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Figure 1: Left & Middle: Existing adaptation models assume either a fixed modality or a fixed domain between training and
testing phases. Right: A more realistic setting considers both cross-modality and cross-domain shifts. We propose DualCross
to reduce the domain and modality discrepancy, and achieve state-of-the-art performance.

Abstract

Closing the domain gap between training and deploy-
ment and incorporating multiple sensor modalities are two
challenging yet critical topics for self-driving. Existing
work only focuses on single one of the above topics, over-
looking the simultaneous domain and modality shift which
pervasively exists in real-world scenarios. A model trained
with multi-sensor data collected in Europe may need to
run in Asia with a subset of input sensors available. In
this work, we propose DualCross, a cross-modality cross-
domain adaptation framework to facilitate the learning
of a more robust monocular bird’s-eye-view (BEV) per-
ception model, which transfers the point cloud knowledge
from a LiDAR sensor in one domain during the train-
ing phase to the camera-only testing scenario in a dif-
ferent domain. This work results in the first open anal-
ysis of cross-domain cross-sensor perception and adap-
tation for monocular 3D tasks in the wild. We bench-
mark our approach on large-scale datasets under a wide
range of domain shifts and show state-of-the-art results
against various baselines. QOur project webpage is at
https://yunzeman.github.io/DualCross.

1. Introduction

In recent years, multi-modality 3D perception has shown
outstanding performance and robustness over its single-
modality counterpart, achieving leading results for various
3D perception tasks [14, 23, 27, 31, 36, 42] on large-scale
multi-sensor 3D datasets [3, 15, 34]. Despite the superior-
ity in information coverage, the introduction of more sensor
modalities also poses additional challenges to the percep-
tion system. On one hand, generalizing the model between
datasets becomes hard, because each sensor has its unique
properties, such as field-of-view (FoV) for cameras, density
for LiDAR, efc. On the other hand, the operation of the
model is conditioned on the presence and function of more
sensors, making it hard to work on autonomous agents with
less sensor types or under sensor failure scenarios.

More specifically, transferring knowledge among differ-
ent data domains is still an open problem for autonomous
agents in the wild. In the self-driving scenario, training the
perception models offline in a source domain with annota-
tion while deploying the model in a different target domain
without annotation is very common in practice. As a result,
a model has to consider the domain gap between source and
target environments or datasets, which usually involves dif-
ferent running locations, different sensor specifications, dif-
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ferent illumination and weather conditions, efc.

Meanwhile, in addition to domain shift, modality shift is
another factor which challenges the successful deployment
of models. The widely adopted assumption that all sensors
are available during training, validation, and deployment
time is not always true in reality. Due to the cost and ef-
ficiency trade-off, or sensor missing and failure, in many
scenarios we can have fewer sensors available in the target
domain during testing than what we have in the source do-
main during training. A typical scenario is having camera
and LiDAR sensors in the large-scale training phase while
only having cameras for testing, as shown in Figure 1. It
is not clear how to facilitate the camera-only 3D inference
with the help of a LIDAR sensor only in the source domain
during training.

The challenges above raise an important question: Can
we achieve robust 3D perception under both domain shift
and sensor modality shift? Existing methods either study
cross-domain scenarios assuming consistent modality [10,

, 17,20,22,29,32, 47, 49], or study cross-modality sce-
narios assuming the same domain during training and val-
idation [0, 8, 11, 13, 18, 19, 46]. However, simultaneous
domain and modality shift poses additional challenges of
large domain discrepancy and exacerbates the ill-pose na-
ture of 3D inference from monocular information due to the
misaligned sensory data. As we will discuss in Sec. 3.2, our
new problem setting requires a novel methodology in using
LiDAR without increasing the domain discrepancy.

To tackle the above challenges, we propose DualCross,
a cross-modality cross-domain adaptation framework for
bird’s-eye-view (BEV) perception. Our model addresses
the monocular 3D perception task between different do-
mains, and utilizes additional modalities in the source do-
main to facilitate the evaluation performance. Motivated by
the fact that image and BEV frames are bridged with 3D
representation, we first design an efficient backbone to per-
form 3D depth estimation followed by a BEV projection.
Then, to learn from point clouds without explicitly taking
them as model inputs, we propose an implicit learning strat-
egy, which distills 3D knowledge from a LiDAR-Teacher to
help the Camera-Student learn better 3D representation. Fi-
nally, in order to address the visual domain shift, we intro-
duce adversarial learning on the student to align the features
learned from source and target domains. Supervision from
the teacher and feature discriminators are designed at mul-
tiple layers to ensure an effective knowledge transfer.

By considering the domain gap and effectively leverag-
ing LiDAR point clouds in the source domain, our pro-
posed method is able to work reliably in more complicated,
uncommon, and even unseen environments. Our model
achieves state-of-the-art performance in four very different
domain shift settings. Extensive ablation studies are con-
ducted to investigate the contribution of our proposed com-

ponents, the robustness under different changes, and other
design choices.

The main contributions of this paper are as follows. (1)
We introduce mixed domain and modality mismatch, an
overlooked but realistic problem setting in 3D domain adap-
tation in the wild, leading to a robust camera-only 3D model
that works in complicated and dynamic scenarios with min-
imum sensors available. (2) We propose a novel LiDAR-
Teacher and Camera-Student knowledge distillation model,
which considerably outperforms state-of-the-art LIDAR su-
pervision methods. (3) Extensive experiments in challeng-
ing domain shift settings demonstrate the capability of our
methods in leveraging source domain point cloud informa-
tion for accurate monocular 3D perception.

2. Related Work

Multi- and Cross-modality 3D Perception. Consider-
able research has examined leveraging signals from mul-
tiple modalities, especially images and point clouds, for
3D perception tasks. Early work [2]] projects point
clouds to the BEV frame and fuses 2D RGB features to
generate proposals and regress bounding boxes. Later
work [48, 51] explores deep fusion between points and im-
ages. Under the umbrella of the cross-modality setting,
2DPASS [46] transfers features learned from images to the
LiDAR. BEVDepth [19] obtains reliable depth estimation
by exploiting camera parameters with image features during
training. More recently, a line of work explores knowledge
distillation from one sensor to another for 3D object detec-
tion [6, 8, 11, 13, 18, 19, 46]. On the contrary, our method
explores a more realistic yet challenging setting, where we
use LiDAR data in one domain (Boston/Sunny/Daylight)
during training to help the camera-only model during in-
ference in another domain (Singapore/Rainy/Night). As a
result, we analyze and improve the actual usefulness of ad-
ditional sensors under domain shift settings.

