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Abstract

This paper presents UM3D, an end-to-end unsupervised domain adaptation framework
for monocular 3D object detection. Monocular 3D object detection is appealing due to its
low cost, yet it suffers from limited depth cues and poor cross-domain generalization when
labeled data are scarce. Existing Pseudo-LiDAR methods require supervised training and
propagate depth estimation errors to downstream detection, while current unsupervised
domain adaptation (UDA) approaches exploit only a single modality and lack effective
pseudo-label quality control. UM3D addresses these limitations through two key designs:
(1) a quality-aware pseudo-label generation strategy with object-level random scaling
and a memory bank refinement mechanism; and (2) an end-to-end differentiable pipeline
that integrates multimodal fusion of image and Pseudo-LiDAR features with a multi-
network consistency loss, which jointly optimizes depth estimation and 3D detection via
backpropagation. Notably, the entire pipeline requires only a single monocular camera at
inference; the Pseudo-LiDAR representation is generated internally from the same image,
and thus the multimodal fusion integrates image and Pseudo-LiDAR features without
requiring additional sensors. Extensive experiments across KITTI, nuScenes, Waymo, and
Lyft demonstrate that UM3D generally outperforms existing UDA methods. In particular, a
19.30% relative APgpy improvement is achieved under easy conditions through end-to-end
joint training compared to independent depth estimation, and up to 76.81% of the domain
gap is closed on the WOD — KITTI benchmark.

Keywords: monocular 3D object detection; unsupervised domain adaptation; Pseudo-
LiDAR; multimodal fusion

1. Introduction

In autonomous driving systems, accurate 3D object detection is essential for vehicle
safety, intelligent decision-making, and path planning [1,2]. Although LiDAR [3] provides
precise depth information, its high cost and sparse point clouds limit its application in
large-scale scenarios. Similarly, stereo or multi-view vision systems [4—6] recover depth
using multi-view geometric relationships but involve higher system complexity and com-
putational costs. In contrast, monocular 3D object detection relies solely on a single camera,
offering significant advantages in terms of cost-effectiveness and ease of deployment [7],
making it a promising research direction. However, recovering dense and accurate 3D

Vehicles 2026, 8, 98

https:/ /doi.org/10.3390/vehicles8050098


https://crossmark.crossref.org/dialog?doi=10.3390/vehicles8050098&domain=pdf&date_stamp=2026-05-01
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/vehicles
https://www.mdpi.com
https://orcid.org/0000-0002-3272-3735
https://doi.org/10.3390/vehicles8050098

Vehicles 2026, 8, 98

20f21

information from a single 2D image is an inherently ill-posed problem due to the loss of
depth information. Achieving robust and reliable 3D perception in the absence of direct
depth measurements remains the central challenge in this field.

Recent rapid advances in deep learning have created new opportunities for monocular
3D object detection. The emergence of Convolutional Neural Networks (CNNs) made direct
feature learning from images possible, significantly advancing the field. Some methods
attempt to leverage mature 2D object detectors to obtain 2D bounding boxes in images,
then estimate 3D object properties based on this 2D information [7-9]. However, this
two-stage approach heavily depends on the accuracy of 2D detection and struggles to
achieve end-to-end optimization. More recent approaches enhance monocular 3D detection
by integrating learned depth representations into the detection pipeline [10-12]. To address
the geometric information deficiency inherent in monocular images, and to leverage the
mature algorithms developed for LIDAR-based 3D object detection, the Pseudo-LiDAR
approach [13-16] has emerged as a powerful paradigm. These methods convert depth
maps from monocular depth estimation networks into Pseudo-LiDAR point clouds, then
directly employ existing point cloud detectors. This approach provides a new paradigm
for monocular 3D object detection, enabling the use of existing point cloud processing
algorithms. Building upon this foundation, Qian et al. [17] proposed an end-to-end Pseudo-
LiDAR framework (E2E-PL) that integrates depth estimation and point cloud detection into
a backpropagation-compatible unified system. Furthermore, Zhou et al. [18] introduced
RSANet, a self-supervised monocular absolute depth estimation network that eliminates
the need for ground truth depth supervision. However, this depth-to-Pseudo-LiDAR
conversion introduces challenges: errors in the estimated depth inevitably propagate to
the pseudo-point clouds, and the reliance on large-scale annotated data limits real-world
applicability. Effectively addressing these challenges, particularly reducing dependence on
annotated data, has become a research focus in this field.

