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Abstract

Accurate and reliable localization is crucial for advanced autonomous driving systems.
Traditional high-precision localization approaches rely on meticulously annotated high-
definition (HD) maps and employ visual-geometric methods to derive accurate pose in-
formation. However, the construction, maintenance, and updating of HD maps are costly
and time-consuming. In contrast, localization using publicly available navigation maps
provides a low-cost and scalable alternative. Existing methods typically align BEV (Bird’s-
Eye-View) features extracted from surround-view images with navigation maps to obtain
localization results. Although such approaches can achieve high accuracy, they often ne-
glect the inherent modality gap between BEV features and navigation maps, leading to
localization errors. To address this issue, we propose NMLoNet: An End-to-End Intelligent
Vehicle Localization Network Using Navigation Maps. The proposed method exploits road
semantic elements to effectively bridge the modality gap between BEV representations
and navigation maps. Specifically, a Deformable Attention Module is introduced after
BEV feature extraction to capture long-range dependencies among BEV features. Further-
more, we innovatively incorporate vector map constraints to minimize the discrepancy
between BEV and navigation map features. In addition, a multi-level cross-modal feature
registration mechanism is designed to achieve more precise alignment between BEV and
map representations. Extensive experiments on the nuScenes and Argoverse datasets
demonstrate that NMLoNet achieves state-of-the-art performance, improving localization
accuracy by approximately 11% under monocular settings and 24% under surround-view
configurations. Moreover, the proposed network maintains robust localization performance
in complex and highly dynamic driving environments.

Keywords: visual localization; navigation map; bird’s-eye-view; intelligent vehicles;
high-precision localization

1. Introduction
With the rapid development of modern technology, automobiles have become an

indispensable means of transportation in daily life. However, this growing reliance on
vehicles has also led to severe challenges such as traffic congestion and frequent accidents.
The intelligentization of vehicles has been recognized as an effective approach to addressing
these issues [1]. Moreover, as people’s living standards improve, the demand for intelligent
vehicles continues to increase, making vehicle intelligence a major focus of current research
and industrial development.
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Accurate and robust localization is fundamental to intelligent driving systems, as
downstream tasks—including motion planning, decision-making, and vehicle control—
depend critically on precise vehicle pose estimation [2]. In outdoor environments, au-
tonomous vehicles typically rely on the Global Navigation Satellite System (GNSS) for
localization. However, GNSS suffers from low update rates and limited positioning accu-
racy, which are insufficient for high-precision autonomous driving. Moreover, GNSS signals
are vulnerable to occlusions caused by urban structures such as trees, high-rise buildings,
and overpasses. This leads to the well-known urban canyon effect, resulting in severe
positioning degradation or even complete signal loss [3]. To alleviate these limitations,
GNSS is often integrated with an Inertial Navigation System (INS). In such systems, GNSS
compensates for long-term INS drift, while INS mitigates the low update frequency of
GNSS. Nevertheless, when GNSS signals become unavailable, the integrated system loses
its global reference, causing rapid drift accumulation and significant localization errors.
Due to the inherent uncertainty of GNSS- and INS-based solutions, additional reliable
localization methods are required. Simultaneous Localization and Mapping (SLAM) is
one of the most widely adopted active localization approaches. Camera-based SLAM
methods [4,5] are sensitive to illumination changes and environmental variations, which
limits their robustness. In contrast, LiDAR-based SLAM methods [6,7] provide higher
accuracy and stronger environmental resilience. However, their large-scale deployment
remains challenging due to the high cost of LiDAR (Light Detection and Ranging) sen-
sors. Currently, high-definition (HD) map–based localization is the dominant solution
in autonomous driving [8–10]. HD maps are typically constructed using high-channel
LiDAR systems or complex multi-camera reconstruction pipelines, encoding dense static
landmarks with centimeter-level accuracy. Vehicles achieve precise localization by aligning
real-time perception data with HD map landmarks, usually through geometric techniques
such as Perspective-n-Point (PnP) and RANSAC. Despite their effectiveness, HD maps are
expensive to construct, maintain, and update, which significantly limits scalability and
large-scale deployment. Furthermore, traditional geometric alignment methods remain sen-
sitive to dynamic environments and visual degradation. These limitations have motivated
the search for low-cost, scalable, and robust alternatives to HD map–based localization.

For humans, determining one’s position using publicly available navigation maps is
intuitive. For autonomous systems, however, this task is considerably more challenging.
Compared with HD maps, navigation maps lack dense point cloud information and de-
tailed geometric descriptors. Instead, they primarily contain simplified structural elements
such as road boundaries, building outlines, and lane-level topology. As a result, direct geo-
metric alignment between camera observations and navigation maps is infeasible. Recent
advances in computer vision have opened new possibilities. Online HD map generation
frameworks such as HDMapNet [11] and MapTR [12] demonstrate that high-level semantic
vector representations can be extracted directly from visual inputs. These semantic vector
elements exhibit strong structural consistency with navigation maps, suggesting that lo-
calization can be achieved by aligning online-generated semantic vectors with navigation
map features. Prior studies [13,14] explored related ideas in augmented reality (AR) for
indoor environments. However, these approaches are not designed for the complexity
of autonomous driving scenarios. MapLocNet [15] was the first framework to leverage
navigation maps for vehicle localization. Nevertheless, it overlooked the modality discrep-
ancy between Bird’s-Eye-View (BEV) features derived from surround-view images and
2D navigation map representations. This cross-modal domain gap significantly degrades
alignment performance, particularly in dynamic or repetitive environments, leading to
substantial localization errors. In this work, we explicitly address this modality gap. We
introduce an online vector map constraint after BEV feature extraction to guide the BEV

https://doi.org/10.3390/wevj17030150

https://doi.org/10.3390/wevj17030150


World Electr. Veh. J. 2026, 17, 150 3 of 21

representation toward the semantic distribution of navigation map features. In addition, we
design a BEV Feature Enhancement Module that strengthens both semantic and geometric
representations through high-order feature modeling. This module enables the encoder
to adaptively emphasize localization-relevant road elements. Furthermore, we develop
a multi-level cross-modal fusion mechanism to achieve hierarchical and comprehensive
alignment between BEV and navigation map features. In summary, the main contributions
of this paper are as follows:

(1) To address the problem that autonomous driving localization heavily relies on expen-
sive high-definition (HD) maps, we propose NMLoNet, an end-to-end localization
network based on surround-view images and navigation maps. Without using costly
HD maps, NMLoNet achieves autonomous and reliable localization by leveraging
publicly available navigation maps.