Cross-domain 3D Perception. While extensive research
has been conducted on domain adaptation for 2D tasks, the
field of domain adaptation for 3D perception in the real
world has received relatively less attention. Some prior
work adapts depth estimation from synthetic to real im-
age domains [17, 50]. Working on point clouds, Point-
DAN [32] designs a multi-scale adaptation model for 3D
classification. For 3D semantic segmentation, Squeeze-
Seg [43] projects point clouds to the 2D view, while other
work [10, 14, 29] leverages point clouds and images data to-
gether. Recent work [22, 47, 49] explores cross-domain 3D
object detection from point clouds. SRDAN [49] employs
adversarial learning to align the features between different
domains. Although prior work [14, 20] explores various
domain adaptation techniques for different sensor modali-
ties, these methods only adopt the same modalities to learn



the domain shift between source and target data. In con-
trast, our approach achieves robust 3D perception in a more
general scenario, where the model can perform accurate 3D
inference in the target domain by adapting information en-
coded in source-exclusive modalities.

3D Inference in Bird’s-Eye-View Frame. Inferring 3D
scenes from the BEV perspective has recently received a
large amount of interest due to its effectiveness. MonoLay-
out [24] estimates the layout of urban driving scenes from
images in the BEV frame and uses an adversarial loss to
enhance the learning of hidden objects. Another work [4]
proposes to employ graphical representation and temporal
aggregation for better inference in the driving scenarios us-
ing on-board cameras. Recently, using BEV representation
to merge images from multiple camera sensors has become
a popular approach [12, 26]. Following the monocular fea-
ture projection proposed by Orthographic Feature Trans-
form (OFT) [33], Lift-Splat-Shoot [30] disentangles feature
learning and depth inference by learning a depth distribu-
tion over pixels to convert camera image features into BEV.
Unlike the above work performing BEV analysis in settings
with more controlled premises, we are the first to explore
cross-domain and cross-sensor settings, leading to a more
robust and more realistic 3D inference methodology.

3. Approach

In this work, we consider the task of learning BEV rep-
resentation of scenes with domain shift and modality mis-
match. Specifically, the model will be given annotated Li-
DAR point clouds and camera images in the source domain,
but only unannotated camera images in the target domain.
And the model seeks to achieve highest performance on the
unsupervised target domain. This problem setting is com-
mon and worthwhile, especially considering the existence
of many existing public multi-modality datasets and the rise
of many camera-only vehicle scenarios.

Formally, for the source domain, we are given la-
beled data with N° multi-modality samples, D° =
{(Xz, P?,y?) Y|, where s represents the source domain.
Here X} = {«,}}_, consists of n camera images 3, €
R3*HXW The number of cameras n can take any integer
as small as one, depending on the dataset or cameras de-
ployed on the vehicle. In addition, each camera image has
an intrinsic matrix and an extrinsic matrix. P} is a point
cloud containing multiple unordered points p € R3 repre-
sented by 3D coordinate values. And label y; represents
rasterized representation of the scenes in the BEV coordi-
nate. For the target domain, we are given unlabeled data
with N* image samples, D' = {X}Y',, where ¢ repre-
sents the target domain, and we want to estimate {y! }Z]-V:tl,
the BEV representation of the scenes in the target domain.

An overview of our method DualCross is illustrated in

Figure 2. DualCross is designed to extract features from
monocular images and project the features into the BEV
frame (Section 3.1), using estimated or ground truth 3D
depth information. The model is composed of a LiDAR-
teacher and a Camera-student (Section 3.2), where the
teacher encodes how to learn better representation given
point clouds, and transfers that knowledge to the camera-
only student using multi-level teacher-student supervision.
Finally, to bridge the domain gap between source and target
domains, we leverage adversarial discriminators at differ-
ent feature layers to align the distributions across two do-
mains in the camera-student model (Section 3.3). Finally,
we describe the overall learning objective and loss designs
(Section 3.4).

3.1. Learning BEV from Images

In order to achieve 3D perception under the cross-
modality setting, our first challenge is to unify the image
coordinates, point cloud coordinates, and BEV coordinates
into a joint space. We follow LSS [30] to transform the
image features from perspective view into the BEV view.
Specifically, we tackle this problem by constructing a 3D
voxel representation of the scene for each input image. We
discretize the depth axis into N4 bins and lift each pixel
of the images into multiple voxels (frustums), where each
voxel is represented by the 3D coordinate of its center loca-
tion. For a given pixel px = (h,w) on one of the camera
image, it corresponds to a set of N, voxels at different depth
bins:

Vix = {vi = M dih, dyw, di])"|i € {1,2,--- ,Na}}, (1)

where M is camera matrix and d; is the depth of the i-th
depth bin. The feature vector of each voxel v; in Vj is
the base feature f,, of pixel px scaled by the depth value
;. More specifically, fy.ev,, = ;- fpx, where the pixel
feature f is extracted by an image encoder. And the depth
value «; is obtained either from LiDAR point clouds or by
estimation, in the teacher and student model, respectively.
The acquirement of «; is introduced in Sec. 3.2.

After getting the feature for each of the voxels, we
project the voxels onto the BEV and aggregate the features
to get the BEV feature map. The BEV frame is rasterized
into (X,Y) 2D grids, and for each grid, its feature is con-
structed from the features of all the 3D voxels projected into
it using mean pooling. This projection allows us to trans-
form an arbitrary number of camera images into a unified
BEV frame. Finally, we obtain an image-like BEV feature
embedding, which is used to estimate the final representa-
tion using a convolutional neural network (CNN) decoder.

