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Abstract

Bird’s Eye View (BEV) representation has become pivotal
for autonomous driving, yet existing polar coordinate-based
approaches face two critical limitations: (1) distant seman-
tic misprojection caused by radial resolution decay, and (2)
region-specific geometric distortions from non-uniform polar
discretization. To address these issues, we propose a novel
framework addressing these challenges through three key in-
novations. First, we present a bilateral heterogeneous net-
work constructs multi-granularity BEV spaces, efficiently ex-
ploiting dual-resolution visual information for distant detail
preservation. Second, we employ an align-fusion strategy
for multi-granularity feature aggregation. Specifically, the
Mamba-Based Cross-Resolution Alignment module estab-
lishes semantic consistency for perspective features through
shared state-space optimization. In the later stage, the Adap-
tive BEV Space Selector dynamically aggregates multi-
granularity BEV features. Third, we introduce a Mixture of
Radial-Angular Decoupled Experts, which employs polar-
aware expert routing to disentangle radial compression and
angular shear distortions through specialized geometric re-
finement. Comprehensive experiments on nuScenes and Lyft
L5 demonstrate the state-of-the-art performance of our model
across various resolution settings, visibility filtering, and per-
ception ranges.

Introduction

Vision-based Bird’s Eye View (BEV) representation has
emerged as a cornerstone for autonomous driving perception
systems. By transforming multi-camera images into a uni-
fied BEV space, it enables reasoning for detection (Li et al.
2022; Liu et al. 2023c¢), segmentation (Liu et al. 2024b; Cai
et al. 2024), and planning (Hu et al. 2023).

In this paper, we focus on BEV segmentation from mul-
tiple cameras. Recent query-based BEV paradigms (Zhou
and Krihenbiihl 2022; Yang et al. 2023) have demonstrated
remarkable progress by initializing a regular grid of BEV
queries in Cartesian coordinates and iteratively refining
them through cross-view feature sampling. However, such
Cartesian-based initialization fundamentally conflicts with
the wedge-shaped imaging geometry of cameras — a physical
constraint where radially distributed 3D space is projected
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Figure 1: In contrast to prior BEV perception paradigms, our
framework introduces a dual-resolution heterogeneous net-
work that constructs aligned multi-granularity BEV spaces
to mitigate distant semantic misprojection in polar coordi-
nates. For PV-to-BEV transformation, we propose a decou-
pled radial-angular MoE projection, which adaptively coun-
teracts geometric perturbations via subspace-specialized ex-
pert routing. Compared to existing methods, our approach
achieves superior performance across diverse perception
ranges. (Please zoom for details.)

onto perspective views with non-orthogonal axes (Jiang
et al. 2023; Liu et al. 2023b). To address this geometric
mismatch, emerging methods (Chen, Vora, and Beijbom
2021; Chu et al. 2024) adopt polar coordinate BEV repre-
sentations, achieving superior performance through radial-
angular spatial alignment with camera imaging principles.
Despite these advancements, two critical challenges per-
sist. i) Distant Semantic Misprojection: In polar BEV grids,
the radial resolution decreases with distance from the ego-
vehicle, leading to dense query distributions in nearby re-
gions and sparse distributions in distant areas. During the
transformation from Perspective View (PV) to BEYV, sparse
distant BEV queries are required to sample from highly
compressed image features. Since distant objects occupy
only a minimal pixel width on the image plane, even minor
misalignments in query projection positions can lead to a
substantial loss of critical geometric information during the



view transition. ii) Region-specific Distortion: Non-uniform
polar discretization introduces geometric distortions that
vary radially and angularly, such as compression effects at
large radii and shear distortion at oblique angles. Existing
methods (Liu et al. 2023b; Jiang et al. 2023) utilize uniform
height prediction across all regions, which lack the adapt-
ability to address these localized distortion patterns, neces-
sitating region-aware geometric compensation. In Fig. 1, we
propose a novel paradigm to address the above issues.

