for each baseline algorithm. All algo-
rithms use the complete sequence (b0-2014-07-11-10-58-16.bag) from the public dataset of
the Deutsches Museum for two-dimensional laser radar scanning data as the main per-
ception input, and select wheel odometry and inertial measurement unit (IMU) data ac-
cording to the actual requirements of each algorithm. The experimental platform uses an
Intel Core i7-12700H processor and 16 GB of memory, and the software environment is
Ubuntu 20.04 and ROS Noetic. Each baseline algorithm generally follows the parameter
configuration recommended by the original literature or open-source implementation,
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and uniformly sets the map resolution to 0.05 m. At the same time, necessary adaptations
are made to the sensor topics and coordinate transformations. Specifically, CoreSLAM
adopts a lightweight mapping method based on laser scan matching, with the translation
search range set to £0.20 m and the angle search range set to +10°; GMapping adopts a
mapping method based on particle filtering, with the particle number set to 30, the trans-
lation update threshold set to 1.0 m, the rotation update threshold set to 0.5 rad, and the
resampling threshold set to 0.5; Hector SLAM adopts a pose estimation method based on
laser scan matching, with the multi-resolution map layer number set to 3, the map update
distance threshold set to 0.4 m, and the angle threshold set to 0.9 rad; Cartographer adopts
a local scan matching and global pose graph optimization framework, with the distance
data quantity of each sub-map set to 90, the laser scan cumulative quantity set to 1, the
scan matching translation weight set to 10, the rotation weight set to 40, and the maximum
optimization iteration number set to 20; Karto SLAM adopts a mapping method based on
scan matching and pose graph optimization, with the minimum scan update distance set
to 0.5 m, the minimum rotation angle set to 0.5 rad, the search space dimension of corre-
lation set to 0.5 m, the search resolution set to 0.01 m, and the maximum loop search dis-
tance set to 3.0 m. The MDF-ALC-SLAM proposed in this paper uses a map resolution of
0.05 m, a key-frame translation reference scale of 0.2 m, a rotation reference scale of 10°,
an 85% loop-candidate similarity threshold, and a maximum optimization iteration count
of 20. All algorithms use the same data sequence and computing platform for offline play-
back to reduce the influence of external experimental conditions on the results. It should
be noted that different algorithms have different dependencies on odometry and IMU, so
the comparison in this paper belongs to the system-level performance comparison of each
algorithm under the actual sensor configuration, rather than an independent performance
comparison of algorithm modules under the same sensor input conditions.

5.2. Public Data Playback Mapping Results and Ablation Analysis

The publicly available dataset used is the 2D laser SLAM data from the Deutsches
Museum, and the link is as follows:

https://google-cartographer-ros.readthedocs.io/en/latest/data.html

Figure 4 shows the maps before and after loop-closure optimization in the same data
playback of the Deutsches Museum, using the same map resolution and display scale.
Figure 4a shows phenomena such as wall misalignment, repeated contours, and insuffi-
cient boundary coincidence in the revisit area, which we use to qualitatively assess the
impact of cumulative errors on the mapping structure.

Scan: 5520
T

50

@

Figure 4. (a). Map before loop closure optimization. (b). Map after loop closure optimization.
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In Figure 4b, the repeated boundaries and local misalignment of the revisit area have
been alleviated. We jointly use candidate retrieval, geometric verification, and pose graph
optimization to establish loop constraints and adjust the poses of historical keyframes.
This comparison reflects the visible changes in the map structure and is not used for cal-
culating trajectory accuracy or the proportion of error reduction.

The qualitative evaluation in Figure 4 focuses on wall overlap, repeated contours,
and overall structural continuity, and does not replace quantitative evaluation based on
reference data using map screenshots. Figure 5 shows the mapping screenshots at differ-
ent times during the same complete data package replay, which are used to observe map
expansion, connectivity of the observed areas, and changes in obstacle boundaries. This is
not used to determine positioning accuracy or real-time performance.

Scan: 540 il

101

20 0 e 20 10 [] 0

Scan: 3720

L
20 30 50 2 40

Figure 5. Mapping results at different time steps during offline replay of the Deutsches Museum
dataset.

Table 3 presents the reduction ratios of ATPE and ATHE of the proposed method
compared with each of the comparison algorithms. Taking the most basic CoreSLAM as
the baseline, the algorithms are compared. CoreSLAM is a simplified scan matching and
grid map update navigation algorithm. The computational cost and the trajectory devia-
tion relative to the manual annotation reference are evaluated, respectively.

