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Abstract

Bird’s-Eye-View (BEV) representation has emerged as a
mainstream paradigm for multi-view 3D object detection,
demonstrating impressive perceptual capabilities. However,
existing methods overlook the geometric quality of BEV rep-
resentation, leaving it in a low-resolution state and failing
to restore the authentic geometric information of the scene.
In this paper, we identify the drawbacks of previous ap-
proaches that limit the geometric quality of BEV represen-
tation and propose Radial-Cartesian BEV Sampling (RC-
Sampling), which outperforms other feature transformation
methods in efficiently generating high-resolution dense BEV
representation to restore fine-grained geometric information.
Additionally, we design a novel In-Box Label to substitute
the traditional depth label generated from the LiDAR points.
This label reflects the actual geometric structure of objects
rather than just their surfaces, injecting real-world geomet-
ric information into the BEV representation. In conjunction
with the In-Box Label, Centroid-Aware Inner Loss (CAI
Loss) is developed to capture the inner geometric structure
of objects. Finally, we integrate the aforementioned modules
into a novel multi-view 3D object detector, dubbed GeoBEV,
which achieves a state-of-the-art result of 66.2% NDS on the
nuScenes test set.

Code — https://github.com/mengtan00/GeoBEV.git

Introduction
Multi-view 3D object detection stands as a prominent per-
ception paradigm for cost-effective autonomous driving.
Presently, many camera-only detectors (Huang et al. 2021;
Huang and Huang 2022a; Li et al. 2023c, 2022, 2023b; Yang
et al. 2023) transform image features into Bird’s-Eye-View
(BEV) space and directly perform detection on the BEV
features, demonstrating competitive performance. This il-
lustrates the substantial advantages of BEV representation
in preserving comprehensive scene information, making it
more adept for vision-centric autonomous driving percep-
tion than isolated image features in perspective space (Park
et al. 2021; Wang et al. 2021, 2022a,b).

*Corresponding author.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

(a) Baseline (b) Larger BEV size

(c) Applying RC-Sampling (d) Applying In-Box Label

Figure 1: Comparison between BEV representations.
BEVDepth is chosen as the baseline. Larger BEV size, RC-
Sampling and In-Box Label are added in turn. The boxes
represent the ground truth of the scene and brightness re-
veals the norm of the features. The background is filtered
out to show the difference in the foreground.

As the cornerstone of BEV-based approaches, the BEV
representation embodies both contextual semantic informa-
tion and depth geometric information. The former is derived
from image features, while the latter originates from the
correlation between image features and BEV features. Both
types of information are indispensable for precise 3D object
detection. However, the geometric quality of BEV represen-
tation has never received sufficient attention, and the limi-
tation of low-resolution representation always arises. LSS-
based methods (Xie et al. 2022; Philion and Fidler 2020;
Huang et al. 2021; Huang and Huang 2022a) pool pseudo-
points into BEV representation, leaving the positions with-
out pseudo-points to have vacant features. The sparsity will
further increase along with the BEV resolution as shown in
Fig. 1(b). For Transformer-based methods (Li et al. 2022;
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Yang et al. 2023; Jiang et al. 2023; Li et al. 2023a) that
employ cross-attention to retrieve image features, the ele-
vated BEV resolution leads to a rapid escalation in compu-
tational costs. The lack of explicit depth distribution also
limits their ability to restore accurate geometric informa-
tion. Some methods (Harley et al. 2023; Peng et al. 2023)
simply sample the image features to obtain voxel features,
which are then squeezed into BEV representation. However,
this kind of feature transformation, which we call Voxel-
Sampling, requires a large number of sampling operations
and produces huge intermediate features, giving it no ad-
vantage over LSS-based and Transformer-based methods.

To solve the drawbacks of the existing feature transforma-
tion mechanisms, we propose Radial-Cartesian BEV Sam-
pling (RC-Sampling) to generate dense BEV representa-
tion with high resolution efficiently. Initially, we create Ra-
dial BEV features correlated to each camera view by ex-
tending the depth dimension and squeezing the height di-
mension of image features. We prove that this step can be
achieved by simple matrix transposition and multiplication
without creating huge intermediate voxel features. Subse-
quently, bilinear sampling is employed to retrieve the cor-
responding Radial BEV features for populating the BEV
features in Cartesian coordinates. The number of sampling
operations between different BEV features is far less than
the sampling operations used to create voxel features. RC-
Sampling creates the BEV representation of the same qual-
ity as Voxel-Sampling while reducing more than 90% time
cost and memory cost according to our experiments. RC-
Sampling is also faster than the most efficient LSS approach
like BEVPoolv2 (Huang and Huang 2022b), which relies
on custom operator acceleration, and thoroughly solves the
problem of the feature vacancy as shown in Fig. 1(c).

