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Abstract— High-definition (HD) maps are essential for au-
tonomous driving, providing detailed and accurate environ-
mental information. Recent advancements in online vectorized
HD map construction have shown great promise, particularly
methods that leverage existing maps as prior knowledge to
improve performance. However, the robustness of these prior-
enhanced methods under varying deviations between the priors
and the real world remains a critical concern. This paper
introduces a novel framework for generating synthetic maps,
which allows for the controllable magnitude of diverse devi-
ations, including geometric distortions, topological errors, and
semantic inconsistencies, simulating real-world scenarios where
prior maps may be outdated or inaccurate. Furthermore, lane
group constraints are designed to avoid positional conflicts
when map elements are modified. The synthesis method can
overcome the time-consuming challenge of collecting real road
changes. We demonstrate the utility of the synthetic deviation
maps by incorporating them into the state-of-the-art prior-
enhanced construction methods. The results reveal how dif-
ferent types and degrees of deviations affect the prediction
accuracy, providing worthwhile insights into their robustness.
Overall, this work contributes to a data augmentation and
provides a valuable tool for developing more robust and reliable
autonomous driving systems. The code is opensource and
available at https://github.com/healenrens/Syn-D-maps.

I. INTRODUCTION

Autonomous driving technologies encounter challenges
that are difficult to address solely with sensors, including
situations like heavy occlusions, unfavorable lighting, sharp
curves in lanes, and severe weather. High-definition (HD)
maps are crucial for the advancement of autonomous driving.
With the centimeter-level accurate road geometry and rich
semantic information, HD maps complement the sensor
systems mounted on autonomous vehicles with beyond-line-
of-sight (BLOS) data, thus enhancing their driving safety.
However, the conventional pipeline for updating HD maps
is subject to several inherent limitations. Their heavy re-
liance on professional surveying technologies and specialized
equipment, coupled with mandatory reviews for data security,
leads to high cost and prolonged update period. Conse-
quently, existing surveying-based construction methods of
HD map are unable to promptly reflect road changes, and
insufficient to meet the real-time requirements of map data
for autonomous vehicles [1]. In the following text, we will
refer to the outputs from the above methods as offline maps.
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As an alternative to the conventional pipeline, online
vectorized HD map construction [2]-[6] has been introduced
to ensure the freshness of map data in highly dynamic and
complex road network environments. This construction task
typically takes surrounding images or LiDAR points as input,
then projects features into bird’s-eye view (BEV), and fi-
nally predicts a vectorized local semantic map. Nevertheless,
online HD map construction still exhibits a considerable
gap in accuracy and mapping scale compared to surveying-
based techniques. To narrow the gap, current researches
[7]-[13] attempt to leverage available offline maps as prior
knowledge to enhance online map prediction capabilities. P-
MapNet [8] designs a pipeline to incorporate both standard-
definition (SD) map and HD map priors into online map
generators. The SD map priors features, represented in the
BEV space, are fused with sensor features using an attention
mechanism, while HD map priors are injected through a
masked autoencoder for output refinement. Zhang et al.
[10] focus on leveraging offline SD maps as priors and
investigate their prototypical representations, demonstrating
that the prior information can speed up the convergence of
online mapping task.

Unfortunately, if there are errors or large deviations in
the offline maps serving as prior knowledge, it can severely
impact the aforementioned existing methods. MapEX [12]
notes this problem and encodes offline-map elements into
query tokens as a supplement to classic learned queries.
However, it limits the discussion to only three types of
existing maps (minimalist, noisy and outdated), whereas
studies on road changes in real-world reveal that offline maps
exhibit more diverse alterations [14]-[16]. Thus, for research
on prior-enhanced vectorized HD map construction, there is
a critical demand for offline-map datasets that reflect real-
world road changes and encompass a comprehensive range
of alteration types.

