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Abstract— Accurate identification of road intersections is
the pivotal task for automatic construction of high-definition
maps, particularly in unstructured scenes. Existing methods
predominantly rely on single-modal data and thus show an
obvious unimodal limitation, i.e., lack of contextual infor-
mation. Moreover, these approaches overlook the benefits of
leveraging multi-modal data fusion and representation learning
that is crucial for generalizability. To this end, we propose a
novel orientation-aware multi-modal learning paradigm, which
formulates intersection identification as an oriented object
detection task. Specifically, heterogeneous fusion is introduced
to harmonize disparate data modalities, i.e., vector maps,
point clouds, and vehicle trajectories, into a unified feature
space. Concurrently, we present trigonometry-induced adaptive
regression to elevate orientation estimation, while mitigating
issues related to scale imbalance and boundary confusion
through dual-objective matching with spatial adaptation. To
evaluate our methodology, we assemble the first-of-its-kind
multi-modal benchmark tailored for complex low-speed en-
vironments, complete with fine-grained semantic annotations
for intersections. Comprehensive empirical analyses, including
ablation studies, affirm both the superior performance of our
proposed framework and the efficacy of its constituent modules.

I. INTRODUCTION

Road intersection is an essential element for interpreting
road topology [1]-[3]. An accurate estimation of the geom-
etry of road intersections can empower the connectivity and
geometry inference of the crossed roads in automatic high-
definition (HD) mapping, as shown in fig. 1. Road intersec-
tion identification is of significant challenge in unstructured
scenes, such as parking lots, due to the lack of lane markings
and arbitrary driving behaviors [4], [5].

Existing methods for intersection identification exhibit
limitations despite leveraging multi-modal sensor data [6],
[7]. Neural networks applied to vector maps lack robust-
ness, relying heavily on pre-existing maps [8]. Image-based
techniques are vulnerable to variable lighting and moving
obstacles [9]. Other modalities, such as laser point clouds
[10] and vehicle trajectories [11], [12], are susceptible to
false positives due to intersecting paths and unexpected
obstructions [13], [14]. These unimodal methods inherently
face information gaps, and although multi-modal fusion
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could remedy this, current research remains largely single-

modality focused.

This paper introduces an orientation-aware multi-modal
learning framework, reframing road intersection identifica-
tion as an oriented object detection problem. By harmonizing
diverse modalities—including vector maps, vehicle trajec-
tories, and LiDAR-derived occupancy grids—into a unified
feature space, the framework enhances intersection represen-
tations with orientation semantics. This multi-modal feature
is achieved through heterogeneous fusion with numerical
discretization and distribution normalization, followed by a
neighborhood search for feature association. In contrast to
using horizontally acquired images, our approach leverages
bird’s-eye view (BEV) feature maps, addressing the chal-
lenges of irregular shapes and complex backgrounds in in-
tersection identification. Traditional oriented object detectors
often struggle with angular periodicity, leading to bound-
ary discontinuities. This issue is exacerbated in low-speed,
high-dynamic environments where small angular deviations
cause significant confusion. To mitigate this, we employ
trigonometry-induced adaptive regression for orientation re-
finement, performing dual-objective dynamic matching based
on sine and cosine vectors. Coupled with a spatially adaptive
factor, this allows the model to predict high-confidence
bounding boxes, tailored to intersection size.

We summarize our contributions from four aspects:

« We propose an orientation-aware multi-modal learning
framework that defines intersection identification as an
oriented object detection task, achieving cross-modal col-
laborative processing and feature enhancement.

o A heterogeneous fusion technique is introduced to unify
diverse modalities into a single feature space, e.g., vec-
tor maps, vehicle trajectories, and LiDAR point clouds,
ensuring scalablity and generalizability.

o A trigonometry-induced adaptive regression algorithm is
presented to refine orientation perception through dual-
objective dynamic matching, employing sine and cosine
vectors. This also includes a spatial adaptation mechanism
to address scale imbalance and boundary ambiguity.

o For performance evaluation, we construct the Openlnter
dataset, the first multi-modal benchmark tailored for com-
plex low-speed scenarios, offering fine-grained semantic
labels for intersections.

II. RELATED WORK

Accurate identification of road intersections is the cor-
nerstone of unstructured high-precision mapping, providing
support for topological navigation and driving decisions [2],
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inherent information defects. Thus we propose orientation-aware multi-modal learning to improve identification performance and robustness.

