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Abstract

High-definition (HD) maps, with their accurate and detailed road information, have become
a core component of autonomous vehicles. These maps help vehicles with environment per-
ception, precise localization, and path planning. However, outdated maps can compromise
vehicle safety, making map updates a key research area in intelligent driving technology.
Traditional surveying methods are accurate but expensive, making them unsuitable for
large-scale and frequent updates. Most existing crowdsourced map update methods focus
on matching perception data with map features. However, they lack sufficient analysis
of the reliability and uncertainty of perception results, making it difficult to ensure the
accuracy of map updates. To address this, this paper proposes an HD map change detection
method that considers the uncertainty of single-source perception results. This method
extracts road feature information using onboard camera and Global Navigation Satellite
System (GNSS) data and improves matching accuracy by combining geometric proximity
and consistency. Additionally, a probability-based change detection method is introduced,
which evaluates the reliability of map changes by integrating observations from multi-
source vehicles. To validate the effectiveness of the proposed method, experiments were
conducted on both simulation data and real-world road data, and the detection results of
single-source data were compared with those of multi-source fused data. The experimental
results indicate that the probabilistic estimation method proposed in this study effectively
identifies the three typical scenarios of addition, deletion, and modification in HD map
change detection. Additionally, the method achieves more than a 10% improvement in
both precision and recall compared to single-source data.

Keywords: high-definition map; intelligent vehicle; crowdsourced data; change detection

1. Introduction
The development of intelligent driving technology helps reduce traffic carbon emis-

sions and improve road safety, making it one of the research hotspots [1,2]. However, in
existing technologies, autonomous vehicle sensors are often affected by environmental
factors, leading to traffic accidents, which has raised widespread public concerns about the
safety of autonomous driving technology [3–5]. To ensure vehicle safety, high-definition
(HD) maps have gradually become an indispensable part of autonomous vehicles [6]. HD
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maps are precise navigation maps that use centimeter-level accuracy to describe road ge-
ometry and semantic information [7,8], including lane markings, traffic signs and symbols,
traffic information, road boundaries, and other detailed road features [9,10]. Compared to
traditional navigation maps, HD maps have higher accuracy and more detailed semantic
information [11]. These maps provide key prior information for autonomous vehicles,
playing an important supporting role in core modules such as environmental perception,
precise localization, control and path planning [12,13]. As the automation level of intelligent
vehicles continues to increase, the system’s reliance on HD maps also deepens. Especially
in complex traffic scenarios, HD maps have become an essential component in ensuring the
safety and robustness of autonomous driving systems [14]. Therefore, how to efficiently,
accurately, and cost-effectively construct and update HD maps has become a critical issue
in the fields of autonomous driving [15].

In real-world road environments, road structures and traffic elements are frequently
updated, such as the addition of new lanes, adjustments to lane markings, or temporary
construction. If HD maps are not updated in time, it can lead to deviations in the perception,
localization, or decision-making processes of autonomous vehicles, thus affecting driving
safety. The current common method for HD map updating primarily relies on mobile
measurement systems (MMS) for field data collection and processing, which can provide
centimeter-level data. However, these systems are expensive, with long data processing
workflows, requiring significant time for map updating. Therefore, although MMS offer
high accuracy, they face challenges such as high costs and long update cycles, making it
difficult to meet the timeliness and coverage requirements of autonomous vehicles [16,17].
In contrast, crowdsourced data uses low-cost sensors on regular vehicles (e.g., taxis, buses)
to collect road traffic data, offering a more affordable solution with broader coverage and
more stable data sources. This approach is cost-effective and provides broader coverage
with more stable data sources. According to existing literature [11,18], crowdsourcing can
achieve sub-meter-level data collection and HD map updates. Although this accuracy is
not as high as the centimeter-level accuracy provided by MMS-based systems, it is usually
sufficient for many intelligent driving applications and real-time map updates. Therefore,
in recent years, crowdsourced data has become an important data source for HD map
updates [19,20].

In recent years, many studies have attempted to use crowdsourced data from onboard
sensors to automatically update HD maps [21,22]. However, most existing methods focus
primarily on the matching process between perception data and map features, as well as
the map update process, while paying less attention to the unreliability and uncertainty
of the perception results themselves [23,24]. In real-world road environments, individual
perception results from single-vehicle data are often incomplete or inaccurate due to
occlusion, viewpoint limitations, or errors in sensor parameters. Directly using single-
vehicle perception data for map updates can lead to misjudgments in map change detection,
affecting the accuracy and precision of the HD map. To address this issue, this paper
proposes an HD map change detection method that considers the uncertainty of single-
vehicle perception data. The method categorizes map changes into three types: addition,
deletion, and modification. It then fuses multi-source perception results to construct a
probabilistic evaluation model for these changes. This model incorporates data matching
consistency and the reliability of detection results.

The main contributions of this paper are as follows:

1. A multi-object detection and tracking method based on a hybrid model is proposed,
which enables real-time perception and tracking of ground lane markings and arrows.

2. A feature matching algorithm based on geometric proximity and shape consistency is
proposed, allowing for accurate matching between perception results and HD maps.
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3. A probabilistic update model that considers the uncertainty of single-vehicle percep-
tion data is developed, which integrates multi-source data to achieve precise map
change detection.