To address distant semantic misprojection, we propose
a dual-resolution heterogeneous network that constructs
multi-granularity BEV spaces. Unlike prior works that
solely project low-resolution features into a single BEV con-
textual space, we introduce a parallel lightweight branch to
generate BEV features enriched with high-resolution fine-
grained cues. This branch retains critical distant spatial de-
tails (e.g., small objects at depth) while maintaining com-
putational efficiency. For multi-granularity feature aggrega-
tion, we employ an align-fusion strategy. Specifically, to ad-
dress feature misalignment in dual-resolution feature spaces,
we propose a Mamba-Based Cross-Resolution Alignment
(MCRA) module. The proposed MCRA module introduces
a unified Mamba-based state space representation to jointly
optimize cross-resolution features via collaborative param-
eter learning, enabling semantic consistency across resolu-
tions through injecting axial priors. In the later stage, we in-
corporate an Adaptive BEV Space Selector (ABSS), which
adaptively selects high-confidence regions from BEV fea-
ture and dynamically aggregates multi-granularity BEV fea-
ture spaces, enhancing robustness to scale variations.

Furthermore, as the core of BEV perception, the PV-to-
BEV transformation on non-uniform polar discretizations
suffers from severe region-specific geometric distortions ex-
isted in grid-wise height estimation. To address this con-
cern, we propose a Mixture of Radial-Angular Decoupled
Experts (MRADE), inspired by the adaptive routing prin-
ciples of Mixture of Experts (MoE) architectures (Shazeer
et al. 2017; Lepikhin et al. 2020). The MRADE dynami-
cally assigns BEV queries to specialized experts based on
polar coordinate dependencies, enabling localized geomet-
ric refinement. Specifically, we decouple experts into radial-
and angular-dependent branches to align with distortion pat-
terns inherent to polar coordinate systems. By coordinating
complementary expertise through radial-angular collabora-
tive learning, our framework achieves region-aware height
distribution estimation, significantly improving feature sam-
pling precision for distorted regions.

Overall, the contributions of this paper can be summa-
rized as follows:

* For BEV segmentation, we propose a bilateral hetero-
geneous network architecture, which introduces an addi-
tional lightweight high-resolution branch specifically de-
signed for capturing distant details. Our dual-resolution
network design constructs multi-granularity BEV spaces
that effectively and efficiently captures contextual cues
of objects at various distances.

e For multi-granularity feature aggregation, we employ
an align-fusion strategy. We first introduce the Mamba-
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Based Cross-Resolution Alignment module that jointly
optimizes dual-resolution perspective features via shared
state-space modeling, enabling linear-complexity hetero-
geneous semantic alignment. In the later stage, we lever-
age the adaptive BEV Space Selector to dynamically pri-
oritizes and aggregates the most discriminative regions
from aligned multi-granular BEV features.

* For PV-to-BEV transformation, We propose a Mixture
of Radial-Angular Decoupled Experts to estimate region-
ally adaptive height distributions. By decoupling experts
along radial and angular dimensions - each specializing
in distortion patterns unique to their subspace - MRADE
mitigates region-specific geometric perturbations in po-
lar coordinate height estimation.

* Through comprehensive evaluations on the nuScenes
and Lyft L5 benchmarks, our method surpasses previous
state-of-the-art approaches across various resolution set-
tings, visibility filtering, and perception ranges.

Related Work

Vision-based BEV Segmentation. BEV perception has re-
ceived widespread attention in the field of autonomous driv-
ing (Liu et al. 2024a; Cai et al. 2025). However, these meth-
ods (Philion and Fidler 2020; Li et al. 2022; Liu et al. 2023a;
Xu et al. 2024; Lu, Tsai, and Chen 2025) typically establish
the BEV in a Cartesian coordinate system, which may not
align well with the imaging geometry of cameras. To ad-
dress this gap, some methods (Saha et al. 2022; Gong et al.
2022; Zhao et al. 2024; Chu et al. 2024) choose to construct
polar coordinate representations for BEV perception. For in-
stance, PolarFormer (Jiang et al. 2023) incorporates a polar
alignment module to aggregate rays from multiple cameras.
PolarBEV (Liu et al. 2023b) adopts a strategy of decompos-
ing polar coordinate embeddings to build its representation.
In contrast to previous methods that merely simplistically
employ polar coordinate BEV representation, we conduct a
thorough analysis of the inherent limitations embedded in
polar grids and propose a novel framework.

