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BroadBEV: Collaborative LiDAR-camera Fusion
for Broad-sighted Bird’s Eye View Map Construction
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Abstract— A recent sensor fusion in a Bird’s Eye View (BEV)
space has shown its utility in various tasks such as 3D detection,
map segmentation, etc. However, the approach struggles with
inaccurate camera BEV estimation, and a perception of distant
areas due to the sparsity of LiDAR points. In this paper,
we propose a BEV fusion (BroadBEV) that aims to enhance
camera BEV estimation for broad perception in the pre-defined
BEYV range, while simultaneously improving the completion of
LiDAR’s sparsity in the entire BEV space. Toward that end, we
devise Point-scattering that scatters LIDAR BEV distribution to
camera depth distribution. The method boosts the learning of
depth estimation of the camera branch and induces accurate
location of dense camera features in BEV space. For an effective
BEY fusion between the spatially synchronized features, we sug-
gest ColFusion that applies self-attention weights of LiDAR and
camera BEYV features to each other. Our extensive experiments
demonstrate that the suggested methods enable a broad BEV
perception with remarkable performance gains.

I. INTRODUCTION

Visual perception and understanding of the surrounding
environment are crucial to implementing reliable robotic
systems such as Simultaneous Localization and Mapping
(SLAM), and Advanced Driver Assistance Systems (ADAS).
Because the perception provides an ego-frame agent with
detailed local features and structural information, various
approaches to the perceptions have been actively studied
including 3D detection and semantic segmentation. As a
representation of latent variables for the tasks, Bird’s Eye
View (BEV) space has been frequently employed. BEV space
is free from distortions of homogeneous coordinate systems
and categorizes object shapes into a few classes. Thus, it
provides a robust representation of elements in 3D space
including cars, buildings, pedestrians, large-scale scenes, etc.

Recently, approaches using the fusion of multiple sensors’
features in a shared BEV space [21], [25], [2], [17] have
demonstrated effective representations even for images and
points with noise and motion blur. Because each sensor
has clearly distinct strong and weak points, complementary
usages between sensors lead to the achievement of consistent
and robust model performances. For example, in LiDAR-
camera fusion, LiDAR detects accurate depth values of
surrounding environments but has sparse scene contexts in
far regions. In contrast, the camera obtains dense 2D signals
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Fig. 1: BroadBEV scatters LiDAR points to camera depth
distribution to guarantee geometric synchronization of cross-
modality. After it evaluates a camera BEV feature, Our col-
laborative fusion (or ColFusion) ensembles the BEV features
of LiDAR and cameras. As shown in the bottom comparison,
our method enables a broad perception.

projected on a camera plane but loses corresponding depth
information. Thus, an optimal fusion can be summarized as a
method that improves a camera branch’s depth learning and
LiDAR branch’s sparsity completion.

The existing implementations of BEV fusion usually lift
and splat [31] images to transform 2D features into 3D space.
The view transform is practical as it prevents BEV projection
from long-tail artifacts caused by Inverse Perspective Map-
ping (IPM) [8]. However, because the lifting needs image
depth distribution, it is inevitable to use monocular depth
estimation. As a result, the requirement sometimes imposes
inaccurate depths on a camera branch and negatively affects
the performance. The limitation becomes a bottleneck for a
model’s perception of distant regions because it will fail to
reasonably interpolate the large sparsity of LiDAR due to
incorrect camera depths.

To address the problem, we suggest a broad BEV fusion
(BroadBEV). Specifically, it synchronizes the 3D geometry
of sensors in BEV space to share LiDAR’s consistent sensing
to a camera branch. To implement the idea, we propose
“Point-scattering”, which scatters LIDAR BEV distribution
to the estimated camera depth distribution. Based on the
enhanced camera BEV features, our collaborative fusion
(ColFusion in short) applies attention weights of LiDAR
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Fig. 2: Overall Scheme of BroadBEV. Our view transform takes in LiDAR BEV feature (ZZEY) to lift and splat [31] image
features (Zy) with our proposed Point-scattering to camera depth distribution. Then it calibrates the camera BEV feature.
After preparing camera and LiDAR BEV features, ColFusion which consists of collaborative attention and BEV-FPD [42]
fuses them into a unified BEV feature (Z). BroadBEV decodes the feature into a constructed map.

and camera BEV features to each other for boosting model
robustness.