Truthfully representing the real spatial distribution of the
objects is as important as increasing the BEV resolution.
Some methods supervise predicted depth scores by utiliz-
ing the depth values of LiDAR points as depth labels (Read-
ing et al. 2021; Li et al. 2023c,b; Wang et al. 2022c; Zhang
et al. 2023a; Jiang et al. 2025). However, the LiDAR labels
only record the depth of object surfaces that face the ego car,
failing to represent the actual geometric structure of objects
in real-world space. We propose In-Box Label to offer more
competent supervision. We first check whether the generated
pseudo-points are within the GT boxes and obtain binary la-
bels. These labels, called Vanilla In-Box Label, can effec-
tively incentivize the network to assign high depth scores
to where the objects are actually located. Nonetheless, they
may lead to feature confusion caused by object occlusion
or wrongly boxed background pseudo-points. We ameliorate
those issues to enhance its accuracy in reflecting the geomet-
ric structure of the scene. In conjunction with the utilization
of In-Box Labels, Centroid-Aware Inner Loss (CAI Loss)
is also proposed to capture the fine-grained inner geometric
structure of objects. After applying the In-Box Label, the au-
thentic geometric structures of objects are clearly presented
as shown in Fig. 1(d), and more precise detection is facili-
tated. It is noteworthy that both In-Box labels and CAI Loss
do not introduce extra parameters.

We integrate the aforementioned modules into a novel

multi-view 3D object detector, dubbed GeoBEV, and carry
out extensive experiments on the nuScenes dataset. The ma-
jor contributions of this paper can be summarized as:
• We propose Radial-Cartesian BEV Sampling to con-

veniently acquire Cartesian BEV features by bilinearly
sampling Radial BEV features, which enables the effi-
cient generation of high-resolution dense BEV represen-
tation, facilitating the recovery of fine-grained geometric
details within the scene.

• We design the novel In-Box Label, cooperating with
Centroid-Aware Inner Loss, to supervise the depth
scores, which better reflects the actual geometric struc-
ture of the object than the LiDAR label and inject authen-
tic geometric information into the BEV representation.

• Extensive experiments are conducted on the nuScenes
Dataset, and GeoBEV reaches newly state-of-the-art re-
sults of 66.2% NDS for multi-view 3D object detection,
highlighting its effectiveness.

Related Work
Depth Prediction Based BEV Representation
Due to the limitation of the camera in capturing the depth
required for 3D object detection, predicting the depth distri-
bution of image elements becomes a natural choice. Early
methods like OFT (Roddick, Kendall, and Cipolla 2018)
assume that the depth distribution of image elements is
uniform and all voxels along the ray share the same fea-
tures. Lately, LSS (Philion and Fidler 2020) enables adap-
tive depth prediction and weights image features to gener-
ate pseudo-points at corresponding depth values, which are
pooled into BEV features. BEVDet (Huang et al. 2021) em-
ploys LSS to construct the detection framework and applies
data augmentation in the BEV space. BEVDet4D (Huang
and Huang 2022a) merges the BEV features from past
frames to help predict the objects’ velocity.

In order to obtain more accurate depth information,
CaDDN (Reading et al. 2021) projects the LiDAR points
onto the image to supervise the predicted depth distribu-
tion. BEVDepth (Li et al. 2023c) considers the camera’s
internal and external parameters and further optimizes the
depth distribution after the supervision. BEVStereo (Li et al.
2023b) introduces multi-view stereo to obtain more reli-
able depth distributions and performs some optimizations
to minimize memory usage. TiG-BEV (Huang et al. 2022)
sets key points to learn the local depth structure of the
scene. SA-BEV (Zhang et al. 2023a) segments the images to
get the foreground-only BEV features and improves depth
distribution via multi-task learning. BEV-IO (Zhang et al.
2023b) adopts instance occupancy prediction modules as a
complement to depth prediction. FB-BEV (Li et al. 2023d)
adds a backward process to fill a part of vacant features.
BEVNext (Li et al. 2024) adopts CRF to modulate the es-
timated depth. However, these attempts fail to record the ac-
tual object structure due to the limitation of LiDAR points.