State Space Models. State Space Models (SSMs), rooted in
control theory, capture input-output dynamics through hid-
den state evolution (Gu, Goel, and Ré 2021). Mamba (Gu
and Dao 2023) introduces the S6 module, achieving a simple
structure with excellent efficiency in long-sequence relation-
ship modeling. This breakthrough has led to many adapta-
tions in computer vision (Hatamizadeh and Kautz 2024; He
et al. 2025), including Vim (Zhu et al. 2024a) and VMamba
(Liu et al. 2024c) that develop 2D scanning strategies for im-
age data. Unlike these prior works, our approach considers
utilizing shared Mamba state spaces across different resolu-
tions and network branches. This allows us to achieve cross-
scale semantic alignment through coordinated state evolu-
tion while maintaining geometric fidelity during subsequent
polar coordinate transformations.

Mixture-of-Experts. Mixture-of-Experts (MoE) (Jacobs
etal. 1991) can dynamically adjust its structure based on dif-
ferent inputs to accommodate complex data. Many success-
ful examples of MoE have been demonstrated in different
vision tasks, including image fusion (Cao et al. 2023; Zhu
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Figure 2: Given multi-view images, our framework first extracts multi-granularity features via bilateral dual-resolution net-
works. These features undergo Mamba-based Cross-Resolution Alignment (MCRA) for spatial-semantic consistency before
being projected into polar-coordinate BEV spaces. For precise PV-to-BEV projection, Mixture of Radial-Angular Decoupled
Experts (MRADE) are employed to estimate grid-wise heights through specialized expert routing. Finally, the Adaptive BEV
Space Selector (ABSS) dynamically fuses dual BEV features by emphasizing regionally discriminative cues, producing a uni-

fied BEV representation for downstream segmentation tasks

et al. 2024b), multi-task representations (Yang et al. 2024),
novel view synthesis (Cong et al. 2023), and low-light im-
age enhancement (Li et al. 2025). While existing methods
typically employ MoE for general visual feature enhance-
ment, we introduce a novel radial-angular decoupled MoE
architecture specifically designed for polar coordinate-aware
height distribution estimation.

Method

Overview

The proposed network architecture is illustrated in Fig. 2.
Given multi-view images as input, our framework oper-
ates through four key stages: 1) Heterogeneous Feature
Extraction: Dual-resolution (deep/shallow) networks ex-
tract multi-view features, capturing complementary con-
textual semantics and fine-grained visual cues. 2) Cross-
Resolution Semantic Alignment: To bridge resolution-
induced semantic gaps across heterogeneous encodings,
the proposed Mamba-based Cross-Resolution Alignment
(MCRA) module establishes unified feature correspon-
dence. 3) Polar-coordinate BEV Feature Transforma-
tion: Polar-coordinate BEV spaces are predefined for sam-
pling multi-resolution features, where the proposed Radial-
Angular Decoupled Experts (MRADE) estimates grid-wise
heights via specialized experts while transforming perspec-
tive features into BEV space using predicted heights and
camera parameters. 4) Adaptive BEV Space Aggregation:
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A lightweight Adaptive BEV Space Selector (ABSS) learns
to dynamically fuse dual BEV representations by empha-
sizing regionally discriminative features. The unified BEV
representation is subsequently decoded for a comprehensive
BEV segmentation task. Technical details of these above
modules are elaborated in the following.

Dual-Resolution Heterogeneous Networks

Existing polar-based BEV perception methods rely on
single-encoder architectures to extract multi-view features at
a unified resolution. This imposes a fundamental challenge:
lower-resolution features compromise polar rasterization’s
capacity to preserve distant small objects, while higher res-
olutions incur prohibitive computational costs. To address
this issue, we propose a dual-resolution bilateral architec-
ture. This architecture consists of a conventional deep fea-
ture encoder and a lightweight shallow encoder, which is
specifically designed for high-resolution feature extraction.
This design helps avoid over-compression of distant small
targets while maintaining computational efficiency.
However, aggregating dual-resolution encoded features
from perspective image spaces introduces camera intrinsic
parameters mismatch between resolution streams, causing
geometric ambiguity during view transformation. To ad-
dress this, we propose projecting dual-granularity features
into separate BEV spaces to preserve their distinct advan-
tages. Specifically, we first harmonize heterogeneous fea-



tures in perspective space via implicit alignment, retain-
ing their granularity-specific properties. The aligned fea-
tures are then mapped into two complementary BEV spaces
- one capturing fine-grained spatial patterns and the other
global context. These representations are adaptively unified,
forming a phased alignment-to-unification paradigm that en-
sures geometric coherence while maximizing complemen-
tary granularity strengths. The above steps will be detailed
in the following section.