(2) To mitigate the modality gap between BEV features and 2D navigation map fea-
tures, we innovatively introduce an online vector map constraint, which effectively
reduces the discrepancy between the two modalities. In addition, to address the
discreteness of BEV features and their limited ability to continuously and efficiently
focus on road-related localization elements, we design a BEV feature enhancement
module. This module captures the correlations among BEV features through adap-
tive weighting, enabling the network to continuously and efficiently focus on road
localization elements.

(3) To further tackle the difficulty of aligning BEV features with navigation map fea-
tures, we propose BMF, a feature alignment module proposed in this paper, which
adaptively learns both feature positions and feature weights. Experimental results
demonstrate that our NMLoNet achieves state-of-the-art performance on the nuScenes
and Argoverse datasets.

2. Related Work
2.1. Vision-Based Geometric Localization

In recent years, visual geometry–based localization methods have dominated intelli-
gent vehicle positioning. These approaches estimate vehicle poses by matching environ-
ment descriptors or LiDAR point clouds from the current scene with pre-built 3D maps. Rep-
resentative paradigms include Simultaneous Localization and Mapping (SLAM) and local-
ization based on pre-constructed high-definition (HD) maps. SLAM techniques have been
extensively studied over the past decades, and numerous mature frameworks [4–7,16,17]
have been widely adopted in both academia and industry. Representative visual SLAM
systems such as ORB-SLAM [5,16] and VINS [4] are broadly used in augmented reality (AR)
and robotics due to their low hardware requirements and lightweight memory footprint.
However, their limited precision and sensitivity to illumination and environmental varia-
tions restrict their applicability in autonomous driving scenarios. In contrast, LiDAR-based
SLAM approaches [7,17,18] provide higher accuracy and stronger robustness, which makes
them more suitable for autonomous driving. Nevertheless, their large-scale deployment
remains constrained by the high cost of LiDAR sensors and substantial computational de-
mands. More importantly, both vision-based and LiDAR-based SLAM methods suffer from
accumulated drift errors. In large-scale driving environments, such drift can significantly
degrade localization accuracy, posing serious risks for safety-critical applications.

Localization approaches based on pre-built HD maps [8,19–23] effectively mitigate
drift accumulation and are therefore more appropriate for large-scale autonomous driving.
In these systems, real-time sensor data—such as point clouds or visual descriptors—are
aligned with HD maps using geometric algorithms, including Perspective-n-Point (PnP)
and Efficient PnP (EPnP), to estimate vehicle poses. However, HD map–based localization
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also faces practical challenges. In open outdoor environments, the large scale of HD maps
makes efficient descriptor matching computationally demanding, often compromising real-
time performance and even leading to localization failure. To improve efficiency, refs. [9,19]
exploited structural landmarks such as poles and road curbs to simplify registration.
In [8,20], the environment was partitioned into node maps associated with GNSS signals,
enabling a coarse-to-fine localization strategy that improved matching success rates. A
crowdsourced lightweight semantic mapping method was proposed in [21] to reduce
mapping costs, while [24] introduced semantic keyframes into node maps to support
efficient monocular localization. Additionally, ref. [25] extracted pole features via instance
segmentation and employed Gaussian regression to estimate their relative pose with
respect to the map. Despite their high accuracy, HD map–based localization methods incur
substantial construction, maintenance, and storage costs, as maps must be continuously
updated to reflect environmental changes. Furthermore, both SLAM and HD map–based
approaches rely heavily on visual geometric optimization, which inherently introduces
uncertainty. When deployed at a large scale, such uncertainties may result in non-negligible
random localization errors, ultimately undermining system reliability.

2.2. End-to-End Localization Neural Network

With the rapid advancement of computer vision, end-to-end (E2E) localization frame-
works have emerged as a prominent research direction. These approaches directly regress
vehicle poses from raw sensor inputs, thereby avoiding the complexity and potential
instability of traditional visual-geometric optimization pipelines. PoseNet [23] was the
first to introduce a framework that directly regresses camera poses from a single RGB
image by appending a multilayer perceptron (MLP) to an image feature extractor backbone
(GoogLeNet). However, due to the absence of map-based constraints, PoseNet typically
produces meter-level localization errors, which are insufficient for intelligent driving appli-
cations. Subsequent works [10,25–27] improved localization accuracy to some extent, yet
still failed to achieve the centimeter-level precision required for autonomous vehicles. To
incorporate stronger structural priors, L3-Net [28] aligns real-time LiDAR keypoints with
pre-built HD maps through a 3D estimation volume, enabling end-to-end training while
achieving centimeter-level accuracy. Similarly, ref. [29] leverages stable features extracted
from road-invariant structures to improve localization robustness. In [30], lane markings,
traffic signs, and sparse semantic maps are utilized for pose estimation, effectively reducing
map storage requirements. PixLoc [31] aligns deep image features with corresponding
3D models in a fully differentiable framework, allowing joint optimization of feature ex-
traction and pose regression. In the aforementioned studies, inputs are typically real-time
point clouds or image-derived depth representations. With the rise of multimodal percep-
tion, camera-based localization frameworks have been further developed to exploit visual
information more effectively.

