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Abstract— HD map construction is a fundamental and chal-
lenging task in autonomous driving to understand the sur-
rounding environment. Recently, Camera-LiDAR BEV feature
fusion methods have attracted increasing attention in HD map
construction task, which can significantly boost the benchmark.
However, existing fusion methods ignore modal interaction
and utilize very simple fusion strategy, which suffers from
the problems of misalignment and information loss. To tackle
this, we propose a novel Multi-modal BEV feature fusion
method named MBFusion. Specifically, to solve the semantic
misalignment problem between Camera and LiDAR features,
we design Cross-modal Interaction Transform (CIT) module
to make these two feature spaces interact knowledge with
each other to enhance the feature representation by the cross-
attention mechanism. Then, we propose a Dual Dynamic Fusion
(DDF) module to automatically select valuable information
from different modalities for better feature fusion. Moreover,
MBFusion is simple, and can be plug-and-played into exist-
ing pipelines. We evaluate MBFusion on three architectures,
including HDMapNet, VectorMapNet, and MapTR, to show
its versatility and effectiveness. Compared with the state-of-
the-art methods, MBFusion achieves 3.6% and 4.1% absolute
improvements on mAP on the nuScenes and the Argoverse2
datasets, respectively, demonstrating the superiority of our
method.

I. INTRODUCTION

High-definition (HD) map provides abundant and precise
static environmental information of the driving scene, which
is vital and challenging for planning in autonomous driving
system. HD map construction methods [14], [20], [18], [25],
[29], [42], [26] consider this task as the problem of predicting
a collection of vectorized static map elements in bird’s-eye
view (BEV), such as pedestrian crossing, lane divider, road
boundaries, etc.

HD map construction methods are generally classified into
three groups based on input modality: Camera-based meth-
ods [27], [24], [28], [40], LiDAR-based approaches [14],
[20], [12] and Camera-LiDAR fusion methods [14], [18],
[22], [30]. Camera-based methods learn to project the per-
spective view (PV) features onto BEV space through the
geometric prior, which often have the spatial distortions
inevitably. LiDAR-based methods directly capture the spa-
tial information for the unified BEV feature representation,
which suffers from the data sparsity and the sensing noise.
Recently, Camera-LiDAR BEV feature fusion methods have
attracted increasing attention in HD map construction task,
which can make use of both the semantic-rich information
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Fig. 1: Illustration of different modalities BEV features.
Though in the same BEV space, LiDAR BEV features and
camera BEV features can still be semantically misaligned to
some extent due to the large modality gap. (Best viewed in
color. Blue color means small values and red means large.)

from camera and the explicit geometric information from
LiDAR. However, existing methods for multi-modal BEV
feature fusion ignore modal interaction and utilize very
simple fusion strategy, which suffers from the problems of
misalignment and information loss.

As illustrated in Fig. 1, though in the same BEV space,
LiDAR BEV features and camera BEV features can still
be semantically misaligned to some extent due to the large
modality gap. In addition, it is also very important to design
effective cross-modal fusion strategies to adaptively select
valuable information from different modalities for better
feature fusion. These are rather challenging and thus become
the motivation of our work, i.e. a novel multi-modal BEV
feature fusion method named MBFusion. Specifically, to
solve the semantic misalignment problem between Camera
and LiDAR features, we design Cross-modal Interaction
Transform (CIT) module to make these two feature space
interact knowledge with each other to enhance the feature
representation by the cross-attention mechanism. Then, we
propose a Dual Dynamic Fusion (DDF) module to auto-
matically select valuable information from two modalities
for better feature fusion. Extensive experiments on several
benchmarks demonstrate the superiority of our method. Our
main contributions are summarized as follows:

o To tackle the multi-modal BEV feature fusion problem
in HD map construction task, we develop a novel
method named MBFusion, which can take advantage of
the complementary information between BEV features
of different modalities.
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o Specifically, we first propose Cross-modal Interaction
Transform (CIT) module to enhance one modality from
another modality by the cross-attention mechanism.
Moreover, we propose a Dual Dynamic Fusion (DDF)
module to adaptively select valuable information from
two modalities for better feature fusion.

e Our method achieves 3.6% and 4.1% absolute im-
provements on mAP compared with the state-of-the-
art method on the nuScenes and the Argoverse2
datasets, respectively, demonstrating the superiority of
our method.