Mamba-Based Cross-Resolution Alignment

Given high-resolution features F; and low-resolution fea-
tures Fp originated from dual-resolution networks, the
MCRA module is introduced to handle heterogeneous fea-
tures through a shared Mamba-like architecture (Gu and Dao
2023), which implicitly aligns the features and eliminates
their inherent semantic biases. This design enforces both
feature streams to evolve within a shared state space while
preserving their resolution-specific characteristics, enabling
our model to simultaneously resolve semantic discrepancies
while maintaining geometric fidelity for polar coordinate
transformation. Specifically, inspired by (Liu et al. 2024c¢),
we incorporate a 2D-selective-scanning (SS2D) operation
along the axial dimension to address this problem. This tech-
nique expands image patches along four directions, gener-
ating four unique feature sequences to establish axis-aware
semantic correlations. For our task, this Mamba-based mod-
ule inherently aligns with the radial-angular structure of po-
lar BEV space, naturally preserving directional patterns and
providing structural priors for subsequent PV-to-BEV trans-
formation. Formally, given the high- or low-resolution fea-
ture Fy, (k = {H, L}), the entire procedure of our proposed
module can be expressed as below:

F, = LN(SS2D(SiLU(Conv(Linear(F}))))),
G = SiLU(Linear(Fy,)),

Fy, = Linear(G * F},) + Fy, (1)
where Conv(-) represents convolution operation, LN(-) is
layer normalization, and SiLU(-) stands for SiLU activation
function. An input-dependent gating mechanism is incorpo-
rated to selectively identify and utilize the most advanta-
geous representations produced by the SS2D process.

PV-to-BEYV Transformation

Given perspective features from high- and low-resolution
features that are aligned through the previous module, we
transform them into heterogeneous BEV representations
separately in this stage. However, the major challenge of PV-
to-BEV transformation in polar coordinate space lies in the
regional geometric distortions in polar coordinates, often re-
sulting in inaccurate height estimation.

Here, we employ a height-based iterative view projec-
tion scheme for PV-to-BEV view transformation. The BEV
space can be discretized into grids, and thus the description
of our method in the following is based on the operation on
each grid.

R ®(e) + A,
e (W P, te {1,...,T}

@
3)
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where h' refers to the estimated height at the t-th itera-
tion for a certain grid, and e’ denotes its learnable polar-
coordinate BEV embeddings. The iteration process is ini-
tialized with the predefined height hg and an initial embed-
ding €® (Note: Instead of directly initializing €°, we initial-
ize radial ° and angular " embeddings separately and sum
them via broadcasting to obtain e"). During the iteration,
®(-) refines the estimated height h? at the previous timestep
t and T (-) leverages the estimated height to update the polar-

coordinate BEV embeddings from the feature F'. The com-
putational steps described above and in the following apply
independently and identically to high- and low-resolution
processing; we omit the subscripts { H, L} here for brevity.

Mixture of Radial-Angular Decoupled Experts. The core
of the view transformation lies in ®(-) which is accom-
plished as the proposed Mixture of Radial-Angular Decou-
pled Experts (MRADE) module. Motivated by the geometric
properties of polar embeddings, MRADE employs a decou-
pled mixture-of-experts architecture where distinct experts
specialize in either radial or angular subspaces. Each expert
independently predicts height distributions within desig-
nated radial-angular regimes, effectively mitigating region-
specific interference caused by geometric variations.