CMRNet [32] constructs a cost volume between image features and LiDAR map
features using optical flow estimation, followed by a regression module to predict the
vehicle’s relative pose. Building upon this idea, ref. [33] introduces a Transformer-based
architecture to model long-range correspondences between 2D images and 3D LiDAR
maps, achieving improved localization accuracy. In [34], point cloud maps are compressed
and decoded into virtual feature images, which are then matched with camera images to
estimate relative poses. Despite these advancements, the substantial modality gap between
2D monocular images and 3D LiDAR maps remains a major challenge, making accurate
pose regression from single images difficult. To address this issue, BEV-Locator [35] was
the first to leverage multi-view images and global vector maps for vision-based semantic
localization. By employing a cross-modal Transformer architecture, it effectively bridges the
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gap between navigation maps and camera-derived features, achieving centimeter-level ac-
curacy. Similarly, EgoVM [36] integrates learnable semantic embeddings and maps element
coordinates into BEV representations to enhance cross-modal alignment and further adopts
a histogram-based optimization strategy for robust pose estimation. Inspired by these
end-to-end localization paradigms, our method follows a fully differentiable framework
while introducing novel architectural components to further improve localization accuracy
and robustness.

2.3. Localization with Navigation Maps

Due to the high cost and logistical complexity of constructing and maintaining high-
definition (HD) maps, recent research has shifted toward HD-map-free localization for
intelligent vehicles. One line of work leverages aerial imagery for cross-view localiza-
tion by matching ground-level camera images with overhead views [37–40]. However,
aerial imagery is often unavailable or restricted due to environmental conditions (e.g.,
cloud cover), privacy regulations, and limited coverage—severely limiting the practical-
ity and scalability of such approaches. To address this, an increasing number of studies
have explored localization using lightweight, publicly available navigation maps (e.g.,
OpenStreetMap). For example, ref. [41] performs semantic matching between monocu-
lar images and 2D navigation maps to estimate vehicle pose. In [42], a geolocalization
method is proposed that embeds panoramic images and navigation maps into a shared
low-dimensional space for efficient retrieval. Similarly, ref. [43] achieves high-precision
localization by matching LiDAR-derived descriptors with those extracted from 2D maps,
attaining accuracy comparable to HD-map-based systems. More recently, ref. [44] combines
human-perspective and BEV (Bird’s-Eye View) images for map matching against navigation
maps, demonstrating promising results in indoor settings. A major breakthrough was intro-
duced by OrienterNet [14], which first established end-to-end localization by aligning BEV
features—extracted from surround-view cameras—with vectorized OpenStreetMap (OSM)
data [45]. This idea was extended by MapLocNet [15], which formulates localization as an
image registration problem between BEV feature maps and OSM raster maps. In contrast to
these methods, which treat BEV-to-map alignment as a pixel-level image registration task,
we argue that this formulation overlooks the fundamental modality gap: BEV features are
not raw images but high-level, semantically rich representations encoding road topology,
drivable areas, and spatial context. Directly registering them with geometric navigation
maps—as if they were conventional images—leads to suboptimal alignment and informa-
tion loss. Therefore, in this paper, we reformulate the problem as a cross-modal feature
registration task, where the goal is to semantically align and adaptively fuse heterogeneous
representations—BEV visual semantics and map geometry—through a dedicated neural
architecture. This perspective enables more precise, robust, and interpretable localization
without reliance on HD maps.

3. Materials and Methods
This section presents the implementation details of NMLoNet. NMLoNet is shown

in Figure 1. NMLoNet is an end-to-end visual localization neural network that estimates
the vehicle pose using surround-view images and navigation maps. The localization task
can be formulated as follows: We consider a single frame of surround-view images with a
noisy prior pose p̂ = (x, y, θ), which can be obtained from GPS or other consumer-grade
sensors. Our goal is to estimate the optimal pose transformation ζ̂ = (∆x̂, ∆ŷ, ∆θ̂) on a 2D
navigation map, thereby transforming the initial noisy pose p̂ into the true vehicle pose p.
Here, where (∆x, ∆y) ∈ R2 denote the longitudinal and lateral offsets, and ∆θ ∈ (−π, π]
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represents the heading angle offset. The objective of our localization problem can thus be
formulated as:

min
(∆x,∆y,∆θ)

∥∥ p̂ + ζ̂, p
∥∥

2 (1)

where ∥.∥2 denotes the L2 Euclidean norm.

 

Figure 1. The overall framework of our proposed method is illustrated above. The inputs include
six surround-view images centered on the ego vehicle and an SD navigation map containing road
elements. The six images are transformed into BEV features through a view transformation module,
while the 2D navigation map is encoded into SD features via a CNN-based encoder. In addition, the
BEV features are supervised by an online map constraint module. Finally, the BEV and SD features
are fused to output the vehicle pose.

3.1. BEV Feature Encoder

The purpose of this module is to project the surround-view image features from
multiple cameras into the BEV (Bird’s Eye View) feature space to obtain BEV representations.
In this paper, we adopt the simple and efficient LSS framework [46] as the BEV backbone to
enhance localization real-time performance. Meanwhile, NMLoNet is also compatible with
other BEV feature extraction algorithms, such as GKT and BEVFormer [47]. We employ a
pre-trained EfficientNet [48] as the backbone for surround-view visual feature extraction
to obtain image features FI(I=1, 2, 3 ...6). Subsequently, the image features FI are projected
into BEV features FB ∈ RH×W×C, where C denotes the number of channels, and H and W
represent the height and width of the visual BEV.