Our BroadBEV provides a broad-sighted BEV perception
because our enhancement of the camera branch induces the
improved completion of LiDAR’s large sparsity in distant
areas. We evaluate our approach to semantic map construc-
tion as the task requires the accurate positioning of context
features with precise depths in a BEV space. The extensive
experiments in Section V show that our method achieves the
best performance. As far as we know, our BroadBEV is the
first approach to explore a broad-sighted BEV fusion. Our
contributions are summarized as:

o Our Point-scattering guarantees a synchronized geom-
etry to the camera and LiDAR BEV branches. Our
experiments in Section V validate that it contributes to
the extraction of an enhanced camera BEV feature.

o For an effective fusion of BEV features with shared 3D
geometry, we propose a novel collaborative fusion (or
ColFusion) that shows robust perception under challeng-
ing rainy and night driving environments. In our ablation
in Table IV, this method boosts model performance.

o BroadBEV provides a broad-sighted perception. With
the strong point, our approach shows the best perfor-
mances in extensive experiments.

II. RELATED WORKS

Camera BEV Representation. To encode perspective im-
ages to BEV features, various view transformation methods
have been employed including Inverse Perspective Mapping
(IPM) [34], [15], [55], [32], Lift-Splat [31] based explicit
transformation [14], [13], [35], [11], [18], and query-based
implicit transformation [28], [4], [44], [19], [47], [29], [37].
Because the methods have to estimate depth or learn an
implicit BEV space with monocular camera features, they
show weak generalization in challenging environments such
as rainy days, and low-light conditions. To free those meth-
ods from the problem, they can adopt camera-LiDAR fusion.
Because the sensor is relatively independent of environments,
it can be a helpful guideline under challenging conditions.

LiDAR-camera Fusion. As the recent examples, the fu-
sion of LiDAR and camera features have shown successful

demonstrations in various tasks such as 3D detection [41],
[1], [21], [43], [20], [46], [48], map construction [10], [12],
[36], [19], [17], [27], [2], [42], [56], and both tasks [25],
[40], [50]. Among them, BEVFusions [17], [21] introduce
a shared BEV space for efficient fusions. Despite their
promising perceptions, their BEV estimations in camera
branches lack methods to share obtained sensing of each
modality in the early stages. Although the models learn
complementary fusion of BEV features, the spatially unsyn-
chronized geometry between the sensor branches sometimes
limits the range of model perceptions because the unlinked
geometry causes worse interaction between modalities. In
this work, we dig into a methodology for efficient sharing
of modality sensings and a collaborative BEV fusion to
effectively leverage geometry-synchronized sensors.

IIT. PROBLEM FORMULATION

We notate / and P as camera and LiDAR modalities. The
descriptions are under the assumption that image features
(Z; € RVHXWxCry and a LiDAR BEV feature (ZBEV €
RH'*W'xCpy gre prepared by Liu et al’s method. [25]

Conventional Method. Most existing approaches [21], [25],
[2], [27] obtain a unified BEV feature Z € RH *W xCp a5

Z =Go(C,D;,Z5""), where [C;D/] =Eo(Z;), (1)

Gy is a fusing model that consists of BEV pooling [25] and
deep nets such as CNN, transformer, and feature pyramid
network (FPN) [22] with parameter 8. C and Dy respectively
denote an image context and a depth distribution [31].
Eg :=RY s (R R) is a single CNN with parameter set
{w,»} C o C 6. w and @, are for C and Dy, respectively.

BroadBEV. As shown in Eq. (1), the lack of hint for esti-
mation of depth distribution sometimes becomes a bottleneck
for a camera branch. As a result, the design shows weakness
at night and rainy scenes because of harmful elements for
depth estimation like limited camera eyesight and raindrops
with unnatural textures. To this end, our strategy is to reduce
the domain gap between the camera and a LiDAR BEV
space. Specifically, our Point-scattering provides LiDAR
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Fig. 3: Our Point-scattering and View Transform.