II. RELATED WORK

HD Map Construction. High-definition (HD) map con-
struction techniques have been extensively researched in
autonomous driving field. There are three main types of
HD map construction approaches: Camera-based methods,
LiDAR-based approaches and Camera-LiDAR fusion meth-
ods. Camera-based methods [27], [24], [28], [40] learn to
project the perspective view (PV) features onto BEV space
through the geometric prior, which often have the spatial
distortions inevitably. Besides, the camera-based methods
rely on high-resolution images and large pretrained models
for better accuracy [21], [15], [37], [41], which brings
serious challenges to the practical scenarios. LiDAR-based
methods [14], [20], [12] directly capture the accurate spatial
information for the unified BEV feature representation which
suffers from the data sparsity and the sensing noise. Recently,
Camera-LiDAR BEV feature fusion methods [14], [18], [22],
[30], [19], [7], [8], [9] make use of both the semantic-
rich information from camera and the explicit geometric
information from LiDAR. They achieve better results than
those approaches with single modality input. However, ex-
isting methods for multi-modal BEV feature fusion ignore
modal interaction, which suffers from the problem of mis-
alignment problem. In this paper, we focus on a simple
and effective Camera-LiDAR BEV feature fusion method
to simultaneously fuse complementary information between
different modalities.

Multi-sensor Fusion. Recently, multi-sensor fusion at-
tracts increased attention in autonomous driving field. Ex-
isting approaches can roughly be divided into three cat-
egories: point-level fusion, feature-level fusion, and BEV-
level fusion. Point-level fusion methods usually paint image
semantic features onto foreground LiDAR points and per-
form LiDAR-based detection on the decorated point cloud
inputs, such as PointAugmenting [33], PointPainting [32],
FusionPainting [35], AutoAlign [6], and MVP [38]. Feature-
level fusion methods firstly project the LiDAR points into a
feature space [39] or generate proposals [1], [4], query the
associated camera features and then concatenate back to the
feature space [5], [16]. However, these two fusion types have
downsides regarding generalization. While point-level fusion
is not generically extendable to other sensor modalities,
feature-level fusion is not easily generalizable to other tasks.
Recently, multi-modal feature fusion in the unified BEV

space has attracted some attention [22], [17]. BEV-level fu-
sion uses two independent streams that encode the raw inputs
from the camera and LiDAR sensors into features within the
same BEV space. This provides a simple effective method
to fuse these BEV-level features after these two streams, so
that the final feature can be used in various downstream
tasks. However, the BEV-fusion methods usually fuse them
together with element-wise operations (summation, mean) or
concatenation, resulting in sub-optimal fusion results. In this
paper, we design an effective cross-modal fusion strategy to
adaptively select valuable information from two modalities
for better feature fusion. Moreover, our method can be easily
plug-and-played into existing pipelines.

III. METHODOLOGY

In this section, we first introduce the preliminaries of this
paper in Section III-A. Then, we elaborate details of our
method, including the Cross-modal Interaction Transform
(CIT) module, the Dual Dynamic Fusion (DDF) module and
the overall training procedure in Sections III-B, III-C, III-D,
respectively.

A. Preliminaries

For notation clarity, we first introduce some symbols and
definitions used throughout this paper. Our goal is to design
a novel framework taking multi-modal sensor data x as
input and predicting vectorized map elements in BEV space,
and the set of map elements classes: road boundary, lane
divider, and pedestrian crossing. As illustrated in Fig. 2,
the set of inputs, x = {Camera, LiDAR}, contains multi-
view RGB camera images in perspective view, Camera €
RNCG'MXHCQMXWCGMXS’ Ncam’ Hcam’ Weem denote num-
ber of cameras, image height, and image width, respectively,
as well as a LiDAR point cloud, LiDAR € RP*® with
number of points P. Each point consists of its 3-dimensional
coordinates, reflectivity, and ring index. The overall frame-
work of our method is illustrated in Fig. 2.

Multi-Modal Feature Extractors. We first establish a
baseline method of fusion-based HD map construction based
on MapTR [18]. As shown in Fig. 2, initial features are
extracted from both sensor inputs. For camera images, we
firstly utilize Resnet50 [10] as backbone to extract the multi-
view features. Then we adopt GKT [3] as the 2D-to-BEV
transformation module to convert the multi-view features into
BEV space. The generated BEV features can be denoted
as Fervoa € RIXWXC where H,W,C' represents the
height, width and the number of channels of BEV features
respectively. For the LiIDAR points, we follow SECOND [36]
in using voxelization and a sparse LiDAR encoder. The
LiDAR features are projected to BEV space using a flattening

operation as in [22], to obtain the unified BEV representation

BEV HXW xC
Fripar € R .