2. Related Work
As this study focuses on HD map change detection and automatic updating, this

section provides a review of HD map construction and update methods, with an emphasis
on existing research using crowdsourced onboard perception data for map updates.

2.1. HD Map Construction and Update

In the initial construction phase of HD maps, traditional methods typically rely on
MMS for high-precision data collection, combined with manual or semi-automated pro-
cessing workflows to generate HD maps [25,26]. MMS platforms usually integrate high-
precision LiDAR, surround cameras, and an integrated navigation system (INS), enabling
the collection of centimeter-level road spatial information for HD map construction. How-
ever, this method has limited coverage and high processing costs, making it suitable for
the initial construction of HD maps but not ideal for map updates. In addition to MMS-
based approaches, some studies have also attempted to use high-resolution remote sensing
imagery for HD map construction [27,28]. Gao et al. proposed a method that integrates
satellite imagery and onboard sensor data to generate satellite images for each sample
in the nuScenes dataset and then constructs HD maps through a hierarchical feature fu-
sion module [29]. Similarly, Wei et al. integrated high-resolution aerial imagery, vehicle
telemetry, and existing navigation map information to extract and reconstruct HD map
features [22]. However, these remote sensing-based methods face challenges in ensuring
the accuracy, timeliness, and completeness of semantic information of map features when
constructing high-precision maps. As a result, they struggle to meet the accuracy and
real-time requirements for HD maps in autonomous vehicles.

For HD map updates, methods can mainly be categorized into LiDAR-based and
vision-based approaches, depending on the type of perception sensor used [30,31]. LiDAR is
an active perception sensor that can rapidly scan the road environment to obtain centimeter-
level accurate 3D road information. LiDAR-based HD map update methods typically use
vehicles equipped with LiDAR to collect environmental point cloud data in real-time
during driving and then perform 3D reconstruction using simultaneous localization and
mapping (SLAM) algorithms [26,32]. Feature matching is then employed to identify change
areas in the HD map, enabling incremental updates. Ye et al. proposed a semi-automated
method for extracting curved road lane features from mobile laser scanning (MLS) point
clouds, using point cloud data to obtain lane markings and centerline information for HD
maps [33]. Xiong et al. proposed a road-model-based method for automatically extracting
road boundary line information from HD maps using multi-beam LiDAR [34]. This method
can accurately and comprehensively extract boundary information for both curved and
straight roads. Compared to other sensors, LiDAR-based HD map construction methods
offer higher data quality and accuracy in map feature extraction. However, LiDAR is
more expensive than other sensors, making large-scale deployment and extensive data
collection challenging.

In contrast, vision-based approaches project road features perceived by cameras into
the map coordinate system for 3D reconstruction and then through map matching with
existing HD maps to identify potential changes. Hui et al. proposed a vision-based road
change detection method, which reconstructs vehicle trajectories through interpolation,
further recovers lane information from images, and compares it with HD grid maps to
identify change areas [35]. Heo et al. designed an HD map change detection method based
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on deep metric learning, which directly maps images to HD maps for change estimation [30].
Overall, LiDAR-based methods perform better in spatial accuracy and 3D reconstruction,
while vision-based methods, though less accurate than LiDAR point clouds, are more
cost-effective and easier to deploy. Therefore, both methods have their advantages in HD
map updates and are suitable for different application scenarios and update requirements.

2.2. HD Map Update Based on Crowdsourced Data

Crowdsourced HD map updating methods refer to the use of vehicles equipped with
low-cost sensors, such as GNSS receivers and industrial-grade cameras, to collect trajectory
and image data during daily driving. Through data processing and analysis, these methods
aim to enable automatic updates of HD maps. Generally, such approaches can be classified
into two categories: projection-based methods and end-to-end methods [36,37].

Projection-based methods typically extract road features from images or trajectories
and then, using the sensor’s internal and external parameters, geometrically project the
features from the 2D image space to the 3D geographic space. They are then matched and
compared with existing HD maps to detect and update map changes. Zhou et al. proposed
a lane mask propagation network method for identifying lane information in images and
combined GNSS positioning data to project it from the perspective view space to the 3D
space, thereby extracting lane features from the HD map [18]. Similarly, Qin et al. used a
convolutional neural network-based image segmentation method to divide the original
image into multiple semantic categories, such as ground, lane markings, parking lines,
road signs, road edges, vehicles, bicycles, and pedestrians, in order to build a semantic
map. They then reproject the semantic pixels from the image plane to the ground plane
based on the camera’s internal and external parameters [20]. However, projection-based
methods typically rely on single-frame images for feature extraction, lacking the ability to
model temporal information and struggling to fully utilize structural consistency between
consecutive frames. Moreover, during the perspective projection and re-projection process,
images are prone to errors due to inaccuracies in sensor internal and external parameters,
affecting the accuracy of 3D spatial reconstruction and the precision of the extracted map
features. Additionally, single image data is often affected by factors such as lighting
conditions and observation angles, leading to incomplete or inaccurate road information.
To address these issues, it is necessary to fuse multi-vehicle perception data to compensate
for data accuracy problems.