BEYV distribution Dp € R¥*W' to the camera depth distribu-
tion to guarantee a BEV space with synchronized geometry.
The design addresses the concern that the scattering of
LiDAR points to perspective camera planes causes poor
compatibility with CNNs as shown by Wang et al. [43]. After
BroadBEV prepares camera and LiDAR BEV features, our
ColFusion (Gg) fuses them with shared attention weights
for a robust BEV representation in real environments. The
overall formulation of our BroadBEV is represented as

Z=Gy(C, D, DEEY ZBEV), )
where [C;D;] = Ey(Z;), DEEY = o(hy (ZEEY)),

hy is a single CNN layer with a parameter set v, o is
a sigmoid operation. v C 8 is a set of parameters for the
estimation of LiDAR BEV distribution.

IV. METHOD

This section provides details of our formulation in Eq. (2).
We first describe our novel view transform that guarantees
depth synchronization between cross-modality. After that,
we present descriptions for a collaborative BEV fusion (or
ColFusion). The overall scheme of BroadBEV is illustrated
in Fig. 2. As shown there, our BroadBEV takes in N cameras’
image features (Z;), and a LIDAR BEV feature (Zf,EV). After
view transform and fusion, a semantic map is constructed.

A. View Transform

Compared to a camera, LiDAR shows consistent sensing
in challenging conditions like signals damaged by raindrops,
and limited eyesight by low-light illuminations. Our view
transform aims to contain the advantage in camera BEV
features. To implement the idea, we lift and splat D; and
interact it with LIDAR BEV distribution Dj';EV in BEV space.
The overall pipeline is provided in Fig. 3.

Lift-Splat [31]. At first, we define two variables: a camera
BEV feature without depth distribution (ZfEV), and a depth
distribution without image features (DfEV € RY). They are
prepared as
ZBEV DEEY —

=f(C.1), f(,Dy), 3)

@—t
@—f O+ O

ZBE v ZBE \

= | &

Vs
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(b) Extraction of a Unified BEV Feature.
Fig. 4: Our Collaborative BEV Fusion (ColFusion).

where 1 is a H x W tensor of ones. f denotes a BEV pooling,
i.e., f(Z;,Dy) is the view transformation of Liu ef al. [25].

Point-scattering. After preparing variables, BroadBEV scat-
ters Dp to a depth distribution DEEV as

DY = o (hy (D7, D)), @)
where hy = (RL,R") — R is a CNN layer, DPEV is a
refined camera depth distribution.

Feature Calibration. As a LiDAR BEV represents sparse
shapes while a camera BEV contains dense image features,
there is an inevitable domain gap between modalities. To
address the problem, we complete the camera BEV feature
ZBEV with a self-calibrated convolution (s¢) [23] as

27" = gn(sy(Z{™ - DFY)), 5)

where g is an FPN [22].

B. Collaborative Fusion

After the preparation of BEV features (ZPEV,ZBEV), our
devised collaborative fusion (or ColFusion) ensembles them.
Specifically, ColFusion computes the self-attention weights
of its modality branches and shares them with each other
to effectively leverage the synchronized sensors. Then the
model fuses the BEV features with deep nets. ColFusion’s
pipelines are illustrated in Fig. 4.

Attention of Cross Modality. When given two inputs of
modality a,b € {I,P}, we obtain a refined BEV feature Z}%"
from an attention weight (A,) and a BEV feature ZBEV. A
is computed from a query (Q,), and a key (K,) [39] of ZBEV,
and a value (V) is computed from ZEEV. The equation can
be represented as

Qu Ky ) ZBEV
Vg

where dj, denotes a scale factor [39]. In other words, we

compute four BEV features (Z75", 275, 235" 237) with

shared self-attention weights and the prepared BEV features.

A, = softmax( Ay Vi +ZBEY . (6)
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TABLE I: Quantitative Comparisons on BEV Map Segmentation.