Transformer Based BEV Representation
With the attention mechanism, Transformer-based detectors
can adaptively retrieve image features to obtain dense BEV
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Figure 2: Overall architecture of GeoBEV. The multi-view images are processed into the image features and depth scores. The
depth scores are supervised by the In-Box Label that records authentic geometric structures of objects through the Centroid-
Aware Inner Loss. Radial-Cartesian BEV Sampling then efficiently generates dense BEV representation with high resolution.

representation. BEVFormer (Li et al. 2022) uses deformable
attention to transform image features into BEV space and
fuse the past BEV representation. BEVFormerV2 (Yang
et al. 2023) introduces a detection head in perspective view
to make the image features more suitable for 3D detection.
PolarFormer (Jiang et al. 2023) generates the BEV represen-
tation in polar coordinates, which are more competent for
ego car perception. DFA3D (Li et al. 2023a) utilizes the ex-
plicit depth distribution in cross attention and simplifies the
3D Transformer into the 2D Transformer equivalently.

Several Transformer-based detectors regard the objects as
queries to save the large amount of computation required to
generate the explicit BEV representation. DETR3D (Wang
et al. 2022b) follows DETR series detectors (Carion et al.
2020; Zhu et al. 2020) and interacts object queries with
multi-view image features. PETR (Liu et al. 2022) em-
beds 3D position into the image features, supplementing
spatial information to the object queries. PETRv2 (Liu
et al. 2023) extends PETR for temporal modeling and adds
map queries for other perception tasks. StreamPETR (Wang
et al. 2023) propagates long-term historical information.
Sparse4D (Lin et al. 2022) assigns multiple 4D key points
to aggregate multi-view/scale/timestamp image features.
Sparse4Dv2 (Lin et al. 2023) uses the recurrent method to
transmit the temporal information. RayDN (Liu et al. 2024)
constructs positive and negative examples along the camera
rays to learn depth-aware features. Nevertheless, the omis-
sion of explicit BEV representation causes geometric infor-
mation loss, limiting their precision upper bound.

Method
Overall Architecture
The overall architecture of our proposed GeoBEV is shown
in Fig. 2. Firstly, the multi-view images are processed by the

Image Feature
C×H×W

Depth Score
D×H×W W×H×D

W×C×H

T

T

W×C×D Radial BEV Feature
C×D×W

T

Cartesian BEV Feature
C×X×Y

Bilinear 
Sampling

Figure 3: The illustration of Radial-Cartesian BEV Sam-
pling. After high-dimensional matrix multiplication between
the transposed image features and depth scores, the H di-
mension is squeezed to obtain Radial BEV features.

image backbone and DepthNet to provide the image features
and depth scores. Then the In-Box Label is created and uti-
lized to supervise the depth scores to restore the actual dis-
tribution of the objects in BEV space. Centroid-Aware Inner
Loss is adopted to let the model learn the inner structure of
the objects. Finally, Radial-Cartesian BEV Sampling gener-
ates dense BEV representation with high resolution, outper-
forming current feature transformation approaches in both
efficiency and effectiveness.

Radial-Cartesian BEV Sampling
The drawbacks of current methods limit the resolution of
BEV representation, failing to restore the fine-grained geo-
metric information of the scene. For LSS-based methods, the
density imbalance of pseudo-points leads to feature vacancy
in BEV representation, which will deteriorate further as the
BEV resolution increases. FB-BEV (Li et al. 2023d) applies
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backward projection to fill these vacant features but relies
on imprecise RoI predicted from the sparse BEV features.
The cross-attention between the image and BEV space in
Transformer-based methods guarantees the density of BEV
features, but the computational cost increases rapidly along
with the BEV resolution. Some methods (Peng et al. 2023;
Harley et al. 2023) sample image features following strict
projection relations to obtain voxel features, which are sum-
marized along the height into dense BEV features. However,
the large number of sampling operations and the huge inter-
mediate features lessen their practicability.