End-to-end HD map updating methods have also become one of the current research
hotspots. These methods construct a unified learning framework that directly inputs raw
perception data and HD maps and outputs the probability of map feature changes or
update categories. Heo et al. proposed an HD map change detection algorithm based
on deep metric learning, which directly maps raw images to the estimated probability of
map changes, forming an end-to-end prediction process [30]. To reduce the spatial and
semantic differences between images and maps, the authors introduced an adversarial
learning strategy, mapping both perception images and map information to a unified
feature space and performing pixel-level change probability estimation through a local
change detector. Similarly, Lambert et al. proposed a deep learning-based map update
method, modeling it as a classification problem, determining whether there are areas
that need updating after integrating multi-sourced perception data with existing map
information [38]. Although end-to-end methods offer stronger feature representation and
higher automation, they typically rely on large-scale models for training and inference,
which places higher demands on onboard or cloud computing resources, limiting their
practical deployment in resource-constrained environments. Likewise, end-to-end map
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change detection methods rely on single-vehicle data, which can lead to issues such as
unstable data sources and inaccurate detection accuracy.

Overall, single-vehicle perception data are susceptible to environmental factors, lead-
ing to some instability in terms of accuracy and reliability, making it difficult to directly
support accurate HD map updates. To improve the robustness and reliability of map change
detection results, this paper integrates multi-source perception information, considers the
uncertainty of perception data, and proposes a probabilistic modeling-based map update
method, thereby providing a more comprehensive and robust assessment of map changes.

3. Method
3.1. Framework Overview

This paper uses vehicle trajectories and road images collected by multi-sourced ve-
hicles equipped with low-cost GNSS receivers and industrial cameras as data sources to
detect changes in HD maps. As shown in Figure 1, the framework consists of two modules:
perception and matching, and probabilistic modeling. The perception and matching mod-
ule primarily achieve real-time road marking detection through a multi-object detection
and tracking method based on a hybrid model. In map matching, unlike existing methods,
this paper projects HD map information onto the image coordinate system using the cam-
era’s internal and external parameters and then performs matching based on geometric
proximity and shape consistency. The probabilistic modeling module categorizes HD
map changes into three types: addition, deletion, and modification. It fully considers the
instability and incompleteness of single-vehicle perception data and conducts probabilistic
modeling to identify map changes more accurately.

Figure 1. Framework of the proposed method.
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3.2. Road Information Perception and Matching
3.2.1. Road Information Perception

This paper primarily focuses on updating lane marking information and ground signs
in HD maps. To achieve accurate identification and continuous tracking of lane markings
and ground signs in complex traffic environments, this paper proposes a multi-object
tracking framework based on hybrid modeling, building upon previous work [39]. The
approach uses a detection-first, tracking-later strategy, with the overall structure consisting
of two main modules: state modeling and estimation, and data association, as shown
in Figure 2. In state modeling, different types of road elements are represented with
differentiated parameterizations. For linear geometric features such as lane markings,
they are abstracted as line-anchor models, denoted as li = (xi, yi, θi, Si), where (xi, yi)

represents the anchor position, θi denotes the orientation angle, and Si indicates the length
scale. During detection, the line-anchor is used as an initial high-level representation of the
lane. This is continuously refined through lane/background classification and parameter
regression by the detection head, with feature propagation and fusion across multiple
scales to achieve fine-grained modeling and tracking of the lane markings. For ground
markings, bounding box parameters are used for modeling. The state vector is defined as
(cxi, cyi, ai, hi), where (cxi, cyi) represents the bounding box center, ai is the aspect ratio,
and hi denotes the bounding box height.

 

Figure 2. Overall architecture of the road information perception network.

In the data association stage, this study constructs a cost matrix by integrating pose
similarity and appearance similarity to achieve optimal cross-frame matching. Pose similar-
ity is measured using the Mahalanobis distance, which quantifies the discrepancy between
the predicted state and the detection result. Appearance similarity is obtained by extracting
visual feature vectors of road elements with a convolutional neural network and computing
the cosine similarity. The two similarity measures are combined in a weighted manner to
form the final cost matrix, which is then processed by the Hungarian algorithm to complete
the matching. Finally, during state updating, a Kalman filter is introduced to recursively
refine the spatial position and scale of the targets, effectively suppressing detection noise
and short-term occlusions. In this way, robust tracking of both lane lines and ground
markings is achieved.

Different from the existing methods, this paper projects HD maps from the world
coordinate system to the camera coordinate system, rather than projecting perception infor-
mation into the geographic coordinate system of the HD map. This approach changes the
alignment from absolute geometric alignment in spatial coordinates to relative alignment
in image space, allowing for better utilization of the map’s relative information and local
features while reducing reliance on absolute positioning data. Therefore, after detecting
lane markings and lane arrows, the HD map needs to be converted from the geographic
coordinate system to the image coordinate system in order to match the map features
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and facilitate subsequent change detection. The points in the HD map are defined as
Pm = [xm, ym, zm]

T . First, the map points are converted from the world coordinate system
to the vehicle coordinate system using the rotation matrix Rw2v and translation vector
tw2v (location and heading information provided by the positioning device), as shown in
Equation (1). Then, based on the camera’s extrinsic parameters (rotation matrix Rv2c and
translation vector tv2c), the points are transformed from the vehicle coordinate system to
the camera coordinate system, as shown in Equation (2). Finally, the points in the cam-
era coordinate system are projected onto the normalized image plane using the camera’s
intrinsic parameters K and the camera height (zc, i.e., scale), as shown in Equation (3).