[15], [16]. Existing methods mainly rely on three types of
geospatial data: images/videos, vector maps, LiDAR point
clouds, and vehicle trajectories [4], [17]. Specifically, im-
age/video and vector map related algorithms are mainly
divided into rule-based [18], [19] and learning-based [20]
identification methods. The former designs matching patterns
through prior knowledge, e.g., the configuration, location and
direction of road sections, efc. The latter learns to extract
features through iterative training, e.g., shape descriptors and
CNN-based detectors. Since images are easily affected by
poor acquisition conditions and vector maps are limited by
update frequency, some scholars try to capture the structural
details of road intersections from LiDAR point cloud [10],
[21]. Although LiDAR data alleviates the defects of spectral
clutter and shadow occlusion, the high acquisition cost limits
its practical application [22], [23]. On the contrary, thanks
to the low cost and wide spatial coverage, vehicle trajectory
data has been widely explored as an alternative, and has
begun to be applied in research fields such as urban geogra-
phy and intelligent transportation [11], [13]. The trajectory-
based algorithm defines a road intersection as an area where
vehicles gather and go straight, turn right, turn left, and turn
around [5], [24]. The key to its success lies in the mining
of the distribution pattern of turning trajectories [12], [14].
Although existing methods have made certain progress, most
of them focus on a certain modality and inevitably encounter
unimodal information defects. Thus, we propose a multi-
modal road intersection identification framework to improve
robustness and generalizability.

III. METHODOLOGY

A. Problem Formulation

Given a vector map Xy C 7?2, LIDAR point clouds Ap C
73, and vehicle trajectories A C 73 as inputs, we first
project the heterogeneous data of varying dimensions onto
a 2D grid layout. We then formulate the road intersection
identification problem as an oriented object detection task
based on multi-modal fusion features. This formulation is

Algorithm 1: Heterogeneous Information Fusion

Input: vector map Xy C Z2, point cloud Xp C Z3,
vehicle trajectory Xt C Zg, scale Sres
Output: multi-modal grid layout X* C 72
Xo < Voxelizer(Xp);
Xret ¢ FindNortheast(&v);
foreach modality M € {Xv, Xo, X1} do
a < Mean(M); b + std(M);
foreach x,, € M do x, < Round((xm — a)./b);
end
while 3x # Xyer,x € Xv U Xo U X1 do
‘ X" HX_XrefH~/Sres;
end
Return X*;

o NN R W N =

-
>

defined as follows:
T, P = OriDet(Fusion(Xy, Xp, Xr)), (1)

where 7 and P represent the sets of location coordinates
and semantic categories for all intersections, respectively.
The crux of the modeling lies in the multi-modal interaction
within Fusion(-) and the instance pattern mining within
OriDet(-). To address these challenges, we design projection-
based heterogeneous information fusion and orientation-
aware learning mechanisms. For more details, refer to the
subsequent sub-sections.

B. Heterogeneous Information Fusion

With consideration of the complementary information of-
fered by various modalities, we propose a heterogeneous
fusion approach to enhance multi-modal collaborative learn-
ing. Specifically, we concentrate on vector maps, LiDAR
point clouds, and vehicle trajectories, each of which provides
distinct information on the global layout, local details, and
drivable areas of the mapping scene, respectively. Using the
northeast corner of the vector map Xy C 7.2 as the reference
point zf, we project both the point cloud Ap C Z3 and the
trajectory Xt C Z3 from the 3D coordinate system onto a
2D grid layout, i.e., Z3 — Z2.
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Multimodal fusion map

HD map

The architecture of the proposed orientation-aware multi-modal learning paradigm. Vehicle trajectories, point clouds, and vector maps are first

projected into a unified feature space through heterogeneous fusion. The multi-modal fusion map is then input into the backbone network with FPN to
extract features, and generate orientation-aware region proposals to assist intersection semantic classification and coordinate regression. Finally, the road
network of HD map is produced according to the result of intersection identification.

The projection can be mathematically formulated as:

|[x — Xyet||

STES

where S5 denotes a fixed-resolution scale. To prevent over-
lap as multiple 3D points may map to the same 2D location,
we refine eq. (2). The point cloud Ap is voxelized to create
an occupancy grid Xy with identical voxel resolution. No
additional preprocessing is required for At due to its relative
sparsity. After discretizing Xp and At on the 2D grid, we
normalize the grid data as a Gaussian distribution with zero
mean and a uniform standard deviation. Each grid point is
then rescaled by Sis using a rounding operation to minimize
topological changes. Finally, points are relocated to the
nearest empty grid cell for refined positioning. More details
are shown in algorithm 1. With the grid points’ positions
finalized, we can project all three modalities onto a unified
feature map for subsequent orientation-aware learning.