Here, we propose Radial-Cartesian BEV Sampling (RC-
Sampling) to generate dense BEV features with high res-
olution conveniently. Firstly, the Radial BEV features cor-
responding to each image view are created by extending
the depth dimension and summarizing the height dimension
of the image features. They are so-called because their ele-
ments appear radially distributed after being projected into
the 3D space as shown in Fig 3. We denote image features
as I ∈ RC×H×W and depth scores as D ∈ RD×H×W , where
C,D,H,W represent the channel, depth, height and width
dimension respectively. The elements in Radial BEV fea-
tures BR ∈ RC×D×W can be represented by:

γcdw =
∑
h∈H

αchwβdhw, (1)

where α, β, γ are the elements of I,D,BR, and c, d, h, w
are the indexes of C,D,H,W . The general approach is to
create 4D frustum features F ∈ RC×D×H×W and summarize
along the H dimension. By contrast, RC-Sampling imple-
ments this process more efficiently.

Omitting the common dimension W , the Equation 1 can
be simplified as:

γcd =
∑
h∈H

αchβdh ⇒ BR
w = IwD

⊤
w , (2)

where BR
w ∈ RC×D, Iw ∈ RC×H ,Dw ∈ RD×H are the slices

of I,D,BR at w. After considering dimension W , BR can
be directly created by:

BR = [(I → RW×C×H)⊗ (D → RW×H×D)] → RC×D×W ,
(3)

where → and ⊗ denote the transposition and multiplication
of the high-dimension matrix. As shown in Fig. 3, additional
computation and memory required by frustum features F are
saved for equally creating BR.

The BR needs to be transformed into Cartesian coordi-
nates for subsequent detection. We pre-define the coordi-
nates of Cartesian BEV features BC ∈ RC×X×Y , where
X,Y denote the required BEV resolution, and project them
on the BR. The bilinear sampling is utilized to retrieve the
corresponding features, which can be represented by :

BC(x, y) = BilinearSample(BR,Project(x, y)), (4)

where Project(x, y) denotes the coordinates of the pro-
jected point (x, y) on BR. Bilinearly sampling BR instead
of pooling the sparse pseudo-points guarantees that each
position in BC has valid features. It also saves more than

0

D

W

A

B

(a) Occlusion Between Objects

0

H

W

(b) Background in Box

0

D

W

(c) Behind Background Surface
0

D

W

(d) Centroid-Aware Inner Loss

Figure 4: Illustration of the associated design of In-Box La-
bel. H,W,D represent the height, width and depth dimen-
sions. The boxes are the GT boxes. The red squares and
black dots denote the positive and negative points of the In-
Box Label. The blue crosses are the points that are not su-
pervised. The deeper color in (d) means higher loss weight.

90% time cost and memory cost required by Voxel-Sampling
while creating BEV representation with equal geometric
quality. The efficiency and quality advantages can be main-
tained when the BEV resolution is increased. Along with
larger BC , I and D are also enlarged by lightweight convo-
lution to provide fine-grained information of the scene.

Compared with other feature transformation meth-
ods, RC-Sampling does not require the generation of
memory-expensive 3D intermediate features, the utiliza-
tion of deployment-unfriendly custom operators or the
computation-expensive cross-attention mechanism, high-
lighting its usability. Experiment results illustrate that RC-
Sampling outperforms the state-of-the-art feature transfor-
mation methods, such as BEVPoolv2 and DFA3D, on both
precision and efficiency.

In-Box Label
LiDAR points have been used to supervise the depth score
of each pseudo-points, effectively attaching the geometric
information to the BEV representation. However, the Li-
DAR label only records the depth of the object surfaces fac-
ing the ego car, instead of the actual geometric structure of
the objects. The lack of objects’ complete geometric infor-
mation hinders the subsequent BEV encoder and detection
head from precisely recognizing their size and orientation.
To overcome the drawbacks of the LiDAR label, we pro-
pose the In-Box Label that can be easily obtained from the
3D coordinate of pseudo-points and the GT boxes.
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Denote the 3D coordinate of a pseudo-point generated
from image features as p ∈ R3 and the space within a GT
box as B, the Vanilla In-Box Label can be formulated as:

Linbox =


1, p ∈

N⋃
i=1

Bi

0, p /∈
N⋃
i=1

Bi

(5)

where N is the total number of GT boxes. It means if p is
within any GT boxes, it is regarded as positive. Such depth
labels encourage the model to describe the actual geometric
structure of objects well and fill the GT boxes with valid
features in BEV space as shown in Fig. 1(d).