This architecture design bridges the image and LiDAR
modalities through an intermediate 3D voxelized represen-
tation. Hence, we can take LiDAR point clouds as input into
the model to directly guide the BEV projection without hav-
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Figure 2: Overview of our DualCross framework. DualCross includes three components. (1) LiDAR-Teacher uses
voxelized LiDAR point clouds to transform the image features to the BEV frame. It provides essential knowledge on how
to guide image learning given LiDAR information. (2) Camera-Student is supervised by the teacher model as well as the
LiDAR ground truth. (3) Discriminators are used to align features from source and target domains.

ing to change the overall pipeline. This further enables the
distillation of knowledge from the point clouds to images
using a teacher-student model.

3.2. LiDAR-Teacher and Camera-Student

The co-existence of domain and modality gaps poses ad-
ditional challenges to the adaptation task. Although the Li-
DAR sensor in the source domain provides 3D knowledge
to the model, it also increases the discrepancy between the
two domains, which hurts the model adaptation (as we will
see in Sec. 4.2 and Table 4). Hence, the unique difficulty of
our work lies in exploiting the LiDAR point clouds during
training to guide the camera model for better 3D estimation.
Depth Supervision by Point Clouds. The main advan-
tage of point clouds over the image modality is the accurate
3D positional information coming from the depth measure-
ment. Due to the lack of LiDAR during evaluation, we can-
not use point clouds as direct input of the model. Hence,
one alternative approach to using point clouds is to super-
vise the depth estimation in the model. As in Eq. 1, for
each pixel, we calculate the features of its corresponding
voxels by multiplying the pixel feature with a depth value
«;. We use another head to predict a depth distribution
Qpx = {a1,09,...,an,} over Ny depth bins for each
pixel px.

The ground truth depth supervision for this estimation
task is generated by LiDAR point clouds as follows: When
projected to the image frame, the points corresponding to
one pixel can have three conditions. If the pixel has, (1)
no point inside: the ground truth depth distribution of it is
omitted; (2) only one point inside: the ground truth depth
distribution is a one-hot vector, with value one being in the

voxel that the point lies in; (3) multiple points inside: the
ground truth depth distribution «; of this point is calculated
by counting the number of points in each depth bin, and

dividing them by V|, the total number of points in cpy:
Number of points in depth bin v;
Total number of points in Vi *

Q; =

Using a distribution-based depth representation effec-
tively accounts for the ambiguity when objects of differ-
ent depth occur in one pixel. This happens at the bound-
ary of the objects, and becomes more severe during feature
encoding processing when images get down-sampled and
each pixel represents larger space. Moreover, a probabilis-
tic depth representation considers uncertainty during depth
estimation, and degenerates to pseudo-LiDAR methods [4 1]
if the one-hot constraint is added.

Learning from LiDAR-Teacher. Despite being intuitive
and straightforward, direct depth supervision is not optimal
for two reasons. First, LIDAR supervision is only on the
intermediate feature layer, providing no supervision on the
second half of the model. Also, while LiDAR provides ac-
curate depth measurement, “depth estimation” is still differ-
ent from our overall objective on BEV representation. Mo-
tivated by this, as shown in Figure 2, we propose to use
a pretrained LiDAR oracle model to supervise the image
model at the final BEV feature embedding, such that the
supervision of LiDAR is provided to the whole model and
aligns better with the final objective. We call the model us-
ing ground truth point cloud information “LiDAR-Teacher,”
and the model to be supervised “Camera-Student.” This
boils down to a knowledge distillation problem where the
3D inference knowledge of the LiDAR-teacher is distilled
to the camera-only student. Note that the classic problem



of “better teacher, worse student” [7, 25, 52] in knowledge
distillation due to capacity mismatch does not exist in this
model, because the LiDAR-Teacher and Camera-Student
models in DualCross are almost identical.

Overall, this teacher-student mechanism allows the cam-
era model to learn better 3D representation from the point
clouds, leading to better LiDAR supervision at different
stages, while still keeping the model image-centric for
image-only inference.

3.3. Cross-Domain Adaptation

Since the BEV annotations and the LiDAR ground truth
are only available in the source data, the model will be heav-
ily biased to the source distribution during teacher-student
supervision. Hence, we bridge the target and source do-
mains using adversarial training. Specifically, we place one
discriminator D, at the BEV decoder CNN blocks, and an-
other D- at the image encoder CNN blocks, to align the
features of two domains by optimizing over discriminator
losses. While the final-layer discriminator D, is constantly
useful to align features learned from the LiDAR-Teacher
and final ground truth, we find that the middle-layer dis-
criminator D5 is very effective under certain domain gaps
where images have great changes but LiDAR remains ro-
bust.

To achieve adversarial learning, given a feature encoder
E' and input sample X, a domain discriminator D is used
to discriminate whether the feature E(X) comes from the
source domain or the target domain. The target and source
domain samples are given the label d = 1 and d = 0, re-
spectively. And D(E(X)) outputs the probability of the
sample X belonging to the target domain. Hence, the dis-
criminator loss is formulated by a cross-entropy loss:

Lais = dlog D(E(X)) 4+ (1 —d)log(1 — D(E(X))). (2)

Moreover, in order to learn domain-invariant features, our
feature encoder E should try to extract features that fool the
discriminator D, while the discriminator D tries to distin-
guish the right domain label of the samples. This adversar-
ial strategy can be formulated as a “min-max’ optimization
problem: £p = ming maxp Lgijs. The “min-max” prob-
lem is achieved by a Gradient Reverse Layer (GRL) [9],
which produces reverse gradient from the discriminator D
to learn the domain-invariant encoder F. The loss form is
the same for both Dy and Ds.

3.4. Full Objective and Inference

The overall objective of our model is composed of the su-
pervision from the BEV ground truth, the LiDAR-Teacher,
and the domain alignment discriminators. Given the out-
put rasterized BEV representation map y € RX*Y*C the
ground truth (GT) loss term Lgr can be formulated as a
cross-entropy loss between the estimated source domain
BEV map y° and the GT label y*:

X Y
Cor@9) = =22,
The supervision from the L1DAR—Teacher is composed of
a direct depth estimation loss L4, and a teacher feature su-
pervision L. As described in Sec. 3.1, given the 3D depth
volume v € RH*W>Na_the direct depth supervision term
Lqp is formulated as a cross-entropy loss between the es-
timated 3D depth distribution volume &° in the source do-
main, and the GT depth volume o® calculated from LiDAR
point clouds as described in Sec. 3.2:

y(i,j,k) log Zg(si,j,k)- 3)

?MQ

H W Ng
['dp a’ a = Z Z Z a(z 7,k) lOgOL(l J.k)" (4)
i1=1 j=1 k=1
And for the LiDAR-Teacher feature supervision:

Lp(F*, F5t) = Lo(F* F5') is an Ly loss, where
F* and F*s' are the feature maps of teacher and student
models, respectively. Finally, the domain adaptation loss
contains Lp, and Lp, with the form described in Eq. 2.