Pv = Rw2v·Pm + tw2v (1)

Pc = Rv2c·Pv + tv2c (2)x
y
1

 = K·

xc/zc

yc/zc

1

 (3)

3.2.2. Road Information Matching

The road information perceived by a single vehicle is often incomplete, and the cam-
era’s internal and external parameters inevitably contain errors, leading to discrepancies
between the projected HD map and the perception results in terms of spatial location.
Therefore, it is necessary to design a precise, robust, and computationally efficient matching
method for HD map change detection. To address this, this paper proposes a matching
method based on geometric proximity and shape consistency. First, a matching strategy
based on start and end point proximity search is used to identify candidate lanes in the HD
map that correspond to the perceived lanes. Then, the matching scenarios are classified
into two categories, namely complete matching and incomplete matching, based on the
relationship between the number of perceived lanes and the number of map lanes.

As shown in Figure 3a, for a perceived lane L(p)
i , the start point s(p)

i and end point e(p)
i

are extracted. The set of HD map lanes C whose Euclidean distance to either endpoint is less
than the threshold Dsearch is retrieved, as expressed in Equation (4). In the candidate set C,
for each candidate L(m), the consistency between the perceived lane and its corresponding
lane count is evaluated. Let the number of lanes annotated in the HD map for this section
be Km, and the number of lanes detected by perception be Kp. If Km = Kp, and there is
a one-to-one correspondence between the perceived lanes and the map lanes in terms of
topological order (i.e., each perceived lane corresponds to a candidate HD map feature), it
is considered a complete match, as shown in Figure 3b. If Km ̸= Kp or if the correspondence
cannot be determined, it indicates that there are issues such as missing, occluded, or
erroneous detections in the perception data, and it is considered an incomplete match, as
shown in Figure 3c.

C =
{

L(m)
k

∣∣∣min
(

dist
(

s(p)
i , L(m)

k

)
, dist

(
e(p)

i , L(m)
k

))
≤ Dsearch

}
(4)

For complete matching, as illustrated in Figure 3b, matching is performed based on
the proximity of start and end points as well as positional variance. For each perceived
lane L(p)

i , the polyline distance between its start and end points and the corresponding
HD map lane is computed, and the proximity error of the start and end points is defined
as shown in Equation (5). In addition, both the perceived lane and the HD map lane are
resampled equidistantly to obtain point sequences

{
Pi,k

}N
k=1 and

{
Mi,k

}N
k=1. The point

variance between the two curves is then calculated as in Equation (6). Both the proximity
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error of the start and end point and the position variance are normalized, and their sum is
calculated as the matching cost, as shown in Equation (7). Based on this cost metric, the
Hungarian algorithm is used to determine the optimal correspondence and minimize the
total matching cost.

d(i, j) =
1
2

(
dist

(
s(p)

i , L(m)
j

)
+ dist

(
e(p)

i , L(m)
j

))
(5)

σ2(i, j) =
1
N ∑N

k=1

∥∥∥Pi,k − Mj,k

∥∥∥2
(6)

C(i, j) = d(i, j) + σ2(i, j) (7)

   
(a) (b) (c) 

Figure 3. Diagram of lane information matching. (a) Schematic of candidate lane search; (b) schematic
of complete matching; (c) schematic of incomplete matching.

In addition to the complete matched scenarios, it is also essential to consider situations
where GNSS positioning inaccuracies and incomplete perception data lead to mismatches or
partial matches. To address this, this paper introduces a shape similarity metric, in addition
to proximity of start and end points and position variance, to improve the robustness of
the matching process. First, the unit tangent vectors t̂(p)

i and t̂(m)
i are calculated by the

difference in the forward and backward resampled points for the perceived lane and the
HD map lane. Then, the directional cosine between the two tangent vectors is calculated
and averaged for each point. Their average is taken as the shape similarity score, as defined
in Equation (8). This value is then normalized and combined with the proximity of start and
end points and position variance to form a comprehensive score, as shown in Equation (9).
Among all the candidate lane set C, the maximum value is selected as the final matching
result. When the vehicle’s positioning error is large or the perception data is incomplete,
the composite score will be lower, indicating that the observation contributes less to the
high-definition map change detection.

si,j =
1
N ∑N

k=1 t̂(p)
i,k · t̂(m)

j,k (8)

scorei,j = C(i, j) + si,j (9)

The map matching method proposed in this paper takes into account the incom-
pleteness of perception data, dividing the matching process into two categories: complete
matching and incomplete matching. By combining geometric proximity and shape con-
sistency features, the method enables simple, fast, and accurate real-time matching of HD
maps and perception data. The detailed matching procedure is presented in Algorithm 1.
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Algorithm 1: Lane Matching between Perception Data and HD Map

Input: Set of perceived lanes L(p); Set of HD map lanes L(m)

Output: Matched lane pairs between perception and HD map M
1: Initialize matched set M = ∅

2: for each perceived lane L(p)
i ∈ L(p) do

3: min
(

dist
(

s(p)
i , L(m)

k

)
, dist

(
e(p)

i , L(m)
k

))
≤ Dsearch // Find candidate set

4: if Km = Kp and lanes can be topologically aligned then

5: for each candidate L(m)
k do

6: d(i, j) = 0.5
(

dist
(

s(p)
i , L(m)

k

)
+ dist

(
e(p)

i , L(m)
k

))
7: σ2(i, j) = 1

N ∑N
k=1

∥∥Pi,k − Mi,k
∥∥2

8: Normalize d(i, j) and σ2(i, j) and compute matching cost
9: Apply Hungarian algorithm to minimize total matching cost
10: Add matched pairs to M

