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Abstract: In response to the widespread absence of global navigation satellite system (GNSS) signals in
underground parking scenes, we propose a multimodal localization method that integrates enhanced
berth mapping with Clothoid trajectory prediction, enabling high-precision localization for intelligent
vehicles in underground parking environments. This method began by constructing a lightweight
map based on the key berths. The map consisted of a series of discrete nodes, each encompassing three
elements: holistic and local scene features extracted from an around-view image, and the global pose
of the mapping vehicle calculated using the positions of the key berth’s corner points. An adaptive
localization strategy was employed during the localization phase based on the trajectory prediction
result. A progressive localization strategy, relying on multi-scale feature matching, was applied
to the nodes within the map coverage range. Additionally, a compensation localization strategy
that combined odometry with the prior pose was utilized for the nodes outside the map coverage
range. The experiments conducted in two typical underground parking scenes demonstrated that
the proposed method achieved a trajectory prediction accuracy of 40 cm, a nearest map search
accuracy exceeding 92%, and a metric localization accuracy meeting the 30 cm standard. These
results indicate that the proposed approach satisfies the high-precision, robust, real-time localization
requirements for intelligent vehicles in underground parking scenes, while effectively reducing the
map memory requirements.

Keywords: intelligent vehicle; enhanced berth mapping; trajectory prediction; multimodal localization;
underground parking scene

1. Introduction

Localization is vital for connected and automated vehicles (CAVs) [1,2]. Satellite-based
localization, reliant on global navigation satellite system (GNSSs), encounters difficulties
in satellite-denied areas like underground parking scenes [3]. The literature categorizes
non-GNSS vehicle localization into wireless-based [4–6], LiDAR-based [7–9], and vision-
based methods [10,11]. However, wireless-based methods suffer from unstable signal
transmission and the costly deployment of access points. LiDAR-based localization meth-
ods will also face challenges in data storage, transmission, and updates for a long time to
come. Additionally, the high cost of LiDAR makes it less suitable for large-scale indus-
trial applications.

With the rapid development and cost reduction of onboard camera manufacturing
technology, vision-based localization methods have been widely utilized in CAVs [12,13].
Classic vision-based localization methods include visual odometry (VO) [14–16], visual
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map-based localization [17–19], and visual simultaneous localization and mapping (V-
SLAM) [20–22]. However, in practice, VO and V-SLAM methods suffer from cumulative
error issues in long-term localization [23–25]. High-definition (HD) visual maps can pro-
vide accurate and stable positional references, which can minimize the accumulation of
localization errors. Nevertheless, HD maps store a large amount of static high-precision in-
formation and other dynamic information, resulting in significant data volume and storage
space requirements, as well as matching delays and low matching efficiency. Lightweight
maps take up less storage space than high-precision maps [26], but because of the small mag-
nitude of the features that they store, the accuracy of the localization based on lightweight
maps is relatively low. Trajectory predictions can predict the possible future position of
a vehicle by analyzing the vehicle’s historical motion trajectory, speed, acceleration, and
other dynamic information. This prediction can be combined with real-time visual odom-
etry to correct and optimize the localization results, thereby improving the localization
accuracy [27,28]. In complex environments or areas with large signal interference, trajectory
prediction can effectively compensate for localization errors.

Based on the above considerations, we propose a sequential processing strategy inte-
grating enhanced berth mapping with Clothoid trajectory prediction to address the above-
mentioned challenges and extend the localization services to underground parking scenes.
The fundamental process involved generating a lightweight map containing multidimen-
sional information based on the key berths in underground parking scenes. Furthermore, it
triggered a localization mechanism that matched the trajectory prediction result.

The remaining parts of this paper are organized as follows. Section 2 presents some
related work. Section 3 describes the proposed localization method in the GNSS-denied
underground parking scenes. The experiments were conducted on real-world datasets
and are discussed in Section 4. Finally, Section 5 provides the conclusion of the proposed
intelligent underground localization method.

2. Literature Review

This section provides a review of the research progress on the visual positioning of
intelligent vehicles in underground parking lots, as shown in Table 1.

Table 1. Overview of the literature review.

Classical Localization in
Unknown Environments Localization Process Classification of Methods Disadvantages

Visual localization method

Visual map construction
HD map [29–33]

Large data volume, high storage
requirements, and low

matching efficiency

Lightweight map [26] Less features, reduced accuracy

Map-based localization

Sparse feature-based matching
methods [13,34–40] Insufficient matching accuracy

Multi-level matching method
[31,41,42]

Mismatching of feature points
in repeated textures

“Coarse-to-fine” matching
strategy [43]

High dependence on node
density

Localization method considering
trajectory prediction [27,28,44]

High dependence on node
density

Visual localization in
underground parking lots

Panoramic monitoring for identifying idle parking spaces [45] Unable to obtain precise pose of
parking spaces and vehicle

Berth codes matching method [46] Mismatching caused by
encoding occlusion
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The visual localization method based on low-cost cameras is a classical approach that
enables high-precision vehicle localization in unknown environments. The VO method
estimates the current pose of the vehicle by acquiring time-series localization data. However,
due to observation errors, using time-series estimation methods can lead to accumulated
errors and cause the trajectory of the vehicle to deviate from the actual route over time. V-
SLAM methods perform mapping and localization simultaneously, utilizing map-matching
techniques to achieve loop closure detection and improve localization accuracy. However,
even with V-SLAM, there still exists a significant problem of accumulated errors as the
driving distance increases, resulting in a gradual reduction in the localization accuracy. A
widely adopted approach is to decouple the localization process into two stages: visual
map construction and map-based localization [17].

The current focus of visual map construction is primarily on improving the localization
accuracy. The typical approach involves extracting the feature information from the target
scene to build an HD map. An HD visual map can provide accurate and stable position
references for localization [29], thereby minimizing cumulative errors. For example, Jingyu
Li et al. proposed a lane-segmentation detection method, named Lane-DeepLab, for
detecting multi-class lane lines in unmanned driving scenarios for high-definition maps [30];
Huayou Wang et al. extracted semantic information from an HD map and performed data
association (DA) to obtain high-precision vehicle poses [31]; Gallazzi et al. exploited a
line-detection algorithm to retrieve the required information from camera images, thus
constructing a lane-level HD map [32]; and Tuopu Wen et al. introduced the use of an
abundance of visual features and multi-frame HD map landmark features to constrain
the estimation of the vehicle position and improve localization accuracy [33]. Although
HD maps provide rich information support, they have disadvantages such as a large data
volume, high storage requirements, and a low matching efficiency. Therefore, it is necessary
to explore new solutions to improve maps’ real-time performance, accuracy, and matching
efficiency to better meet the requirements of high-precision localization systems.

In the map-based localization stage, the first step is to find the map node in the vi-
sual map that is most similar to the current image. Then, the pose relationship between
the current vehicle and the map is calculated using the matched feature points to com-
plete the localization. Sparse feature-based matching methods are commonly used in this
process [34,35], such as scale-invariant feature transform (SIFT) [36], speeded-up robust
features (SURF) [37], oriented FAST and rotated BRIEF (ORB) [38], and others [13,39,40]. Al-
though sparse feature-based map-matching methods satisfy the requirement of minimizing
time complexity, they suffer from insufficient matching accuracy.