According to the research spanning more than five years
on German highways [15], almost 200 major road changes,
including lane markings, guardrails, and complete recon-
struction, resulting in more than 41% of offline maps becom-
ing outdated. Due to the considerable time cost involved in
collecting such datasets, generating synthetic map deviations
is becoming a viable alternative. Existing methods for map
synthesis [12], [16], [17] do not fully cover the range of
real-world road changes and neglect the positional conflicts
that may arise from the addition or removal of instances.
Furthermore, these current synthetic approaches also lack
the ability to quantify and control the degree of deviation.
Therefore, in order to better reflect the issues that exist in



TABLE I
SUMMARY OF MODIFICATIONS AND OBJECTS IN SYNTHETIC MAP DEVIATION METHODS

Synthetic Modification MapModEX [12] TbV [16] Bateman et al. [17] Ours-SynD
Removal/Delete Map elements Lane marking, crosswalk Polvline features Map elements, lane elements
Addition/Insert P ' Bike lane, crosswalk y within a lane group
Translation/Shift Global map, crosswalk - Global map Global map, lane group

Rotation Global map - Global map Global map

‘Warping Global map - Perlin warp Any selected lane elements

. . . Control point, feature Point coordinates, lane
Noise Point coordinates - .
location elements
Change - sc]ﬁ?fl:gg?ﬁﬂig??&lor Types of polyline features Types of map points
Group } ) ) Lane elements (.boundaries,
lanes, dividers)
[ Open source I v [ X [ X [ v |

offline maps, and to mitigate the sim-to-real gap, we propose
a method for synthesizing map deviations with controllable
degree, which is abbreviated as SynD in the following text.
By introducing the concept of lane groups, we fully consider
the positional consistency of adjacent map elements after
changes. SynD is designed to be compatible with widely
used autonomous driving datasets, such as nuScenes [18] and
Argoverse [19], [20], simulating the map deviations induced
by outdated or surveying errors. This will be beneficial in
alleviating data scarcity issues during training in relevant
research, as well improve the performance and generaliza-
tion capabilities of prior-enhanced algorithms in scenarios
involving road reconstructions.

Overall, the main contributions of this paper are threefold.

o A lane group partitioning method based on Principal
Component Analysis (PCA) is proposed. Compared
to single straight-line lane models, this approach can
describe the main direction of curved lanes. Based
on this, lanes with the consistent direction are unified
into a group, avoiding positional conflicts of adjacent
instances when modifying map elements.

e A controllable deviation synthesis method for offline
maps is designed. We divide the offline HD map
into geometric, topological, and semantic layers, and
parameterize offset operations for each layer, thereby
enabling flexible adjustment of the deviation magnitude
to simulate varying map errors.

« We conducted adequate experiments on existing prior-
enhanced vectorized HD map construction methods us-
ing the synthesized deviation maps. Results demonstrate
that the presence of errors in prior offline maps pose a
significant challenge to the robustness of these methods,
highlighting the necessity to explore the fault tolerance
of prior information.

II. RELATED WORK

A. Online Vectorized HD Map Construction

With recent advancements in machine learning, online
vectorized HD map construction offers an alternative to
labor-intensive traditional methods that involve expensive
surveying equipment. Early methods first construct rasterized
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maps with semantic segmentation and then generate vector-
ized maps through post-processing [2]. VectorMapNet [21]
and MapTR [3] directly predict the vectorized map elements
which are represented as polylines through Transformer-
based models. As an enhanced version, MapTRv2 [4] pro-
poses a decoupled self-attention mechanism in the inter-
instance and intra-instance dimensions, significantly reducing
memory consumption. Other methods model the instances
with geometric properties as polynomial curves [6], [22],
[23] instead of polylines. This benefits the improvement
trend by employing shape and geometry priors of lanes and
pedestrian crossings [24], [25].