11: else each candidate L(m)
k do

12: Compute d(i, j) and σ2(i, j)
13: si =

1
N ∑N

i=1 t̂(p)
i ·t̂(m)

i
14: Normalize all metrics to [0,1]
15: Compute total score
16: Select candidate with maximum scorei as match
17: if scorei < Ts, mark as unreliable
18: end for
19: return M

3.3. Probabilistic Model

Considering the inaccuracies in positioning results and the uncertainty of perception
results, probabilistic modeling of the matching between perception data and map informa-
tion is necessary for detecting changes in HD maps. This allows for the identification of
feature change areas within the map and quantifies the reliability of the detection results.
In this paper, the map changes are categorized into three types: addition, deletion, and
modification. Addition refers to features that were not present in the original map but
continuously appear in the perception data. Deletion refers to features that were present in
the original map but are consistently missing in the perception data. Modification refers to
features that exist in the original map but exhibit persistent discrepancies in geometry or
position compared to the perception data. Perception results from multiple vehicles are
then fused, and probabilistic inference is applied to determine whether an update should
be triggered.

Considering that incomplete matching may result from factors such as positioning
errors, viewing angle, occlusion, and illumination conditions, a visibility factor Vi ∈ [0, 1]
is introduced to characterize the reliability of the i-th observation. The visibility factor is
defined as a weighted combination of three components: geometric visibility Vgeo, occlusion
level Vocc, and observation distance Vdist, as given in Equation (10).

Vi = α1Vgeo,i + α2Vocc,i + α3Vdist,i (10)

where Vgeo is computed from the angle between the lane marking and the matched HD
map lane; Vocc is derived from the proportion and continuity of visible pixels; and Vdist is
calculated from the distance between the vehicle and the target element. While it is true
that different users with different sensors might introduce different levels of uncertainty,
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we chose equal weights to simplify the model. So, the weights α1, α2, α3 are set to 1/3 to
give equal importance to the three components.

3.3.1. Problem Definition

Let the possible change state set of the map element be denoted as H, as shown in
Equation (11). Suppose there are N vehicles passing through the region where the feature
is located, and the set of perception observations obtained is D, as shown in Equation (12).
Each vehicle observation is denoted as an event oi, which includes the matching type mi

(complete/incomplete), the matching probability score scorei, and the visibility information
Vi at the time of acquisition, as expressed in Equation (13). Assuming that observations
from different vehicles are independent, the objective is to compute the posterior probability
P(H|D) for each change hypothesis.

H = {Hadd, Hdel , Hmod, Hno} (11)

D = {o1, o2, · · · , oN} (12)

oi = (mi, scorei, Vi), mi ∈ {complete, incomplete} (13)

where Hadd, Hdel , Hmod, Hno represent the addition, deletion, modification, and no-change
states of HD map elements, respectively.

3.3.2. Single-Observation Probability

Each single observation is first classified into two categories: supporting change or
supporting no change, as defined in Equations (14) and (15). When scorei is close to 1 and
the visibility Vi is high, the observation strongly supports the hypothesis of no map change.
Conversely, when scorei is small and Vi is high, the observation supports the hypothesis of a
change in the map. If Vi is small, both terms are suppressed, indicating that the observation
has limited contribution.

eno
i = Vi·scorei (14)

echg
i = Vi·(1 − score i

)
(15)

The change probability echg
i from a single observation is then allocated to the three specific

change types based on contextual information, as shown in Equations (16) and (17). If the
map lacks an element but it is detected in the perception data, the evidence is biased toward
zadd

i , i.e., zi ≈ [1, 0, 0]. If the element exists in the map but is missing in the perception data,
the evidence is biased toward zdel

i , i.e., zi ≈ [0, 1, 0]. If the element exists in both the map
and perception data but with significant geometric discrepancies, the evidence is biased
toward zmod

i , i.e., zi ≈ [0, 0, 1]. When the context is ambiguous, the probability is evenly

distributed, i.e., zi =
[

1
3 , 1

3 , 1
3

]
. The evidence from a single observation for each change

type is then obtained, as shown in Equation (18).

zi =
[
zadd

i , zdel
i , zmod

i

]
(16)

zadd
i + zdel

i + zmod
i = 1 (17)

eadd
i = echg

i ·zadd
i , edel

i = echg
i ·zdel

i , emod
i = echg

i ·zmod
i (18)

3.3.3. Multi-Vehicle Observation Fusion Probability

To avoid the impact of multiple frames from the same vehicle on the same element,
multiple observations from a single vehicle within a time window are first combined
into a single representative observation eh

i using a weighted average. The probabilities
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from all vehicles are then accumulated in the logarithmic domain to obtain the total
probability δh

v , as shown in Equation (19). Assuming uniform priors for each change
hypothesis, P(H = no), P(H = add), P(H = del), P(H = mod), the prior is incorporated in
the logarithmic domain as shown in Equation (20). Numerical normalization is performed
using the log-sum-exp operation to obtain the posterior probability, as shown in Equation (21).
The maximum posterior probability among the three change types is then computed in
Equation (22).