Method Backbone Modality Drivable Ped. Cross. Walkway Stop Line Carpark Divider mloU
OFT [35] ResNet-18 C 74.0 353 459 27.5 359 339 42.1
LSS [31] ResNet-18 C 75.4 38.8 46.3 30.3 39.1 36.5 444
CVT [53] EfficientNet-B4 C 74.3 36.8 39.9 25.8 35.0 29.4 40.2

M2BEV [44] ResNeXt-101 C 712 - - - - 40.5 -
BEVFusion [25] Swin-T C 81.7 54.8 58.4 474 50.7 46.4 56.6
PointPillars [16] VoxelNet L 72.0 43.1 53.1 29.7 27.7 375 43.8
CenterPoint [49] VoxelNet L 75.6 484 57.5 36.5 31.7 419 48.6
PointPainting [40]| ResNet-101, PointPillars C+L 75.9 48.5 57.1 36.9 34.5 41.9 49.1

MVP [50] ResNet-101, VoxelNet C+L 76.1 48.7 57.0 36.9 33.0 422 49.0
BEVFusion [25] Swin-T, VoxelNet C+L 85.5 60.5 67.6 52.0 57.0 53.7 62.7

X-Align [2] Swin-T, VoxelNet C+L 86.8 65.2 70.0 58.3 57.1 58.2 65.7
UniM2AE [56] Swin-T, SST C+L 88.7 67.4 72.9 59.0 59.0 59.7 67.8
BroadBEV (Ours) Swin-T, VoxelNet C+L 90.1 694 75.9 60.2 64.2 60.8 70.1

TABLE II: Quantitative Comparisons on HD Map Construction.

Method Backbone Modality Divider Ped. Cross. Boundary mloU

VPN [29] EfficientNet-B0O C 36.5 15.8 35.6 29.3

Lift-Splat [31] EfficientNet-BO C 38.3 14.9 39.3 30.8
BEVSegFormer [30] ResNet-101 C 51.1 32.6 50.0 44.6
BEVFormer [19] ResNet-50 C 53.0 36.6 54.1 479
BEVerse [52] Swin-T C 56.1 449 58.7 532
UniFusion [33] Swin-T C 58.6 433 59.0 53.6
HDMapNet [17] EfficientNet-B0O C 40.6 18.7 39.5 329
HDMapNet [17] PointPillars L 26.7 17.3 44.6 29.5
LiDAR2Map [42] PointPillars L 60.4 45.5 66.4 57.4
HDMapNet [17] EfficientNet-BO, PointPillars C+L 46.1 31.4 56.0 44.5
LiDAR2Map [42] Swin-T, PointPillars C+L 60.8 472 66.3 58.1
BroadBEV (Ours) Swin-T, VoxelNet C+L 68.8 51.2 71.9 64.0

TABLE III: Comparison of Map Segmentation to state-
of-the-arts under Rainy or Night Condition.

Method Rainy Night nuScenes
BEVFusion 55.9 43.6 62.7
X-Align 57.8 46.1 65.7
BroadBEV (Ours) 63.7 50.8 70.1

TABLE IV: Ablation Study on Method Specifications.

Baseline | w/ Scat. w/ Fusion Rainy Night  nuScenes L?;e]:)cy
4 56.3 438 62.6 83
v v 574 45.7 63.9 88
v 4 62.6 50.1 69.1 152
4 4 4 63.7 50.8 70.1 158

BEYV Representation. We unify the prepared 4 BEV features
as a BEV representation Z as

Z=gp(Y Wa -2, ()
a, b

where W, ; is a partial weight of CNN parameters. go

denotes BEV-FPD [42] which is a kind of FPN to encode the

unified BEV feature. After BroadBEV obtains Z, it decodes

the feature with a task-specific head.

V. EXPERIMENTAL RESULTS

Following the previous works, we evaluate BroadBEV
on map segmentation and HD map construction in Table I
and Table II, respectively. we use mean Intersection over
Union (mloU) as our evaluation metric in all the experiments
including our ablation study and visualizations.

A. Configurations

Dataset. We use nuScenes [3], a large-scale dataset that
contains 700, 150, and 150 scenes for training, validation,
and testing. The collected samples include various data
modalities such as perspective images from 6 cameras, 3D
points from 1 LiDAR, and points with vectors from 5 Radars.
We use camera images resized to 256 x 704 resolution,
and LiDAR points voxelized to 0.1m grid resolution in our
LiDAR BEV branch.