As illustrated in Fig. 2, the radial-specific embeddings
erqd 18 disentangled from the grid embedding e (the super-
script ignored for simplicity) through radial average pool-
ing, and then directed to a radial routing layer, yielding
specialization weights W,.,4 that prioritize experts for dis-
tinct radial regimes, thereby minimizing cross-region inter-
ference. An analogous procedure applies to the angular-
specific embeddings e,,,. To ensure consistency across
varying perspectives, we introduce an additional permanent
expert E,.,., which is responsible for extracting universal
knowledge from the entire scene. Thus, the MRADE mod-
ule can be briefly described as below:

® = )\IWTad © Erad + )\2Wang © Eang + A3Eper7 (4)

where E, .4, Eqng, and E,., represent the groups of experts
specialized in radial, angular, and global domains. A1, Ao,
and A3 are the balancing factors for different experts. W4
and W, refer to the weights of prioritizing experts, which
are computed via routing layers and determine each expert’s
contribution to the final height prediction. In practice, we
formulate the selection of an expert ' from experts E,.,4 or
E..4 as conditional probability distribution given a certain
embedding e, as below:

P(E|e) = Softmax(ae + N (0, 1) Softplus(8e)), (5)
where « refers to the parameters of the routing layer.
N(0,1) represents the standard normal distribution. 3 de-
notes a noise term that injects stochasticity into expert selec-
tion, enabling diverse expert exploration in training. Thus,
the weights of prioritizing experts can be sampled from the
above distribution, i.e.,

Wrad = TOPK(P(E|€md7 Ec Erad))a (6)
Wang = TopK(P(E|eang, E € Eang)). @)
View Transformation. According to Eq. 2, we can obtain

the refined estimated height (i.e., h'*1). Next, with the es-
timated height, we can further update the polar-coordinate



BEV embeddings for the next iteration, according to Eq. 3.
We normalize h (the superscript ¢ omitted for clarity) to the
range of [0, 1] with sigmoid function, which can further be
upscaled to the predefined height range to obtain z in the
world space. Then, the homogeneous coordinate (x, y, z) of
a specific grid in the BEV space can be calculated, where
x = pcos(f) and y = psin(f). We project the coordinate
back to the perspective space using camera’s intrinsics and
extrinsics. Finally, we transform features from BEV to PV
with the projected coordinates and extract the correspond-
ing feature, which can expressed as:

€ = T(F(f(%y,z))),

= T(F(P,y?)) = A- M - F(zP,y?), ®)

where f(-) represents the BEV-to-PV coordinate transfor-

mation. F'(xP, yP) refers to the features sampled at the 2D
coordinate (xP,yP) in the image space. In addition, M is a
binary mask for masking out projected points that exceed
the image boundary and A denotes the predicted attention
weight. After that, the output embedding e is sent into a ring
convolution layer and added to the previous BEV embedding
for updating.

Adaptive BEV Space Selector

After view transformation, we obtain heterogeneous BEV
embeddings ey and ey from high- and low-resolution
images, respectively. During this stage, we aggregate the
two embeddings to generate a unified BEV representa-
tion. Specifically, ey retains fine-grained details from high-
resolution imagery, while e, encapsulates global contextual
semantics. This dichotomy results in ey exhibiting height-
ened sensitivity to small, distant objects but reduced effi-
cacy for large, proximal objects, whereas ey demonstrates
inverse characteristics.

Unlike direct fusion approaches that may introduce noise
in their respective weak regions, we propose a simple yet
effective method by reframing this as an embedding selec-
tion problem. Our strategy selectively leverages the advan-
tageous regions of each embedding space while avoiding
noise-prone areas. To achieve this, we design a learnable
scoring function f(-) to dynamically evaluate the informa-
tiveness of spatial regions across both BEV embeddings.
The scoring function is formally defined as follows:

sr = f(ex) = Sigmoid(Linear(DWConv(ex))), (9)

where s represents the informative score mask and k£ €
{H, L}. DWConv(-) denotes a 3 x 3 depthwise convolution.
We apply the sigmoid function to constrain the values to the
range [0, 1]. Upon obtaining score maps, we perform cross-
space comparison for the heterogeneous BEV embedding
spaces. To yield the unified BEV representation e,,; for
each grid, we select the feature from {ey, ey, } with the high-
est confidence score for the corresponding area, prioritiz-
ing the most discriminative regions across multi-granularity
BEV features, which can be expressed as below:

euni = @(si -ex +ex), k € {H,L} (10)
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where ¢(-) denotes the operator of selecting the maximum
value. This selective fusion mechanism ensures optimal in-
tegration of fine-grained details and contextual semantics.
Finally, e, is then fed into the decoder.