The reduction ratios are compared based on CoreSLAM as the baseline, and the
ATPE and ATHE in the offline replay evaluation are calculated to reflect the deviation
changes relative to the manual annotation reference. In the article, ATPE and ATHE are
the absolute trajectory position error and the absolute heading error.

Epaseline proposed

Error reduction rate = X 100% (47)

Ebaseline

Among them, Ep,spine denotes the root mean square deviation of the comparison al-
gorithm in the same offline replay evaluation, while E,;yp0seq denotes the root mean
square deviation of the method presented in this paper.
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Table 3. Percentage reductions in ATPE and ATHE relative to baseline SLAM methods using man-

ually annotated reference data during public dataset replay.

Method ATPE (m) ATHE (°) ATPE Reduction (%) ATHE Reduction (%)
CoreSLAM 0.076 4.34 — —
Gmapping 0.044 2.72 42.1 37.3

Hector SLAM 0.054 3.66 28.9 15.7
Cartographer 0.056 2.72 26.3 37.3
Karto SLAM 0.062 4.01 18.4 7.6
MDF-ALC-SLAM 0.042 1.54 44.7 64.5

Only the MDF-ALC-SLAM algorithm comparison and ablation were completed in
the offline replay of the public data. This paper reports the arithmetic mean of the position
error modulus and the absolute value of the normalised heading error returned by 30
trials. The offline experiment used manually annotated reference positions and headings;
the trajectory deviation ATPE was 0.042 m, ATHE was 1.54°, and the average processing
time per frame was 68 ms. Table 4 uses the complete MDF-ALC-SLAM as the benchmark
and removes the distance-field scan matching, multi-resolution optimization, adaptive
keyframe, and closed-loop optimization modules one by one for single-module removal
ablation. “w/0” indicates that the corresponding module is not used.

When other modules and experimental conditions remain the same, replacing the
joint keyframe scoring in this paper with the motion threshold rule yields ATPE and
ATHE values of 0.069 m and 2.63°, respectively, and an average processing time of 69 ms
per frame. In contrast, the joint scoring configuration in this paper achieves ATPE and
ATHE values of 0.042 m and 1.54°, respectively, a reduction of 39.13% and 41.44% com-
pared to the motion-threshold-only rule, with an average processing time of 68 ms per
frame. The results show that under these testing conditions, keyframe scoring that jointly
considers motion changes and matching residuals reduces trajectory deviation relative to
the manual annotation reference compared with using only the motion threshold rule,
while maintaining similar average computational costs.

Table 4. Ablation experiments of different module combinations.

Average Processing

Method ATPE (m) ATHE (°) Time (ms/Frame)
w/o adaptive keyframe 0.043 1.57 72
w/o distance field scan matching 0.064 2.41 86
w/o multi-resolution optimization 0.057 2.24 91
w/o closed-loop optimization 0.081 4.53 93
MDF-ALC-SLAM 0.042 1.54 68
MDE-ALC-SLAM with Movement threshold 0.069 2.63 69

Table 4 presents the comparison results of the complete MDF-ALC-SLAM method
and each variant after removing individual modules. The ATPE of the complete method
is 0.042 m, the ATHE is 1.54°, and the average processing time per frame is 68 ms, all of
which are the lowest values among the listed configurations. After removing the adaptive
keyframe, ATPE and ATHE increase to 0.043 m and 1.57°, respectively, and the processing
time increases to 72 ms, indicating that this module mainly shows a reduction in compu-
tational overhead in this test, with a relatively small impact on trajectory error. After re-
moving the distance field scan matching or multi-resolution optimization, both error val-
ues increase, suggesting that these two modules have a positive effect on the pose estima-
tion under the current configuration. Among them, after removing the distance field scan
matching, ATPE and ATHE are 0.064 m and 2.41°, respectively; after removing the multi-
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resolution optimization, they are 0.057 m and 2.24°, respectively. The error after removing
the closed-loop optimization is the largest, with ATPE reaching 0.081 m and ATHE reach-
ing 4.53°, indicating that closed-loop optimization is more effective in suppressing the
cumulative drift in this playback.