Implementation Details. We use common configurations on
both BEV map segmentation and HD map construction tasks.
We apply the same image and LiDAR data augmentation as
the baseline work [25]. We use AdamW [26] with a weight
decay of 1072. We train BroadBEV during 20 epochs on
4 NVIDIA A100 GPUs. We use 3 heads for multi-head
attention of ColFusion. We employ Swin-T [24] (or VoxelNet
[54]) as a backbone for the camera (or LiDAR) branch. Our
implementation is built on top of MMDetection [5], [6].

B. BEV Map Segmentation

Settings. We follow the evaluation protocol of [25] under
100mx100m with 0.5m egocentric BEV grid resolution.
The employed metric measures mloU for each class and
then chooses the highest value over varying thresholds as
the semantic map classes of urban environments may be
semantically overlapped like car-parking and drivable areas.
Overall Comparisons. We report comparisons of BroadBEV
to the state-of-the-arts in Table I, and Table III. The former
focuses on per-class comparisons of method performances,
and the latter provides the effectiveness of approaches un-
der rainy, night conditions. In Table I, we investigate the
employed backbones of all methods including ResNet [9],
ResNext [45], EfficientNet [38], Swin Transformer [24],
VoxelNet [54], PointPillars [16], and SST [7]. As shown in
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Fig. 6: Performance Distribution under Varying Illumi-
nations. Blue and pink plots correspond to BEVFusion and
Ours, respectively. Given average image intensities, ours
achieves improved map constructions showing right-shifted
distribution than BEVFusion.

the table, our method outperforms existing approaches with-
out bells and whistles in every class. Especially, considering
that map segmentation is more dependent on dense features
than sparse LiDAR features, the remarkable achievements
in the classes imply that BroadBEV provides improved
fusion with enhanced camera BEV features. In Table 111, our
methods show favorable performance gains in rainy and night
conditions. The results support that our methods contribute
to model robustness and performance consistency.
Ablation Study. We explore the effectiveness of Point-
scattering and ColFusion to check their importance. In Ta-
ble 1V, “w/ Fusion” and “w/ Scat.”” mean ColFusion and
Point-scattering respectively. We denote ‘v’ if a method is
activated. As in the table, our fusion largely boosts perception
performance. In Fig. 7, we evaluate the models of Table IV
to intuitively check module-by-module contributions. As
shown in the camera images, the driving environment is
under humid night which causes a performance drop. As
demonstrated in the green ROIs, Point-scattering improves
the perception broadness. Due to the large sparsity of LIDAR
points in distant regions, the perception in the areas is
dominantly inferred by camera branches. Despite this fact,
BroadBEV shows favorable map segmentation owing to the
Point-scattering’s successful boosting of the camera branch
weights in the training stage. Because the results show our
accurate locating of scene contexts without any Lidar priors
in the green boxes, they further validate our learning of
camera depth refinement for completion of entire spatial
coverage. In addition, ColFusion enhances the perception of
distant regions as in the blue ROIs. Thanks to its collabora-
tive modality fusion, the method further boosts BroadBEV’s
broadness.

Computation Time. In Table [V, we compare the computing
cost of BroadBEV to our variations under single A100 GPU.
Note that “baseline” has the same design as BEVFusion [25].
As in the table, ColFusion imposes dominant costs (about
70ms of 158ms) because of the heavy attention mechanism.
We expect that a replacement of the attention with a light
operation as in PoolFormer [51] will address the problem.
Distance Dependency. In Fig. 5, we explore a detailed
comparison of our perception broadness to BEVFusion and
our variated models used in our ablation study. The hori-
zontal x-axis and vertical y-axis respectively mean [1,x] and
[1,y] range of meter distances from an egocentric vehicle
and the corresponding mloU. In this experiment, we see
that our method regularizes the negative correlation between
map segmentation and distance. Especially, considering that
LiDAR mostly preserves its sensing at night, the perfor-
mance gain in “Night” plot validates the contribution of
LiDAR Point-scattering for robust perception under low-light
illumination. Furthermore, our performance gains in distant
regions imply that BroadBEV provides a broad-sighted BEV
representation.