To overcome data annotation bottlenecks and enhance model generalization in real-
world scenarios, Unsupervised Domain Adaptation (UDA) [19,20] has attracted growing
interest in 3D object detection. Some UDA methods focus on reducing feature distribution
differences between source and target domains through adversarial alignment [21-23].
Others adopt self-training strategies, generating pseudo-labels in the target domain for
model fine-tuning [24-27]. However, many existing methods either focus solely on a single
modality, such as Pseudo-LiDAR point clouds or images, or lack effective quality control
for pseudo-labels, resulting in insufficient information utilization or noise introduction
that affects final detection performance. In particular, adapting monocular 3D detectors
across driving environments without target-domain 3D annotations or LiDAR hardware,
while retaining the 3D geometric advantages of Pseudo-LiDAR representations, remains an
open problem.

Our main contributions are as follows:

¢ We propose a quality-aware pseudo-label generation strategy that combines an object-
level random scaling strategy to mitigate cross-domain object-size bias with a three-
interval memory bank using IoU-based scoring to iteratively refine pseudo-labels in
the target domain.

*  We construct UM3D, an end-to-end unsupervised domain adaptation framework that
unifies self-supervised depth estimation, Pseudo-LiDAR generation with density-
based interval sampling, quality-aware pseudo-label generation, and multimodal
fusion-based 3D detection into a single differentiable pipeline, jointly optimized
through a multi-network consistency loss. The entire pipeline requires only a single
monocular camera at inference, as the Pseudo-LiDAR representation is derived from
the same input image rather than from an additional sensor.
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2. Related Works
2.1. Supervised Learning-Based Monocular 3D Object Detection

Due to the lack of direct depth information, early deep learning-based monocular
3D object detection methods primarily relied on supervised learning. Some approaches
utilized results from 2D object detectors to assist with 3D object detection [7-9]. While
these methods benefited from mature 2D object detection technology, their performance
was severely limited by 2D detection accuracy and they struggled with end-to-end joint
optimization. Unlike 2D detection-based methods, Pseudo-LiDAR approaches [13] convert
depth maps from monocular depth estimation networks into Pseudo-LiDAR point clouds,
then employ LiDAR-based 3D object detectors. Subsequent research [12,28,29] continued
to advance monocular 3D detection through diverse depth-aware feature representation
strategies. Qian et al. [17] proposed an end-to-end Pseudo-LiDAR framework that in-
tegrates depth estimation and point cloud detection into a backpropagation-compatible
pipeline, reducing discrepancies between depth estimation and point cloud detection.
Li et al. [30] introduced LoGoNet, achieving accurate 3D object detection through local-to-
global cross-modal fusion of LiDAR and camera features. Additionally, some researchers
attempted to avoid intermediate steps by extracting 3D features directly from images for
3D object detection [31,32]. These approaches eliminate intermediate step errors but impose
higher requirements on network structure design. Although supervised learning-based
methods have achieved significant performance improvements, their effectiveness remains
constrained by Pseudo-LiDAR point cloud quality, and most methods still depend on
large-scale annotated datasets.

2.2. Unsupervised Learning-Based Monocular 3D Object Detection

To reduce dependence on annotated data, unsupervised learning-based monocular
3D object detection methods, especially unsupervised domain adaptation methods, have
received increasing attention in recent years. Unsupervised domain adaptation aims to
transfer models trained on labeled source domains, such as synthetic datasets or easily
annotated scenarios, to unlabeled target domains [19,20]. In monocular 3D object detection,
this typically means transferring models trained on one dataset to another dataset, or from
simulated environments to real-world environments.