B. Prior-Enhanced HD Map Construction

Leveraging offline maps as prior knowledge to help the
online vectorized HD map construction can alleviate negative
impacts such as occlusion by on-road objects, leading to
increased prediction accuracy. Through the interpolation and
concatenation of SD map features with BEV image features,
Zhang et al. [10] make use of SD maps as priors to speed up
convergence and boost performance. Yang ef al. [11] make
the algorithm learn structural prior information by using SD
map features as the key and value, and the feature map
from images as the query to implement cross-attention. P-
MapNet [8] shares a similar approach in exploiting SD map
priors, beyond this, it also employs a pre-trained HDmap
prior module for refinement. MapEX [12] introduces a novel
design to utilize existing HD maps as guidance, through
the implementation of a map query encoding module and a
pre-attribution of predictions. Apart from relying on offline
maps for assistance, NMP [7] and HRMapNet [13] enhance
the vectorized map perception with historical maps obtained
from vehicles that have previously traversed the same region.
HRMapNet [13] designs an aggregation module and a query
initialization module, that exploit the historical rasterized
map in terms of BEV features and map element queries re-
spectively. As a inclusive framework, PriorDrive [9] proposes
a unified vector encoder to learn the prior distribution from
three types mentioned above, including SD maps, outdated
HD maps and online historical prediction maps. While these
existing works have demonstrated the effectiveness of prior-
enhanced approaches, they have not sufficiently discussed



TABLE II
CLASSIFICATION OF MAP CHANGE/ERRORS IN REAL WORLD AND
CORRESPONDING SYNTHETIC MODIFICATIONS

Layer Change/Error Type Synthetic Modification
Localization error when Map global translation
Geometric generating offline maps Map global rotation
Sensor noise Gaussian noise
. Incorrect types of objects | Label conversion
Semantic — - -
Missing semantic label Label deletion
. Lane addition
Topological Lane number change 1o
(caused by Lane reduction
. L Py
reconstruction, | oo change ane Wldemr}g
temporary Lane narrowing
diversions, Lane Separation Removal | Lane dividers deletion
etc.) Road closure Lane group deletion
Road Distortion Bézier warping

whether such methods maintain robustness under different
degrees of biased prior information.

C. Synthetic Map Deviation Technique

Because monitoring real-world road changes is a time-
consuming process, typically spanning years, some existing
research addresses this limitation by generating synthetic
map discrepancies that emulate situations caused by recon-
struction, traffic management, temporary diversions, and road
degradation. Table I details the modifications and objects
provided by existing methods for synthetic map deviation.
MapModEX [12] is a standalone library designed to take
true HD maps from nuScenes files as input and synthetically
generate imprecise maps. It supports a relatively complete
range of operations, but lacks consideration of changing the
semantic types of map elements. TbV dataset [16] has a
supplementary work of generating realistic-appearing syn-
thetic maps, aimed at providing fake negatives for training.
Its primary focus lies on the modification of lane geometry
and crosswalks, with no inclusion of positional changes like
shift and rotation. Bateman et al. [17] classified the types of
synthetic map prior perturbation into discrete and continuous,
warping mutations. Regrettably, none of the aforementioned
works considered potential positional conflicts among map
elements caused by modifications, nor whether the coordi-
nates of other related instances need to be adjusted after lane
removal or addition.

II1. METHODOLOGY

Based on the preceding analysis of synthetic maps require-
ments, we propose a systematic framework for generating
maps with controllable variations. Our framework catego-
rizes map changes into geometric, semantic, and topological
layers, with supported change and error types as illustrated
in Table II. The first contribution of this work is a PCA-
based grouping method for lane elements. This method
facilitates topological modifications performed at the group
level, thereby ensuring that the synthetic distortions more
faithfully reflect realistic deviations. The implementation of
this aspect is discussed in Section III-A. Additionally, to
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Fig. 1. Tllustration of lane grouping concept.

quantify and control the distortion magnitude, we define a set
of novel metrics for HD map alterations in Section III-B. The
third innovation, in the geometric layer, is the introduction of
a warping method based on cubic Bézier curves, as detailed
in Section III-C.

A. Lane Grouping via Direction-Based Clustering

Real-world road variations, resulting from reconstruction,
or road maintenance, generally impact multiple lanes within
a defined area. During the process of generating synthetic
maps, using individual lanes as modification units often fails
to maintain consistency and rationality. Therefore, we intro-
duce the concept of “Lane Group”, which organizes lanes
with similar geometric and topological characteristics, along
with their associated map elements (such as lane dividers and
road boundaries), into a unified minimal modification unit.
This enables a more effective preservation of the original
topological structure in the synthesized map. Even for current
HD map datasets, there is no dataset that can directly provide
the labels for the varying range of lane groups.