To improve the matching accuracy, research has proposed localization methods such
as hierarchical matching using the bag-of-words (BoW) model [41,42] and multi-view
localization [31]. These methods aim to enhance the success rate of map matching by
switching perspectives or levels. Another approach to address map-matching failures is
to adopt a “coarse-to-fine” matching strategy. For example, based on seqSLAM sequence
matching, a multi-resolution localization method has been proposed using particle filter
algorithms [43]. However, this process of moving from coarse node-level localization to
more precise metric-level localization involves accumulated errors, and the localization
accuracy is highly dependent on node density.

In recent years, trajectory prediction has been considered in the localization problem to
improve the localization accuracy [27,28]. The core of the trajectory prediction is to deeply
analyze and learn the historical motion trajectory of the moving object to predict its future
motion trend and position. In the localization problem, trajectory prediction can provide
the localization algorithm with prior information on the future position [44]. This prior
information can help the algorithm to maintain a high positioning accuracy even when the
signal quality is poor. At the same time, trajectory prediction can help reduce the noise and
outliers in the sensor data, thereby improving the positioning accuracy.

Underground parking scenes are indoor environments with dense architectural ob-
structions, limiting the satellite signals. In such cases, low-cost visual cameras can be used
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for localization. One method is to utilize surveillance cameras in the parking lot to detect
vacant parking spaces, thereby assisting in localization [45]. However, this localization
method can only roughly estimate the positions of the vacant parking spaces. It cannot
obtain precise information about berth and vehicle poses, requiring manual parking and
having limited automation. Another method is to extract the berth codes from the around-
view images captured by onboard cameras for matching, and further introduce visual
fiducial markers to improve the overall localization accuracy [46]. However, the visual fidu-
cial markers, similar to quick response (QR) codes, are prone to occlusion, rendering them
ineffective. Specifically, when the reference object is occluded, there may be a slight overlap
between the current image and the visual map’s field of view, resulting in map-matching
failures and reduced localization accuracy.

In summary, existing vehicle localization methods for underground parking scenes
face two unresolved issues: (1) a large data volume, matching latency, and low efficiency
in HD maps; (2) a low matching success rate between the target localization node and the
nearest map node, resulting in a low localization accuracy. To address these problems, an
enhanced berth mapping model is proposed, which generates a lightweight map that im-
proves the map retrieval efficiency and significantly reduces the map storage. Furthermore,
trajectory prediction, especially the trajectory prediction method based on the Clothoid
theory [47–49], has a high trajectory calculation accuracy and can provide high-precision
running trajectories of the vehicle to assist in improving the localization accuracy. Therefore,
a multimodal localization method with the lightweight map and the Clothoid trajectory
prediction is proposed. Thus, the contributions of this paper can be summarized as follows:

1. We introduce an enhanced berth mapping model that is tailored to underground
parking scenes. This model, indexed by key berths, selects scene data reasonably and
creates uniformly distributed map nodes. Each node includes three elements: holistic
and local scene features extracted from an around-view image, and the global pose
of the mapping vehicle calculated based on the positions of the key berth’s corner
points. This representation model not only assists vehicles in achieving high-precision
localization but also significantly reduces the memory requirements of the map.

2. We propose a multimodal localization method that is capable of rapid and high-
precision vehicle localization with robustness. This method employs an adaptive
localization strategy corresponding to the trajectory prediction result. A progressive
localization strategy based on multi-scale feature matching is applied if the target
node is within the map coverage range. This includes rough localization based on
the trajectory prediction, node-level localization integrating the holistic features and
the weight hybrid k-nearest neighbor (WH-KNN) algorithm [50], and metric-level
localization combining the local feature matching and prior pose. A compensation
localization strategy combining odometry with prior pose is utilized if the node is
outside the map coverage range.

3. Proposed Method
3.1. System Overview

The proposed method, presented in Figure 1, consists of two main steps: enhanced
berth mapping and multimodal localization. The mapping step involves generating a
lightweight map using a series of discrete nodes. Each node includes three elements:
holistic and local scene features extracted from an around-view image, and the global pose
of the mapping vehicle calculated based on the positions of the key berth’s corner points. In
the multimodal localization step, the corresponding localization method is adapted based
on the predicted pose of the vehicle. If the predicted pose falls within the range of the
lightweight map, the vehicle pose is determined based on multi-scale feature matching
with the map. If not, the vehicle pose is determined using odometry with prior pose.
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Figure 1. The illustration of the proposed localization method.

3.2. Enhanced Berth Mapping

This paper utilized the node-based map representation model to generate a lightweight
map. The method of lightweight map generation is illustrated in Figure 2. Mk represents a
map block constructed based on the k-th key berth, which contained a certain number of
map nodes. The map nodes {M(k,i)|I ∈ [1, n]} were discretely distributed with a resolution
of ∆m, which represented the Euclidean distance between the adjacent map nodes. In
each map node M(k,i), an around-view image was captured using an around-view monitor
(AVM). It should be noted that the around-view image needed to include two outer corner
points of the key berth. The pose of the mapping vehicle was calculated based on the
positions of the key berth’s corner points:

R G
(k,i)·X

V
(k,j) + t G

(k,i) = X G
(k,j), j = 1, 2, (1)

where XV
(k,j) and XG

(k,j) are the coordinates of the key berth’s j-th corner point, indicating
the coordinates in the coordinate system of the mapping vehicle and the global coordinate
system, respectively. PG

(k,i) = [RG
(k,i), tG

(k,i)] represents the global pose of the mapping vehicle,

which is also the global pose of the map node M(k,i), where RG
(k,i) is the rotation matrix

and tG
(k,i) is the translation vector. As shown in Figure 3, the global coordinates of the key

berth’s corner points were collected using a total station that was integrated with a global
positioning system (GPS). As shown in Figure 4, the coordinate XV

(k,j) was obtained by
converting the pixel coordinate U(k,j) = [u(k,j), v(k,j)]

X V
(k,j) =

[
− (v (k,j) − v r) · λ
− (u (k,j) − u r) · λ

]
, j = 1, 2, (2)

where Ur = [ur, vr] is the pixel coordinates of the mapping vehicle’s rear axle center, and λ
is the physical scale of a single pixel in the around-view image.
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The selection of the key berths should prioritize improving the localization accu-
racy. On straight roads, the position of the vehicle (x-coordinate, y-coordinate) constantly
changes, while its heading angle remains unchanged or changes very little. On curved
roads, both the position and the angle of the vehicle change, making high-precision local-
ization more challenging. Therefore, the key berths should be distributed near the curves
of the driving path to make the map cover more of the curved areas. As shown in Figure 2,
the red berths are the selected key berths. There is no fixed standard for setting the density
of the key berths and the density is proportional to the map coverage area and the mapping
workload, which should be set based on the actual needs.
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As shown in Figure 1, during the online localization process using a lightweight map,
the first step for the vehicle was to locate the nearest map node. Subsequently, the global
pose of the vehicle was calculated based on the matching results of the local features and the
global pose of the nearest map node. This paper employed holistic feature matching results
to determine the nearest map node. The holistic feature referred to a feature extracted from
the around-view image after being scaled to a fixed size, and its neighborhood covered the
scaled image. This paper extracted two types of holistic features from the around-view
image, performed matching steps for each type, and combined the results to enhance the
accuracy of the nearest map node search. The selection of the SURF [37] and ORB [38]
features as holistic features in this paper was justified using robustness. Additionally, the
ORB features were chosen as local features due to their fast matching speed. In summary,
each map node consisted of three elements: the holistic features, the local features, and the
pose of the mapping vehicle.