However, Vanilla In-Box Label may cause mismatches
between image features and BEV representation of objects
and several corrections are needed. For instance, since Ob-
ject A in Fig. 4(a) has a smaller depth than Object B, the im-
age records the information of Object A in the occluded area
(represented by the red dotted box). If the blue crosses are
treated as positive, the network will give a high depth score
there and mix Object B with A, which is harmful to percep-
tion. We choose not to supervise the pseudo-points within
the occluded region and let the network learn to give a proper
depth score by itself. A similar solution is adopted when ob-
jects have irregular shapes, as shown in Fig. 4(b). Not all
pseudo-points within the GT box record the information ob-
ject and they should also be ignored during training. We use
the HTC (Chen et al. 2019) pre-trained on nuImages (Caesar
et al. 2020) to provide the mask of objects and filter out the
background pseudo-points while calculating loss.

As for the background regions where no GT boxes are
available, the LiDAR label is still employed to make the
network learn the whole depth distribution of the scene and
locate objects more precisely. Since the LiDAR label re-
flects the depth of the surfaces while In-Box Label records
the actual spatial distribution, we modify the LiDAR label
to resolve the optimization divergence between foreground
and background. As shown in Fig. 4(c), we also ignore the
pseudo-points behind the background surface (represented
by blue dotted boxes), which are used to be negative. It lets
the network adaptively predict how “thick” is the ground and
the surrounding buildings and also balances the number of
positive and negative.

Centroid-Aware Inner Loss
Adapted to the characteristics of In-Box Label, we propose
Centroid-Aware Inner Loss (CAI Loss) to replace the Cross-
Entropy depth loss. It encourages the model to learn the in-
ner structure of the objects and further refine the geometric
information of BEV representation.

Softmax and Cross-Entropy Loss are formally chosen as
the activation function and the depth loss to match the one-
hot LiDAR label. Softmax centralizes the depth score on
the depth values of the object surfaces and Cross-Entropy
Loss treats discrete depth values as different classes. When
In-Box Label is utilized, the network should give all the
pseudo-points within the GT boxes high depth scores. We
choose Sigmoid to independently normalize the depth scores

of each pseudo-point within [0, 1]. Besides, the multiple
classification of discrete depth values turns into the binary
classification of whether pseudo-points are in boxes, which
results in far more negative than positive. As a result, Fo-
cal Loss (Lin et al. 2017) is adopted to balance the losses of
different classes.

To learn the inner structure of objects, we vary the loss
weights of positive pseudo-points according to their relative
position in the GT boxes. Inspired by (Zhang et al. 2022),
Centroid-Aware Inner Weight is defined as:

WCAI =
3

√
min(f, b)

max(f, b)
× min(l, r)

max(l, r)
× min(u, d)

max(u, d)
, (6)

where f, b, l, r, u, d represent the distance of a pseudo-point
to the front, back, left, right, up and down surfaces of the GT
box. Only the weight of positive pseudo-points needs to be
calculated and the pseudo-point closer to the centroid of an
object will have a higher weight as shown in Fig. 4(d). The
weights are directly multiplied over the focal loss of positive
pseudo-points and the CAI Loss is calculated by:

LCAI(p, y) =

{
−(1− α)pγ log(1− p), y = 0

−WCAIα(1− p)γ log(p), y = 1
, (7)

where y and p are the label and the activated depth score, α
and γ are the parameters of Focal Loss. CAI loss will let the
pseudo-points near the object centroids have higher depth
scores than the ones near the GT box surfaces, thus express-
ing the inner geometric information of objects.

Experiments
Dataset and Metrics
We evaluate our proposed method on the nuScenes (Cae-
sar et al. 2020) dataset, a commonly used autonomous driv-
ing benchmark. It contains 1000 scenarios collected from
the real world, each lasting for around 20 seconds. The key
samples are annotated at 2Hz and each sample is provided
with the data collected from six cameras, one LiDAR and
five radars. The 1000 scenarios are split into training set
(750 scenarios), validation (150 scenarios) and test set (150
scenarios). The main metric of the nuScenes dataset for 3D
object detection is the nuScenes Detection Score (NDS). Ex-
cept for the commonly used mean average precision (mAP),
NDS is also related to five metrics that only take true positive
objects into account, including mean Average Translation
Error (mATE), mean Average Scale Error (mASE), mean
Average Orientation Error (mAOE), mean Average Velocity
Error (mAVE), mean Average Attribute Error (mAAE).