We define a lane group as a collection of lanes sharing
similar geometric features and topological relationships, as
shown in Fig. 1. While this grouping operation is intuitively
simple from a human visual perspective, the coordinate-
based point collection storage format of offline maps presents
implementation challenges. While learning-based approaches
might effectively address this issue given sufficient data, the
current scarcity of annotated data renders them impractical.
Therefore, we develop our approach from fundamental prin-
ciples, considering that when lanes undergo changes, they
typically influence other lanes with similar forward directions
(or closely opposite directions) and spatial proximity.

Based on the aforementioned observations, we define the
complete set of lanes L = {Li,Lo,...,L,} in a map.
For each individual lane L;, we can compute its principal
direction vector DY using Principal Component Analysis
(PCA). Considering that the geometry of most lanes can
be approximated as rectangular shapes. So we calculate
minimum bounding rectangle of each lanes and use their long
edge direction Df approximately representing the primary
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direction of lane. Finally, We define the direction vector set

D = {Dy,...,Dy} of a lane using the following equation:
DP Dr
D, — D5 70D (1)
|[aD{” + SDf||2
where:
o’ + 52 =1 2)

Beyond directional constraints, distance constraints are
equally crucial to ensure spatial consistency and realistic lane
group formations. Our method is using the mutual distances
Sij = ||Ci — Cjll2. Where C; and C; represent geometric
centers of points which compose different lanes in the set
L. Tt performs well due to its ability to adapt to dynamic
lane numbers. However, direct iterative grouping will make
the results dependent on lane data storage order, or require a
lot of processing time. To address this issue, we implement
a Union-Find data structure in our grouping method, as
detailed in Algorithm 1.

B. Metrics for Controllable Deviation Synthesis

After establishing the lane grouping mechanism, another
crucial aspect of synthetic map generation is controlling and
evaluating the metrics of map changes. This needs a set
of robust and quantifiable metrics, as they will significantly
influences the evaluation of downstream tasks. Considering
the diverse characteristics of road changes, we approach this
evaluation from two perspectives: geometric metrics for the
geometric layer and instance metrics for the semantic and
topological layers.

1) Geometric Metrics: For geometric changes of point
sets that comprise instances, we begin by considering the
proportion of changed points within a single instance. Given
that the ith instance has N} total points, among which N
points exhibit significant changes (above threshold R), we
define the change degree E for a single instance as:

NP
R 7
Ef ==L

3)

where threshold R can take different values to represent
three levels (Rp:high, R,,:medium, R;:low). Because the
modifications of rotation, translation, and noise addition all
induce positional changes, we select 1.5m, 1.0m, and 0.5m as
corresponding thresholds, consistent with the evaluation stan-
dards of downstream tasks. After building upon individual
instance change degrees, we further define two global metric
indicators: Discrete Change Degree ED and Continuous
Change Degree ECE.

The Discrete Change Degree reflects the proportion of
instances experiencing noticeable changes with another given
threshold 7:

Nt R
NT
EDE — Zz]:VlT 7 (4)
where:
1, if EF>r
Nft=4" y 5
¢ 0, if EiR <rT )

Algorithm 1: Lane Grouping Algorithm

Input: L= {L1,...,L,}, D={D1,...,Dn}',
S = {S11, ..., Sun}', threshold 04 and 6,
Output: Grouping result G = {G1, ..., G}
Initialize global:parent[i] =14, i€ N,1<i<mn
Initialize global:rank = 1ixn
Function Find(x)' :
if parent[x] = x then
| return x
else
parent[x] < Find(parent[x])
return parent[x]
end

L-B-CREES e 7 T I

end
unction Union(x, y)' :
root_x < Find(x) root_y <— Find(y)
if root_x != root_y then
if rank[root x] >rank[root_y] then
\ parent[root_y] <— root_x
else if rank[root x] <rank[root_y] then
| parent[root x] <— root_y
else
parent[root_y] <— root_x
rank[root_x] < rank[root_x] + 1
end