3.3. Localization Initialization

When starting the localization process, intelligent vehicles needed to undergo an
initial step called localization initialization. Localization initialization involves a series of
operations to acquire the initial pose of the vehicle, establishing the starting state for the
localization. In this paper, a lightweight map-based approach was used to complete the
localization initialization step, and the details of this method are presented in Sections 3.5
and 3.6. The localization initialization step was triggered when the vehicle entered the map
area. It is important to note that, for the subsequent trajectory prediction, the number of
nodes that determined the pose based on the localization initialization step should be equal
to or greater than 2.

3.4. Trajectory Prediction with Clothoid

Using regular GPS to provide a rough pose estimation for the intelligent vehicles
is common in outdoor environments. However, regular GPS signals are obstructed in
underground parking scenes, rendering them ineffective for rough localization. Therefore,
in this paper, a trajectory prediction was employed to provide a rough pose estimation
for the vehicles in underground parking scenes, allowing for a quick determination of
whether the vehicle was within the map coverage area and facilitating the selection of an
appropriate localization method. This paper categorized the vehicle trajectories into two
types, namely straight lines and curves, based on the variation in the heading angle of the
vehicle. The corresponding trajectory prediction methods were then proposed accordingly.

Figure 5a illustrates the trajectory of a vehicle moving in a straight line with a constant
heading angle. {Le|e ∈ [q, m − 1]} represents the historical localization nodes on this
trajectory, with known global poses. Among them, Lq is the initial localization node of this
trajectory and q represents the index of this node. Lm is the current localization node and m
represents the index of this node. The global pose of Lm was predicted as follows:



Appl. Sci. 2024, 14, 5032 8 of 25

{
R G

(m,g) = R G
m−1 = · · · = R G

q+1 = R G
q

t G
(m,g) = t G

m−1 + ∆ t G
(m,g)

, and
{

q ≤ m− 2
m ≥ 3

, (3)

where PG
(m,g) = (RG

(m,g), tG
(m,g)) represents the predicted global pose of the current localization

node Lm, and ∆tG
(m,g) denotes the estimated translation vector from node Lm−1 to node Lm.

Due to the short and nearly equal time intervals between the adjacent localization nodes,
and the assumption of the vehicle moving at a constant speed within a short period, ∆tG

(m,g)
was calculated based on the mean of the historical translation vectors:

∆ t G
m, g ≈

∑m −1
e = q +1 ∆ t G

e

m− q− 1
, (4)

where ∆tG
e represents the translation vector between the adjacent historical nodes.
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in Figure 5b, this represented a continuous curvature trajectory originating from zero
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calculated using the following formulas [51]:

x(sm) = sign(α) ·
√

π
|α| · C

(
α sm√

π |α|

)
y(sm) =

√
π
|α| · S

(
α sm√

π |α|

) , (5)

where C(s) and S(s) are the Fresnel cosine and sine function [52], respectively, and the
function sign(α) returns the sign of the sharpness α. The sharpness α was defined as dc/ds,
which indicated the change in the curvature c concerning the distance s traveled on the
curve. The curvature c was defined as dθ/ds, representing the change in the heading
angle of the vehicle concerning the distance s traveled on the curve. Since the vehicle
was assumed to move at a constant speed over a short period, and a vehicle following
the Clothoid at a constant speed experienced a constant rate of angular acceleration, the
sharpness α was a constant value that was calculated using the following formula:

α =
∑m − 1

e = q+1
ce − cq

se
m− q− 1

=
∑m − 1

e = q+1

θe − θq

se
− cq

se
m− q− 1

=
∑m − 1

e = q+1
θe

s2
e

m− q− 1
, and


θq = 0
cq = 0
q ≤ m− 2
m ≥ 3

, (6)
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where θe represents the heading angle of the localization node in the coordinate system {Lq}.
Since Lq is the origin, both θq and cq are zero. Meanwhile, the time intervals between the
adjacent localization nodes were very short, such as a localization frequency of 10 Hz, and
the time interval between the adjacent localization nodes was only 0.1 s. As a result, the
curve interval ∆se between the adjacent localization nodes could be approximated using a
straight line ∆le. Therefore, the calculation formula for sm was as follows:

sm ≈ ∑m
e = q + 1 ∆ le

∆ lm ≈
∑m − 1

e = q + 1 ∆ le
m− q− 1

, and
{

q ≤ m− 2
m ≥ 3

. (7)

And then, to calculate the predicted heading angle of the localization node Lm in the
coordinate system {Lq} based on the predicted position (x(sm), y(sm)):

θ (m, g) = arctan(
y(sm)

x(sm)
). (8)

Finally, the predicted global pose of the localization node Lm was calculated based on
the global pose of Lq:

P G
(m, g) = P G

q · P
(V, q)
(m, g), (9)

where PG
q represents the global pose of Lq, and P(V,q)

(m,g) derived from (x(sm), y(sm)), and θ(m,g)

represents the predicted pose in the coordinate system {Lq}.
A check was performed by utilizing the global predicted pose of the current localiza-

tion node Lm to determine whether it fell within the map coverage area. As illustrated in
Figure 6, δ represents the estimated error of Lm’s global predicted pose, while ψ denotes
the configured search radius. Hence, the sum of δ and ψ, (δ + ψ), represented the actual
search radius. If there existed map nodes falling within the actual search range of Lm, it
was considered to be within the map coverage area, and a localization candidate set was
constructed based on these map nodes. Otherwise, Lm was regarded as being outside
the map coverage area. As depicted in Figure 6, Mcandi = {M(k,i−1), M(k,i), M(k,i+1), M(k,i+2)}
formed the localization candidate set for Lm.
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of map nodes was performed based on the predicted pose.

3.5. Nearest Map Node Search with WH-KNN

The next step for the localization nodes within the map coverage area was to retrieve
the nearest map node. This paper employed the WH-KNN algorithm [50] for searching the
nearest map node. The WH-KNN algorithm tackled the problem of ambiguity recognition
by introducing the weight values.

Figure 7 illustrates the WH-KNN algorithm. First, the current localization node Lm was
matched with the localization candidate set Mcandi using SURF and ORB holistic feature
matching. Based on the matching results, SURF and ORB decision spaces were constructed
separately. In the SURF decision space, the Euclidean distance was used as the metric [37],
while in the ORB decision space, the Hamming distance was used as the metric [38].
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matching results between the current localization node, Lm, and the localization candidate set, Mcandi.
Similarly, the ORB decision space refers to the holistic ORB feature matching results between the
current localization node, Lm, and the localization candidate set, Mcandi.