B. Cross-modal Interaction Transform (CIT)

Existing methods directly convert all sensory features to
the shared BEV representation, and then fuse them together
with arithmetic or splicing operations to obtain multi-modal
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Fig. 2: An overview of MBFusion framework. First, we extract features from multi-modal inputs and convert them into a
shared bird’s-eye view (BEV) space efficiently using view transformations. To fuse the BEV features from different modalities,
we first propose Cross-modal Interaction Transform (CIT) module to enhance one modality from another modality by cross-
attention mechanism. Afterwards, we propose a Dual Dynamic Fusion (DDF) module to automatically select valuable
information from different modalities for better feature fusion. Finally, the fused multi-modal BEV features are fed into

detector and prediction heads for HD Map Construction.

BEV features. Though in the same BEV space, LIDAR BEV
features and camera BEV features can still be semantically
misaligned to some extent due to the large modality gap,
which leads to the misalignment problem. To address this is-
sue, we propose a new and powerful Cross-Modal Interaction
Transformer (CIT) module to enhance one modality from
another modality by the cross-attention mechanism. Next,
we describe in detail our proposed CIT module.

First, given the BEV features from both camera (Fewera €
RIXWXC) and LIDAR (Fripar € R7T*W*C ) sensors, the
BEV tokens Tervera € RIWXC and TPEY o € RIWXC are
obtained by flattening each BEV feature and permuting the
order of the matrices. Second, we concatenate the tokens
of each modality and add a learnable positional embedding,
which is a trainable parameter of dimension 2HW x C,
to get the input BEV tokens T e R2HWXC of the
Transformer [31]. The positional embedding enables the
model to differentiate spatial information between different
tokens at training time. Third, the input token T*" uses linear
projections for computing a set of queries, keys and values
(Q, K and V),

Q=T"WY K =T"WX V=T"W", (1)

where W@ € RExPe WK ¢ RO*Dx gpnd WY € RC*DPv
are weight matrices. Moreover, Dg, Dk and Dy are equal
in our Transformer, i.e., Dg = Dg = Dy = C. Fourth, the
self attention layer uses the scaled dot products between Q
and K to compute the attention weights and then multiply
by the values to infer the refined output Z,

QK"
vV Dy

where %kis a scaling factor for preventing the softmax
function from falling into a region with extremely small
gradients when the magnitude of dot products grow large.
To encapsulate multiple complex relationships from different
representation subspaces at different positions, the multi-

Z = Attention(Q,K, V) = softmax(

)V, @)

head attention mechanism is adopted,

7= MultiHead(Q, K, V) = Concat(Z, ... ,Zh)WO,
Z; = Attention(QW? KW VWY) i e {1,....h}.

7
3)
The subscript h denotes the number of heads, and
WP € RMCXC denotes the projected matrix of
Concat(Z,,...,Zy). Finally, the transformer uses a non-
linear transformation to calculate the output features, T°“

which are of the same shape as the input features T®",
T = MLP(Z) + T™. (4)

The output T°“* are converted into Fléf:lem and ﬁiﬁ)‘;R for
further feature fusion.

The key idea behind our module is leveraging the self
attention mechanism to incorporate the global information
for camera and LiDAR modalities given their complementary
nature. Specifically, we leverage the correlation matrix to
weight each position of the input multi-modal BEV features.
Therefore, the CIT module can automatically perform simul-
taneous intra-modality and inter-modality information fusion
and robustly capture the complementary information between
BEV features of different modalities.

C. Dual Dynamic Fusion (DDF)

Despite the effectiveness of the cross-modal interaction
transform module, we argue that how to design an effective
cross-modal fusion strategies to adaptively select valuable in-
formation from different modalities for better feature fusion
is still very important. Recently, multi-modal BEV feature
fusion methods [17], [22], have received much attention.
It is a common approach to utilize concatenation followed
by convolution to combine features from multi-modal BEV
feature inputs, ﬁgf,:em and FA‘ERLR, resulting in the aggre-
gated features F 5.4, as shown in Fig. 3 (a) Conv Fusion.
Another common method is to use CNN to convolve the BEV
features of different modalities separately, and then add the
convolutional features, as shown in Fig. 3 (b) Add Fusion.
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Fig. 3: Three existing fusion strategies and our proposed Dual Dynamic Fusion (DDF) strategy.