, S.t.X;éXref,VXE Xy UXpUXr, (2

C. Orientation-Aware Learning

1) Model Architecture: Having the multi-modal feature
map obtained, we formulate the road intersection identifica-
tion problem as an oriented object detection task. The overall
model architecture is based on the classic two-stage detector
structure [25], [260]. As depicted in fig. 2, the first stage aims
to generate orientation-aware region proposals with minimal
loss. In contrast, the second stage is responsible for proposal
classification and regression. Specifically, referring to [27],
the first stage utilizes five feature levels { Py, Ps, Py, Ps, Ps}
from FPN [28] as input and assigns an aspect ratio of three
horizontal anchors to each spatial position across all levels.
Each anchor is defined as a = {ay,ay,an,a,}, which
consists of the center point coordinates {a,,a,}, height
ap, and width a,. Lightweight convolutional layers are
employed to predict the offset o = {0, 0,0, 0w, 00,08}
for decoding orientation-aware proposals:

T =0y + 0z Qu,Y = aQy + 0y - ap,
W= ay- e’ h=ap-e’", 3)

5a:0a-w,55:05-h,

Y-axis
y

(b) Regression process

(a) Box definition

Fig. 3. (a) oriented bounding box definition and (b) example of regression
process, where purple, green, and red represent proposal/anchor, prediction,
and ground truth box [30].

where {w, h} indicate the width and height of the proposal’s
outer horizontal box, {x,y} denote the center coordinates,
and {d,,0p} indicate the offset relative to the midpoint of
the top and right edges of the horizontal box. The definitions
are similar to those in [29]. The tuple {z,y,h,w,dq,d5}
effectively captures the orientation information for each
intersection proposal. Following proposal generation, the
second stage employs rotated Rol alignment [27] to ex-
tract feature tensors of corresponding dimensions from the
features {P», P3, Py, Ps}. Subsequently, each feature tensor
serves as input to fully parallel connected layers, which
generate coordinate offsets and class probabilities for each
predicted proposal.

2) Trigonometry-Induced Adaptive Regression: Given
that slight angular deviations can significantly confuse
road intersections in low-speed scenarios, we intro-
duce trigonometry-induced adaptive regression to refine
orientation-aware learning. Specifically, we adopt the multi-
task loss function [31] frequently used in object detection as
our learning objective:

N

1 X %

Lt} Api}) = 35 D Lreati 1)) + Las(pip)), ()
i=1

where N represents the total number of anchors in the

batch, and i indexes each anchor. ¢; and t; represent the
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Fig. 4.

coordinates of the predicted and ground truth bounding
boxes, respectively, while p; and p; denote the probabilities
of belonging to the foreground intersection and the ground
truth categories. We employ focal loss [32] as the classifica-
tion loss L, and carefully design the regression loss Lreg,
which includes five parameters {z,y,w, h,0}. Introducing
an additional angle parameter 6 allows for bounding box
regression in arbitrary orientations. As illustrated in fig. 3, 0
is the acute angle with the horizontal axis. For {z,y,w, h},
we directly utilize prediction offset regression:

le = (1‘ - ma)/waaty = (y - ya)/ha7
ty = (x* _xa)/wa;t; = (Y" — Ya)/la,

where x,x,,z* denote the predicted, anchor, and ground
truth coordinates, respectively, while other parameters follow
a similar notation. Since the edges are interchangeable and
angles are periodic, direct regression for € can result in slow
convergence. To refine orientation perception, we introduce
dual-vector matching based on trigonometric functions:

tsing = sin(0 - 7/180), tcos g = cos(6 - 7/180),
trne =sin(0" - 7/180), ¢ o = cos(0* - w/180).

cos

®)

N (6)
Sin
which refers to similar designs in previous work [30]. To
ensure that 32 , + t*2 , = 1, trigonometric normalization
[29] is applied. Furthermore, considering the substantial
variation in scales among different road intersections within
the same scene, we introduce a spatially adaptive factor to

dynamically adjust intersection regression weights:
vi=e Tt et 41 ™)

Here, k; represents the area of the i-th generated bounding
box, and I; represents the Intersection-over-Union (IoU) with
the corresponding ground label. The decreasing nature of the
negative exponential function e~! ensures greater weights
for smaller intersections, thus directing the model to generate
bounding boxes with high IoU to improve the boundary
confusion caused by angular periodicity. Inspired by [27],
[33], the trigonometry-induced adaptive regression function
is set as:

L Leoo
Lyeg(ti, t]) = Z smooth ( w,tw)

,Y‘ * ) 8
Jj€{z,y,w,h,0} l|£sm00th(ti’j’ i7j)| ®

(c) Sample statistics

(a) annotation example, (b) category settings and (c) sample statistics for the Openlnter benchmark.