Then, the KNN algorithm was used to search for the NF neighbors in the SURF decision
space, and similarly, to search for the NB neighbors in the ORB decision space. Based on
this, a weight was assigned to each neighbor, where the weight of the nearest neighbor
was the smallest, and the weights of the remaining neighbors increased accordingly. In the
SURF decision space, the weight assignment formula for the NF searched neighbors was
as follows:

W F(Mη) = β ·
D F

(
L m, Mη

)
∑NF

η =1 D F
(

L m, Mη

) , (10)

where DF (Lm, Mη) represents the Euclidean distance between the SURF holistic features of
the current localization, Lm, and the η-th nearest map node, Mη . In the ORB decision space,
the weight assignment formula for the NB searched neighbors was as follows:

W B(Mτ) = σ · D B(L m, Mτ)

∑NB
τ =1 D B(L m, Mτ)

, (11)

where DB (Lm, Mτ) represents the Hamming distance between the ORB holistic features of
the current localization, Lm, and the τ-th nearest map node, Mτ . The weighting coefficients
β and σ represented the weights assigned to the two different types of holistic features, and
the calculation formulas were as follows:

β =
NF

NF + NB
, σ =

NB

NF + NB
, (12)

Next, {Mη|η ∈ [1, NF]} and {Mτ|τ ∈ [1, NB]} were merged to create a new decision
space {Mξ|ξ ≤ (NF + NB)}. The weight calculation was performed for each map node, Mξ ,
in the fused decision space.

W(Mξ) = ∏
Mη=Mξ

WF
(

Mη

)
· ∏
Mτ=Mξ

WB(Mτ), (13)

As can be seen from the above formula, if a map node belonged to both {Mη|η ∈ [1,
NF]} and {Mτ|τ ∈ [1, NB]}, its fusion weight was smaller. If a map node only belonged to
either {Mη|η ∈ [1, NF]} or {Mτ|τ ∈ [1, NB]}, its final weight was equal to its initial weight.
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If a map node was closer to the current localization node, Lm, its fusion weight should
have been smaller. Therefore, the map node with the smallest fusion weight was selected
as the nearest map node.

Mnearest = arg min
{Mξ | ξ ≤ ( NF+NB)}

W(Mξ), (14)

3.6. Metric Localization for Vehicle Pose

For the current localization node, Lm, if the nearest map node Mnearest was retrieved,
the next step was to solve the final pose of the intelligent vehicle based on the local feature
matching results. The specific steps were as follows. First, the ORB local feature set
Ωquery was extracted from the around-view image of the current localization node, Lm,
and matched with the ORB local feature set, Ωtrain, of the nearest map node Mnearest’s
around-view image. Then, the random sample consensus (RANSAC) algorithm [53] was
used to remove the mismatched feature pairs and retain the correct matching feature
pairs, denoted as f query and f train, where f query ⊂ Ωquery and f train ⊂ Ωtrain. Next, based
on Formula (2), f query was transformed to the vehicle coordinate system to obtain the
feature set f V

query. Based on the global pose of the nearest map node, Mnearest, and Formula
(2), f train was transformed to the global coordinate system to obtain the feature point set
f G
train. Finally, based on the global predicted pose of the current localization node, Lm, the

Levenberg–Marquardt (L–M) algorithm [54] was applied to associate f V
query with f G

train, to
calculate the pose of the current localization node, Lm, in the global coordinate system.

It is essential to highlight that if the current localization node, Lm, fell outside the map
coverage area, the global pose of the intelligent vehicle was calculated based on the local
feature matching results between Lm and the preceding localization node Lm−1, employing
a calculation method similar to that described earlier. Algorithm 1 effectively demon-
strates the integration and execution process of the proposed intelligent underground
localization method.

Algorithm 1 Intelligent underground localization algorithm

Input:
KBD: Key berths data for constructing the lightweight map
LD: Localization data from AVM
Output:
PD: Precise global pose data of the intelligent vehicle

1: function generateLightweightMap(KBD):
2: Map← initializeEmptyMap( )
3: for each DataNode in KBD:
4: f holistic ← extractHolisticFeatures(DateNode.image)
5: f local ← extractLocalFeatures(DateNode.image)
6: Pmap ← calculateGlobalPose(DateNode.cornerPoints)
7: MapNode← createNode(DateNode.id, f holistic, f local, Pmap)
8: Map.addNode(MapNode)
9: end for

10: return Map
11: function trajectoryPrediction (VehicleTrajectory):
12: if the VehicleTrajectory is a straight line:
13: PPredict ← linearExtrapolation(VehicleTrajectory)
14: else if the VehicleTrajectory is a curve:
15: PPredict ← clothoidTheory(VehicleTrajectory)
16: end if
17: return PPredict
18: function multimodalLocalization(QueryImage, PPredict, Map):
19: if the PPredict is within the map coverage range:
20: f queryHolistic ← extractHolisticFeatures(QueryImage)
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21: f queryLocal ← extractLocalFeatures(QueryImage)
22: Mcandi ← coarseLocalization(PPredict, Map)
23: Mnearest ←WH-KNN(f queryHolistic, Mcandi)
24: Pfinal ←metricLocalization(f queryLocal, Mnearest)
25: else if the PPredict is outside the map coverage range:
26: f queryLocal ← extractLocalFeatures(QueryImage)
27: Pfinal ← odometryTheory(f queryLocal)
28: end if
29: return Pfinal
30: function mainProcess(KBD, LD):
31: PD← initializeEmptyResult( )
31: Map← generateLightweightMap(KBD)
32: for each LocalizationNode in LD:
33: PPredict ← trajectoryPrediction(VehicleTrajectory)
34: Pfinal ←multimodalLocalization(LocalizationNode.queryImage, PPredict, Map)
35: PD.addPose(Pfinal)
36: end for
37: return PD

4. Experimental Results
4.1. Scenes and Platforms Introduction

To validate the performance of the proposed localization method, this paper conducted
experiments in two typical underground parking scenes, as shown in Figure 8. Figure 8a,b
depicts an industrial park’s underground parking scene with a total experimental path
length of approximately 146 m, an area of approximately 1145 m2, and a total of 24 berths.
Figure 8c,d represents a mall’s underground parking scene with a total experimental path
length of around 362 m, an area of approximately 6669 m2, and a total of 141 berths.

Appl. Sci. 2024, 14, x FOR PEER REVIEW 13 of 26 
 

acquisition frequency of the INS was 50 Hz. Time synchronization between the AVM and 
the INS was achieved through clock synchronization and interpolation. The computing 
platform used for the experiments was a laptop computer equipped with a 2.8 GHz Intel 
i7-7700HQ CPU and 4 GB RAM. 