As Fig. 3 (c) illustrates, the input of the dynamic fusion
module is the Conv Fusion output features and then fuse
them with learnable static weights, inspired by Squeeze-and-
Excitation mechanism [13]. To effectively select valuable
information from different modalities, we propose a Dual
Dynamic Fusion (DDF) module for better feature fusion and
maximum performance gain. Next, we describe in detail our
proposed fusion designs.

Dual Dynamic Fusion. As shown in Fig. 3(d), our Dual
Dynamic Fusion (DDF) module takes two sets of features
from the camera BEV features and LiDAR BEV features as
input. In order to generate meaningful attention weights that
can effectively select informative features from both inputs,
we first sum the features from both branches before the
squeeze and excitation operations that generate the attention
weights. We can formulate this process as:

~ BEV

~ BEV
w = J(’Y(A'UQPOOZ(FCamera + FLiDAR)))v (5)

where o and ~ represent the sigmoid function and linear
layers respectively, and w denotes the attention weights. We
then multiply w and 1-w to both input features before the
summation so that the fusion process essentially acts as a
self-gating mechanism to adaptively select useful information
from different BEV features:

. BEV  BEV
Ffused = fadaptive (fconcat([wFCamerav (1 - w)FLiDARD)v
(6)
where [-;-] denotes the concatenation operation along the

channel dimension. f.,,.qt 1S @ static channel and spatial
fusion function implemented by a 3 X 3 convolution layer to
reduce the channel dimension of concatenated feature to C.
With input feature F € REXWXC ¢ e is formulated
as:

fadaptivate (F) - O'(Wfavg (F)) . Fa (7)

where W denotes linear transform matrix (e.g., 1 x 1 con-
volution), fu,, denotes the global average pooling and o
denotes sigmoid function. Therefore, the DDF module can
adaptively select valuable information from two modalities

for better feature fusion. The output fused feature F ¢y, 5cq will
be used for HD Map construction task, with the decoder and
prediction heads from MapTR [18].

D. Overall Training

We follow the MapTR [18] model training loss function,
which is composed of three parts, including the classification
loss L, the point2point loss £z, and the edge direction
loss £4;-. Combining these loss terms together, the overall
objective function can be formulated as:

L= )\ILcls + )\ZLp2p + )\SLdirv (8)

where A;, Ao and A3 are hyper parameters for balancing
these terms.

1V. EXPERIMENTS
A. Experimental Setup

Dataset. There are two widely adopted datasets for HD
Map Construction task, including nuScenes dataset [2] and
Argoverse2 dataset [34]. NuScenes dataset contains 1000
sequences of recordings collected by autonomous driving
cars. Each episode is annotated at 2Hz and contains 6
camera images and LiDAR sweeps. Our dataset setup and
pre-processing steps are identical to that of MapTR [18],
which includes three categories of map elements, pedestrian
crossing, divider, and road boundary. Moreover, we further
conduct experiments on Argoverse2 dataset. Like nuScenes,
it contains 1000 logs (700, 150, 150 for training, validation
and test set). Each episode provides 15s of 20Hz camera
images, 10Hz LiDAR sweeps and a vectorized map. We use
the same pre-processing settings as on nuScenes dataset.

Evaluation Metrics. We adopt average precision (AP)
to evaluate the map construction quality. Chamfer distance
Dchamfer is used to determine whether the prediction and
GT are matched or not. We calculate the AP, under several
Dchamper thresholds (7 € T,T = {0.5,1.0,1.5}, unit is
meter), and then average across all thresholds as the final
AP metric.
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TABLE I: Comparisons with state-of-the-art methods on nuScenes val set. We compare with existing methods from literature,
where the numbers are taken from MapTR [18]. We also provide information on the backbones, epochs and input modalities
in the table. Our proposed MBFusion outperforms all existing approaches in both single-class APs and the overall mAP by

a significant margin.