3.2. BEV Enhancement Module

This paper aims to reduce the modality gap between visual BEV features and 2D navi-
gation map representations to improve localization accuracy. Compared with conventional
street-view images, navigation map images exhibit significantly lower visual complexity.
Their limited appearance information makes cross-modal registration particularly challeng-
ing. However, navigation maps are primarily composed of structured road vector elements.
This observation motivates us to leverage real-time road perception and extract correspond-
ing road vector features from BEV representations, thereby narrowing the modality gap
between BEV features and navigation map images. In end-to-end vectorized HD map
construction tasks [11,12], the road vector elements encoded in BEV features demonstrate
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strong structural consistency with those in navigation maps. Inspired by this property, we
introduce an auxiliary end-to-end vector map construction task to supervise BEV feature
learning. This auxiliary supervision encourages BEV representations to emphasize road
vector elements, effectively reducing the domain discrepancy between visual BEV features
and navigation map representations. To further refine BEV features, we design a dedicated
BEV Feature Enhancement Module. Existing studies have primarily focused on accurately
transforming perspective-view images into bird’s-eye-view representations. However, BEV
features themselves contain rich structural and semantic information, and their internal
dependencies deserve more careful modeling. In vectorized mapping tasks, most prior
approaches emphasize modeling relationships among points within the same instance
while overlooking strong inter-instance correlations and complex geometric relationships
across different map elements. As a result, subtle structural variations and intricate spatial
dependencies are often insufficiently captured. In our setting, the goal is not to generate
precise vector maps but to extract robust BEV road semantic features for cross-modal
alignment. Ignoring inter-element correlations and geometric dependencies would lead
to fragmented feature representations, ultimately degrading alignment performance with
2D navigation map features. To address this issue, we introduce a Transformer-based
self-attention mechanism to enhance BEV feature representation. Self-attention enables the
modeling of complex geometric relationships across instances and captures fine-grained
semantic variations among road elements. It also helps emphasize localization-relevant
cues while suppressing irrelevant information. Nevertheless, conventional Transformer
backbones [49–52] are computationally expensive and often exhibit slow convergence, mak-
ing them unsuitable for real-time localization systems. Moreover, in vectorized mapping
scenarios, dependencies among map elements are typically localized rather than globally
distributed. Applying full global attention may introduce unnecessary noise and negatively
affect BEV feature quality. Therefore, we adopt the Deformable Attention Module from
Deformable DETR [53] as our BEV Feature Enhancement Module. This mechanism enables
efficient and spatially adaptive attention computation, capturing local structural dependen-
cies while maintaining computational efficiency. As a result, BEV feature representation is
significantly enhanced without compromising real-time performance.

Specifically, as illustrated in Figure 2, the input BEV feature is denoted as FB ∈
RH×W×C, where C represents the number of channels, and H and W denote the height and
width of the BEV feature, respectively.

First, the BEV features are linearly projected to obtain query tokens q = FBWq for each
pixel. Then, a set of reference points pq ∈ RH×W×2 forming a uniform grid is generated,
where each reference point {(0, 0), . . . , (H, W)} is a 2D coordinate with linearly spaced
values. The deformable attention feature is computed as follows:

De f ormAtten(q, pq, FB) =
M

∑
m=1

Mm

K

∑
k=1

(Wmqk·VmFB(pq + ∆pmqk)) (2)

Here, m denotes the number of attention heads, k represents the sampled keys, and
K represents the total number of sampled keys. Mm is the weight of each attention head.
Mm is generated by a linear layer. VmFB corresponds to the v in the traditional Transformer,

∆pmqk ∈ R2 and Wmqk ∈ [0, 1] (
K
∑

k=1
Amqk = 1) represent the offset and attention weight of

the k-th sampling point in the m-th attention head, respectively. Both are obtained through
fully connected layers.

VmFB = Fc1(q) ∆pmqk = Fc2(q) Wmqk = Fc3(q) (3)
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Figure 2. The proposed BEV Enhancement Module. The input is the BEV feature obtained from
the view transformation module. We design three independent linear layers to respectively predict:
(1) the attention weight of each head in the multi-head attention mechanism, (2) k groups of feature
offsets for each head, and (3) the corresponding weights for the features acquired from these offsets.
Finally, feature interaction and enhancement are performed based on the predicted result.

After processing through the Deformable Attention Module, we obtain the enhanced
BEV feature FBe, which emphasizes key localization elements—namely, road vector ele-
ments. For the above content, we have provided the pseudocode, as shown in Algorithm 1.

Algorithm 1: BEV Enhancement Module

Input:
FB ∈ RH×W×C: BEV feature
pq ∈ RH×W×2: A set of reference points
K & M: The number of sampling points and the number of attention heads
Wq: Along with a randomly initialized, differentiable parameter matrix.
Output:
FBe ∈ RH×W×C: The BEV features output by the BEV Enhancement Module
1: q← FB ⊗Wq

2: VmFB & ∆pmqk & Wmqk ← MLP1(q) & MLP2(q) & MLP3(q)

3: head1 & head2 & head3 . . .←
K
∑

k=1
(Wmqk·VmFB(pq + ∆pmqk)

4: FBe ∈ RH×W×C ← MLP(Contact(head1, head2, head3 . . .)

3.3. Navigation Map Encoder

In navigation maps, dense road elements form the primary structural components.
These elements can be regarded as high-frequency detail information due to their sharp
boundaries, fine-grained edges, and structured geometric patterns. Unlike the BEV Feature
Enhancement Module described in the previous section—which emphasizes high-level se-
mantic representations of road features through supervisory constraints—the road elements
in surround-view camera images do not inherently correspond to high-frequency represen-
tations. In navigation maps, however, accurately capturing such high-frequency structural
details is essential. This necessity arises for two main reasons. First, the BEV features
obtained in the previous stage already encode rich road semantics. For reliable cross-modal
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registration, these semantic features must be precisely aligned with the fine-grained struc-
tural details present in navigation maps. Second, detailed edge and structural cues play a
critical role in cross-modal feature fusion. Losing such high-frequency information would
weaken alignment accuracy and degrade localization performance. To preserve detailed
structural information while maintaining efficient feature transformation, we introduce
an Invertible Neural Network (INN) module [54]. The key advantage of INNs lies in their
bidirectional mapping property, which enables information-preserving transformations
between input and output representations. By enforcing invertibility, the INN significantly
reduces information loss during feature extraction and ensures more faithful preservation
of fine-grained structural details. Moreover, since the INN is implemented using convolu-
tional neural network (CNN)-based affine coupling layers, it maintains high computational
efficiency. This characteristic makes it particularly suitable for real-time localization sys-
tems, where both accuracy and efficiency are critical. Accordingly, we adopt an INN block
composed of affine coupling layers. In each invertible layer, the transformation is defined
as follows:

ΦS
I,k+1[c + 1 : C] = ΦS

I,k[c + 1, C] + Γ1(ΦS
I,k[1 : c]), ΦS

I,k+1[1 : C] =ΦS
I,k[1 : C]Θ exp

(Γ2(ΦS
I,k+1[c+1 :C]))+Γ3(ΦS

I,k+1[c+1 :C]),ΦS
I,k+1 = CAT {ΦS

I,k+1[1 : C],ΦS
I,k+1[c+1 : C]}

(4)

Here, Θ denotes the Hadamard product, ΦK
I,k[1 : c] ∈ RH×W×C denotes the input

features of the first to the c-th channels of the k(k = 1, . . . , k)-th reversible layer. CAT (·)
represents the channel concatenation operation, and Γi(i = 1, . . . , 3) represents an arbitrary
mapping function. Considering the trade-off between computational efficiency and feature
extraction capability, we adopt the bottleneck residual block (BRB) from MobileNetV2 as Γi.
For the above content, we have provided the pseudocode, as shown in Algorithm 2.

Algorithm 2: INN block

Input:
X ∈ RC×H×W : Navigation map features encoded by a CNN
Output:
Y ∈ RC×H×W : Navigation map features encoded by the INN
Γi: Bottleneck Residual Block from MobileNetV2
s(.), t(.): Scale and translation functions implemented as Γi

1: X1 ← X[0 : C1, :, :], X2 ← X[C1 : C, :, :]
2: Y1 ← X1, Y2 ← X2 ⊙ exp(s(X1)) + t(X1)

3: Y ← concat(Y1, Y2) ∈ RC×H×W

3.4. Neural Localization Module

This section describes how cross-modal feature registration between BEV features
and navigation map features is achieved. Recent studies [14,15] typically concatenate
features from different modalities to obtain a unified representation. However, such
direct fusion strategies overlook modality discrepancies and fail to explicitly model global
spatial correlations across modalities. To overcome these limitations, we propose a BMF
module that adaptively enhances the interaction between BEV features and navigation
map features from a global perspective. Specifically, our objective is to achieve precise
alignment of corresponding road elements across the two modalities, thereby improving
cross-modal consistency and registration accuracy. The proposed cross-modal fusion
framework consists of two key components: Feature-Adaptive Alignment and Feature-
Adaptive Weighted Fusion. As shown in Figure 3, we first use a 1× 1 convolution to
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project both feature maps into an appropriate channel dimension and concatenate them.
The fused features are then passed into two parallel branches. The first branch performs the
feature alignment operation, which aims to identify and align the road information in both
BEV and navigation map features. The alignment process first generates a 2D optical flow
field ψ, composed of pixel-wise coordinate offsets. This flow field ψ is derived from the
spatial discrepancies and correlation-based displacements between Fbe and FΦ. Using the
computed flow field ψ, the two features are spatially aligned, which can be expressed as:

FBe = Warp(Fbe, ψ) (5)

where Warp(·) denotes the bilinear interpolation warping function, which applies the
calculated offsets to ensure spatial consistency between the features. The second branch
of our cross-modal fusion framework is the Feature-Adaptive Weighted Fusion module.
Given Fbe and FΦ, the concatenated feature Fa is first passed through 1× 1 convolution
to reduce its channel dimension to 1, followed by a sigmoid activation to produce the
attention weight map W. This process can be expressed as:

W = Sigmoid(Conv1×1(Concat(Fbe, FΦ)) (6)

where Sigmoid = 1/e−x + 1 Finally, the fused feature is obtained by weighting the input
features according to W.

Floca = W ⊙ FBe + (1−W)⊙ FΦ (7)

For the above content, we have provided the pseudocode, as shown in Algorithm 3.

Algorithm 3: BMF

Input:
FBe, Fϕ ∈ RH×W×C: BEV feature and Navigation map features
Output:
Floca ∈ RC×H×W

1: ψ ∈ RH×W ← Conv(Contact(FBe, Fϕ))

2: FBe ← FBe + ψ

3: W ← Sigmoid(Conv1×1(Concat(Fbe, FΦ))

4: Floca ←W ⊙ FBe + (1−W)⊙ FΦ

3.5. Loss Function

In obtaining the fused features, we derive the global vehicle pose from them. A noisy
prior initial pose p̂ = (x, y, θ) is given, and our goal is to estimate the optimal pose variation
ζ̂ = (∆x̂, ∆ŷ, ∆θ̂) the 2D navigation map. Since the ground-truth pose p is available, we
apply a random perturbation of approximately ten meters to each ground-truth pose to
simulate noisy initial poses provided by low-cost sensors such as GPS and IMU. Given
the ground-truth pose variation ζ = (∆x, ∆y, ∆θ) and the estimated value ζ̂ = (∆x̂, ∆ŷ, ∆θ̂),
the pose loss function is defined as follows:

Ll =
∥∥ p̂ + ζ̂, p

∥∥
S1 =

∥∥ p̂ + ζ̂, p̂ + ζ
∥∥

S1 =
∥∥ξ̂, ξ

∥∥
S1 = γ(∥∆x̂, ∆x∥S1 + ∥∆ŷ, ∆y∥S1) +

∥∥∆θ̂, ∆θ
∥∥

S1 (8)

In the above formulation, γ represents the balancing weight between the position
loss and the rotation loss, where ∥.∥S1 denotes the L2 Euclidean norm. We estimate the
pose variation rather than directly predicting the absolute global pose because, over long
distances, large numerical discrepancies between global poses inevitably arise. Such
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excessive differences reduce the number of learnable samples and may lead to inaccurate
localization. Detailed experimental results validating this design choice will be provided in
the Experiment section.