  
(a) (b) 

  
(c) (d) 

Figure 8. Experimental scenes. (a) Depicts the experimental path in the industrial park’s under-
ground parking scene; (b) shows the distribution of the berths in the industrial park’s underground 
parking scene; (c) illustrates the experimental path in the mall’s underground parking scene; (d) 
displays the distribution of the berths in the mall’s underground parking scene. 

  
(a) (b) 

Figure 9. Experimental platforms. (a) Shows the test vehicle used in the experiments is the BYD e5 
electric car; (b) illustrates the sensor installation locations. 

4.2. Datasets 
The test vehicle collected three loops of data in each of the two experimental scenes 

at speeds below 20 km/h. In the industrial park’s underground parking scene, the three 
loops of data consisted of 330 nodes, 358 nodes, and 287 nodes, respectively. In the mall’s 

B
01

B
02

B
03

B
04

B
05

B
06

B
07 E0
1

E0
2

E0
3

E0
4

F6
1

F6
2

F6
3

F6
4

F6
5

F6
6

F6
7

A
01

A
02

A
03

A
04

A
05 F6
8

Start pointKey berth Corner point of key berth Driving trajectory Wall

Start pointKey berth Corner point of key berth Driving trajectory Wall
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scene; (c) illustrates the experimental path in the mall’s underground parking scene; (d) displays the
distribution of the berths in the mall’s underground parking scene.
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The test vehicle used in the experiments was the BYD e5 electric car, as shown in
Figure 9a. Figure 9b illustrates the sensor installation positions. The vehicle was equipped
with four fisheye cameras, installed respectively on the front and rear bumpers, as well as
the left and right mirrors of the vehicle, to form an AVM. The data acquisition frequency of
the AVM was 10 Hz, and the captured images had a pixel size of 416 × 416, with a physical
scale factor of 0.02 m per pixel. The pixel coordinates at the rear axle center of the vehicle
were Ur = (207, 285). Additionally, a high-performance inertial navigation system (INS) was
installed at the rear axle center of the vehicle. The INS can still collect high-precision pose
information even in enclosed indoor environments, such as underground parking scenes,
serving as the ground truth for the localization system. The data acquisition frequency of
the INS was 50 Hz. Time synchronization between the AVM and the INS was achieved
through clock synchronization and interpolation. The computing platform used for the
experiments was a laptop computer equipped with a 2.8 GHz Intel i7-7700HQ CPU and
4 GB RAM.
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Figure 9. Experimental platforms. (a) Shows the test vehicle used in the experiments is the BYD e5
electric car; (b) illustrates the sensor installation locations.

4.2. Datasets

The test vehicle collected three loops of data in each of the two experimental scenes
at speeds below 20 km/h. In the industrial park’s underground parking scene, the three
loops of data consisted of 330 nodes, 358 nodes, and 287 nodes, respectively. In the mall’s
underground parking scene, the three loops of data comprised 1482 nodes, 1443 nodes,
and 1658 nodes, respectively. The data from the first loop in both scenes were used for the
map construction, while the data from the second and third loops were utilized for the
localization experiments.

In this paper, the collected around-view images were subjected to linear pixel value
scaling to reduce the illumination, thereby simulating around-view image data acquisition
under low-light conditions, as shown in Figure 10. The left image in Figure 10 represents
the original image captured under sufficient lighting conditions, while the right image has
had its illumination reduced to 50% of the original. With the aforementioned processing,
each loop of the localization data underwent four sets of experiments: Group 1, where both
the lighting conditions for the localization data and the map data were strong; Group 2,
where the lighting conditions for the localization data were weak while those for the map
data were strong; Group 3, where the lighting conditions for the localization data were
strong while those for the map data were weak; Group 4, where both the localization data
and the map data had weak lighting conditions. In summary, this paper employed the
method of linear pixel value scaling to control the illumination as a variable, allowing for the
assessment of the proposed localization method’s robustness to varying lighting conditions.
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4.3. Comparison Methods

This paper selected the literature [34] that shared the same core concept of “mapping
first, then localization” as the comparison method. For the target localization scene, in [34],
a dense map was constructed offline based on node models. During the online localiza-
tion, [34] first generated the around-view images based on sensor data. Subsequently, it
employed the quantity of the matched local feature pairs as a measurement criterion to
achieve node-level localization within the map and to calculate the pose of the vehicle based
on the result of the node-level localization. In this paper, a comprehensive evaluation was
conducted in various aspects, including the memory requirements for the maps, the nearest
map node retrieval, the metric localization, timeliness, and robustness, when compared
with [34], to thoroughly assess the performance of the proposed method.

Simultaneously, to further evaluate the proposed method’s performance in terms
of localization accuracy, robustness, and the ability to overcome cumulative errors, this
paper selected the mature panoramic SLAM method, PAN-SLAM [25], as a comparative
benchmark. This feature-based PAN-SLAM method calculated the target’s position based
on panoramic image sequences, employing steps such as feature detection and match-
ing, frame tracking, and loop closure detection. PAN-SLAM demonstrated outstanding
localization performance across various scenarios.

4.4. Maps Construction

This paper constructed the maps based on the first loop of data collected from each
underground parking scene. As shown in Figure 8b, there were a total of six key berths in
the industrial park’s underground parking scene, and as shown in Figure 8d, there were
a total of 13 key berths in the mall’s underground parking scene. Near each key berth, a
certain number of nodes were selected to construct a map block. The selection of nodes
followed two principles: firstly, the selected nodes’ around-view images should include
the two outer corner points of the key berths; secondly, to avoid excessive density, there
should be a certain distance between the adjacent nodes. It was performed to improve
the efficiency of the map matching and ensure the real-time performance of the entire
localization system. Based on the above criteria, the map constructed in the industrial
park’s underground parking scene consisted of six blocks with 78 nodes. In the mall’s
underground parking scene, the map consisted of 12 blocks with 277 nodes. The Euclidean
distance between the adjacent nodes was approximately 0.5 m. Figure 11 illustrates the
distribution of the map nodes in different underground parking scenes. It is worth noting
that this paper constructed two maps for each underground parking scene based on the
corresponding light intensities due to the variations in the lighting conditions.
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Figure 11. Distribution of map nodes. (a) Depicts the distribution of the map nodes in the industrial
park’s underground parking scenes; (b) illustrates the distribution of the map nodes in the mall’s
underground parking scene. The coordinates (41,517,770, 3,462,200) and (41,486,100, 3,455,580)
correspond to the base coordinates of the map nodes in their respective underground parking scenes.
For instance, if a map node of the industrial park’s underground parking scene is displayed at
coordinate (30, 15) in the figure, the actual coordinates would be (41,517,770 + 30, 3,462,200 + 15).

Table 2 provides a comparison of the memory requirements for the maps constructed
by the proposed method and Tao’s method [32]. The proposed method reduced map
memory usage by over 75% compared with Tao’s method. This was because the proposed
method constructed maps based on the key berths and selected a reasonable number of
data nodes, resulting in a more lightweight map. In contrast, Tao’s method built maps
based on all the data nodes, leading to redundancy and significantly increased memory
requirements for the system. Additionally, in low-light conditions, the memory usage
for the maps constructed was reduced by over 50% compared with well-lit conditions.
This was because the number of local features was directly proportional to the lighting
conditions. As shown in Figure 10, when the lighting was strong, the number of extracted
local features was significantly higher, increasing the maps’ memory requirements.