Implementation Details
We adopt the BEVDepth (Li et al. 2023c) as the base-
line to build GeoBEV and compare it with state-of-the-
art methods in the commonly used configurations. For the
experiments on the nuScenes validation set, the ResNet50
and ResNet101 (He et al. 2016) are adopted as the back-
bone to process the images in 256×704 and 512×1408, re-
spectively. When evaluating on the nuScenes test set, the
VoVNet-99 (Lee et al. 2019) pre-trained by DD3D (Park
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Method Backbone Image Size Frames mAP↑ NDS↑ mATE↓ mASE↓ mAOE↓ mAVE↓ mAAE↓
BEVDet (Huang et al. 2021) ResNet50 256×704 1 0.298 0.379 0.725 0.279 0.589 0.860 0.245
PETRv2 (Liu et al. 2023) ResNet50 256×704 2 0.349 0.456 0.700 0.275 0.580 0.437 0.187
BEVDepth (Li et al. 2023c) ResNet50 256×704 2 0.351 0.475 0.639 0.267 0.479 0.428 0.198
BEVStereo (Li et al. 2023b) ResNet50 256×704 2 0.372 0.500 0.598 0.270 0.438 0.367 0.190
SA-BEV (Zhang et al. 2023a) ResNet50 256×704 2 0.387 0.512 0.613 0.266 0.352 0.382 0.199
BEVFormerv2 (Yang et al. 2023) ResNet50 - - 0.423 0.529 0.618 0.273 0.413 0.333 0.188
SOLOFusion (Park et al. 2022) ResNet50 256×704 17 0.427 0.534 0.567 0.274 0.511 0.252 0.181
StreamPETR⋆ (Wang et al. 2023) ResNet50 256×704 8 0.450 0.550 0.613 0.267 0.413 0.265 0.196
BEVNext⋆ (Li et al. 2024) ResNet50 256×704 8 0.456 0.560 0.530 0.264 0.424 0.252 0.206
RayDN⋆ (Liu et al. 2024) ResNet50 256×704 8 0.469 0.563 0.579 0.264 0.433 0.256 0.187
GeoBEV ResNet50 256×704 2 0.415 0.535 0.533 0.265 0.419 0.298 0.214
GeoBEV⋆ ResNet50 256×704 8 0.479 0.575 0.496 0.261 0.438 0.236 0.216
PETRv2 (Liu et al. 2023) ResNet101 900× 1600 2 0.421 0.524 0.681 0.267 0.357 0.377 0.186
BEVDepth (Li et al. 2023c) ResNet101 512×1408 2 0.412 0.535 0.565 0.266 0.358 0.331 0.190
SOLOFusion (Park et al. 2022) ResNet101 512×1408 17 0.483 0.582 0.503 0.264 0.381 0.246 0.207
StreamPETR⋆ (Wang et al. 2023) ResNet101 512×1408 8 0.504 0.592 0.569 0.262 0.315 0.257 0.199
BEVNext⋆ (Li et al. 2024) ResNet101 512×1408 8 0.500 0.597 0.487 0.260 0.343 0.245 0.197
RayDN⋆ (Liu et al. 2024) ResNet101 512×1408 8 0.518 0.604 0.541 0.260 0.315 0.236 0.200
GeoBEV ResNet101 512×1408 2 0.479 0.582 0.498 0.254 0.335 0.285 0.204
GeoBEV⋆ ResNet101 512×1408 8 0.526 0.615 0.458 0.254 0.318 0.238 0.207

Table 1: Comparison with previous state-of-the-art multi-view 3D detectors on the nuScenes val set. ⋆ Benefited from the
perspective-view pre-training.