The final objective is formulated as a multi-task optimiza-
tion problem:

Lpualcross = LF + ATLt + AapLap + Ap, LD, + Ap, LDs,
)

where At, Agp, Ap,,and Ap, are weights for the corre-
sponding loss terms. The DualCross model is trained end-
to-end using the loss term in Eq. 5. During inference, target
samples are fed into the Camera-Student model to output
the final BEV representation. More training details are pro-
vided in Sec. 4.

4. Experiments

Datasets and Domain Settings. We evaluate DualCross
with four unique domain shift settings constructed from two
large-scale datasets, nuScenes [3] and Lyft [15], following
existing LiDAR-based domain adaptation work, including
SRDAN [49], ST3D [47], UDA3D [22], and xMUDA [14].
Specifically, for the day-to-night, city-to-city, and dry-to-
rain settings, we use the sentence in the nuScenes dataset
and filter the keywords to split the dataset into correspond-
ing subsets to create the intra-class adaptation scenarios.
For the dataset-to-dataset setting, we use the official split of
the nuScenes dataset, and the split provided in ST3D [47]
for the Lyft dataset. All adaptation settings follow the as-
sumption that the source has access to cameras and LiDAR
sensors, while the target only has cameras. We use all six
cameras provided by the nuScenes dataset. We also analyze
surprising observations on cross-modality performance in
the ablation study.

Implementation Details. Following [30], we use Effi-
cientNet [35] pretrained on ImageNet as our image encoder
backbone. Two heads are applied to estimate pixel fea-



Table 1: DualCross leads to significant improvements under day-to-night and dry-to-rain domain shift settings. Numbers
reported in IoU. DA and CM denote whether a model considers domain adaptation and cross-modality in design, respectively.

Day — Night DA CM Vehicle Road Lane Dry — Rain DA CcM Vehicle Road Lane
MonoLayout [24] X X 5.9 37.7 5.9 MonoLayout [24] X X 20.6 68.7 13.1
OFT [33] X X 6.6 40.5 6.0 OFT [33] X X 24.1 79.8 16.2
LSS [30] X X 6.7 41.2 7.1 LSS [30] X X 27.8 71.0 16.8
Wide-range Aug. v X 10.3 46.0 10.4 Wide-range Aug. v X 28.2 71.2 17.2
Vanilla DA v X 11.2 48.8 11.1 Vanilla DA v X 29.1 70.8 18.3
Depth-Supv DA v v 15.7 50.5 14.2 Depth-Supv DA v v 29.6 71.8 19.1
Input-fusion Teacher v 4 14.9 48.8 13.1 Input-fusion Teacher v 4 29.5 71.0 18.8
DualCross (ours) v v 17.0 51.8 16.9 DualCross (ours) v v 29.6 71.9 19.5

Table 2: DualCross performs the best under city-fo-city shift. Table 3: DualCross performs the best under

dataset-to-dataset domain gaps in IoU.

Boston — Singapore DA cM Vehicle | Road | Lane
MonoLayout [24] X X 14.2 35.9 7.5 nuScenes — Lyft DA | CM || Vehicle
OFT [33] X X 16.8 37.9 9.6 MonoLayout [24] X X 1.8
LSS [30] X X 17.6 382 | 10.6 <L)§ST[[ ]] ;‘ § igg
zfxgriii?l_;alr)lgAe Aug. ; :(( };(9) ;K])Z 192'14 Wid.e-range Aug. v* X 21.9

: ’ : Vanilla DA v X 22.5
Depth-Supv DA v v 19.0 42.8 14.9 Depth-Supv DA v v 23.4
Input-fusion Teacher v v 18.6 42.7 14.1 Input-fusion Teacher v/ v/ 228
DualCross (ours) v v 20.5 43.1 15.6 DualCross (ours) v v 24.4

tures and pixel-wise depth distribution from the 8 x down-
sampled feature map. The 3D feature maps are projected to
the BEV frame using mean pooling. For the BEV decoder
we use ResNet-18 as the backbone, and upsample the fea-
tures learned from the first three meta-layers of ResNet to
the final BEV output. The D; and Dy domain discrimina-
tors are applied to the output feature layers of EfficientNet
and ResNet backbones, respectively. We use a light-weight
discriminator architecture, which is composed of a global
averaging pooling layer, followed by two fully-connected
layers, and outputs the domain label. For input, we resize
and crop input images to size 128 x 352. For output, we con-
sider a 100 meters x 100 meters range centered at the ego-
vehicle, with the grid size set to be 0.5 meters x 0.5 meters.
The depth bin is set to be 1.0 meter between 4.0 meters and
45.0 meters range. The whole model is trained end-to-end,
with A1 = 1.0, A\gp = 0.05, A\p, = 0.1, A\p, = 0.01. We
train DualCross using the Adam [16] optimizer with learn-
ing rate 0.001 and weight decay le-7 for 50K steps for the
teacher model, and 200K for the student model. We use
horizontal flipping, random cropping, rotation, and color
jittering augmentation during training. The whole model
is implemented using the PyTorch framework [28].

4.1. BEV Segmentation Results and Comparisons

Baselines. = We compare our method with state-of-the-
art BEV 3D layout perception work MonoLayout [24],
OFT [33], LSS [30], as well as other baseline methods
in domain adaptation and cross-modality learning. Wide-
range Aug. means using a wide range of random scaling

augmentation which potentially includes the target domain
scale. For Vanilla DA, we adapt camera-only DA-Faster [5]
to our BEV perception setting. Depth-Supv DA stands for
depth-supervised domain adaptation. We use source do-
main LiDAR as ground truth to supervise the depth esti-
mation during training, without LiDAR-Teacher supervi-
sion (only L4, without Lt). Input-fusion Teacher is an
alternative way of designing the LiDAR-Teacher, where
we directly fuse point (z,y, z) coordinates into their corre-
sponding image pixels as additional channels in the teacher
model, similar to Pointpainting [36]. We use DA and CM
to denote whether a model considers domain adaptation and
cross-modality in design, respectively. Results are reported
on vehicle, drivable roads, and lane marking classes using
intersection-over-union (IoU).