5.3. Field Mapping and Autonomous Return Experiment in SIASUN Smart Park

The field test was conducted in the open office area and adjacent corridors of SIASUN
Smart Park, covering an area of approximately 500 m?, with a total fixed route length of
about 93 m. Each test consisted of two phases: manual remote control for mapping, fol-
lowed by allowing the robot to autonomously start from the initial position and return to
that position, using external equipment to evaluate the return position and heading devi-
ation. We carried out 30 tests, reinitialising the mapping each time, not using the previous
map, and keeping the algorithm parameters consistent. The robot was set to a travelling
speed of 0.3 m/s. RPLIDAR C1 two-dimensional laser radar was used on-site, with an
actual scanning frequency of 10 Hz, and a wheel odometer and IMU were equipped. The
algorithm was deployed on the RK3399 board, and the parameters are shown in Table 2.
The reference pose was obtained from the Leica Absolute Tracker AT960 laser tracker and
the T-Mac six-degree-of-freedom target, with the actual data output frequency being 800
Hz. The test route was arranged around the tracker, with a total length of approximately
93 m. The measurements were synchronised with the robot’s clock, and the on-site data
were associated by timestamp. Based on the target installation relationship, we converted
the measured poses to the robot base; the heading angle represents the robot coordinate
system’s direction relative to the reference base coordinate system. To display the trajec-
tory, the reference pose was unified to the SLAM map coordinate system through fixed
rotation and translation.

Figures 6-8 show on-site scenes of adjacent workstation passageways, passageway
intersections, and corridors, with partitions, walls, columns, and door openings providing
geometric constraints; desks and chairs forming local obstructions; and glass partitions
and repetitive structures possibly increasing scan-matching ambiguity. The initial work-
station partitions, walls, and seats limited the visible range, and the map mainly covered
the adjacent free space and some obstacle boundaries, as shown in Figure 6. After entering
the intersection area, the multi-directional visible space increased, and the newly observed
boundaries expanded the map into a connected passage, as shown in Figure 7. Subse-
quently, continuous walls and openings on both sides of the corridor entered the obser-
vation range, and the map presented the structure of the corridor and adjacent areas, as
shown in Figure 8. The experiment covered straight paths, turns, and changes in visible
space to demonstrate continuous mapping. The red dots represent the robot’s position at
the moment of the screenshot. The screenshots show the expansion of the space and the
structure’s connectivity; we calculated the position and heading error for returning to the

starting target based on external measurement data.

(b)
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Figure 6. (a). Initial scene in the passageway adjacent to the workstation. (b). Local mapping results

during the initial stage.

(a) (b)

Figure 7. (a). Real-world scene at the passageway intersection. (b). Map expansion results in the

intersection area.

@ (b)

Figure 8. (a). Real-world scene in the corridor. (b). Mapping results of the corridor and adjacent

areas.

The front end performs multi-resolution registration and keyframe updates, while
the back end performs retrieval, geometric verification, and pose-graph optimization. The
white areas represent the observed free space, the black contours represent the occupied
boundaries, and the grey areas represent the unknown space. The stripes extending along
the laser rays cannot be directly interpreted as walls. The on-site map shows the gradual
connection of the channel and adjacent areas, and the qualitative evaluation focuses on
the continuity of the walls, repeated boundaries, and geometric relationships at the inter-
sections. The autonomous return after mapping adopts a complete closed route. The robot
starts and returns to the initial target autonomously. The return position and heading er-
rors are calculated based on the deviation between the actual return position and heading
and the starting target position and heading. Figure 9 shows the complete route, the meas-
ured reference trajectory, and the SLAM-estimated trajectory, with the starting target and
return position labelled. The average processing time per frame for scan matching, map
update, loop closure detection, and back-end optimization is calculated for each on-site
experiment. The average frame value of 30 experiments is taken as the arithmetic mean,
resulting in 73 ms. The position and heading errors of the return are calculated based on
the actual return pose and the starting target pose and heading. The average return posi-
tion error ATPE is 0.053 m, and the average return heading error ATHE is 1.94°.
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Figure 9. (a). Annotated navigation route with loop closure. (b). Comparison between the measured

reference trajectory and the SLAM-estimated trajectory during the autonomous return test.

Figure 10 uses the full MDF-ALC-SLAM as the baseline. It removes the distance-field
scan matching, multi-resolution optimization, adaptive keyframe, and closed-loop opti-
mization modules one by one to conduct single-module ablation. “w/0” indicates that the
corresponding module is omitted, and “Target path” denotes the manually annotated ref-
erence trajectory. The figure qualitatively shows the output of each configuration and the
reference trajectory.