The parameter 6 includes dual-objective learning for
{sin 6, cos 0}, and Lsmootn indicates smoothing £; loss [34]:

Lsmootn (ti,5, 17 ;) = smoothy, (|[t;,; — &7 ;11),
[ 0.522 if 2] <1 9)
smoothy, (z) = { |x| — 0.5 otherwise

D. Application in HD Map Road Generation

The primary focus of our research is the automatic gen-
eration of High-Definition maps for unstructured roads. In
this context, we utilize identified intersections to infer road
topology and to construct road geometry. Specifically, the
boundaries of these intersections intersect with the vehicle’s
mapping trajectories. We first aggregate these trajectory
breakpoints to establish the “nodes” of the road network, in a
manner akin to the approach described in [35]. Subsequently,
we rasterize the semantic point cloud and employ Hybrid A*
algorithm [36] to identify global driving paths, which serve
as reference lines for the road network.

IV. OPENINTER: ROAD INTERSECTION BENCHMARK

To quantitatively evaluate the performance, we build the
first multi-modal benchmark for complex low-speed scenes
tailored for road intersection identification, named Openlnter.

A. Benchmark Overview

We utilize parking space vector maps, point cloud oc-
cupancy grid maps, and vehicle trajectory information to
produce data with high-quality and dense intersection coor-
dinates and category annotations. To increase data diversity
and remove domain bias, we collect data on 271 parking lots
carefully selected by mapping experts from multiple sensors
and platforms with diverse resolutions. Specifically, our
Openlnter consists of 759 annotated frames containing 6694
oriented bounding boxes of road intersections, each of which
is classified to one of 8 foreground categories to describe
semantic properties. As shown in fig. 4, the semantic cate-
gories include quarter, uTurn, tJunction, crossing, multiway,
crossing+uTurn, quarter+uTurn and tJunction+uTurn. The
category division largely depends on the driving trajectory
and whether an intersection is common to judge, which aims
to provide meaningful drivable intersection locations. And
some other areas like intersections may be impassable, i.e.,
they have no practical application value for mapping in real-
world autonomous driving scenarios, so we remove them.
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Fig. 5. The labeling process for our road intersection data. (a) Find the
center of each intersection. (b) Find the critical point where the trajectory
changes from curved to straight and from divergent to convergent. (c)
According to the principle of symmetry and approximate rectangle, complete
the oriented bounding box and specify the category.

TABLE I
PERFORMANCE COMPARISON WITH REPRESENTATIVE ORIENTED
OBJECT DETECTORS ON OPENINTER.

Per-class AP(%)
Method‘Backb.H Q| T|C|U|M |Q+UT+U|C+U mAP(%)

CFA [37]| R50 ||88.5|81.2|75.9|31.0] 8.1 | 50.9 [49.6|18.3| 50.4

SZA-Net [33]| RS0 |[87.4]75.0{70.6|32.9(16.3] 52.5|38.0|42.6| 51.9

Rol Trans [29]| R50 ||88.1/69.273.5|41.5(11.0{48.1 |29.5|61.4| 52.8
Oriented RCNN [27]| R50 ||86.982.5(58.9(47.1| 5.7 | 55.4|36.7|50.8| 53.0
KFIoU [30]| R50 ||87.571.3]68.4|29.3| 42 |71.9]65.2|29.7| 53.4

Ours| R50 |[|88.9]67.9]72.1|37.8| 3.5 [32.2|71.4|553| 53.6

Ours| RIOL [|90.3(88.277.0|133| 1.4 | 68.6|34.3|65.8| 54.9
Ours|Swin-B||88.9(86.8|37.8|72.8|12.6| 75.6 | 553 | 22.4| 56.5

TQ: quarter, T: tJunction, C: crossing, U: uTurn, M: multiway, Q+U: quarter+uTurn,
T+U: tJunction+uTurn, C+U: crossing+uTurn.