Day-to-Night Adaptation. As shown in Table 1 on the
left, we observe that our DualCross model achieves the best
performance on all classes. We notice that the improvement
under the Day — Night setting is exceptionally high. This
is because the initial domain gap between day and night sce-
narios is very large in the camera modality space. Moreover,
the LiDAR sensor is robust under illumination changes, due
to its active imaging mechanism as opposed to camera’s
passive one. Thus, incorporating LiDAR point cloud infor-
mation helps the model to learn a more robust, illumination-
invariant representation from the image inputs.

Dry-to-Rain Adaptation. As shown in Table 1 on the
right, under this setting we also observe that our DualCross
model achieves the best performance on all classes. We no-
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Figure 3: Qualitative Results in Day — Night setting (model is trained with daytime data, and validated with night data).

We notice that DualCross performs significantly better than other baselines for vehicles,

, and lane marking

classes. From left to right: (1) Vanilla adversarial learning; (2) LiDAR as depth supervision with adversarial learning; (3)
our DualCross model; (4) Ground Truth. Best viewed in color.

tice that the improvement under the Dry — Rain setting is
not as big as the previous setting. This is because the do-
main gap between dry and rain scenarios is not big in the
image modality. Hence, baseline methods OFT and LSS
are already able to obtain decent results even without do-
main adaptation. Furthermore, rainy weather is known to
cause great domain shift in the LiDAR modality [45]. As
a result, the knowledge learned from source-exclusive Li-
DAR suffers from an unknown domain shift which hinders
its usefulness. This can potentially cancel out the benefit of
3D information learned from point clouds and explains for
the smaller improvement.

Dataset-to-Dataset Adaptation. As shown in Table 3,
we also observe that our DualCross model achieves the best
performance in the nuScenes — Lyft setting. Following
[30], because Lyft does not provide road segment and lane
marking information in the HD map, we report results on
the vehicle class. Compared with baselines with and with-
out domain adaptation or cross-modality learning, our Dual-
Cross demonstrates superior performance in leveraging and
adapting LiDAR information.

City-to-City Adaptation. As shown in Table 2, we ob-
serve that our DualCross model achieves the best perfor-
mance on all classes for two inter-city transfer settings.
Without domain adaptation, baseline approaches MonoLay-
out, OFT, and LSS all suffer from performance degrada-

tion. Direct depth supervision and alternative input-fusion
teacher models do not bring as much improvement as Dual-
Cross. The results clearly demonstrate the effectiveness of
our method by distilling and aligning the LiDAR informa-
tion for cross-modality 3D BEV perception.

Qualitative Results. As shown in Figure 3, under the Day
— Night domain shift setting, our model achieves signifi-
cantly better monocular 3D perception than other baselines.
We observe that DualCross provides more clearly defined
road boundaries and lane markings. The depth and size of
the vehicles and the road on the right side are also predicted
more accurately. DualCross only misses some vehicles that
are hardly visible in camera due to occlusion and distance.
Overall, the qualitative results validate the effectiveness of
DualCross in closing the gap between data domains and
leveraging point clouds information for better 3D inference.

4.2. Analysis and Ablation Study

Direct LiDAR Supervision Leads to Worse Perfor-
mance. It is naturally believed that introducing multiple
sensors in the perception model is bound to increase the
model performance. Surprisingly, experiments shown in
Table 4 negate this naive intuition. When we introduce the
LiDAR sensor in the source domain as depth supervision,
the result decreases by 0.3. As we described in Sec. 3.2, the
domain distribution divergence increases after introducing



Table 4: Our proposed components all contribute to the fi-
nal performance. We report results on the vehicle class un-
der the day-to-night domain gap in IoU. WA, AD, LS, LT
stand for Wide Augmentation, Adversarial Discriminators,
LiDAR Supervision, and LiDAR-Teacher, respectively.

Baseline | WA | AD | LS | LT || Results diff

v 6.7 0
v v 6.4 -0.3
v v 10.3 +3.6
v v v 11.2 +4.5
v v v v 15.7 9.0
v v v | /| 17.0 +10.3

|

2 f L

~J= Oracle - Target with LIDAR

~#— DualCross (ours)
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----- No LiDAR Baseline

—

|
!
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Figure 4: Results of DualCross improve as the number
of LiDAR points increases.

the sensor-modality shift. As a result, we propose multiple
components in DualCross to account for the visual and sen-
sor domain shifts. Experiments show that while the wide
augmentation strategy and adversarial discriminator both
achieve better results than the baseline (11.2 vs. 6.7 in
IoU), our LiDAR-Teacher further boosts the result to 17.0
by leveraging effective LiDAR knowledge distillation.

LiDAR Density & Comparison with Oracle Model. As
shown in Figure 4, we validate that our model achieves
higher performance when denser LiDAR is available. This
can be accomplished by grouping continuous scans of Li-
DAR point clouds (from 1 to 5) into a single unit, to
have a denser 3D representation of the scene. We observe
that other cross-modality baselines including Input-Fusion
Teacher and Depth-Supv models cannot effectively leverage
the LiDAR knowledge, even with dense point clouds avail-
able. We also compare our model with the LiDAR oracle
model (target domain also has the LiDAR modality) and
find that the gap between the upper bound result and the
No-LiDAR baseline is significantly reduced. The remaining
performance gap is caused by the unknown LiDAR domain
gap which we hope to further reduce in future work.

Dealing with Mixed Domain Shift. = Another common
but under-explored question we observe in the 3D domain
adaption setting is the mixed domain shift problem, where
multiple types of gaps between source and target domains
occur concurrently. For example, in the nuScenes dataset,

Table 5: The proposed progressive learning strategy ef-
fectively addresses the challenge caused by the mixed do-
main gap scenario (Boston-to-Singapore mixed with day-
to-night) on nuScenes.