Table 2. Memory requirements comparison for the maps constructed by different methods.

Scene Method
Memory Requirements (MB)

Strong Light Weak Light

Industrial park Ours 4.4 2.2
Tao’s 17.7 8.1

Mall
Ours 22.3 9.6
Tao’s 114.1 51.0

4.5. Localization Initialization Step

In the localization experiments conducted in two typical underground parking scenes,
the starting points were consistently positioned near key parking berths, that is, within
the coverage range of the map. This approach was implemented to ensure that the system
initiated the localization initialization process right from the outset, expediting the entire
localization procedure. During the experiments, the number of nodes used to calculate
the global pose of the vehicle based on the initialization step was set at five. It should be
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noted that if the starting point was positioned beyond the coverage range of the map, the
holistic feature matching results between the localization nodes and the map nodes would
serve as the triggering mechanism for the localization initialization step. Specifically, when
a matching around-view image was detected from the map, it triggered the localization
initialization step and completed the entire initialization procedure within the map block
where the matched map node was located.

4.6. Trajectory Prediction Results

This paper provides a coarse pose for the intelligent vehicle in the underground
parking scene through trajectory prediction, which helps to narrow the scope of the nearest
map node retrieval and serves as a prior pose for metric localization. To improve the
computational efficiency, the following formulas [52] were employed during the trajectory
prediction process to approximate the values of the Fresnel cosine function C(x) and the
sine function S(x): 

C(x) = 1
2 + ω(x)sin

(
π
2 x2)− ϕ(x)cos

(
π
2 x2)

S(x) = 1
2 −ω(x)cos

(
π
2 x2)− ϕ(x)sin

(
π
2 x2)

ω(x) = 1+0.926x
2+1.792x+3.104x2

ϕ(x) = 1
2+4.142x+3.492x2+6.670x3

(15)

The results of the trajectory prediction experiments based on 16 sets of data are shown
in Table 3. In the industrial park’s underground scene, the average error for each group
of experiments fell within the range of [0.31 m, 0.51 m], with the maximum errors not
exceeding 2.85 m. In the mall’s underground scene, the average error for each group of
experiments was within the range of [0.39 m, 0.47 m], with the maximum errors not ex-
ceeding 2.23 m. The experimental results indicated that the trajectory prediction algorithm
achieved an average prediction accuracy of approximately 0.4 m across multiple datasets in
two typical underground parking scenes. Furthermore, the algorithm demonstrated a high
precision, robustness, and consistent performance with a difference in the average error of
no more than 0.11 m between the different scenes. Additionally, the maximum error of this
trajectory prediction algorithm was less than 3 m. Therefore, in this paper, the threshold
δ for the vehicle trajectory prediction error was set to 3 m, which adequately covered
the actual errors occurring in the trajectory prediction algorithm. It is worth noting that
the trajectory prediction aims to provide a coarse pose, so the algorithm was considered
reasonable when the error was within a manageable range.

Table 3. Comparison of the trajectory prediction results for each experimental group.

Scene Loop Number
Average Error (m) Max Error (m)

Group 1 Group 2 Group 3 Group 4 Group 1 Group 2 Group 3 Group 4

Industrial park 2nd 0.31 0.34 0.44 0.37 1.67 2.14 2.85 2.38
3rd 0.38 0.40 0.51 0.43 1.21 1.89 1.85 1.91

Mall 2nd 0.39 0.41 0.41 0.40 1.98 2.08 1.99 1.80
3rd 0.42 0.42 0.47 0.45 1.64 1.62 2.23 1.60

Once the coarse position of the vehicle was obtained, it could be checked whether the
vehicle is within the coverage range of the map. The radius ψ for searching the map nodes
was set to 3 m. Therefore, the actual search radius for the map nodes was (δ + ψ = 6 m), and
the map nodes within this radius constituted the localization candidate set Mcandi. If the
localization node was within the coverage range of the map, the next step was to retrieve
the nearest map node.

4.7. Nearest Map Node Search Results

The evaluation method for the nearest map node retrieval experiments adopted
commonly used metrics in loop-closure detection [55]. Specifically, when the vehicle



Appl. Sci. 2024, 14, 5032 17 of 25

was positioned between two adjacent map nodes, it was typically considered that both
the nearest map node and the second nearest map node are the correct matching results.
In other words, when the frame error was equal to 0 or equal to 1, both were considered
correct matches. Here, the “frame error” refers to the node difference between the map
nodes obtained in the experiment and the ground truth.

The value of K in the WH-KNN algorithm is a crucial factor directly related to the
accuracy of the nearest map node retrieval. Therefore, before conducting the experiments
on retrieving the nearest map nodes, it was essential to determine a reasonable value for
K through experimentation. In this paper, Group 1 from each dataset was selected for
experimentation, and an optimal value for K was chosen within the threshold range [2,8].
The experimental results are presented in Table 4. In the industrial park’s underground
parking scene, the second loop of data achieved the best performance at K = 6, with a
nearest map retrieval accuracy of 96.37% and an average error of 0.039 frames. For the third
loop of data, the optimal result was achieved at K = 5, with a nearest map retrieval accuracy
of 94.77% and an average error of 0.059 frames. In the mall’s underground parking scene,
both loops of data performed optimally at K = 5, with nearest map retrieval accuracies
of 95.36% and 93.67%, and average errors of 0.053 frames and 0.071 frames, respectively.
From the above, it can be observed that the optimal performance was achieved at K =
5 for three of the four datasets. Only in the case of the second dataset in the industrial
park’s underground parking scene did K = 5 yield a suboptimal result. However, the
difference in performance was minimal, with an accuracy of only 0.56% lower and an
error of 0.006 frames higher than the optimal result. In summary, choosing K = 5 was a
reasonable choice.

After determining the value of K, the experiments for the nearest map node retrieval
based on 16 sets of data were conducted, and the experimental results are shown in Table 5.
In the industrial park’s underground parking scene, for our method, the accuracy for each
group of experiments fell within the range of [93.03%, 96.09%], with average errors ranging
from 0.045 to 0.080 frames. In contrast, for Tao’s method, the accuracy for each group of
experiments was within the range of [41.81%, 77.37%], with the average errors ranging
from 0.246 to 1.268 frames. In the mall’s underground parking scene, for our method, the
accuracy for each group of experiments fell within the range of [92.52%, 95.63%], with
the average errors ranging from 0.052 to 0.084 frames. In contrast, for Tao’s method, the
accuracy for each group of experiments was within the range of [42.34%, 49.62%], with
average errors ranging from 1.030 to 1.238 frames.

Table 4. Comparison of the results for the different K values in nearest map node retrieval.

