


BEV segmentation. The concurrent work of [33] provides
the first baseline using a simple concatenation of LiDAR
BEV features and camera features projected from perspec-
tive view (PV) to BEV via estimated depth and voxel pool-
ing. However, the PV-to-BEV projection can be inaccurate
due to errors in depth estimation. As a result, in the con-
catenation stage, the network may aggregate poorly aligned
features across the camera and the LiDAR branches, result-
ing in suboptimal fusion results.

In this paper, we propose a novel cross-modal, cross-
view alignment strategy, X-Align, which enforces feature
alignment across features extracted from the camera and Li-
DAR inputs as well as segmentation consistency across PV
and BEV to improve the overall BEV segmentation accu-
racy (cf. Fig. 1). First, we propose a Cross-Modal Feature
Alignment (X-FA) loss function that promotes the corre-
lation between projected camera features and LiDAR fea-
tures, as measured by cosine similarity. In addition, we in-
corporate attention to the Cross-Modal Feature Fusion (X-
FF) of these two sets of modality-specific features instead
of using simple concatenation as in [33]. This gives the
network a more substantial capability to properly align and
aggregate features from the two sensing modalities.

We further impose Cross-View Segmentation Alignment
(X-SA) losses during training. We introduce a trainable
segmentation decoder based on the intermediate PV cam-
era features to generate PV segmentation. Next, we uti-
lize the same PV-to-BEV transformation [39] that converts
PV camera features to BEV to convert the PV segmentation
map into a BEV segmentation map, which is then super-
vised by the ground truth. We also supervise the intermedi-
ate PV segmentation map using pseudo-labels generated by
a high-quality, off-the-shelf semantic segmentation model.
In this way, the camera branch learns to derive intermediate
features containing useful PV semantic features, providing
richer information for BEV segmentation after being pro-
jected to BEV space. Moreover, this provides additional
supervision on the PV-to-BEV module, allowing it to learn
a more accurate transformation.

Our main contributions are summarized as follows:

* We propose a novel framework, X-Align, that enables
better feature alignment and fusion across camera and
LiDAR modalities and enforces segmentation align-
ment across perspective view and bird’s eye view.

« Specifically, we propose a Cross-Modal Feature Align-
ment (X-FA) loss to enhance the correlation between
the camera and LiDAR features. We also devise an
attention-based Cross-Modal Feature Fusion (X-FF).

* We further propose to enforce Cross-View Segmen-
tation Alignment (X-SA) across the perspective view
and bird’s eye view, which encourages the model to
learn richer semantic features and a more accurate PV-

to-BEV projection.

¢ We conduct extensive experiments on the nuScenes
and KITTI-360 datasets with comprehensive ablation
studies that demonstrate the efficacy of X-Align. In
particular, on nuScenes, we surpass the state-of-the-art
in BEV segmentation by 3 absolute mloU points.

2. Related Work

BEV Segmentation: The task of BEV segmentation has
mostly been explored using (multiple) camera images as
input. Building on top of Perspective View (PV) segmen-
tation [2-4, 18, 61, 62], early works used the homography
transformation to convert camera images to BEV, subse-
quently estimating the segmentation map [13, 34, 50, 65].
As the homography transformation introduces strong arti-
facts, subsequent works moved towards depth estimation
and voxelization [39,42] for the PV-to-BEV transformation
as end-to-end learning [35, 41]. This basic setup has been
further explored in various directions: VPN [38] explores
domain adaptation, BEVerse [63] and M?BEV [55] explore
multi-task learning with 3D object detection, COBEVT [56]
explores fusion of features from vehicles, Gosala et al. ex-
plore panoptic BEV segmentation [15], while several works
explore incorporation of temporal context [17,44]. Further-
more, CVT [64] uses a learned map embedding and an at-
tention mechanism between map queries and camera fea-
tures. In contrast to these existing BEV segmentation ap-
proaches that only use camera images, we explore the multi-
modal fusion of LiDAR point clouds and camera images.

Multi-modal fusion for BEV segmentation has been en-
abled by recently introduced large-scale datasets providing
time-synchronized data from multiple sensors [5, 14, 46].
However, most works on these datasets focus on the 3D
object detection task [1, 10, 24, 33, 45, 59], while we focus
on BEV segmentation. The closest prior art to our work
is BEVFusion [33]. While their method also predicts BEV
segmentation based on LiDAR point clouds and camera im-
ages, they use a simple feature concatenation to fuse multi-
modal features such that the network implicitly has to con-
nect information from misaligned features. In contrast, we
explicitly enforce alignment between multi-modal features.
Also, we enforce alignment between PV and BEV segmen-
tation to improve the PV-to-BEV transformation.

Camera-LiDAR Sensor Fusion: The vast majority of
fusion methods have been proposed for the 3D object de-
tection task. Initially, two-stage approaches have been
proposed, lifting image bounding box proposals into 3D
frustum view [37, 40, 53] for fusion with LiDAR. How-
ever, research focus has shifted towards end-to-end train-
ing, where approaches can roughly be divided into three
categories: point-/input-level decoration, feature-level fu-
sion, and proposal-level fusion. Point-level fusion includes
methods such as PointAugmenting [51], PointPainting [49],
