Mixed Domain Gap | Vehicle | Road | Lane
Direct Inference 17.6 38.2 10.6
Vanilla DA 13.0 314 9.1

Progressive DA 18.8 41.5 13.2
DualCross (ours) 20.5 43.1 15.6

Table 6: DualCross achieves great perception results with
efficient inference time compared with the baselines.

#Params (M) Frame-per-Second (FPS)
OFT [33] 22 25
LSS [30] 14 35
DualCross (Ours) 15 33

the Boston data are collected exclusively during daytime,
whereas the Singapore data encompass both day and night
captures. This leads to a mixture of city-wise and lighting-
wise domain shifts. As shown in Table 5, we find that di-
rectly leveraging domain adaptation in this scenario leads
to worse performance than direct inference, because mixed
domains in the target confuse the discriminator. Hence, we
propose a progressive learning mechanism, where we first
perform adaptation with city-wise data for 100K steps, and
then train the model on the full target domain dataset for
another 150K steps. This effectively alleviates the mixed
domain shift problem, and helps DualCross achieve leading
results than other baselines.

Computational Complexity.  Table 6 summarizes the
number of parameters and inference speed for prior base-
lines and our model. Our Lidar-Teacher distillation and
multi-level adversarial learning modules do not affect the
inference efficiency of DualCross compared with the base-
line. Our total number of parameters is 15M, and our infer-
ence time is 33 Frame-per-Second (FPS) on a V100 GPU,
which is on par with the baseline LSS [30]. The training
time for our model is around 20 hours on 4x V100 GPUs.

5. Conclusion

In this paper, we proposed DualCross to estimate 3D
scene representation in BEV under domain shift and modal-
ity change. To achieve this, we construct a LIDAR-Teacher
and distill knowledge from it into a Camera-Student by fea-
ture supervision. And we further propose to align feature
space between the domains using multi-stage adversarial
learning. Results on large-scale datasets with various chal-
lenging domain gaps demonstrated the effectiveness of our
approach, which marks a significant step towards robust 3D
scene perception in the wild.
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A. Dataset Details

In this section, we explain our dataset split in more de-
tails. For our experiments, we always split the target do-
main into two subsets for a fair comparison. One of them
can be accessed during training for adversarial learning and
domain alignment, and the other is held out exclusively for
validation.

City-to-City Adaptation. For the city-to-city adapta-
tion scenario, we sub-sample the trainval split of the large-
scale dataset nuScenes [3] captured in Boston and Singa-
pore cities. We treat one city as the source domain and the
other as the target domain. The Boston part of data has 467
scenes in total, which is separated into 350 scenes for train-
ing and 117 scenes for validation. And the Singapore part
of data has 383 scenes in total, which is separated into 287
scenes for training and 96 scenes for validation.

Day-to-Night Adaptation.  For the day-fo-night adap-
tation scenario, we also sub-sample the trainval split of
the large-scale dataset nuScenes [3]. Every scene in the
nuScenes dataset has a sentence of description, which can
be parsed and used to categorize it into certain class. In this
way, we create a day scene subset and a night scene subset
out of the whole dataset. We treat day as the source domain
and night as the target domain, because the night subset has
significantly fewer samples than the day subset. The day
split has 751 scenes which are all used for training. And the
night part has 99 scenes in total, which is separated into 74
scenes for training and 25 scenes for validation.

Dry-to-Rain Adaptation. For the dry-fo-rain adaptation
scenario, we also sub-sample the trainval split of the large-
scale dataset nuScenes [3]. Similarly, using the scene de-
scription sentence, we create a dry (non-rainy) scene subset
and a rainy scene subset out of the whole dataset. We treat
dry as the source domain and rain as the target domain, be-
cause the rain subset has significantly fewer samples than
the dry subset. The dry split has 685 scenes which are all
used for training. And the rain part of data has 165 scenes
in total, which is separated into 124 scenes for training and
41 scenes for validation.

Dataset-to-Dataset Adaptation. For the dataset-to-
dataset adaptation scenario, we use the two large-scale au-
tonomous driving datasets nuScenes [3] and Lyft [15]. We
treat one dataset as the source domain and the other as the
target domain. For the nuScenes dataset, we use the origi-
nal train and validation split, which has 700 scenes and 150
scenes, respectively. The Lyft dataset does not have an orig-
inal split, so we sub-sample 132 scenes for training and 48
scenes for validation.

B. Additional Results and Analysis
B.1. Unique Challenge Due to Problem Formulation

We provide another perspective to understand the chal-
lenges brought by the co-existence of cross-modality and
cross-domain gaps, thus further motivating the design of our
architecture. It is proved that in domain adaptation, the tar-
get domain error ¢! (h) for input h can be upper-bounded by
the inequality [1]:

é'(h) < € (h) + dyan (Px,Px) + C, (6)

where the bound is composed of the source-domain
error  €°(h), source-target distribution divergence
dynn (P, P%), and another term which is consid-
ered constant in our case. Existing domain adaptation
work mostly focuses on reducing the source-domain error.
However, while the introduction of the LiDAR sensor
reduces the first term, it increases the second term,
because the source and target domains have an additional
sensor-type gap. It is also demonstrated in Sec. 4 that
naively using source domain LiDAR can even hinder the
target performance rather than improve it. Hence, the
unique difficulty of our work lies in leveraging LiDAR to
reduce the source-domain error €*(h) and, in the mean-
while, preventing distribution divergence dyay (P%, PY)
from increasing too much.

B.2. Different Depth GT Signal Generation Meth-
ods

As shown in Table 7, we validate DualCross’s design
choice in depth ground truth signal generation (Eq. 1 in the
main paper) by comparing with different alternative meth-
ods. Note that all the methods have the same output when
there is no point or only one point projected to a pixel. The
difference only comes from the behaviour when multiple
points are projected to one pixel.

* Majority Voting means to generate a one-hot GT vector
by assigning “1” to the depth bin with the most num-
ber of points inside, and randomly select one bin when
more than one bin with the most number of points.

* Random Selection means to generate a one-hot GT
vector by randomly selecting one of all the projected
points, and assigning “1” to the depth bin in which the
selected point lies.

* Softmax Point Number Distribution means to count the
number of points inside every depth bin, and then use
softmax to turn this vector into a distribution.