(5] P i N e e~
RSS2 aREeR RS

end
for : < 1 ton do
for j < i+ 1 ton do
if arccos(D; - Dj) < 0, and S;j < 64 then
|  Union(i,j)
end
end

[ %) DO
I RB RS

5]
=l

end
Create empty dictionary G < {}
for i < 1 to n do
g < Find(i)
if g ¢ G then
| Glgl +— {)
Glgl < GlglU{L:}

w W W W W N
HhREIRR S

// Add lane to group
end
return G

W W
N

1Note: For each lane, its direction vector D; and mutual distances S;; is
computed as aforementioned. Find and Union are standard disjoint-set [26]
operations with path compression and rank optimizations.

Here, N7 is a binary variable that indicates whether the
change degree EZ-R’L of a single instance exceeds the threshold
7, and NT denotes the total number of instances in a map.

The Continuous Change Degree directly accumulates the
change degree EF of all instances, as ECE = "0 ER 1t
provides a finer-grained global assessment.

We propose both continuous and discrete global metrics
because different types of changes induce disparate effects on
instances and points, making certain indicators more suitable
for specific changes. By adjusting thresholds R and 7, we
can flexibly control the sensitivity of change detection to
accommodate various downstream task evaluation standards.

2) Semantic and Topological Metrics: For semantic and
topological layer changes, which build upon geometric
changes and reflect higher-level modifications, considering
point-wise changes would unnecessarily complicate the met-

422

Authorized licensed use limited to: INSTITUTE OF COMPUTING TECHNOLOGY CAS. Downloaded on February 17,2026 at 23:08:55 UTC from IEEE Xplore. Restrictions apply.



rics. Inspired by the previous work [14], we focus on the
overall proportion of instance changes instead of individual
variations. Modifications in topological and semantic layers
can be categorized into three types: addition, removal, and
changes in geometric layer and semantic layer. Any changes
in these two layers can be decomposed into the three types.
Based on this categorization, we define the Instance Metric
(IM) as follows:

|Esadded‘ + |Esremoved‘ + |E5modified|
|E3total|

IM = (6)
Esqdded and E S emoveq indicate how many instances have
been added and removed respectively. F'sp,odifieqa indicate
how many times original instances are changed in geometric
layer and semantic layer, F's:otq; denotes the total number of
instances in the map. While this metric effectively describes
semantic and topological changes, directly applying it as a
standard in the synthetic map framework is challenging be-
cause a single change may involve multiple operations. For a
map, directly using I M as a target complicates the automatic
allocation of operation quantities, as the relationship between
operations and changes is not always one-to-one.

Therefore, for semantic and topological layer changes, we
use lane groups or lanes as modification units and target the
number of changed lane groups or lanes. Since achieving
a specific change target within a given area is not always
guaranteed, /M serves as a posterior indicator to evaluate
the actual extent of changes. Notably, we assign equal
importance to different types of instances, while different
types of modifications affect instance proportions differently.
This means that I M value is not necessarily equal between
different types of changes or errors, though they remain
comparable within the same type, as demonstrated in sub-
sequent experiments. This combined approach simplifies the
control of changes during map synthesis while maintaining
the precision of instance metrics.

3) Implement Detail of Controllable Deviation: As men-
tioned aforementioned, in the geometric layer, we directly
use geometric metrics as control parameters. For example,
we employ ED metrics for global rotation operations. We
utilize a binary search algorithm starting from 90 to itera-
tively solve for the rotation angle until the ED difference
between the modified map and the target E'D falls below
a specified threshold, with a maximum iteration limit of
1000. For gaussian noise, we adopt EC metrics as the target
measure, but instead of modifying all instances, we select
instances based on their point count and then randomly
choose points within these instances to meet the target EC
quantity for noise addition.