Some methods attempt to reduce feature distribution differences between source
and target domains through adversarial learning. These methods introduce a domain
discriminator to distinguish features from source and target domains, and train feature
extractors to deceive the domain discriminator, thereby reducing feature distribution
differences between domains. For example, Zhang et al. [21] proposed an adversarial
learning-based domain adaptation framework for 3D object detection. In contrast, our
UMB3D does not employ adversarial components; it instead falls within the self-training
paradigm described next, with a focus on pseudo-label quality control. Another category
of methods focuses on utilizing self-training strategies, fine-tuning models by generating
pseudo-labels in the target domain. ST3D [25] proposed a self-training method that learns
feature representations using unlabeled source domain data and applies this representation
to label transfer in the target domain. Li et al. [26] proposed using instance-aware proxy
generation for cross-domain 3D detection. DALI [27] leverages pseudo label denoising
at distribution and instance levels to achieve unsupervised domain adaptation. Wozniak
et al. [23] proposed using adversarial feature alignment for domain adaptation. Tsai
et al. [24] further extended adversarial/self-training paradigms through an ensemble-of-
experts framework for multi-source domain adaptation, aggregating predictions across
multiple source-domain detectors via Kernel-Density-Estimation Box Fusion. However, the
quality of pseudo-labels generated by these methods varies significantly, and unreliable
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pseudo-labels can harm model training. Addressing this issue, other pseudo-label-based
methods [33-35] improve model performance in target domains by iteratively generating
and optimizing pseudo-labels, such as [35] which proposed a pseudo-label refinement
framework to enhance pseudo-label reliability by removing or replacing unreliable pseudo
3D boxes.

Despite this progress, existing UDA methods for monocular 3D detection either require
real LIDAR input or forgo the geometric advantages of Pseudo-LiDAR representations, and
generally lack robust pseudo-label quality control under domain shift. Table 1 summarises
representative monocular 3D detection methods along the supervised and UDA lines,
contrasting their key advantages and limitations.

Table 1. Summary of representative supervised and UDA monocular 3D object detection methods,
grouped by paradigm, with key advantages and limitations.

Method Year

Category

Key Advantage Key Limitation

Supervised line (target-domain labels required)

Pseudo-LiDAR [13] 2019  Monocular — PL

E2E-PL [17] 2020 End-to-end PL

FCOS3D [29] 2021  Direct monocular 3D
LoGoNet [30] 2023  Multimodal LiDAR+image
MSENet3D [16] 2025 Monocular + depth fusion

Enables LiDAR detectors on image
input

Joint depth and detection
optimization

End-to-end, no intermediate step

Local-global cross-modal fusion

Dual-branch depth-consistent
fusion with semantic refinement

Supervised depth; error
propagation

Target-domain 3D labels required

No 3D geometric cues
Real LiDAR hardware; full target
supervision

Supervised; no domain adaptation

UDA line (no target-domain 3D labels)

ST3D [25] 2021  Self-training (LiDAR)
STMono3D [34] 2022  End-to-end UDA monocular 3D
DALI [27] 2024  Pseudo-label denoising

PseudoVariance [33] 2025  Variance-regularised UDA

End-to-end UDA multimodal +

UM3D (Ours) - quality PL

Pioneered pseudo-label self-training

First end-to-end UDA for
monocular 3D

Distribution + instance-level
denoising

Pseudo-label variance
regularisation for 3D

Multimodal fusion, quality-aware
PL, end-to-end joint optimization

Single modality; unreliable
confidence filter

Image-only; no Pseudo-LiDAR
geometry

Single modality

Single modality (LiDAR)