Objective Function

We follow the segmentation head design of the previous
methods (Liu et al. 2023b; Hu et al. 2021). We train our
model using the segmentation loss, the offset loss, and the
centerness loss (Hu et al. 2021; Liu et al. 2023b; Cham-
bon et al. 2024). Polar predictions are mapped into rectangu-
lar predictions for loss calculation based on the rectangular
ground truths.

Experiments
Dataset, Metrics, and Implementation Details

Dataset. We evaluate our proposed framework on the chal-
lenging nuScenes (Caesar et al. 2020) and Lyft L5 (Houston
et al. 2021) datasets. NuScenes contains 1000 scenes split
into 750-150-150 scenes for training, validation, and test.
Lyft LS contains 180 scenes, each 25-45 seconds in length,
annotated at SHz, following the split in (Hu et al. 2021).
Evaluation Metrics. We utilize the Intersection-over-Union
(IoU) score between the predicted results and the ground-
truth BEV labels as the main performance measure. Follow-
ing (Chambon et al. 2024), we use a 100m x 100m grid map
with 50cm resolution, resulting in a 200 x 200 grid map.
Implementation Details. We implement our framework in
PyTorch on a workstation equipped with two NVIDIA RTX
3090 GPUs. Following Simple-BEV (Harley et al. 2023),
we adopt standard image augmentation techniques includ-
ing random scaling, random cropping, and random flipping.
The model is trained for up to 35/65 epochs for different res-
olution settings, using the AdamW optimizer with an initial
learning rate of 4e-3 and a one-cycle learning rate scheduler.
The batch size is set to 6. For the deep branch, we employ
EfficientNet-B4 (Tan and Le 2019) as encoder, while the
shallow branch employs a lightweight STDC network (Fan
etal. 2021), where only the first four stages are utilized. Both
branches are initialized with the weights pretrained on Im-
ageNet (Deng et al. 2009). Following PolarBEV (Liu et al.
2023b), we choose the polar grid resolution of 400 x 100 and
PV-to-BEV iteration of 2 as the default setting. Under the
224 x 448 resolution setting, the deep branch processes im-
ages at the original resolution, whereas the shallow branch
receives the inputs at 2 resolution. For the 448 x 800 reso-
lution setup, the shallow branch operates on 1.5x resolution
inputs. The balancing weights A1, A2, and A3 are empirically
set to 0.25, 0.25, and 0.5, respectively.

Comparison with State-of-the-arts

NuScenes Dataset. We benchmark our model against
the following state-of-the-art BEV segmentation methods:
FIERY (Hu et al. 2021), CVT (Zhou and Krihenbiihl 2022),
LaRa (Bartoccioni et al. 2023), BEVFormer (Li et al. 2022),
PolarBEV (Liu et al. 2023b), BAEFormer (Pan et al. 2023),
Simple-BEV (Harley et al. 2023), PointBeV (Chambon et al.
2024), GaussianLSS (Lu, Tsai, and Chen 2025). As depicted



Vehicle segm. IoU () No visibility filtering Visibility filtering

Method Backbone 224x480 448x800 224x480 448x800
FIERY static EN-b4 35.8 - 39.8 -
CVT EN-b4 314 32.5 36.0 37.7
LaRa EN-b4 354 - 38.9 -
BEVFormer RN-50 35.8 39.0 42.0 45.5
PolarBEV  EN-B4 37.6 41.2 41.3 45.6
BAEFormer EN-b4 36.0 37.8 38.9 41.0
Simple-BEV  RN-50 36.9 40.9 43.0 46.6
PointBeV  EN-b4 38.7 42.1 44.0 47.6
PointBeV ~ RN-50 38.1 41.7 43.7 47.0
GaussianLSS EN-b4 38.3 40.6 42.8 46.1
Ours EN-b4 424 44.1 46.1 48.6

Table 1: BEV vehicle segmentation on nuScenes. Evalua-
tion on the validation set for different resolutions and filter-
ing based on the vehicle’s visibility. No visibility filtering:
all the annotated vehicles are considered. Visibility filtering:
only the vehicles having the visibility > 40% are considered.
"EN-b4’ and ‘RN-50’ stand for EfficientNet-b4 and ResNet-
50, respectively.