Obviously, the potential category imbalance in Openlnter
brings challenges to fine-grained intersection recognition,
especially few-shot category (e.g., multiway) puts higher
requirements on algorithm performance. To fairly test the
generalization capability, we choose the data of 200 parking
lots as the training set, and the data of the remaining 71
parking lots as the test set, where the corresponding number
of frames are 553 and 206 respectively.

B. Annotation Protocol

To facilitate unstructured high-precision road network
mapping, we consider various annotation protocols to bet-
ter label road intersections. Inspired by the bounding box
annotations commonly used in computer vision to describe
visual concepts (e.g., objects, regions, and attributes), we
chose the protocol of any quadrilateral. The intersection
is expressed as {(z;,v:),? = 1,2,3,4} to compactly and
accurately draw the outline, where (x;,y;) has the position
of each vertex of the bounding box coordinate. As shown in
fig. 5, to control the annotation quality, we strictly regulate
the annotation process. Compared with the usual positioning,
the fine-grained semantic annotation in Openlnter provides
more possibilities for downstream application expansion.

V. EXPERIMENTS AND DISCUSSIONS
A. Implementation Details

In the experiment, the orientation-aware learning part of
the proposed method is built in the classic oriented detector
framework [27] by default, and the ResNet-50/101 (R50/101)
[38] and Swin Transformer Base (Swin-B) [39] pre-trained
on ImageNet [40] are selected as the backbone network.
The AdamW [41] optimizer with an initial learning rate of

TABLE I
PERFORMANCE COMPARISON ON HD MAPPING.

Method || NRoad? | R2T1 | En2R1 | En2P1 | P2Ex?

xDeepFM+DBSCAN [14] 64.6 78.8 90.2 96.3 89.4
Multi-Scale Graph [24] 72.0 82.2 91.7 96.9 88.7
Ours (Swin-B) 712 91.3 95.9 98.6 90.2

0.0004 and a weight decay of 0.05 is employed to train the
model for 36 epochs. We use 8 NVIDIA A100 GPUs with
a batch size of 10 for model training, and a single A100
GPU for testing. In the implementation, all data are cropped
into 1024 x 1024 size patches with a 512 pixel overlap.
Following [42], we employ mean Average Precision (mAP)
as the accuracy metric for quantitative evaluation.

B. Results and Discussions

1) Results on Openlinter: To verify the performance of the
proposed method, we compare it with other classical oriented
detectors on the Openlnter benchmark. As shown in table I,
our method outperforms advanced KFIoU [30] by a slight
advantage of 0.2% when using ResNet-50 as the backbone
network. Especially for the two composite categories of
tJunction+uTurn and crossing+uTurn, it outperforms KFloU
by 6.2% and 25.6%. We believe that the main reason is that
the trajectories of these categories have complex geometric
topologies, and the proposed trigonometry-induced adaptive
regression can be more adaptable to such irregular inter-
sections by refining the orientation perception. Overall, the
advantages of the proposed method are obvious. When Swin-
B is used as the backbone to extract features, the overall
performance gain is increased by as much as 3.1%. This
also proves that it has good scalability for different visual
backbones, whether CNN or Transformer.

2) Application: We further verify the impact of intersec-
tion identification performance on HD mapping. As shown in
table II, the proposed method has obvious advantages over
other classic competitors. NRoad indicates the number of
roads. R2T indicates the coverage completeness of the road
network relative to the collected trajectories. En2R, En2P
and P2Ex respectively indicate the routing success rate from
the entrance to other roads, from the entrance to points of
interest (i.e., charging pile), and from points of interest to
exits. Excellent performance on NRoad and R2T show that a
more intact road network can be obtained using our method,
while En2R, En2P and P2Ex reflect superior topological
connectivity. As shown in fig. 6, thanks to the high recall
of intersection identification, the road network in the HD
map with our method is more complete and reliable.

C. Ablation Study

As shown in tables III to V, we conduct a series of ablation
experiments on Openlnter. All models employ ResNet-50 as
the backbone network unless otherwise specified.

1) Effect of Multiple Modalities: To explore the impact
of multi-modal processing on intersection identification, we
evaluate the performance of unimodal and multi-modal in-
puts. As shown in table III, the method based on trajectory
as input is superior to other unimodal processing, which is
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Fig. 6. Qualitative visual comparison between [24] (left) and our method (right). The color of the bounding boxes in the identification results is used to
distinguish different categories. Obviously, our method can provide fine-grained semantics and orientation information of intersections. Some intersections
that were missed during identification resulted in the inability to generate a complete road network during HD mapping, which are marked by red circles.