Bounded by depth estimation
quality at long range

3. Method

We introduce the main structure of UM3D in detail, whose framework is shown in

Figure 1.

image sequence

-

Pseudo-LiDAR with
Pseudo-Labels

Object Detection Results

normalized deith mi-ﬁ)lute scale deith map

Pseudo-LiDAR Point Cloud

Figure 1. Overall pipeline of UM3D. Monocular depth maps are transformed into Pseudo-LiDAR
point clouds, followed by quality-aware pseudo-label generation, and processed by a multimodal
fusion detector that jointly leverages image and point cloud features in an end-to-end framework.

https://doi.org/10.3390/vehicles8050098


https://doi.org/10.3390/vehicles8050098

Vehicles 2026, 8, 98

50f21

3.1. Pseudo-LiDAR Point Cloud Generation

High-quality Pseudo-LiDAR point clouds enable accurate monocular 3D object detec-
tion. We detail the Pseudo-LiDAR generation process in UM3D, comprising depth map to
Pseudo-LiDAR conversion and density-based point cloud sampling.

3.1.1. Depth Map to Pseudo-LiDAR Conversion

The construction of Pseudo-LiDAR point clouds begins with an absolute-scale depth
map output from a depth estimation network. In this work, we adopt the self-supervised
depth estimation network RSANet [18] for this purpose. Compared to relative depth maps,
absolute depth maps do not require normalization, reducing information loss. Given an
image and its corresponding depth map D, using the projection principle of the pinhole
camera model, each point (i, j) on the image plane and its depth value D(i, j) correspond
to Pseudo-LiDAR point cloud coordinates:

(i—c;) x D(i,}) (j—¢j) x D(i,j)

x= 3 ;Y= 5, , z=D(,)) (1)

where fy and fy are the camera’s horizontal and vertical focal lengths, and ¢; and ¢; are

the principal point coordinates. Subsequently, through coordinate axis transformation, the
camera coordinate system is converted to the vehicle-mounted LiDAR coordinate system:

X=-z, Yy=-—x, z=Y (2)

To match existing LIDAR point cloud detectors, we simulate 64-line LIDAR acquisition
by computing the vertical angle ¢(,,) and range [(,;) of each point:

Z(n)

¥,y = arctan > >
Xy T ¥y

;= iy oy 2 (3)

Points are assigned to scan lines by vertical angle and sorted by range within each
line; points within each line are further partitioned by azimuth into angular bins, and the
nearest point to the sensor is retained in each (line, azimuth) cell, simulating single-return
ranging of 64-beam LiDAR. Points above 1 m from the sensor origin are removed, and all
reflection intensities are set to 1.

3.1.2. Density-Based Interval Sampling

Standard uniform sampling destroys geometric structure in Pseudo-LiDAR point
clouds generated from high-density monocular depth maps. Since Pseudo-LiDAR lacks
the reflection intensity cues used in traditional LiDAR sampling, we introduce density-
based interval sampling that assigns inverse-density weights to spatial regions, prioritizing
sparse areas to ensure uniform coverage. The three-dimensional space is partitioned into n
cubic intervals:

Q=A{wi,wy,...,wy} 4)

The number of points m; in each interval w; is counted, and an inverse-density sam-
pling weight is assigned:

— 6)

ml'-f—(T

where ¢ is a small positive number to prevent division by zero. Points are then uniformly
sampled within each interval according to k;, yielding the per-interval sampled set:
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P; = {pi, pi, - -, Pij} (6)

where j is determined by the weight k;, so that sparser intervals contribute proportionally
more points. The final sampled point cloud is the union of all per-interval sets:

r=Jp ()

This method ensures uniform spatial distribution of sampled points, avoiding over-
sparsity or over-density, which is crucial for Pseudo-LiDAR point cloud algorithms and
directly affects monocular 3D object detection performance. As shown in Figure 2, the
Pseudo-LiDAR point cloud produced by the above conversion and density-based sampling

closely resembles actual LIDAR data at close range.