Method Modality Backbone Epochs APped APgivider APpoundary mAP
HDMapNet [14] Camera Efficient-BO 30 14.4 21.7 33.0 23.0
HDMapNet [14] LiDAR PointPillars 30 10.4 24.1 37.9 24.1
HDMapNet [14] Camera & LiDAR Efficient-BO & PointPillars 30 16.3 29.6 46.7 31.0
VectorMapNet [20] Camera ResNet-50 110 36.1 473 39.3 40.9
VectorMapNet [20] LiDAR PointPillars 110 25.7 37.6 38.6 34.0
VectorMapNet [20] Camera & LiDAR ResNet-50 & PointPillars 110 37.6 50.5 47.5 45.2
MapTR [18] Camera ResNet-50 24 46.3 51.5 53.1 50.3
MapTR [18] LiDAR SECOND 24 48.5 53.7 64.7 55.6
MapTR [18] Camera & LiDAR ResNet-50 & SECOND 24 559 62.3 69.3 62.5
MBFusion Camera & LiDAR ResNet-50 & SECOND 24 61.6 64.4 72.5 66.1 3 ¢
MBFusion Camera & LiDAR ResNet-50 & SECOND 110 67.9 72.2 78.2 72.8.110.3

TABLE II: Results on Argoverse2 dataset. T denotes our re-implementation following the setting in the paper.

Method Modality Backbone Epochs APpeq APgivider APpoundary mAP
HDMapNet [14] Camera Efficient-BO 30 13.1 5.70 37.6 18.8
VectorMapNet [20] Camera ResNet-50 110 38.3 36.1 39.2 379
MapTRT [18] Camera ResNet-50 6 58.7 59.3 60.3 59.4
MapTR' [18] Camera & LiDAR ResNet-50 & SECOND 6 65.1 61.6 75.1 67.3
MBFusion Camera & LiDAR ResNet-50 & SECOND 6 69.4 65.8 78.9 71441

TABLE III: Ablation study on the proposed MBFusion components. “DDF” and “CIT” respectively denote Dual Dynamic
Fusion module and Cross-modal Interaction Transform module. We show the effects of our proposed modules.

DDF CIT Modality Backbone Epochs APpeq APgivider APpoundary mAP
X X Camera & LiDAR ResNet-50 & SECOND 24 559 62.3 69.3 62.5
v X Camera & LiDAR ResNet-50 & SECOND 24 58.4 64.1 72.5 65.0
X v Camera & LiDAR ResNet-50 & SECOND 24 60.2 64.3 72.1 65.5
v v Camera & LiDAR ResNet-50 & SECOND 24 61.6 64.4 72.5 66.1

Models and Training. MBFusion is trained with 4
NVIDIA RTX A6000 GPUs. We adopt the AdamW opti-
mizer [23] for all our experiments and \; is set to 2, Ay is
set to 5, and A3 is set to He 3 during training. Moreover, we
adopt ResNet50 [11] and SECOND [36] as the backbone and
employ GKT [3] as the default 2D-to-BEV module. Note that
our method is orthogonal to the camera and LiDAR feature
extraction, allowing us to flexibly embrace state-of-the-art
camera and LiDAR encoders. We set the mini-batch size to
16, and utilize a step-decayed learning rate with initialization
value 6e 4.

B. Comparison with the State-of-the-Arts

With the same settings and data partition, we compare
the proposed MBFusion method with several state-of-the-
art methods, i.e., HDMapNet [14], VectorMapNet [20] and
MapTR [18]. Table I and Table II show the overall perfor-
mance of MBFusion and all the baselines on nuScenes and
Argoverse2 datasets, respectively. The experimental results
reveal a number of interesting points: (1) The performance of
multi-modal methods are obviously better than that of single-
modal methods, which proves the significance of utilizing
complementary cues from camera and LiDAR to improve
the HD map construction performance. (2) The proposed
MBFusion approach achieves 3.6% absolute improvement

compared with the prior state-of-the-art MapTR [18] method
in mAP on the nuScenes dataset. Similarly, MBFusion
achieves 4.1% absolute improvement compared with the
MapTR [18] method in mAP on the Argoverse2 dataset. In a
nutshell, MBFusion shows significant superiority over other
multi-modal methods, indicating the benefit of cross-modal
interaction transform (CIT) module and dual dynamic fusion
(DDF) module.

C. Ablation Studies

Analysis on different modules. To systematically evalu-
ate the effectiveness of each module of our proposed MBFu-
sion, we train the model by removing each component solely
and present the results in Tab. III. In the main ablation study,
we design the following ablation models: (1) MBFusion
(w/o CIT) : we remove the cross-modal interaction trans-
form module from MBFusion; (2) MBFusion (w/o DDF):
we remove the dual dynamic fusion from MBFusion; (3)
MBFusion (full): our full MBFusion model. The results of
MBFusion (w/o CIT) and MBFusion (w/o DDF) are inferior
to the full MBFusion method, verifying the effectiveness of
both components.