Method Backbone Image Size Frames mAP↑ NDS↑ mATE↓ mASE↓ mAOE↓ mAVE↓ mAAE↓
BEVDet (Huang et al. 2021) Swin-B 900×1600 1 0.424 0.488 0.524 0.242 0.373 0.950 0.148
BEVFormer (Li et al. 2022) VoVNet-99 900×1600 4 0.481 0.569 0.582 0.256 0.375 0.378 0.126
PolarFormer (Jiang et al. 2023) VoVNet-99 900×1600 2 0.493 0.572 0.556 0.256 0.364 0.440 0.127
PETRv2 (Liu et al. 2023) VoVNet-99 640×1600 2 0.490 0.582 0.561 0.243 0.361 0.343 0.120
BEVDepth (Li et al. 2023c) VoVNet-99 640×1600 2 0.503 0.600 0.445 0.245 0.378 0.320 0.126
BEVStereo (Li et al. 2023b) VoVNet-99 640×1600 2 0.525 0.610 0.431 0.246 0.358 0.357 0.138
SA-BEV (Zhang et al. 2023a) VoVNet-99 640×1600 2 0.533 0.624 0.430 0.241 0.338 0.282 0.139
FB-BEV (Li et al. 2023d) VoVNet-99 640×1600 10 0.537 0.624 0.439 0.250 0.358 0.270 0.128
StreamPETR (Wang et al. 2023) VoVNet-99 640×1600 8 0.550 0.636 0.479 0.239 0.317 0.241 0.119
BEVNext (Li et al. 2024) VoVNet-99 640×1600 8 0.557 0.642 0.409 0.241 0.352 0.233 0.129
OPEN (Hou et al. 2025) VoVNet-99 640×1600 - 0.567 0.644 0.456 0.244 0.325 0.240 0.129
RayDN (Liu et al. 2024) VoVNet-99 640×1600 8 0.565 0.645 0.461 0.241 0.322 0.239 0.114
GeoBEV VoVNet-99 640×1600 2 0.543 0.635 0.409 0.234 0.317 0.284 0.122
GeoBEV VoVNet-99 640×1600 8 0.579 0.662 0.369 0.234 0.323 0.229 0.120

Table 2: Comparison with previous state-of-the-art multi-view 3D detectors on the nuScenes test set.

et al. 2021) is adopted as the backbone to process the im-
ages cropped to 640×1600. These models are trained for
20 epochs with CBGS strategy (Zhu et al. 2019). Except
for regular data augmentation, the BEV-Paste (Zhang et al.
2023a) is adopted to alleviate overfitting during the long
training process. Future frames and test-time augmentation
are not adopted. For the ablation study, we use ResNet50 as
the image backbone and the models are trained for 24 epochs
without the CBGS strategy.

Main Results
We compare GeoBEV with previous state-of-the-art multi-
view 3D detectors on the nuScenes val and test set. The
experiment results in Tab. 1 show that GeoBEV achieves
the best detection accuracy on nuScenes val set at differ-
ent configurations. When detecting from images in 256×704
and using ResNet50 as the backbone, GeoBEV outperforms

RayDN (Liu et al. 2024), the previous state-of-the-art, by
1.0% mAP and 1.2% NDS. When increasing image reso-
lution to 512×1408 and using ResNet101 as the backbone,
GeoBEV stays ahead of the curve and outperforms RayDN
by 0.8% mAP and 1.1% NDS.

The experiment results on the nuScenes test set are shown
in Tab. 2. GeoBEV also gets the best performance of 57.9%
mAP / 66.3% NDS, surpassing StreamPETR (Wang et al.
2023) by 2.9% mAP / 2.6% NDS and RayDN by 1.4% mAP
/ 1.7% NDS, respectively. Those persuasive experiment re-
sults highlight the effectiveness of GeoBEV.

Ablation Study
Component Analysis We evaluate the contributions of
our proposed components and show the results in Tab. 3.
It can be found that both RC-Sampling and In-Box La-
bel effectively increase the detection accuracy. When using
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Baseline RC-Sampling In-Box mAP NDS

BEVDepth
0.337 0.456

✓ 0.363 0.489
✓ 0.359 0.478

✓ ✓ 0.381 0.500

BEVDet 0.283 0.350
✓ ✓ 0.310 0.391

BEVStereo 0.354 0.474
✓ ✓ 0.388 0.513

Table 3: Ablation study of proposed components. “RC-
Sampling” denotes Radial-Cartesian BEV Sampling and
“In-Box” denotes the combination of In-Box Label and
Centroid-Aware Inner Loss.

Method BEV Size DS mAP NDS FPS

BEVPoolv2 128×128 16 0.337 0.456 22.7
256×256 16 0.344 0.474 16.6

DFA3D 128×128 16 0.335 0.455 20.2
256×256 16 0.344 0.469 11.7

Voxel-Sampling 128×128 16 0.342 0.464 20.6
256×256 16 0.354 0.484 13.8

RC-Sampling

128×128 16 0.344 0.465 24.8
256×256 16 0.358 0.482 17.4
256×256 8 0.363 0.489 17.0

Table 4: Ablation study of Radial-Cartesian BEV Sampling.
“DS” denotes the downsample factor from the images to the
depth scores. “FPS” is the FPS of the whole detector.