Figure 2. Comparison of Pseudo-LiDAR and actual LiDAR point clouds after depth-to-point-cloud
conversion and density-based interval sampling. Blue points represent actual LIDAR measurements,
and green points represent the generated Pseudo-LiDAR point cloud.

3.2. Quality-Aware Pseudo-Label Generation

When a 3D detector trained on the source domain is directly applied to the target
domain, systematic biases arise: objects in the two domains often differ in physical size
and point cloud density, causing the detector to produce inaccurate bounding boxes. In
conventional self-training pipelines, these inaccurate detections are adopted as pseudo-
labels and fed back to the detector, amplifying the initial errors over successive iterations.
Breaking this vicious cycle requires intervention at two stages. During source domain
pre-training, unlike prior methods that overlook object size discrepancies, we introduce
an object-level random scaling strategy that exposes the detector to a wide range of object
sizes, yielding higher-quality initial pseudo-labels in the target domain, as described in
Section 3.2.1. Building on this improved starting point, we further replace conventional
confidence-based filtering with a quality-aware three-interval memory bank that uses an
IoU regression head to score and iteratively refine pseudo-labels during self-training, as
detailed in Section 3.2.2.

3.2.1. Object-Level Random Scaling Strategy for Source Domain Pre-Training

To mitigate the impact of source domain biases, such as object size and target position,
on pseudo-label generation, we pre-train the 3D detector on point cloud data with real
labels in the source domain. The pre-trained model learns basic discriminative methods for
object detection in the source domain, and its weights are used to initialize unlabeled data in
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the target domain. However, even with precise source domain annotations, the pre-trained
model may produce biases, such as inconsistent target sizes and point cloud densities.
Target size bias directly affects 3D detection accuracy, leading to incorrect bounding box
sizes in target domain pseudo-labels. To address this, we introduce an object-level random
scaling strategy to simulate objects of different sizes.

Specifically, for an annotated 3D bounding box with size (I, w, I1), center coordinates
(u,v,d), and orientation angle w, we first transform points from the global coordinate
system to the local coordinate system of the bounding box:

cosw —sinw 0
(Pl P Ph) = (Px —w,py —0,pr —d) - | sinw cosw 0 ®)
0 0 1

where (pf, Py, p%) represents the coordinates of the i-th point within the bounding box of
size (I, w, h). Then, through random scaling factors (f}, fw, fi), the coordinates of points
within the box are scaled by (f], fw, f;), yielding (p; fi, P for pz f1)- Finally, the scaled point
coordinates are transformed back to the global point cloud coordinate system:

cosw sinw 0

(P Py 2) = (PLfos Plofwr Pifn) - | —sinw cosw 0 | + (u,0,d) 9)
0 0 1

Through object-level random scaling, objects of various sizes are effectively simulated,
addressing size bias issues in pre-training and contributing to the subsequent generation of
more robust and accurate pseudo-labels for object sizes.

3.2.2. Pseudo-Label Generation Module

Inspired by ST3D [25], we introduce a quality-aware three-interval memory bank
to guide target domain pseudo-label generation. The module extracts information from
predicted bounding boxes generated by the object detector and mainly includes three parts:
Intersection over Union (IoU) quality-based scoring criteria, three-interval bounding box
division, and memory bank update and pseudo-label generation.

IoU Quality-Based Scoring Criteria: We extend the original 3D object detection model
by adding an IoU regression head. Given Rol pooling features, two fully connected layers
are used to predict the IoU between 3D bounding boxes and ground truth boxes/pseudo-
labels. Additionally, a binary cross-entropy loss function Ly gty is introduced to measure
the IoU discrepancy:

Lquulity = _(1 _§) log(l _S) —§10g(5) (10)

where s is the IoU of the predicted bounding box, and $ is the IoU between the ground
truth box/pseudo-label and the predicted box.