Lh = ∑V
v=1 log

(
eh

i + ϵ
)

, h ∈ {no, add, del, mod} (19)

Sh = Lh + logP(H = h) (20)

P(H = h|D) =
exp

(
Sh

)
∑h′ exp

(
Sh′

) (21)

Cchg = max{P(H = add|D), P(H = del|D), P(H = mod|D) } (22)

where V denotes the number of distinct vehicles, and ϵ is a small constant set to 10−6.
An update is triggered when the probability exceeds the confidence threshold Ts and the
number of observing vehicles satisfies V ≥ 5.

4. Experiments and Analysis
4.1. Study Area and Data

To validate the effectiveness of the proposed HD map change detection method,
experiments are conducted on two different datasets to cover a wide range of scenarios,
from virtual simulations to real-world roads. The first dataset is based on simulation
data generated using the Autoware.Universe 0.47.0 platform, as illustrated in Figure 4.
This dataset uses a road network and HD map built in the simulation environment as a
foundation, and by deploying multi-sourced vehicles equipped with sensor models in
the virtual scene, it collects camera and position observation data. This simulates the
process of vehicle groups perceiving road features in the real world. The dataset allows for
strict control of road changes in the scene, such as additions, deletions, and modifications,
and provides ground truth maps for comparison, enabling the controlled validation of
the method.

  
(a) (b) 

Figure 4. Illustration of the simulation area dataset. (a) HD map of the simulation area; (b) multi-sourced
simulation vehicle.

The real-world road data collected in the Intelligent Connected Vehicle Demonstration
Zone in Wuhan, China, with the experimental area shown in Figure 5a. This region
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contains both a 2023 version of the HD map and an updated 2025 version. Differences
between the two maps mainly involve adjustments to road geometry, the introduction of
new road elements, and the removal of outdated features, as illustrated in Figure 5b. To
obtain observation data, multi-sourced vehicles equipped with onboard cameras and GNSS
receivers were deployed to repeatedly traverse the demonstration area, shown in Figure 5c.
By applying localization and time-synchronization techniques, vehicle observations were
aligned with map elements to construct the experimental observation set. By employing
these two datasets, the experiments not only assess the accuracy and robustness of the
method in a simulated environment but also validate its applicability and reliability under
complex real-world traffic conditions.

  

 

(a) (b) (c) 

Figure 5. Experimental area and roads in the Wuhan Intelligent and Connected Vehicle Demonstration
Zone. (a) Illustration of the experimental area and road network; (b) Comparison between the 2023
version and the 2025 version of the HD map for the test roads; (c) multi-sourced experimental vehicle.

4.2. Experiment Setting and Accuracy Evaluation
4.2.1. Experiment Setting

To train the proposed model, the CULane and CeyMo datasets were employed. The
CULane dataset contained 133,235 images extracted from more than 55 h of video, with
detailed annotations for lane markings. The CeyMo dataset included 2887 images compris-
ing 4706 instances of road markings, categorized into 11 classes, such as left-turn arrow,
pedestrian crossing, right-turn arrow, and so on. The test set of the CeyMo dataset fur-
ther covered six different scenarios, namely normal, crowded, glare, nighttime, rainy, and
shadowed conditions.

In the process of matching perceived lanes with HD map lanes, candidate lanes
are first selected based on a threshold Dsearch. The primary sources of error affecting
the endpoint distance include vehicle localization errors, projection errors of perceived
features, and inherent errors of the HD map. Due to the multipath effect of GNSS, vehicle
localization errors in urban road environments are typically within 3–4 m. Projection errors
of features, caused by the accuracy of camera intrinsic and extrinsic parameters as well as
road undulations, usually range from 0.7 to 1 m, while the intrinsic errors of the HD map
are generally within 0.3–0.5 m. Considering the geometric extension introduced by lane
width, this study sets Dsearch = 10.

4.2.2. Accuracy Evaluation

To validate the effectiveness of the proposed HD map change detection method,
the experimental evaluation is divided into two aspects: assessing the performance of
the matching method and assessing the performance of map change extraction. In the
perception and matching stage, matching reliability and matching recall are adopted as
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evaluation metrics. Matching reliability reflects the proportion of perceived elements that
can be successfully matched with the HD map, which measures the credibility of matching
results in the perception data, as shown in Equation (23). Matching recall reflects how
many ground-truth map elements can be detected and successfully matched, as shown in
Equation (24).

Rmatch =
Lmatched

Ldetected (23)

Rrecall =
Lmatched

Lmap (24)

where Ldetected denotes the set of elements detected by the perception algorithm, Lmatched

denotes the subset of elements that can be effectively matched with the HD map, and Lmap

denotes the set of ground-truth elements existing in the map.
In the map change detection stage, precision and recall are adopted as the overall

evaluation metrics to measure the reliability and coverage of the detection results, as shown
in Equations (25) and (26).

Precision =
TP

TP + FP
(25)

Recall =
TP

TP + FN
(26)

where TP denotes the number of true change elements correctly detected by the system,
FP denotes the number of elements incorrectly identified as changes, and FN denotes the
number of true changes that are missed.