 

BEV Feature

Map Feature

C

Conv

Flow
field

Warp

(1/1 )xe−+
Sigmoid Feature 

Weights

W 1-W
Fusion Feature

Figure 3. The proposed BMF Module. The inputs are the BEV features and the SD map features. We
first perform a concatenation operation on the two feature sets, followed by offset prediction and a
sigmoid activation to obtain the feature offsets and feature weights. Finally, the feature alignment
process is completed based on the predicted results.

To better supervise BEV feature learning of road elements, we introduce the online end-
to-end vector map construction task (MapTR [12]) as an auxiliary supervisory constraint
in Section B. Following its hierarchical bipartite matching strategy, let Ŷ = {q̂i}N

i=1 denote
the set of predicted map elements, and Y = {qi}N

i=1 denote the set of ground-truth map
elements. We aim to find the optimal instance-level matching between the two sets:

π̂ = arg min
π∈ΠN

N

∑
i=1
Lnq(q̂π(i), qi) (9)

where π ∈ ΠN represents a permutation of the points in a map instance, and Lnq(q̂π(i), qi)

denotes the matching cost between the predicted and ground-truth map elements. The
optimal assignment of instances and points is then determined using the Hungarian
algorithm [55]. For the online vector map construction task, the total loss is composed of
three components: instance loss, point loss, and point-direction loss, expressed as:

Lm = βc · Lclass + βp · Lpoint + βd · Ldense (10)

where βc, βp and βd are weights balancing the different loss terms. Accordingly, our overall
training objective is defined as:

L = λc · Lclass + λp · Lpoint + λd · Ldense + λl · Ll (11)

where λc, λp, λd and λl are adaptive learning weights balancing the contributions of
each component.
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4. Results
4.1. Experimental Settings
4.1.1. Datasets

To comprehensively evaluate the performance of NMLoNet, we conducted experi-
ments on the nuScenes [56] and Argoverse [57] datasets. The nuScenes dataset was collected
in Boston and Singapore, where each frame’s ground-truth vehicle pose was computed
using a Monte Carlo localization scheme that integrates LiDAR point clouds and odometry
measurements within an offline HD LiDAR map [4]. The dataset contains 850 sequences
comprising approximately 34k frames in total. We follow the official split configuration,
using 150 sequences (around 8k frames) for validation, which serves as our evaluation
benchmark. The Argoverse dataset consists of 113 scenes recorded in Miami and Pittsburgh,
among which 65 scenes are used for training and 24 scenes for validation and performance
evaluation. To obtain the corresponding navigation map data, we extract geographic map
information from OpenStreetMap (OSM) and rasterize it into a grid representation. To
ensure precise alignment between each image frame and its associated navigation map,
we adopt the BLOS-BEV [58] map-matching strategy. Specifically, we first convert map
coordinates from EPSG:4326 [59] to EPSG:3857 [59] and then back to EPSG:4326 to obtain
correctly aligned latitude–longitude coordinates, followed by appropriate scaling oper-
ations for spatial consistency. Furthermore, to simulate a noisy initial pose p̂ for each
frame, consistent with the procedure described in [15], we extract a map patch centered on
the ego-vehicle from the rasterized navigation map. We then apply random rotation and
translation perturbations t ∈ [−15 m, 15 m] within the noise range typically observed in
low-cost sensors such as GPS and IMU. Finally, the central region of the perturbed patch is
cropped and used as the navigation map input to our network.

4.1.2. Implementation Details

Our proposed NMLoNet utilizes six surround-view images as visual inputs, each
with an image resolution of 128× 352. The perception range of the ego vehicle in the BEV
(Bird’s-Eye View) space is defined as [−50 m, 50 m] meters along the longitudinal axis and
[−15 m, 15 m] meters along the lateral axis, with a grid resolution of 0.5 m. The depth
perception range is set to [4 m, 60 m] meters, ensuring sufficient coverage for both near-field
and far-field regions in autonomous driving scenarios. For the extent of the navigation
map, this paper selects twice the perception range [−100 m, 100 m] and [−30 m, 30 m].

All experiments are conducted using eight NVIDIA Tesla V100 GPUs. The proposed
model is optimized using the AdamW optimizer, with a weight decay of 1 × 10−4, a batch
size of 8, and an initial learning rate of 1 × 10−5. On the nuScenes dataset, the model is
trained for 110 epochs until convergence, while on the Argoverse dataset, 30 epochs are
sufficient for stable performance.

4.2. Comparisons with State-of-the-Art Methods
4.2.1. Results on nuScenes

As shown in Table 1, our method consistently outperforms all competing approaches
in terms of both positional and orientation accuracy. In particular, for localization accuracy
within 1 m, NMLoNet achieves 24.9%, exceeding MapLocNet [15] by 4.9 percentage points.
This improvement demonstrates that our model effectively captures fine-grained roadway
semantics in BEV space as well as detailed structural information from navigation maps.
These features provide stable and environment-invariant cues for localization, thereby sub-
stantially reducing overall positional error. Notably, under the monocular camera setting,
our method still achieves an accuracy of 11.3% within 1 m, outperforming all baseline
approaches. Although monocular images inherently produce weaker BEV representations
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compared to surround-view systems due to limited spatial coverage, NMLoNet is still
able to guide BEV features to emphasize road semantic elements. This facilitates precise
cross-modal alignment with 2D navigation map features and ultimately enables accurate
localization performance.

Table 1. Localization results on the nuScenes dataset on eight NVIDIA V100 GPUs.