Finally, in DualCross we use direct Point Number Distri-
bution, where we count the number of points inside ev-
ery depth bin, and divide the vector by the total number



Table 7: We validate the design choices of DualCross by comparing with various depth GT generation methods and different
choices of teacher supervision signals. Results show that depth supervision generated by Point Number Distribution (Eq. 1
in the main paper), and feature-level supervision from LiDAR-Teacher helps the model achieve the best performance.

Design choices in Day — Night Setting

| Vehicle | Road | Lane

No LiDAR

Depth Ground Truth Signal | Majority Voting

Random Selection

11.2 48.8 11.1
14.1 50.0 13.7
13.8 49.5 12.6

F Point Cloud

(From Point Clouds) Softmax Point Number Distribution 13.1 | 499 | 119
Point Number Distribution (Ours) 17.0 51.8 16.9
No LiDAR-Teacher 15.7 50.5 14.2

LiDAR-Teacher Supervision Soft-label Supervision 15.2 50.7 13.9
Feature Supervision (Ours) 17.0 51.8 16.9

of points to get a depth distribution. Results show that our
direct point number distribution outperforms other counter-
parts in ground truth generation. One possible reason is be-
cause DualCross down-samples the feature map 8x when
estimating the 3D depth volume. This makes it much more
common for multiple points with different depth values to
fall in the same pixel. By contrast, the other two methods,
Majority Voting and Random Selection, will lose valuable
information in these cases. On the other hand, softmax acti-
vation over-smooths the distribution, and also assigns small
values to zero bins (depth bins with no point inside). Hence,
we find that preserving the native depth distribution of the
points is better to supervise DualCross in 3D evaluation.

B.3. Different LiDAR-Teacher Supervision Design

As shown in Table 7, we also validate DualCross’s de-
sign choice of LiDAR-Teacher Supervision by compar-
ing with different alternative methods. In addition to the
feature-level supervision used in DualCross, another com-
monly used teacher supervision is the soft label output.
Specifically, Soft-label Supervision means to use the class
distribution output of the teacher model as the supervision
of the student model, as opposed to the one-hot vector from
the ground truth annotation. We find that the feature-level
supervision performs better than the soft-label supervision.
One reason is because we use a small number of classes,
which makes the supervision from the soft labels less infor-
mative. Moreover, because the teacher and student models
in DualCross have almost identical architecture and capac-
ity, enforcing the corresponding feature level similarity be-
tween the teacher and student models provides a stronger
supervision than the soft-label output, without harming the
model learning. As future work, we will explore whether
soft labels may be more useful when the number of classes
in the model is larger.

B.4. Lyft-to-nuScenes Adaptation

Due to page limit, Table 3 in the main paper only shows
the results under the nuScenes — Lyft setting. Here we also

Table 8: DualCross achieves the best performance on all
classes under Lyft-to-nuScenes domain gaps in IoU. DA
and CM mean domain adaptation and cross modality, re-
spectively.

Lyft — nuScenes DA CM Vehicle
MonoLayout [24] X X 7.1
OFT [33] X X 11.9
LSS [30] X X 13.8
Wide-range Aug. v X 14.6
Vanilla DA v X 15.1
Depth-Supv DA v v 16.5
Input-fusion Teacher v v 15.1
DualCross (ours) v v 19.2

present the results under the Lyft — nuScenes adaptation
setting for completeness. As shown in Table 8, we can also
observe that our DualCross model achieves the best perfor-
mance. Like previous scenarios, the baseline approaches,
MonoLayout, OFT, and LSS without domain adaptation
suffer from performance degradation due to domain shift.
And compared with other baselines with domain adaptation
or cross-modality learning, our DualCross performs better
in leveraging and adapting LiDAR information.

B.5. Effect of Designs on Different Domain Gaps

We find in our experiments that different types of do-
main gaps react unevenly to different model designs. As
shown in Table 9, for the Day — Night setting which has
less domain shift in the LiDAR point cloud modality than
the camera modality, the depth supervision and the middle
layer feature alignment block provide a large improvement
on top of other modules. By contrast, under the Dry — Rain
setting, where domain gap is larger for point clouds than im-
ages, no significant improvement is achieved by using these
two components. This further validates the necessity of us-
ing multiple modalities under domain adaptation settings,
which can effectively improve the algorithm robustness un-
der different domain shifts.



Table 9: Different types of domain gaps react unevenly to different model designs. Direct depth supervision and the middle
layer feature alignment block provide a larger improvement under the Day — Night setting than the Dry — Rain setting.

DualCross Designs Day — Night Dry — Rain
Image-only Baseline 11.2 28.3

LiDAR Teacher Feature Supervision 14.9 (+3.7) 29.5 (+1.2)
LiDAR Teacher Feature + Depth Supervision 17.0 (+5.8) 29.6 (+1.3)
Without Domain Alignment 7.1 28.1

Feature Alignment at Final layer 12.2 (+5.1) 29.6 (+1.5)
Feature Alignment at Mid + Final layer 17.0 (+9.9) 293 (+1.2)

Table 10: DualCross achieves the best performance un-
der simultaneous modality and domain shift for 3D ob-
ject detection. Domain shift is Singapore — Boston.

Modality-shift + Domain Shift | mAP{ | NDS 1
LSS [30] 16.0 20.3
MonoDistill [§] 16.5 21.9
Depth-Supv DA 19.1 23.5
DualCross 22.5 26.1

B.6. 3D Detection Results and Comparisons

Baselines. In addition to the BEV segmentation task, we
compare DualCross with state-of-the-art cross-modality 3D
object detection models, MonoDistill [8] and Set2Set [40].
The original MonoDistill was designed for the single-
camera setting on the KITTI dataset, so we extend it into
a multi-camera setting for a fair comparison. We evaluate
with mean Average Precision (mAP) and Nuscenes Detec-
tion Score (NDS) metrics [3].

Modality-Shift + Domain-Shift. As shown in Table 10,
under concurrent modality and domain gaps, DualCross
outperforms all previous baselines by a large margin, show-
ing that it is a more robust and trustworthy model in real-
world scenarios.

Modality-Shift Only. As shown in Table 11 on the right,
our DualCross model achieves the best performance. By us-
ing ResNet-50, the same image feature extractor backbone
as MonoDistill, we can achieve more than 1% improvement
in mAP and NDS metrics. Moreover, our model still runs
42ms per frame during inference, faster than MonoDistill
which runs 80ms per frame.