Three-Interval Bounding Box Division: To avoid assigning labels to uncertain predic-
tions, we introduce a bounding box division scheme. Given the IoU quality score s; of the
i-th predicted box, a threshold interval [Thry, Thrp] is created. If s; > Thry, the box and
label category are cached in the memory bank as positive samples; if Thr, < 's; < Thrp, the
box is ignored but cached in the memory bank to guide regions that should be ignored
during training; if s; < Thr,, the box is discarded.

Memory Bank Update and Pseudo-Label Generation: To generate consistent and high-
quality pseudo-labels, we design a pseudo-label self-update correction strategy that relies
on the fusion of current pseudo-labels and historical pseudo-labels. This process is divided
into label fusion and label voting. Label fusion aims to integrate current pseudo-labels
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with historical pseudo-labels to produce more consistent pseudo-labels. For all detection
boxes in the current pseudo-label set and historical pseudo-label set, their 3D intersection-
over-union matrix is calculated to match detection boxes with similar positions, sizes, and
orientations, and then fused to produce new pseudo-label boxes:

IoU(H,C) = Or.c (11)
Un,c
where H represents historical pseudo-labels, and C represents current pseudo-labels. For
each historical pseudo-label bounding box, we iterate to find the best match (highest IoU)
with the current pseudo-target bounding box:

optimum(H,C) = argénax, |IoU(H, C)| (12)

We fuse matched bounding boxes, updating confidence scores and bounding box
attributes. For pseudo-label bounding boxes that do not successfully match, we adopt a
label voting method. Unmatched boxes may contain correctly detected targets or falsely
detected non-target objects. Label voting utilizes historical information to determine the
final status of unmatched boxes—cache, discard, or ignore. For each unmatched box, its
unmatched counter counter is updated. If the best match is not found between a historical
pseudo-label H and a current pseudo-label C, then counter(H) = counter(H) + 1. The final
status of the box is decided based on predefined thresholds, where Thr; denotes the ignore
threshold and Thr, denotes the removal threshold:

1,  counter(H) < Thr;
state = ¢ 0,  Thr; < counter(H) < Thr, (13)
—1, counter(H) > Thr,

If state = 1, the historical pseudo-label box H is cached; if state = 0, it is ignored; if
state = —1, it is discarded. Through label voting, more stable and consistent pseudo-
labels are obtained, and individual unmatched boxes are cached in the memory bank for
long-term accumulation and learning.

3.3. Multimodal Fusion for 3D Object Detection

As shown in Figure 3, our multimodal fusion detector builds on the LoGoNet [30]
architecture. The input point cloud is voxelized and processed by a 3D backbone and
Region Proposal Network to generate candidate regions, while a pre-trained 2D detector
extracts image features from the monocular image. LoGoNet fuses the two modalities in
two stages: candidate region outside fusion captures global geometric layout by projecting
voxel centroids onto the image plane, and candidate region inside fusion refines local
details within each proposal via cross-attention. We retain both fusion stages but replace
the subsequent concatenation-based feature aggregation with a self-attention-based feature-
weighted aggregation module, as described below.

As shown in Figure 4, we replace LoGoNet’s original concatenation-based feature
aggregation with a self-attention-based feature-weighted aggregation module. The module
receives the outside-fusion feature F,,; and inside-fusion feature F;,;, and computes query,
key, and value projections on the concatenated input F = [Fus; Fiy|:

Q=WoF, K=WgF, V=WyF (14)
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where Wg, Wi, Wy are learnable projection matrices. Attention weights are then computed
via scaled dot-product attention:

Attention(Q, K, V) = softmax QK \% (15)
Y Vi

where dj is the key dimension. This mechanism allows each feature position to attend
to all other positions, dynamically emphasizing task-relevant features and suppressing
irrelevant ones. The attention output is fused to form the final feature representation for
subsequent classification and regression.