Pedestrian segm. IoU (1)
LSS (Philion and Fidler 2020) 15.0
FIERY (Hu et al. 2021) 17.2
ST-P3 (Hu et al. 2022) 14.5
TBP-former static (Fang et al. 2023) 17.2
PointBeV (Chambon et al. 2024) 18.5
GaussianLLSS (Lu, Tsai, and Chen 2025) 18.0
Ours 21.3

Table 2: BEV pedestrian segmentation on nuScenes. Met-
rics are IoU (1) with visibility filtering, evaluated on the val-
idation set at 224 x 480 resolution.

in Table 1, our proposed model consistently outperforms
existing approaches, achieving SOTA performance across
varying resolutions and visibility filtering settings. No-
tably, under low-resolution scenarios, our method demon-
strates significant improvements over GaussianL.SS (+4.1%
and +3.3% for different settings), attributing to the dual-
resolution heterogeneous network architecture that better in-
tegrates fine-grained visual details with contextual seman-
tics. Remarkably, our low-resolution model even matches or
surpasses the high-resolution variant of GaussianL.SS. We
further expand our evaluations to pedestrian segmentation
(Table 2). Without architectural modifications, our method
also achieves superior results on this task, demonstrating its
robustness in perceiving small objects. More qualitative re-
sults are detailed in the Supplementary Material.

Lyft L5 Dataset. To further validate scalability, we evalu-
ate our model on the Lyft L5 dataset under both long- and
short-range perception settings (Table 3). Our approach out-
performs prior methods in both configurations, with partic-
ularly substantial gains in large-scale perception scenarios.
This highlights our model’s enhanced long-range perception
capabilities—a critical advantage for autonomous driving
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Vehicle segm. IoU (1) Long Short

FIERY (Hu et al. 2021) 36.7 59.4
BEVFormer (EN-b4) (Li et al. 2022) 44.5 69.9
BEVFormer (RN-50) (Li et al. 2022) 43.2 68.8
Simple-BEV (EN-b4) (Harley et al. 2023) 44.5 70.4
Simple-BEV (RN-50) (Harley et al. 2023) 43.2 70.7
PointBeV (EN-b4) (Chambon et al. 2024) 454 72.6
PointBeV (RN-50) (Chambon et al. 2024) 44.5 72.3
Ours (EN-b4) 48.3 73.3

Table 3: BEV vehicle segmentation on Lyft LS. The com-
parison methods are evaluated in terms of IoU (1), which are
trained at 224 x 480 resolution and different ranges - 30m
X 30m (Short) and 100m x 100m (Long).

Dual-Resolution  MCRA MRADE ABSS IoU (1)

42.0
439
43.1
44.9
44.5
45.6
45.3
46.1

AN NN
NN

v
v

Table 4: Effectiveness of each component in our framework.

applications. These experiments validate our framework’s
generalization across diverse perception ranges.

Ablation Study

We conduct a comprehensive ablation study, which is con-
ducted on the nuScenes dataset under the visibility filtering
configuration with a resolution of 224 x 448.
Dual-Resolution Architecture. As shown in Table 4, we
evaluate the effect of different architectural components on
model performance. The proposed dual-resolution heteroge-
neous network delivers significant performance gains, im-
proving baseline from 42.0% to 43.9% in terms of IoU.
Notably, even integrated with the baseline MRADE mod-
ule (the 3rd & 5th rows), this dual-resolution heterogeneous
design achieves an additional 1.4% improvement. To fur-
ther verify its capability in segmenting distant and small
objects, we conduct stratified analysis across three distance
ranges: near (0-20m), medium (20-35m), and far (35-50m).
As shown in Fig. 3, under the No Visibility Filtering con-
figuration, our method surpasses the baseline by +3.4% in
near-range regions, with more pronounced improvements of
+4.5% and +4.7% for medium- and far-range regions, re-
spectively. It demonstrates our superior capacity to enhance
long-range perception, particularly critical for autonomous
driving scenarios requiring early hazard detection.

MCRA. As shown in Table 4, ablating MCRA reduces the
IoU metric from 46.1% to 45.3%, validating its critical role
in aligning dual-resolution perspective features. To delve
into our module design, we replace the MCRA with alter-
native alignment mechanisms (Table 5). The spatial-channel
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64.1 Baseline Baseline
Ours Ours
268 |3 252
22. l% 20. %
0-20m 20-35m 35-50m 0-20m 20-35m 35-50m

(a) Visibility filtering (b) No visibility filtering

Figure 3: Comparison for varying distances under different
visibility settings. (Please zoom for details.)