B.7. Solving Scale Problem

Scale ambiguity is an inherent problem for monocu-
lar depth estimation. We solve this problem by using the
random cropping and scaling augmentation strategy during
training, and also by matching the FoV (Field-of-View) of
two domains using their intrinsic matrices. The augmenta-
tion increases the robustness of the depth prediction model

Table 11: DualCross achieves great performance
under only the modality shift for 3D object de-
tection. EfficientNet and ResNet50 are backbones
for image feature extraction.

Modality-shift Only mAP 1 | NDS 1
Set2Set [40] 33.1 41.0
MonoDistill [8] 34.3 41.2
DualCross-EfficientNet 34.5 41.5
DualCross-ResNet50 35.2 42.4

Table 12: DualCross achieves great performance with scal-
ing augmentation and FoV matching for nuScenes-to-Lyft
domain gaps in vehicle IoU.

nuScenes — Lyft Scaling Aug. | Match FoV Vehicle IoU
None 23.5
with scaling aug. v 23.8
with both v v 24.4

in scale difference. And the FoV matching scales the im-
ages in the target domain to match the FoV of the source do-
main. This ensures that one object looks approximately the
same size across images, if it is of the same distance to the
ego vehicle in source and target domains, thus reducing the
scale ambiguity. In Table 12, we provide an ablation study
of scale augmentation and FoV matching in nuScenes-to-
Lyft adaptation. As we can see, they both improve our final
model performance.

From Table 12, we also notice that even without the two
methods mentioned above, the model still performs fairly
well, compared with the baseline methods in Table 3. This
is because in driving scenarios, the camera FoV, the con-
text in the images, and the depth distribution of the images
have a relatively strong prior — they do not have a strong dis-
crepancy even across different driving scenarios (domains).
This is different from more general depth estimation scenar-
i0s, where objects can have drastically different depth dis-
tribution and the intrinsic matrix can have big differences
from image to image.



Table 13: Our proposed modules achieve great performance in both depth estimation and semantic segmentation tasks.

Day — Night Depth Estimation (CEE) Semantic Segmentation (IoU)
Direct Inference 2.56 27.5
Adversarial Learning (AL) 1.97 31.8
Lidar-Teacher Supervision + AL 1.41 32.1

Table 14: Naive LiDAR supervision cannot help the final perception under cross-domain and cross-modality scenarios.

Method Boston — Singapore | Dry — Rain || nuScenes— Lyft
LSS [30] Baseline 17.5 27.9 20.6
Baseline + naive LiDAR supervision 17.5 (-0.0) 28.2 (+0.3) 20.3 (-0.2)
DualCross (Full Model) 20.5 (+3.0) 29.6 (+1.7) 24.4 (+3.9)

B.8. Ablation in Semantic Segmentation and Depth
Prediction

From the task perspective, there are two domain gaps
in this task, one in the semantic segmentation task and the
other in the depth prediction task. In Table 13, we show the
result of depth estimation and semantic segmentation alone
in the Day-to-Night scenario.

For depth estimation, we report the cross-entropy error
(CEE) with the ground truth we described in Sec 3.2, be-
cause each pixel will have multiple depth values. For this
task, the LiDAR teacher supervision refers to Lg, in our
main pipeline. We observe that our method significantly
improves the depth estimation metrics by 44.9%.

For semantic segmentation, we report the IoU for the ve-
hicle class. To remove the effect of depth estimation, we use
a pre-trained depth estimation model and fix its weight. For
this task, the LIDAR teacher supervision refers to L in our
main pipeline. We observe that the DualCross architecture
also improves the baseline method by 16.7%.

B.9. Results of Naive LiDAR Supervision Under
Other Adaptation Settings

In Table 14, we present the ablation study of direct Li-
DAR supervision under different adaptation scenarios. We
observe that in all scenarios, naive LiDAR supervision can-
not lead to better performance against the baseline.

When the source and target domains have larger vi-
sual gaps (Day—Night, nuScenes—Lyft), the naive super-
vision leads to worse results, and when the gap is smaller
(Boston— Singapore, Dry—Rain), the LIDAR supervision
results in on-par or only slightly better performance. The
reason is that although the LiDAR sensor in the source do-
main provides 3D knowledge to the model, it also increases
the domain discrepancy between the source and the target
(the model has to adapt to the additional modality shift),
which hurts the model performance instead.

C. Visualization on Failure Cases

As shown in Figure 5, we visualize the failure cases of
our DualCross model. We notice that most failure cases
come from far distance, or heavy occlusion (which are typ-
ical failure cases for baselines as well). Faraway objects
are known to be typically hard cases for monocular 3D per-
ception [44, 39, 2, 38, 37], because the ambiguity of object
depth from images becomes larger as the distance increases.
This can be potentially alleviated by using a smaller down-
sampling rate when extracting the image features. As for
objects inside the red dashed boxes in Figure 5, they can
be seen in the LiDAR sensor due to the higher deployment
position. But in cameras, the objects are almost invisible
due to the occlusion of vegetation, structures, or other ve-
hicles. The occlusion problem can be potentially addressed
if we have access to additional sensors during evaluation.
As future work, we will also try to alleviate the occlusion
problem in monocular settings by leveraging temporal in-
formation.



are

mmm Output Vehicle Segmentation
Output Road Segmentation
mmm Output Lane Marking Segmentation

Ego Vehicle \

! mmm Output Vehidle Segmentaﬁ? [
1 Output RoadiSegmentation
1

1

1

1

1

|
mmm Output Lane Marking Segmentatjon
Ego Vehicle \‘

N
N
N
\\\\ r--.
1
N

mmm Output Vehicle Segmentation
Output Road Segmentation

mmm Output Lane Marking Segmentation
Ego Vehicle

mmm Output Vehicle Segmentation
Output Road Segmentation

1
1
mmm Output Lane Marking Segmentation
Ego Vehicle

Figure 5: Visualization of failure cases of DualCross (model is trained with daytime data, and validated with night data).
Up: Input images. Left: Prediction from DualCross. Right: Ground truth. We notice that major failure cases of DualCross
and occlusions of objects and regions.
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