Analysis on different Fusion methods. In Sec. ITII-C, we
introduce three existing fusion strategies and our proposed
Dual Dynamic Fusion (DDF) strategy. Detailed comparisons
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TABLE IV: Comparison with different fusion strategies. Our proposed dual dynamic fusion strategy outperforms all existing

approaches by a significant margin.

Method Modality Backbone Epochs APpeq APgivider APpoundary mAP
Baseline(Conv Fusion) Camera & LiDAR ResNet-50 & SECOND 24 55.9 62.3 69.3 62.5
Add Fusion Camera & LiDAR ResNet-50 & SECOND 24 61.1 60.3 71.8 644419
Dynamic Fusion Camera & LiDAR ResNet-50 & SECOND 24 58.4 63.1 71.5 643118
Dual Dynamic Fusion Camera & LiDAR ResNet-50 & SECOND 24 58.4 64.1 72.5 65.0. > 5

TABLE V: Compatibility to other HD map construction methods. Adding MBFusion leads to consistent performance boost
on nuScenes val set in terms of mAP. { denotes our re-implementation following the setting in the original papers.

Method Venue Modality Backbone Epochs APpeq NP o APpoundary  MAP
HDMapNet' [14] ICRA 22 Camera & LiDAR Efficient-BO & PointPillars 30 13.3 26.9 443 28.2
HDMapNet + MBFusion - Camera & LiDAR Efficient-BO & PointPillars 30 21.1 34.2 52.1 358.76
VectorMapNetT [20] ICML 23 Camera & LiDAR ResNet-50 & PointPillars 110 35.8 4382 453 43.1
VectorMapNet + MBFusion - Camera & LiDAR ResNet-50 & PointPillars 110 41.1 53.7 50.9 48.6. 5 5
MapTR-tiny [18] ICLR 23 Camera & LiDAR ResNet-50 & SECOND 24 55.9 623 69.3 62.5
MapTR-tiny + MBFusion - Camera & LiDAR ResNet-50 & SECOND 24 61.6 64.4 72.5 66.1. 3 ¢
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Fig. 4: Qualitative results on nuScenes. We present a sample scene from nuScenes: a) six camera inputs, b) LiDAR scan,
c¢) ground-truth BEV vectorized HD map, d) baseline BEV vectorized HD map (MapTR [18]), e) BEV vectorized HD map
of only using CIT module, and f) BEV vectorized HD map of MBFusion (full).

among strategies can be found in Table IV. Our DDF
strategy achieves the overall best performance, demonstrating
its effectiveness. For instance, the proposed DDF method
achieves 2.5% absolute improvements compared with Conv
Fusion method, which indicates that the DDF module plays
an essential role in the multi-modal BEV feature fusion.

Compatibility with other HD Map Construction meth-
ods. We show MBFusion is compatibility with other HD Map
Construction methods, i.e., HDMapNet [14], VectorMap-
Net [20] and MapTR [18]. Besides adding MBFusion, we do
not modify their original training settings. For all experiment,
we report the result of nuScenes val set. As shown in Table V,
simply adding MBFusion on top of these strong baselines
consistently improve state-of-the-art performance. MBFusion
demonstrates significant accuracy boost (absolute): HDMap-
Net(+7.6%), VectorMapNet (+5.5%), and MapTR (+3.6%).
This shows the versatility of MBFusion as multi-modal BEV
feature fusion method.

D. Qualitative Results

In Fig. 4, we present qualitative results on a sample scene
from nuScenes, showing both LiDAR and camera inputs. We
compare the predicted vectorized HD map results of different

models, including the baseline (MapTR [18]), MBFusion
(only using the CIT module), and the full MBFusion. We ob-
serve that the baseline model prediction is highly erroneous.
By using the CIT module can already correct substantial
errors in the baseline prediction, and the full MBFusion
model further improves accuracy.

V. CONCLUSION

To tackle the multi-modal BEV feature fusion problem
in HD map construction task, we propose a novel method
named MBFusion, which can take advantage of the com-
plementary information between BEV features of different
modalities. Specifically, we first propose Cross-modal Inter-
action Transform (CIT) module to enhance one modality
from another modality by the cross-attention mechanism.
Moreover, we propose a Dual Dynamic Fusion (DDF)
module to adaptively select valuable information from two
modalities for better feature fusion. Extensive experiments
on several benchmarks demonstrate the superiority of our
method. We also verified the effectiveness of the MBFusion
components via an extensive ablation study. As part of future
work, we believe that MBFusion can further benefit other
multi-modal perception tasks.
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