Figure 10 presents the trajectory comparison of the complete MDF-ALC-SLAM and
each variant after the removal of individual modules. Specifically, Figure 10a shows the
overall trajectory, and Figure 10b illustrates the differences between each ablation config-
uration and the reference trajectory. After removing the distance field scan matching, the
trajectory shape shows a significant deviation; after removing the multi-resolution opti-
mization, the deviation in some turning and path connection areas increases; after remov-
ing the adaptive keyframe, the overall shape of the trajectory is still close to the reference
path, with relatively small changes; after removing the closed-loop optimization, some
sections show a relatively obvious overall offset, and the generated error is the largest.
Figure 10b shows the manually annotated “Target path” reference trajectory in the real
scene, where the on-site return error reflects system performance under the combined ef-
fects of positioning and motion control, verifying MDF-ALC-SLAM'’s correctness.

As shown in Figure 11, navigation variability experiments were conducted within a
confined area for 15 trials, presenting the navigation test scenario in a narrow office
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corridor. The workstation partitions, desks, and chairs restricted the robot’s movement
space and created local obstructions. This scene was used to supplement the evaluation
of the robot’s performance in repeatedly navigating and returning under space-con-
strained conditions. The photos in the figure show the test environment and the robot’s
operating situation. The specific return errors and fluctuations between tests are given in
Table 5. The test points were selected as the robot’s target points in the figure.

e Target path w/o Multi-resolution optimization wio Distance field scan matching
wi/o Closed-loop optimisation ~——— w/o Adaptive keyframes w MDF-ALC-SLAM

w/o closed-loop w/o multi-resolution
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(a) Overall trajectory comparison

(c) Experimental environment and target path

Figure 10. Trajectory comparison between the full proposed method and its variants with individual
modules removed. (a) Overall trajectory comparison among the manually annotated target path,
the complete MDF-ALC-SLAM, and the four single-module ablation variants. (b) Per-component
trajectory deviations produced by removing closed-loop optimization, multi-resolution optimiza-
tion, adaptive keyframes, or distance-field scan matching. (c) Experimental environment and the

target path used for field validation.

Figure 11. Navigation variability experiments within a confined area.

Table 5 lists the return position error e, ; and return heading error ey, ; for 15 trials.
According to the table, the average return position error is 0.0535 m, the sample standard
deviation is 0.0235 m, and the error range is 0.012~0.094 m; the average return heading
error is 1.941°, the sample standard deviation is 0.463°, and the error range is 0.98~2.76°.
These statistical quantities simultaneously reflect the average return deviation and the
fluctuations during repeated runs of this group of tests. Among them, the return position
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error shows a relatively obvious relative dispersion. These results evaluate the system’s
return performance under the combined effects of positioning and motion control in the
narrow-scenario measurement. They are similar to the previous experimental results of
ATPE =0.053 m and ATHE = 1.94°.

Table 5. Return position and heading errors across 15 navigation trials in a confined environment.

Trial e,; (m) ey; () Trial e,; (m) ey (°)
1 0.059 1.94 9 0.083 1.57
2 0.064 2.01 10 0.066 1.75
3 0.051 2.23 11 0.094 2.54
4 0.049 2.65 12 0.050 2.04
5 0.062 1.89 13 0.019 1.58
6 0.061 1.72 14 0.013 1.72
7 0.067 0.98 15 0.012 1.74
8 0.053 2.76

6. Conclusions

This paper presents MDF-ALC-SLAM, a 2D laser SLAM method that integrates
multi-resolution distance-field scan matching, adaptive keyframe selection that accounts
for motion and matching errors, spatial geometric descriptor-based loop-closure retrieval,
geometric verification, and pose-graph optimization. The public data replay demonstrates
the changes in map structure, the trajectory deviation relative to the manually annotated
reference, and the computational cost. The complete method takes an average of 68 ms
per frame to process, which is 28.42% lower than the basic configuration of 95 ms. The
field test is divided into two stages: manual remote mapping and autonomous return after
mapping. The average return position error across 30 tests is 0.053 m, and the heading
error is 1.94°; the average per-frame processing time on the RK3399 platform is 73 ms. Due
to the different offline and field platforms and configurations, the processing times are
reported separately. These results provide support for the effectiveness and deployment
feasibility of the method under the tested data, environment, and system configuration.
Among them, the on-site return error reflects system performance under the combined
effects of positioning and motion control and verifies the correctness of MDF-ALC-SLAM.

Future research will be conducted in the following directions:

Combine dynamic target detection and map update to reduce the influence of mov-
ing objects on laser scan matching, and evaluate the system performance under different
dynamic intensities.

Study more efficient laser feature representation and retrieval methods to reduce the
overhead of loop closure detection in large-scale environments.

Further integrate visual, IMU, and other sensor information, and evaluate trajectory
positioning accuracy, running delay, and system stability through independent reference
measurements and repeated experiments.
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