4.3. Experiment Results
4.3.1. Matching Evaluation

To evaluate the robustness of the proposed perception method under different en-
vironmental conditions, we first visualized the perception results in real road scenarios.
As shown in Figure 6, the proposed method was able to stably extract lane markings and
traffic sign information under various challenging conditions, including normal lighting,
shadow occlusion, light fog, and backlighting. Particularly in scenarios with light changes
(e.g., entering and exiting tunnels, as shown in Figure 6b), local overexposure caused by
backlight (Figure 6c), and shadow interference on the road surface (Figure 6d), the method
preserved the integrity and continuity of lane markings while effectively reducing false
detections and missed detections. This demonstrates that the proposed method is not only
applicable to clear scenes but also exhibits robustness under environmental disturbances.
Experimental results confirm the adaptability of the proposed perception method across
various real-world road scenarios, providing a reliable input foundation for subsequent
map feature matching and change detection.

To validate the effectiveness of the proposed matching method, we present the vi-
sualized results of the matching algorithm. As shown in Figure 7, the matching results
include both complete and incomplete matches. In complete matching scenarios, the per-
ceived lane markings were well aligned with the map lanes, with geometric shapes and
topological structures remaining largely consistent, indicating that the perception data
provided high-confidence support for the map elements. In contrast, incomplete matching
occurred when discrepancies were present between the perception results and the map,
typically manifested as discontinuous lane markings, local positional deviations, or missing
segments. Such cases often arose in areas where the vehicle’s field of view was limited,
severe occlusions were present, lighting conditions varied significantly, or the map had
already undergone changes.
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(a) (b) (c) (d) 

Figure 6. Visualization results of road information perception. The first row shows the raw data, and
the second row shows the detection results. (a) Normal scene; (b) scene with severe illumination
changes; (c) backlight scene; (d) shadowed scene. Lines of different colors represent lane markings
from different lanes.

 

Figure 7. Visualization results of complete matching and incomplete matching.

Under conditions of sufficient lighting and unobstructed views, the proportion of
complete matches was the highest. However, in scenarios with skewed vehicle perspec-
tives, heavy traffic, or more complex environments, the probability of incomplete matches
increased significantly. Due to the complex geometry of map lanes and the impact of
dynamic occlusions on perception, single-vehicle observations often resulted in incomplete
matches. Therefore, the accumulation of multi-vehicle observations was required, with
probability fusion used to reveal the actual changes in the map. The probability distribu-
tion of complete and incomplete matches not only reflected the quality of single-vehicle
perception data but also provided a quantitative basis for subsequent change detection
based on multi-vehicle fusion.

The matching accuracy between perception data and the HD map directly affected the
reliability and effectiveness of map change detection. To this end, this paper quantitatively
evaluates the precision and recall of map matching in both simulation and real-world
data, as shown in Table 1. Precision reflects the proportion of detected elements that were
correctly matched to map features, while recall measures the proportion of existing map
elements that were successfully perceived and matched.

Table 1. The precision and recall of the matching results.

Precision Recall

Simulation 95.1% 85.2%
Real-world 91.1% 76.3%



Machines 2025, 13, 1080 15 of 21

The results indicate that the matching precision and recall rate in the simulation envi-
ronment are higher than in the real-world environment. In the simulation environment,
the map matching precision exceeds 95%, and the recall rate exceeds 85%. This is mainly
because the lighting conditions and vehicle observation angles are favorable in the simula-
tion environment. In contrast, when vehicles drive on the edge lanes in real-world roads, it
becomes difficult to detect lane information at greater distances, leading to a significant
decrease in recall rate. Overall, matching precision is influenced by several factors. First,
HD maps did not account for road elevation information, causing local projection errors
when there is vehicle roll and pitch. Second, errors in camera calibration affect the accuracy
of coordinate transformation. Third, the frequency mismatch between the camera and the
positioning system leads to temporal misalignment between perception data and the map.

4.3.2. Map Change Evaluation

The simulation and real-world data used in this study both include HD maps before
and after updates, with the updated maps considered as ground truth for quantitative
evaluation of detection results. To assess the impact of perception data errors on the
experimental results, we compared the results of single-vehicle detection with those of
multi-vehicle fusion as a form of cross-validation. This comparison was conducted to verify
the effectiveness of the probabilistic model proposed in this study.

We first quantify the precision and recall of single-vehicle detection based on both
simulation and real-world data, as shown in Table 2. In the real-world data, due to the
interference of complex factors such as lighting changes, dynamic traffic flow, and local
occlusions, the map change detection precision based on single-vehicle data is 74.5%, with
a recall rate of only 52.1%. In the simulation data, the precision slightly increases to 76.3%,
but the recall rate remains low at 53.5%. This is primarily due to the significant impact
of vehicle perspective limitations and environmental uncertainties on the accuracy and
stability of single-vehicle observation data.

Table 2. The precision and recall of the map change result of single-vehicle detection.

Precision Recall

Simulation 76.3% 53.5%
Real-world 74.5% 52.1%

As illustrated in Figure 8a, whether in simulation data or real-world data, when the
vehicle is at an oblique angle, or when the road is obstructed by shadows or other vehicles,
or even when signs are damaged, lane markings and ground signs are often difficult to
clearly identify. This leads to some change areas being missed, resulting in a lower overall
recall rate. Single-vehicle detection is also limited by the camera’s field of view, making it
difficult to cover global map changes comprehensively. Another part of the detection errors,
as shown in Figure 8b, occurs in certain areas where, due to vehicle occlusion, some ground
arrows are mis-detected as lane markings, while some short-dashed lines are misidentified
as ground arrows, introducing additional false detections. These situations indicate that
single-vehicle observations are not only prone to missed detections but also carry a risk
of false detections. As a result, the overall detection results are difficult to maintain stable
and accurate in complex environments. Therefore, single-vehicle observations cannot
ensure the completeness and reliability of map change detection in long-term dynamic
scenarios. Considering the uncertainty of multi-source perception information, integrating
multi-vehicle observation results is crucial for improving road change detection accuracy,
which is essential for the precision of HD maps and the safety of autonomous driving.
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(a) 

 
(b) 

Figure 8. Missed and incorrect detections of ground markings. (a) Missed detections caused by
skewed vehicle perspective, road shadows, and occlusions from other vehicles; (b) Examples of false
detections of ground markings. Lines of different colors represent lane markings from different lanes.