BEVDepth (Li et al. 2023c) as the baseline, there is an im-
provement of 2.6% mAP and 3.3% NDS after applying RC-
Sampling. In-Box Label and CAI Loss also boost the per-
formance by 2.2% mAP and 2.2% NDS. After combining
the two components, the performance is increased by 4.4%
mAP and 4.4% NDS in total. To estimate the versatility of
our proposed components, we also choose BEVDet (Huang
et al. 2021) and BEVStereo (Li et al. 2023b) as the base-
lines. After adopting RC-Sampling and In-Box Label, their
accuracy is improved by 2.7% mAP / 4.1% NDS and 3.4%
mAP / 3.9% NDS respectively.

Radial-Cartesian BEV Sampling To show the capacity
of RC-Sampling, we compare it with the most efficient LSS-
based and Transformer-based feature transformation meth-
ods. BEVPoolv2 (Huang and Huang 2022b) and DFA3D (Li
et al. 2023a) are chosen as the representatives. The compar-
ison with Voxel-Sampling, the unoptimized version of RC-
Sampling, is also implemented. All of the feature transfor-
mation methods are incorporated into the same BEVDepth
model. From the experiment results in Tab. 4, it can be
found the detection accuracy of RC-Sampling outperforms
both BEVPoolv2 and DFA3D, indicating the better geomet-
ric quality of BEV representation. Besides, RC-Sampling
exhibits better real-time performance and achieves the best
FPS while generating BEV representation with different res-
olutions. Voxel-Sampling achieves comparable accuracy as
RC-Sampling, but its speed is far behind. We also upsam-
ple the size of depth scores by lightweight convolution to
provide fine-grained geometry information to RC-Sampling,

Label Sigmoid Focal CAI mAP NDS
LiDAR 0.337 0.456

Vanilla In-Box
0.345 0.464

✓ 0.347 0.466
✓ ✓ 0.351 0.470

In-Box ✓ ✓ 0.356 0.474
✓ ✓ 0.359 0.478

Table 5: Ablation study of In-Box Label. “Sigmoid” denotes
using Sigmoid as the activation function. “Focal” denotes
using the focal loss while “CAI” denotes using the Centroid-
Aware Inner Loss.

which further increases the performance by 0.5% mAP and
0.7% NDS without significantly affecting its efficiency.

In-Box Label We conduct experiments to evaluate differ-
ent configurations when applying the In-Box Label as in
shown Tab. 5. When simply replacing the LiDAR label with
the Vanilla In-Box Label, the performance is increased by
0.8% mAP and 0.8% NDS. It is further improved by 0.2%
mAP / 0.2% NDS and 0.4% mAP / 0.4% NDS after us-
ing Sigmoid as the activation function and letting the depth
scores supervised by Focal Loss. We also compare the per-
formance between Vanilla In-Box Label and the complete
In-Box Label, the results show that the In-Box Label is
more in line with the real world and has an advantage of
0.5% mAP and 0.4% NDS. When replacing Focal Loss with
Centroid-Aware Inner Loss, there is another 0.3% mAP and
0.4% NDS improvement, which illustrates that inner geo-
metric structure is helpful for the detection.

Conclusion

In this paper, we propose a novel multi-view 3D object de-
tector, namely GeoBEV, which generates BEV represen-
tation that restores authentic geometric information of the
scene. Radial-Cartesian BEV Sampling simply does high-
dimensional matrix multiplication between transposed im-
age features and depth scores to obtain Radial BEV features,
which are then transformed into Cartesian BEV features by
bilinear sampling. This approach can rapidly generate high-
resolution BEV representation while effectively avoiding the
presence of vacant feature values. Based on the physics of
the real world, In-Box Label can reflect the actual geomet-
ric structure of objects, effectively improving the accuracy
of the information carried by BEV representation. Centroid-
Aware Inner Loss cooperates with In-Box Label to make full
of its advantage and also encourages the network to learn the
inner geometry of objects.

We conduct extensive experiments on nuScenes dataset
and GeoBEV reaches a new state-of-the-art, highlighting the
effectiveness of our proposed components in enhancing the
geometric quality of BEV representation. Additional exper-
iments also illustrate that these components can be easily in-
tegrated into many existing BEV-based detectors and bring
stable improvement in accuracy and real-time performance.
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