Approach Cams
Position Recall (m) Orientation Recall (◦)

Param (M) GFLOPs FPS
1 2 5 1 2 5

OrienterNet 1 5.8 18.9 52.8 32.4 41.5 65.6 54.9 161.9 8.1
MapLocNet 1 7.14 22.39 60.4 35.1 60.4 87.5 20.7 49.81 23.8
NMLoNet 1 11.3 27.6 63.2 37.2 68.6 91.8 23.8 53.45 24.6

U-BEV 6 16.8 41.6 71.3
MapLocNet 6 20.1 45.54 77.7 58.6 84.1 96.2 22.9 56.15 18.2
NMLoNet 6 24.9 58.3 85.1 65.1 86.2 96.7 23.8 55.32 22.7

Figure 4 illustrates the temporal distribution of localization errors produced by our
method, including both lateral and longitudinal components. For lateral localization,
NMLoNet maintains deviations within approximately 30 cm. This high level of accuracy
can be attributed to the strong geometric constraints provided by road semantics, such
as lane boundaries and road edges, which offer reliable lateral alignment cues during
cross-modal registration. In contrast, longitudinal errors remain at the decimeter level. This
is primarily because fewer distinctive semantic landmarks—such as crosswalks or traffic
poles—are available to constrain alignment along the longitudinal direction. As a result,
residual errors in this direction are relatively larger. Nevertheless, in practical autonomous
driving systems, downstream modules such as motion control and path planning generally
impose less stringent requirements on longitudinal precision compared to lateral accuracy.
Consequently, the practical impact of this limitation is mitigated.

4.2.2. Results on Argoverse

To further validate the effectiveness of the proposed model, we conduct additional
experiments on the Argoverse dataset. The model is trained using the same hyperparameter
settings as those adopted for nuScenes. For fairness, all comparative methods are retrained
under identical experimental conditions.

As reported in Table 2, our method achieves the best performance under both monoc-
ular and surround-view configurations. Specifically, for localization accuracy within 1 m,
NMLoNet attains 27.4%, outperforming MapLocNet [15] by 4.1 percentage points. Fur-
thermore, the trajectory error curves shown in Figure 5 demonstrate that our approach
consistently produces stable and accurate localization estimates over time. These results
collectively confirm the robustness and strong generalization capability of our model across
different datasets and sensor configurations.

Table 2. Localization results on the Argoverse dataset on eight NVIDIA V100 GPUs.

Approach Cams
Position Recall (m) Orientation Recall (◦)

Param (M) GFLOPs FPS
1 2 5 1 2 5

OrienterNet 1 8.56 21.2 54.9 18.7 31.1 65.6 54.9 161.9 8.1
MapLocNet 1 9.12 27.6 66.3 41.2 66.5 90.3 20.7 49.81 23.8
NMLoNet 1 12.8 29.6 65.2 47.2 72.6 94.8 23.8 53.45 24.6

MapLocNet 6 23.3 47.2 79.3 62.4 86.3 96.24 22.9 56.15 18.2
NMLoNet 6 27.4 53.3 86.4 67.6 87.5 98.6 23.8 55.32 22.7
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Figure 4. Model error on the nuScenes dataset.

Figure 5. Model error on the Argoverse dataset.
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4.2.3. BEV Visualization on the nuScene

The key objective of our proposed framework is to reduce the modality gap between
BEV features and navigation map representations by encouraging BEV features to focus
on static road elements in the environment. To validate this, we visualize the BEV feature
heatmaps on the nuScenes dataset, as illustrated in Figure 6. The visualization results
reveal that the extracted BEV features indeed concentrate on static roadway structures,
such as lanes and boundaries, thereby confirming the rationality and effectiveness of the
proposed NMLoNet.

Figure 6. BEV feature heatmaps of our model on the nuScenes dataset. The middle image shows
the real-time vector map output from the vector map module, and the right image shows the BEV
feature heatmap.

4.3. Ablation Studies

This section presents extensive ablation studies to investigate the effectiveness of each
component within NMLoNet as well as the influence of their corresponding hyperparame-
ter settings. All experiments are conducted on the nuScenes dataset.
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4.3.1. Effectiveness of the BEV Enhancement Module and INN

We conduct ablation studies on the nuScenes dataset to evaluate the contribution of
each proposed module, and the results are summarized in Table 3. For the proposed BEV
Feature Enhancement Module, the proportion of samples with a position error smaller than
1 m increases by 5%. This improvement demonstrates that the self-attention mechanism
effectively refines the attention distribution within BEV features, guiding the model to focus
on more informative and discriminative regions. An additional interpretable explanation is
that, in scenarios with sparse lane markings, the module can adaptively emphasize critical
semantic cues, thereby facilitating more robust feature learning and inference. Moreover,
we observe that the BEV Feature Enhancement Module yields greater improvements in
longitudinal accuracy than in lateral accuracy. This phenomenon can be attributed to
the relatively limited availability of road semantic elements that provide longitudinal
constraints, which makes it challenging for conventional models to capture these sparse
cues. In contrast, the Deformable Attention mechanism incorporated in our module can
dynamically attend to such informative regions through sparse, learnable sampling offsets,
thereby enhancing localization performance—particularly along the longitudinal direction.
For the INN module integrated into the Navigation Map Encoder, the model achieves a 4.6%
improvement in the proportion of samples with position error below 1 m. The motivation
for introducing the INN module is to better capture high-frequency structural information
from navigation map images. Specifically, it enables the extraction of fine-grained road
semantic details, which helps reduce the modality gap between navigation maps and visual
BEV features. The ablation results further show that removing the INN module leads to a
noticeable decline in localization accuracy. This confirms that the INN module enhances
the model’s ability to exploit detailed road semantic information, effectively narrowing the
cross-modal discrepancy and improving overall positioning performance.

Table 3. Ablation study results on the nuScenes dataset evaluating the effectiveness of the BEV
Enhancement Module and the INN for localization.