To further validate the effectiveness of the probabilistic update model proposed in
this study, we compared the results of multi-vehicle data fusion with single-vehicle data.
However, during the process of evaluating the probability of map changes using the
probabilistic model, the choice of confidence threshold Ts significantly impacts whether
a map update is triggered. Therefore, selecting an appropriate threshold is crucial for
ensuring the robustness of the method in real-world scenarios. To determine the value of
Ts, we tested several different threshold values (0.7, 0.75, 0.8, 0.85, 0.9, 0.95) and compared
them based on precision and recall. The results, as shown in Table 3, indicate that as Ts

increases, the overall precision gradually improves in both the simulation and real-world
scenarios, while recall decreases. When Ts = 0.85, the combined precision and recall reach
their maximum values.

Table 3. The precision and recall of the map change result of multi-vehicle detection with different Ts.

TS
0.7 0.75 0.8 0.85 0.9 0.95

Simu Real Simu Real Simu Real Simu Real Simu Real Simu Real

precision 0.802 0.751 0.829 0.773 0.862 0.832 0.883 0.853 0.885 0.856 0.886 0.859
recall 0.827 0.824 0.808 0.802 0.791 0.757 0.782 0.742 0.756 0.731 0.745 0.719

Additionally, the results in Table 3 demonstrate that, compared to single-vehicle
detection, the probabilistic model proposed in this paper improves both the precision and
recall rates of HD map change detection by over 10% through the fusion of multi-vehicle
data. This approach mitigates the uncertainties caused by limitations in vehicle perspective
and environmental interferences in single-vehicle observations. Multi-vehicle data fusion
not only enhances the spatial-temporal coverage but also provides more reliable results by
observing the same road features multiple times. For changes detected by only a single
vehicle, supplementary observations from other vehicles help eliminate errors caused by
missing or biased data from the single vehicle, thereby improving the overall precision of
map change detection.
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To visually demonstrate the effectiveness of the proposed method in map updating, the
detected map changes were visualized, as illustrated in Figures 9 and 10. The experiments
covered three typical types of changes: addition, deletion, and modification. The results
indicate that, both in simulation and real data, the proposed method can effectively detect
regions with newly added lane markings and ground signs. It can also accurately identify
areas where lanes are temporarily deleted due to construction (Figures 9b and 10c), as well
as areas where ground signs have changed (Figures 9c and 10a). Overall, the visual results
confirm that the proposed method not only accurately identifies the newly added lane
markings and ground signs but also effectively detects areas with temporarily deleted lanes
due to construction and regions with changes in ground signs.

Figure 9. Visualization results of road change detection in real-world scenarios. (a), (b), and (c) illustrate
scenarios of lane addition, lane deletion, and lane modification, respectively. In (b), lines of different
colors represent lane markings from different lanes.
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Figure 10. Visualization results of road change detection in simulation scenarios.

5. Conclusions
This paper proposes an HD map change detection method that considers the uncer-

tainty of multi-source data perception. Based on a hybrid modeling multi-target tracking
framework, it achieves accurate identification and tracking of road information in complex
environments. By projecting HD maps into the image coordinate system and considering
the incompleteness of multi-source perception data, map matching is divided into two
categories: complete and incomplete matching. The method combines geometric proximity
and shape consistency to enable real-time matching between the HD map and perception
data, providing reliable input for map change detection. To address the uncertainty of per-
ception data caused by factors such as vehicle viewpoint, occlusion, and lighting changes
in single-vehicle observations, this paper further proposes a probabilistic update model.
It introduces multi-vehicle observation fusion probabilities to detect three types of map
changes: addition, deletion, and modification. During the experiments, we compared the
detection results from multi-vehicle fusion with those from single-vehicle observations.
The results show that, compared to single-vehicle data, the proposed probabilistic fusion
method improves both precision and recall by over 10%, confirming the robustness and
practicality of the proposed probabilistic model in HD map change detection. This fur-
ther demonstrates the potential of the method in real-world applications, particularly in
real-time, large-scale scenarios within intelligent transportation systems.
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However, there are some limitations in this study. First, the stability of perception
still needs to be improved in complex environments, such as when there is severe vehicle
occlusion or when the vehicle viewpoint deviates. Second, the current method mainly
focuses on lane markings and ground signs, and the ability to detect changes in other traffic
infrastructure (such as guardrails, traffic cones, and traffic lights) has not yet been verified.
Future work will focus on optimizing the perception model to improve its robustness in
complex environments, especially under low visibility and occlusion conditions. Addition-
ally, the method will be expanded to detect changes in more types of road features. This
will include real-time updates of 3D structures and dynamic facilities. Such enhancements
will help support the long-term maintenance of HD maps and strengthen the application
capabilities of intelligent driving systems.
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