TABLE III
ABLATIONS FOR DIFFERENT MODALITY DATA.

TABLE IV
ABLATIONS FOR DUAL-OBJECTIVE MATCHING. ABLATIONS FOR SPATIALLY ADAPTIVE FACTOR.

TABLE V

Per-class AP(%) Per-class AP(%) N Per-class AP(%)
o6M| VM| V|| o PF AT | M| maAP®)  tins[teoso|| @ THFTATE | M |maP@) e b |eti || o PFHATE | m | mar)
v 483]329|44.6|133|1.8] 312 84263.8|67.5(31.6]42| 4938 87.3]67.1|71.3|354]2.1| 522

v 72.5(47.4|59.3(18.7|22| 448 v 86.7(65.2(70.1[32.8(2.7| 51.7 v 87.9(67.8(71.4(369(32| 529
v |]83.1|525]65.6|265[7.1| 496 v ||87.1]64.7|685(34.5(3.1| 524 v ||882]67.3|71.6(372]29] 53.1
vV |V |V |]889]67.9]72.1]37.8[35| 53.6 v | vV ||889|67.9|72.1|37.8|3.5| 53.6 v | V ||889]|67.9(72.1|37.8|3.5| 53.6

TVT: vehicle trajectory, VM: vector map,
OGM: occupancy grid map (i.e., point cloud).

consistent with the prior that intersection labeling mainly
relies on trajectory judgment. The performance of the multi-
modal method shows impressive improvements, especially a
22.4% enhancement compared to only using OGM. Notably,
employing the proposed framework to process multi-modal
information hardly increases additional computational costs,
but brings significant advantages in identification accuracy.

2) Effect of Dual-Objective Matching: We experimentally
explore the impact of trigonometry-induced optimization
objectives on identification. Specifically, we apply direct
regression similar to eq. (5) to 6 as the baseline, i.e., we
train @ in the following manner:

to = (0 — 0,) - 7/180,t5 = (6" — 0,) - 7/180.  (10)

As shown in table IV, whether tg, 9 or teosg is used as the
objective alone for regression, the performance can be stably
improved, which proves that the introduction of trigono-
metric function coding can effectively assist 6 optimization.
Consistently, the integration of t4,¢ and t..5¢ achieves the
best results, because the uniqueness of dual-vector helps
alleviate the coordinate ambiguity.

3) Effect of Spatially Adaptive Factor: As shown in ta-
ble V, introducing e~*: effectively improves the mAP, which
drives the model to pay more attention to small-scale objects
in training through the monotonous decrease of the negative
exponential function. In addition, e~! alleviates boundary
confusion by prompting the model to produce bounding
boxes with high IoU and thereby boosts overall accuracy.
The crystallization of the two brings the best results, proving
that injecting the spatially adaptive factor into the regression
loss is a good training strategy for localization.

4) Feature Visualization: By visualizing the feature re-
sponse maps, we qualitatively evaluate the intersection rep-
resentation capability of the model. As shown in fig. 7, it
can be seen that with the help of the spatially adaptive
factor, the model can respond with more discriminative

OIPRHINE| o *

Fig. 7. Feature visualization with different learning objectives. (a) Direct
regression (DR). (b) Trigonometry-induced dual-objective matching (TDM).
(c) DR with spatially adaptive factor. (d) TDM with spatially adaptive factor.

power when facing small-area intersections. Employing dual-
objective matching enables the identification of some irreg-
ular special cases, e.g., tJunction+uTurn with interference
clutter. Overall, the proposed trigonometry-induced adaptive
regression helps the model distinguish intersections from the
background, thereby achieving more robust positioning.

VI. CONCLUSION

This paper proposes a novel orientation-aware multi-
modal learning paradigm for intersection identification and
mapping. Specifically, a heterogeneous fusion technique is
introduced to project different modality information into
a unified feature space. A trigonometry-induced adaptive
regression algorithm is designed to refine orientation per-
ception, improving scale imbalance and boundary confu-
sion through dual-objective matching with spatial adaptation.
Importantly, our research advances the state-of-the-art by
assembling a pioneering multi-modal benchmark, designed
explicitly for intricate, low-speed operational scenarios. This
dataset not only allows for robust evaluation but also paves
the way for future research by offering a new gold standard.
Comprehensive experimental analyses, inclusive of ablation
studies, firmly substantiate the effectiveness of the proposed
computational constructs and the overarching framework.
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