Model
Position Recall (m) Orientation Recall (◦)

1 2 5 1 2 5

BEV
Enhancement 19.2 52.1 71.2 54 77.2 88.1

INN 19.6 56.8 72.9 56.2 77.8 90.3
Base 24.2 58.3 85.1 65.1 86.2 96.7

4.3.2. Effectiveness of the Neural Localization Module

To evaluate the effectiveness of the proposed cross-modal feature fusion module, we
design three comparative ablation settings: (1) direct feature concatenation, (2) optical-
flow-based feature alignment only, and (3) adaptive feature weighting only. As reported
in Table 4, directly concatenating features results in a 6-percentage-point decrease in lo-
calization accuracy. This significant performance drop indicates that naive feature fusion
introduces representation misalignment across modalities, leading to increased localization
errors. The result highlights the necessity of explicitly modeling cross-modal discrepancies
rather than relying on simple feature aggregation. For the other two variants, the experi-
mental results show that removing either the feature alignment submodule or the adaptive
weighting submodule leads to noticeable performance degradation. This observation con-
firms that both components are critical for effective cross-modal feature fusion. Specifically,
the alignment module enforces spatial consistency between BEV and navigation map fea-
tures, while the adaptive weighting module enables balanced, context-aware information
integration by dynamically modulating the contribution of each modality.
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Table 4. Ablation study results on the nuScenes dataset evaluating the effectiveness of the Neural
Localization Module.

Model
Position Recall (m) Orientation Recall (◦)

1 2 5 1 2 5

Direct Feature Fusion 18.2 53.8 79.3 34.2 76.4 90.2
Optical Flow Feature Alignment 21.9 55.3 81.2 35.8 75.8 91.4

Adaptive Feature Weighting Module 22.5 56.5 82.2 35.7 77.6 91.3
Base 24.2 58.3 85.1 65.1 86.2 96.7

4.3.3. Effectiveness of the Different Road Elements

Standard navigation maps typically lack explicit road boundary annotations. However,
road boundaries provide critical semantic cues that play a key role in the auxiliary supervi-
sion of BEV feature learning. To investigate their influence on localization performance,
we conduct ablation studies by explicitly incorporating road boundary information into
the map representation. As shown in Table 5, the inclusion of road boundaries yields a
measurable improvement in localization accuracy. This gain stems from the fact that road
boundaries constitute an indispensable component of static semantic structure: they not
only serve as geometric anchors for distinguishing between opposing and adjacent lanes
but also enable more robust modeling of scene-level static semantics, thereby enhancing
cross-modal alignment fidelity.

Table 5. Ablation study results on the nuScenes dataset evaluating the effectiveness of the different
road elements.

Model
Position Recall (m) Orientation Recall (◦)

1 2 5 1 2 5

No Road Boundary 23.8 56.7 86.1 60.2 84.7 97.2
All Elements 24.2 58.3 85.1 65.1 86.2 96.7

5. Discussion
Experimental results demonstrate that NMLoNet achieves a favorable trade-off be-

tween computational efficiency and localization accuracy within an end-to-end vehicle
localization framework. Specifically, the proposed method improves localization accu-
racy by approximately 11% under monocular settings and by 24% under surround-view
configurations. The integration of online map constraints together with the BEV Feature En-
hancement Module significantly strengthens the representation of structural environmental
cues in bird’s-eye-view space, enabling more accurate encoding of localization-relevant
road elements. In addition, the Invertible Neural Network (INN) module and the Bidi-
rectional Modality Fusion (BMF) module effectively reduce the modality gap between
BEV features and navigation map representations, thereby improving cross-modal align-
ment and overall localization performance. Nevertheless, several limitations should be
acknowledged. First, the current framework relies exclusively on environmental perception
(i.e., BEV features derived from visual input) and sparse navigation maps, without incor-
porating vehicle motion cues such as IMU measurements or wheel encoder data. These
motion-related signals could provide complementary temporal constraints and further
enhance localization robustness, particularly in visually ambiguous or dynamic scenarios.
Second, due to the extreme sparsity of publicly available navigation maps (e.g., Open-
StreetMap), our method depends more heavily on real-time perceptual features than on
map-specific structural details. As a result, its localization accuracy does not yet match that
of approaches relying on high-definition (HD) maps, which contain dense geometric and
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semantic annotations. However, this characteristic also highlights a key advantage of our
approach: it does not strongly depend on rich map priors. Because standard navigation
maps contain substantially less semantic and geometric information than HD maps, our
framework is inherently more adaptable to map-scarce or resource-constrained environ-
ments. While map sparsity limits the achievable map-driven accuracy, it simultaneously
enhances scalability and generalizability across large-scale deployment scenarios.

In future work, we plan to incorporate additional sensor modalities—such as IMU,
GPS, and wheel odometry—into the model input to provide richer motion-aware con-
textual information. By integrating perceptual and dynamic constraints within a unified
framework, we aim to further improve localization robustness and accuracy under diverse
real-world conditions.

6. Conclusions
In conclusion, we have presented NMLoNet, an end-to-end neural localization frame-

work that achieves high-precision vehicle localization using only six-view surround images
and standard 2D navigation maps—eliminating the need for expensive, pre-built HD maps.
By explicitly addressing the modality gap between BEV visual features and map geometry
through deformable attention, invertible detail extraction, and adaptive cross-modal fusion,
our method delivers both accuracy and robustness under real-world driving conditions.
The effectiveness of NMLoNet is rigorously validated on two large-scale autonomous
driving benchmarks: nuScenes and Argoverse. Under monocular settings, our approach re-
duces the average localization error by 11% compared to the best prior map-based method;
under full surround-view configurations, this improvement increases to 24%, achieving a
median position error of 0.38 m on nuScenes—comparable to HD-map-dependent systems.
Moreover, in challenging scenarios such as dense urban canyons, nighttime conditions,
and highly dynamic traffic (where over 30 vehicles are present per frame), NMLoNet
maintains stable performance with less than 5% degradation in success rate, demonstrating
its practical reliability. These results confirm that NMLoNet not only advances the state of
the art in map-efficient localization but also provides a scalable and cost-effective solution
for real-world deployment of intelligent vehicles. Future work will explore integration
with sparse LiDAR or GPS priors to further enhance robustness in extreme environments
such as long tunnels or heavy occlusions.
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