In semantic and topological layer modifications, we use
modified lane ratio or lane group ratio as control parameters.
As for lane number changes, we select group ratio which
means the percentage of groups will be modified. In the
case of addition deviation, we locate lanes on both sides of
the lane group and shift them outward by the average lane
width of the group (associated road boundaries are shifted
accordingly), then add new lanes and lane dividers at the
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original positions. Similarly, for reduction deviation, which
also belongs to number changes, we first select target lane
groups and then randomly choose lanes within the group for
removal, replacing the associated dividers with boundaries,
and adding additional connecting lines where boundaries
become disconnected due to the removal.

C. Bézier Curve-based Warping

At the geometric deformation layer, we adopt cubic Bézier
curves as our warping tool.It will ensure that deformed map
elements maintain their previous geometric and topological
relationships and we can precisely control both the degree
and direction of deformation while maintaining consistency
within and between lane groups.

After balancing computational complexity and effective-
ness, we implement warping using cubic Bézier curves. For
any line segment element in the map, we define its start point
as Py and end point as Ps. Given a weight parameter w, we
construct four control points for the cubic Bézier curve:

1 ~
P1=Po+§(P3—PO)+w||P3—PO||n
(7

2 ~
Pz:Po+§(P3*P0)+w||P3*P0||n

where n is the unit normal vector of the line segment, and w
is the deformation weight coefficient. Note that non-uniform
control point selection methods can also be applied. Based
on these control points, any point P(¢;) on the curve can be
calculated through the following parametric equation:
P(t;) = (1 —t;)3Py + 3t;(1 — t;)*Py + 3t2(1 — t;) Py + t3 P3
t; € [O, 1]
®)

To ensure realistic deformation while maintaining ap-
propriate point density, we employ an adaptive sampling
strategy. For a line segment of length L, we determine the
number of sampling points N as:

L
g, 1 min)

where ds is the desired sampling interval, and N, is
the minimum number of sampling points required for curve
smoothness. The sampling points are generated using t; =
ﬁ, and 7+ = 0,1,..., N — 1. This adaptive sampling and
mapping strategy guarantees that deformed elements retain
an appropriate point density while preserving their inherent
geometric characteristics.

This design allows the warping operation to be applied
with precision, enabling fine-grained control over the degree
and direction of deformation.

N = max([ )

IV. EXPERIMENTS AND ANALYSIS
A. Dataset and Metrics

Our SynD framework exhibits broad compatibility with
various data structures. We choose nuScenes as our dataset,
which is one of the most widely used datasets for HD maps
construction task. Following standard evaluation protocols,
we segment offline HD maps into 30 x 60 meter sections.
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Fig. 2.

For geometric transformations, we use R;, = 1.5 for rotation
and noisy. And rotation follow the £D metric with a 7 = 0.5
and difference below 0.01. The noisy in our experiments is
generated using the Rj, as the baseline, with a mean of half
the Ry, and a standard deviation of 0.15 times of the Rj,. The
effects of different modifications are shown in Fig. 2, where
we use larger parameters for geometric changes to enhance
visualization clarity.

B. Experimental Design

To evaluate how different types and degrees of prior
deviation affect online map construction methods, we in-
corporated our synthetic maps into existing prior-enhanced
approaches [7]-[13]. Because of open-source restrictions,
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Ilustration of varying synthetic modifications with different magnitudes.

we selected HRMapNet [13] for assessing the robustness.
The architecture and weights of HRMapNet were preserved.
The only adjustment made was replacing the prior input
during inference with biased synthetic maps generated by
SynD. We also applied the same replacement strategy to P-
MapNet [8]. Contrary to intuition, the quantitative metrics
(mIoU and mAP) derive from P-MapNet, while degraded
by the perturbation, did not exhibit a clear correlation trend
with the variations in the degree of deviation. Instead, the
metrics exhibited oscillatory patterns. The primary reason
may be attributed to the diversity of methods for generating
SD maps, while the OpenStreetMap data utilized by P-
MapNet lacks implementation details, potentially leading
to data alignment issues. Given these considerations, our