K’s Value
Industrial Park Mall

2nd Loop 3rd Loop 2nd Loop 3rd Loop

Accuracy
(%)

K = 2 93.01 92.33 87.53 85.46
K = 3 93.85 93.03 90.78 89.69
K = 4 95.25 94.08 93.49 91.86
K = 5 95.81 94.77 95.36 93.67
K = 6 96.37 93.73 94.11 92.16
K = 7 95.81 93.03 93.00 91.13
K = 8 94.97 92.33 92.33 90.59

Average error
(frames)

K = 2 0.081 0.098 0.173 0.188
K = 3 0.078 0.087 0.120 0.128
K = 4 0.053 0.066 0.080 0.093
K = 5 0.045 0.059 0.053 0.071
K = 6 0.039 0.073 0.073 0.090
K = 7 0.047 0.080 0.089 0.106
K = 8 0.059 0.087 0.111 0.113
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Table 5. Comparison of the results for the different methods in nearest map node search.

Scene Loop Number Method
Accuracy (%) Average Error (Frames)

Group 1 Group 2 Group 3 Group 4 Group 1 Group 2 Group 3 Group 4

Industrial park
2nd Ours 95.81 95.81 95.53 96.09 0.045 0.047 0.050 0.047

Tao’s 77.37 75.14 60.34 70.11 0.246 0.285 0.860 0.419

3rd Ours 94.77 93.03 94.43 93.38 0.059 0.080 0.070 0.080
Tao’s 63.76 60.98 41.81 56.10 0.415 0.498 1.268 0.662

Mall
2nd Ours 95.36 95.50 95.63 95.43 0.053 0.052 0.053 0.059

Tao’s 49.62 49.62 48.65 48.58 1.030 1.063 1.046 1.086

3rd Ours 93.67 92.88 92.70 92.52 0.071 0.081 0.083 0.084
Tao’s 44.99 45.66 42.34 44.15 1.184 1.198 1.235 1.238

Based on the experimental results of the nearest map node retrieval, it was evident
that the proposed method achieved a retrieval accuracy of over 92% in all scenes, with
an average error not exceeding 0.09 frames. This reflects the high precision, robustness,
and strong applicability of our method across different scenes. In contrast, Tao’s method
failed to achieve a retrieval accuracy exceeding 78% in all scenes, and the discrepancy in
retrieval accuracy between the different scenes could be as high as 33%. This indicates
that Tao’s method has a lower retrieval accuracy and poorer scene adaptability. Compared
with Tao’s method, our method significantly improved accuracy. This improvement can be
attributed to our method’s encoding of images into a holistic feature and using the distance
between the holistic features to represent the similarity between the nodes, which provided
a more comprehensive and rational representation. Moreover, our method successfully
resolved the problem of ambiguous recognition by utilizing the WH-KNN algorithm, which
significantly enhanced the accuracy. Tao’s method relies on the quantity of matched local
feature pairs to measure the node similarity. However, erroneous matching pairs can
have a detrimental impact on the representation of node similarity, leading to a reduced
retrieval accuracy.

Our method maintained a difference in accuracy of less than 2% under different light-
ing conditions for the same source data, while the accuracy difference for Tao’s method
reached up to 22%. This demonstrated that our method’s resistance to lighting interference
far surpassed the comparison method’s. The sensitivity of Tao’s method to lighting condi-
tions was because when the lighting is sufficient, there was an abundance of matched local
feature pairs, and the proportion of erroneous matching pairs among them was relatively
low, resulting in a minor impact on the retrieval accuracy. However, when the lighting
was weak, there were fewer matched local feature pairs, and the proportion of erroneous
matching pairs among them was higher, significantly affecting the retrieval accuracy. In
contrast, our method represented the similarity between the nodes based on the distance
between the holistic features, effectively avoiding these issues and enhancing the resistance
to lighting interference.

4.8. Metric Localization Results

The results of the metric localization for our method and the comparison methods are
presented in Table 6. Figure 12 shows the comparison of the localization trajectories and
the cumulative error distribution between the three methods in the industrial park’s under-
ground parking scene, while Figure 13 displays the same data for the mall’s underground
parking scene.

In the industrial park underground parking scene, our method achieved an average
error in the range of [0.262 m, 0.429 m] for each experiment, with the percentage of nodes
with errors less than 0.6 m ranging from 85.71% to 99.16%. In contrast, Tao’s method had
an average error in the range of [0.329 m, 1.158 m] for each experiment, with the percentage
of nodes with errors less than 0.6 m ranging from 40.77% to 82.4%. PAN-SLAM had an
average error in the range of [0.313 m, 0.492 m] for each experiment, with the percentage of
nodes with errors less than 0.6 m ranging from 62.72% to 89.66%.
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Table 6. Comparison of the results for the different methods in the metric localization.

Scene Loop Method
Average Error (m) Percentage of Nodes with Error < 0.6 m (%)

Group 1 Group 2 Group 3 Group 4 Group 1 Group 2 Group 3 Group 4

Industrial park

2nd
Ours 0.262 0.281 0.364 0.300 99.16 98.32 90.50 94.69
Tao’s 0.329 0.362 0.803 0.503 82.40 81.28 60.89 75.70

PAN-SLAM 0.313 0.416 0.313 0.416 89.66 73.18 89.66 73.18

3rd
Ours 0.339 0.352 0.429 0.372 97.56 95.47 85.71 94.43
Tao’s 0.542 0.579 1.158 0.725 64.11 62.37 40.77 59.23

PAN-SLAM 0.404 0.492 0.404 0.492 74.22 62.72 74.22 62.72

Mall

2nd
Ours 0.355 0.362 0.362 0.357 91.27 90.85 90.51 91.55
Tao’s 1.155 1.179 1.193 1.171 16.22 14.48 15.32 14.83

PAN-SLAM 0.587 0.731 0.587 0.731 53.43 43.24 53.43 43.24

3rd
Ours 0.373 0.372 0.408 0.396 88.96 89.02 83.84 85.52
Tao’s 1.267 1.267 1.432 1.354 11.84 10.98 9.83 10.01

PAN-SLAM 0.661 0.754 0.661 0.754 49.19 41.80 49.19 41.80
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Figure 12. Comparison of the metric localization results between our method and the comparison
methods in the industrial park’s underground parking scene. (a,b) Depict the localization trajectories
and the cumulative error distribution based on the data from the second loop; (c,d) show the
localization trajectories and the cumulative error distribution based on the data from the third loop.
The cumulative error distribution refers to the percentage of localization nodes within each error
level relative to the total number of localization nodes.
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Figure 13. Comparison of metric localization results between our method and the comparison
methods in the mall’s underground parking scene. (a,b) Depict the localization trajectories and
cumulative error distribution based on the data from the second loop; (c,d) show the localization
trajectories and cumulative error distribution based on the data from the third loop.

In the mall’s underground parking scene, our method resulted in an average error
in the range of [0.355 m, 0.408 m] for each experiment, with the percentage of nodes with
errors less than 0.6 m ranging from 83.84% to 91.55%. In contrast, Tao’s method had an
average error in the range of [1.155 m, 1.432 m] for each experiment, with the percentage
of nodes with errors less than 0.6 m ranging from 9.83% to 16.22%. PAN-SLAM had an
average error in the range of [0.587 m, 0.754 m] for each experiment, with the percentage of
nodes with errors less than 0.6 m ranging from 41.80% to 53.43%.