Feature Alignment Structure IoU (1)
Spatial-channel attention (Zhang et al. 2023) 45.0
Cross-attention (Vaswani et al. 2017) 45.5
Window Cross-attention (Liu et al. 2021) 45.3
MCRA (independent state space) 45.8
MCRA 46.1

Table 5: Comparison of different feature alignment struc-
tures.

attention mechanism yields suboptimal performance, as its
local receptive field fails to establish global feature corre-
spondences. While cross-attention and its variant achieve
global alignment, they ignore the axial geometric constraints
between perspective features and polar coordinates. Fur-
thermore, deploying independent state spaces in MCRA is
not suitable for feature alignment. In contrast, our mamba-
driven MCRA leverages a shared state space to implicitly
align heterogeneous features while preserving polar geomet-
ric fidelity, achieving optimal results.

MRADE. As shown in Table 4, integrating the MRADE
module with the baseline model improves the IoU from
42.0% to 43.1%, demonstrating its effectiveness. A com-
prehensive analysis of different height estimation architec-
tures (Table 6) reveals that fixed height bins lack the flexi-
bility to adaptively predict object heights in 3D space. While
the single height predictor dynamically estimates height dis-
tributions, it shows suboptimal performance due to limited
robustness against polar coordinate regional perturbations.
Through component ablation studies of MRADE, we ob-
serve performance degradation when removing the perma-
nent expert responsible for extracting unified knowledge.
Notably, after expert decoupling where dedicated experts
independently predict height distributions within specific
radial-angular regions, the model achieves optimal perfor-
mance through polar coordinate-adaptive feature learning.
ABSS. Our ablation studies on the ABSS module reveal its
positive impact on model performance. As shown in Table 4,
integrating ABSS without MCRA elevates IoU from 44.5%
to 45.3%. More visualization and results of the ablation ex-
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Height Estimation Structure IoU (1)

Single height predictor (Liu et al. 2023b) 45.2
Fixed height bins (Harley et al. 2023) 44.7
MRADE (w/0 Eper) 45.5

MRADE (w/o decoupling experts) 45.6
MRADE 46.1

Table 6: Comparison of different height estimation struc-
tures.

Method FPS Params(M) Mem.(G) Train epoch nuScenes(IoU)

PointBeV 15 10.4 1.21 100 38.7/44.0
Ours 14 10.5 1.58 35 42.4/46.1

Table 7: Overall model complexity and efficiency.

periments are detailed in the Supplementary Material.

Model Efficiency

We benchmark the model efficiency of our model against
the previous SOTA PointBeV (Chambon et al. 2024) on an
NVIDIA RTX 3090 under a resolution of 224 x 448. As
shown in Table 7, notably, despite incorporating dual net-
work branches, our framework maintains competitive infer-
ence speeds, parameters, and memory usage, which are com-
parable to existing approaches. This efficiency stems from
our proposed lightweight components and the use of only
shallow layers in the lightweight network for high-resolution
image processing, thus striking an effective balance be-
tween accuracy and computational efficiency. Moreover, our
method has fewer training epochs and higher model perfor-
mance. More details on the efficiency analysis of each com-
ponent are provided in the Supplementary Material.

Conclusion

This paper presents a novel polar-based BEV segmenta-
tion framework mitigating inherent limitations in BEV rep-
resentations, with key contributions: (1) a dual-resolution
architecture generating complementary coarse/fine-grained
BEVs via distinct feature pathways; (2) a Mamba-driven
alignment module preserving resolution-specific features
while correcting spatial misalignment via structured state-
space modeling; (3) an attention-based adaptive selector dy-
namically focusing on salient regions across resolutions; and
(4) radial-angular decoupled experts enabling region-aware
height prediction through polar-coordinate routing. Superior
performance on public benchmarks demonstrates the effec-
tiveness of our model.

Limitations. While our framework improves polar coordi-
nate BEV representations, the inherent distance-dependent
density pattern (denser near ego vehicle, sparser at distance)
might slightly affect distant object perception. Future work
will explore adaptive BEV grids with dynamic resolution al-
location to better balance near-far observational priorities.
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