TABLE III
PERFORMANCE COMPARISON OF GEOMETRIC AND SEMANTIC MAP MODIFICATIONS

Layer Modification Type Control Metrics AP, ) P;:(I;Mapl\flgbou AP AmAP ™M
Baseline (No modification in prior maps) 86.2 81.0 83.6 83.6 - -
R; =0.5m 48.97 76.96 57.19 61.04 —22.6 %l -
Map global translation Rm = 1.0m 45.42 75.39 51.08 57.30 —26.3 %] -
Ry, = 1.5m 46.00 74.12 52.03 57.38 —26.2 % -
ED =0.2 52.85 77.56 59.31 63.24 —20.4%1 -
Geometric Map global rotation ED =04 49.59 77.15 57.24 61.33 —22.3%] -
ED = 0.6 48.80 76.64 54.50 59.98 —23.6 % -
EC =02 72.32 78.35 75.97 75.54 —8.1%]) -
Gaussian noise EC =04 69.69 78.32 73.32 73.78 —9.8%] -
EC = 0.6 66.35 78.14 70.71 71.73 —-11.9%/ -
Ratio = 0.2 56.58 77.85 68.62 67.69 —15.9%1 0.58
Label conversion Ratio = 0.4 55.01 77.63 67.45 66.70 —-16.9%. 0.63
Semantic Ratio = 0.6 51.04 77.30 65.71 64.68 —18.9%. 0.78
Ratio = 0.2 66.12 77.93 77.66 73.91 —9.7%] 0.30
Label deletion Ratio = 0.4 64.05 77.82 77.68 73.18 —10.4 % 0.41
Ratio = 0.6 60.50 77.31 77.66 71.82 —11.8 % 0.57

subsequent analyses primarily focus on HRMapNet as the
baseline.

For geometric changes, we use R, and test with EC or
ED values of 0.2, 0.4, and 0.6. For semantic and topological
changes, we employ the same three values as modification
ratios.

C. Results and Analysis

We conducted experiments using the previously described
parameters. Overall, different types of modifications showed
varying impacts on model performance while maintaining
consistency with posterior metrics. As shown in Table III, for
geometric changes, global rotation and translation operations
strongly affected model performance, with relatively little
sensitivity to intensity variations. We attribute this to the fact
that once significant displacement occurs, models tend to rely
more heavily on sensor information for mapping, making
subsequent intensity changes less significant.

For semantic changes, the models maintained good robust-
ness, with accuracy degradation showing a strong positive
correlation with modification ratios. We believe that As
illustrated in Table IV, in semantic layer modifications,
we observed phenomena similar to global changes during
addition operations. This similarity can be attributed to our
use of displacement methods to adjust other instances during
lane addition operations to maintain map authenticity, which
shares characteristics with global translation. For deletion
and shape modification operations, we observed that model
performance demonstrated clear positive correlations with
both modification ratios and M metrics.

These findings reveal that prior map deviations criti-
cally undermine the robustness of existing prior-enhanced
algorithms. The observed performance degradation patterns
emphasize the urgent need for enhanced data augmentation
strategies during training. Furthermore, the distinct responses
to different modification types provide foundational insights
for developing fault-tolerant prior integration mechanisms.
This systematic analysis validates the practical value of our
proposed synthetic framework in diagnosing and improving

map prior utilization.

V. CONCLUSION

This paper presents a novel method for generating syn-
thetic deviation maps, which are designed to simulate the
differences between offline maps and actual road alignments.
Previous synthetic approaches did not consider potential
overlaps between adjacent map elements caused by artificial
modifications, thus exhibiting a sim-to-real gap compared
to the outdated maps caused by road reconstructions in
real world. We address this problem by proposing a PCA-
based lane group concept. In addition, as the proposed SynD
method permits manipulation of both the type and degree of
map deviations, this facilitates a more effective evaluation
of the robustness of online map construction methods and
establishes a data substrate for future research on the fault
tolerance. Furthermore, the generated deviation maps can be
used to augment training data, leading to improvements in
the robustness of prior-enhanced HD map construction.

In our future work, we will explore the synthetic frame-
work using generative methods based on neural networks,
for example Generative Adversarial Networks (GANs) and
diffusion models. This will enable the more streamlined
batch generation of numerous road changes that closely
resemble those in real-world settings.
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