Illumination Dependency. In Fig. 6, we explore the rela-
tionship between the fusion approaches and illumination. We
visualize distributions of scattered mloUs for all validation
samples. The densely (or sparsely) distributed regions are
colored with darker (or more light) tones. To evaluate the
illumination of a sample, we transform RGB to YUV and
average Y channel. The horizontal x-axis and vertical y-axis
respectively mean mloU and averaged Y values (or inten-
sity). In the plots, our Point-scattering and ColFusion provide
the improved performance distributions that are located on
the higher mIoU regions. Especially, the “Night” plot shows
a promising demonstration implying that our fusion resolves
the limited generalization of a camera at night.

C. HD Map Construction

HD map is a pre-constructed information hub that consists
of descriptions of huge 3D volumes like buildings with many
indoor, and urban environments. It includes 3D bounding
boxes, semantic labels, vectorized road lanes, etc. Our ex-
periment on this task follows the previous works [17], [42]
that aim for auto-labeling or maintenance of semantic road
labels in HD maps by constructing locally constructed maps.
Settings. Because the HD map contains densely distributed
3D points, its label prediction is deployed on a dense
30mx60m volume with 0.15m BEV grid resolution. Follow-
ing the metric of the previous works [17], [42], we use mloU
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frame. z-axis is the mloU averaged over all samples. (b)
Gray shadings are the angles containing the BEV vertices.
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without the thresholding of the map segmentation task.

Overall Comparisons. The comparisons of BroadBEV to
the existing HD map constructors are provided in Table II.
As indicated in the table, our model shows state-of-the-art
performance with 5.9% (Divider: 8.0% 1, Ped.: 4.0% 1, Bnd.:
5.6% 1) mloU gain compared to the LIDAR2Map. Because
HD maps require high-frequency detailed local descriptions
for the surrounding environment, our performance gain im-
plies BroadBEV’s superior extraction of local features.

VI. DISCUSSION

In this section, we analyze and discuss a limitation of BEV
perception. The results are investigated using all the samples
of the nuScenes validation set.

Performance Undershoot in BEV Vertices. As in Fig. 8a,
BEV features provide relatively poor representations on the
vertices. To explore how the limitation negatively affects
map segmentation, we investigate performance distribution

TABLE V: Frustum Depth Range and Performance.

Method Range mloU
Variation (-70.0m, 70.0m) 70.2
BroadBEV (-60.0m, 60.0m) 70.1

for varying scanning angles in Fig. 8b. From an egocentric
vehicle frame, we divide a map into 72 segments with 5°
field-of-view (FOV), i.e., the y value of each point denotes an
averaged mloU in an FOV segment. As depicted in the figure,
the regions containing BEV vertices (gray regions) show
significant performance drops. In fact, for objects at very far
distances, LiDAR often fails to detect them. Furthermore, the
mostly vanished shape of them in camera planes is one of
the challenging limitations for learning BEV representation.
Although our broadness addressed performance degradation,
still the problem is a big hurdle to cross.

Larger Camera Frustum Extending camera frustums [31]
relaxes the undershoot. However, the approach fails to re-
solve the limitation. In Table V, we explore two BroadBEV
models under 60m (BroadBEV) and 70m (Variation) frustum
depth configurations. As in the table, “Variation” shows a
slightly better segmentation but could not resolve the prob-
lem. Future works addressing this issue will be interesting.

VII. CONCLUSION

Our proposed method BroadBEV provides a broad-sighted
bird’s eye view representation. The synchronized geometry
between cross-modality contributes to the precise location
of dense contexts in the proper position of a BEV space. In
addition, our ColFusion ensembles LiDAR and camera BEV
features collaboratively with a novel attention mechanism-
based fusion. Compared to the recent model, X-Align,
BroadBEV shows noticeable improvements in overall driving
conditions including rainy, night (or low-light), and whole
data scenarios with 5.9%, 4.7%, and 4.4% mloU gains,
respectively. Furthermore, our model additionally validated
its robustness on HD map construction, which requires high-
frequency detailed features. In the task, we achieved 5.9%
mloU gain compared to LiDAR2Map.
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