Based on the results of the metric localization experiments, our method achieved an
average localization accuracy of approximately 30 cm on multiple test datasets in two
typical underground parking scenarios. Moreover, around 90% of nodes had errors less
than 0.6 m, indicating that our method offered a high localization accuracy, robustness,
and strong applicability across different scenes. In contrast, Tao’s method had an overall
average localization accuracy of approximately 1.15 m, with the highest difference in the
localization accuracy between different scenes reaching up to 0.94 m. This indicated that
Tao’s method had a lower localization accuracy and poor scene adaptability. Compared
with Tao’s method, our method significantly improved the localization accuracy. This
improvement can mainly be attributed to the superior performance of our method in
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the nearest map node retrieval process. To explain further, they are more similar when
the retrieved map node is closer to the localization node. Consequently, the number of
matched local feature pairs increased, which aided in solving the pose relationship between
them. The cumulative error distribution in Figures 12 and 13 demonstrated that our
method exhibited minimal localization fluctuations, while Tao’s method suffered from
many localization outliers. This highlighted the superior stability of our method compared
with Tao’s method.

The localization accuracy of PAN-SLAM was approximately 54 cm on multiple datasets
in two typical underground parking scenarios. Compared with PAN-SLAM, our method
improved the localization accuracy by around 24 cm, demonstrating a superior localization
performance in various positioning scenarios. Although PAN-SLAM showed a good
localization performance, it suffered from the phenomenon of cumulative errors, especially
as the travel trajectory became longer, making this cumulative error more pronounced.
In contrast, our method effectively avoided the accumulation of errors by employing a
progressive map-matching strategy. This ensured not only localization accuracy but also
maintained the robustness of the localization system.

Considering the overall experimental results, Group 1 performed the best. This meant
that the metric localization performance was optimal when both the localization and map
data had sufficient lighting conditions. This was because the number of matched local
feature pairs was directly proportional to the lighting conditions, as shown in Figure 14.
When the lighting was sufficient, the number of matches was significantly higher compared
with the weak lighting conditions, and a greater number of matched local feature pairs
contributed positively to the localization accuracy. However, our method maintained a
difference in the accuracy of less than 0.1 m under varying lighting conditions for the same-
source data. This indicated that the lighting had a very limited impact on our method’s
performance in the metric localization because our method could maintain a high accuracy
in the nearest map node retrieval, even under different lighting conditions. Therefore,
a relatively abundant set of matched local feature pairs could still be ensured when the
lighting was weak.
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4.9. Time Consumption Results

The comparison of the results regarding localization time between our method and the
comparison methods is presented in Table 7. In the industrial park’s underground parking
scene, our method achieved an average localization time ranging from 102 ms to 155 ms for
each group of experiments, while Tao’s method resulted in an average localization time
ranging from 1469 ms to 1993 ms. PAN-SLAM resulted in an average localization time
ranging from 98 ms to 121 ms.

In the mall’s underground parking scene, our method’s average localization time
for each group of experiments fell within the range of 122 ms to 165 ms, while the Tao
meth-od’s average localization time ranged from 1731 ms to 1965 ms. PAN-SLAM resulted
in an average localization time ranging from 105 ms to 125 ms.
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Table 7. The comparison of the results for different methods in terms of the localization time.

Scene Loop Method
Average Time Consumption (ms)

Group 1 Group 2 Group 3 Group 4

Industrial park

2nd
Ours 132 114 145 119
Tao’s 1765 1540 1947 1490

PAN-SLAM 116 101 116 101

3rd
Ours 144 102 155 107
Tao’s 1798 1510 1993 1469

PAN-SLAM 121 98 121 98

Mall

2nd
Ours 131 125 149 122
Tao’s 1906 1731 1945 1763

PAN-SLAM 118 105 118 105

3rd
Ours 161 146 165 149
Tao’s 1947 1861 1965 1883

PAN-SLAM 125 113 125 113

Based on the experimental results regarding the localization time, our method achieved
a localization time of no more than 155 ms in all scenes, meeting the real-time requirements.
In contrast, Tao’s method exhibited a localization cycle of no less than 1731 ms across all
scenes, indicating a more extended localization period. Compared with Tao’s method, our
method significantly enhanced the localization efficiency, which was primarily attributable
to utilizing the holistic features. On one hand, encoding the images directly into a holistic
feature drastically reduced the feature extraction time. On the other hand, representing
the similarity between the nodes with the distances between the holistic features reduced
the feature matching time. Tao’s method relied on the number of matched local feature
pairs to represent the node similarity, and since there are hundreds of local features on each
image, both the feature extraction and matching required a considerable time to complete.
Furthermore, the Tao method’s map nodes were densely distributed, resulting in more map
nodes in the localization candidate set Mcandi, further extending the localization time.

PAN-SLAM relied primarily on feature matching between the adjacent panoramic
images to achieve localization, thereby achieving a high localization frequency. Our method
accelerated the map node retrieval efficiency by employing holistic feature matching,
maintaining a localization frequency comparable with PAN-SLAM. Consequently, both our
method and PAN-SLAM met the requirements for the positioning timeliness.

5. Conclusions

This paper first proposed an enhanced berth mapping model for underground park-
ing scenes. The generated lightweight map was distributed in block form around key
parking berths, and each map block consisted of a certain number of discrete nodes. Fur-
thermore, a high-precision multimodal localization method was proposed that integrated
the lightweight map and the Clothoid trajectory prediction. This method used trajectory
prediction to determine the position range of the vehicle and employed an adaptive local-
ization strategy that matched the prediction result. The experiments were conducted in
two typical underground parking scenes, leading to the following conclusions:

1. The proposed representation method constructed a lightweight map based on the
scene data associated with the key berths, effectively compressing the memory require-
ments of the map while assisting the intelligent vehicles in achieving high-precision
positioning. Additionally, it offered the advantages of a low mapping cost, a low
maintenance cost, and high practicality.

2. The proposed localization method achieved a trajectory prediction accuracy of 40 cm
on multiple datasets from two typical underground parking scenes. Meanwhile, the
accuracy of the nearest map node retrieval exceeded 92%, and the metric localization
accuracy met the 30 cm standard. This demonstrated that the proposed localization
method possessed high precision, robustness, and applicability to diverse scenes. Si-
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multaneously, under varying lighting conditions for the same source data, the method
controlled the differences in various indicators within a narrow range, showcasing its
strong resistance to light interference.

3. The proposed localization method, based on a lightweight enhanced berth map, uti-
lized the distance between the holistic features to represent the similarity between
the nodes, effectively reducing the localization time and achieving a localization
frequency of approximately 10 Hz, thus meeting the real-time requirements. This
demonstrated the low spatial and temporal complexity and low operational cost of
the localization system.

In our future research plans, we will continue to focus on around-view images of
underground parking lot scenes and develop semantic feature extraction and matching
methods to replace the role of traditional features in the localization system. This will
improve the real-time performance, accuracy, and robustness of the system.
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