Pseudo-Label
Generation s
Module

3D Point Cloud Data Pseudo-LiDAR with Pseudo-Labels Object Detection Results

Multimodal Point Cloud
Fusion s Object
Module Detector

Original Image Sequence

Figure 3. Multimodal UDA framework for 3D object detection, including source domain pre-training,
pseudo-label generation and update, multimodal fusion, and point cloud-based object detection.

features outside the region of interest

. aggregated features

features within the region of interest

residual
connection,

weighted aggregated features

Figure 4. Feature-weighted aggregation module. This module aggregates multimodal features from
inside and outside the Rol, computing weights via a self-attention mechanism to generate a weighted
feature representation.

3.4. End-to-End Network Implementation

To fully exploit the potential of depth estimation and multimodal fusion and achieve
optimal 3D object detection performance, we adopt an end-to-end training strategy. In
particular, the depth estimation network and the 3D detector are first initialized with
pre-trained weights; they are then connected through the differentiable CoR module and
jointly optimized under a single total loss, so that detection gradients propagate back
into the depth network within the same forward-backward pass. This section introduces
the differentiable change of representation module and multi-network consistency loss
function that enable end-to-end training.

3.4.1. Differentiable Change of Representation

To achieve end-to-end training and connect the depth estimation network with the
point cloud detection network, we introduce the differentiable Change of Representation
(CoR) module from E2E-PL [17]. The CoR module enables information transfer between the
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two networks, allowing the entire model to be jointly optimized through backpropagation.
The core of the CoR module consists of sampling and soft quantization. We improve
the CoR module and replace the original downsampling with the Density-Based Interval
Sampling proposed in Section 3.1.2.

Soft quantization enables gradient flow through the voxelization step. Traditional
point cloud quantization assigns binary 0/1 occupancy values, creating non-differentiable
discontinuities that block backpropagation. Given a point cloud P = {p1, p2,..., pn}, the
goal is to generate a 3D occupancy tensor Tgyantization, Where each cell u is associated with a
fixed center position p.. The traditional quantization rule is: if point p falls outside cell u,
Tyuantization () = 0; if point p falls inside cell u, Tyyantization (1) = 1.

We introduce soft quantization to make the quantization process differentiable. Soft
quantization uses radial basis function (RBF) weighting: if point p falls outside cell u,
Tsoftquantization (#) = 0; if point p falls inside cell u:

1
W(u) = Y e lp-peliz/e (16)
‘Pu| pGPu
1
Tsofﬂ]uantization(”) = W(”) + |Y | Z W(ﬁ) (17)
u

neYy

where W (u) is the radial basis function weight, ¢ is a very small positive value, il represents
a neighboring cell in the neighborhood Y, of cell u. When ¢ is far greater than 0 and Y,
is an empty set, soft quantization reverts to the original binary definition. Through this
change of representation method, the point cloud occupancy tensor can be differentiated,
thereby jointly optimizing the depth estimation network and point cloud detection network
through backpropagation.

3.4.2. Loss Function: Multi-Network Consistency Loss

To achieve collaborative training across multiple networks, we adopt a multi-network
consistency loss. The goal of this method is to maintain consistency among the results of
multiple networks even under separate optimization. The consistency is enforced implicitly
through end-to-end gradient flow via the differentiable CoR module: detection gradients
propagate back into the depth network, driving depth estimates toward values that benefit
downstream detection rather than optimizing depth in isolation. The total loss function is
as follows:

L= “Ldepth + BLetection (18)

Depth Estimation Loss: The self-supervised depth estimation network RSANet [18]
introduced in Section 3 is trained with the loss from Monodepth2 [36]:

Ldepth = mt}n Pe(It, It’%t)LP + ULsmooth (19)

where Ly, is the photometric consistency 10ss, L0041, is the depth smoothness loss, and y is
a weight coefficient. p, is the photometric reconstruction error, and miny pe (I, Iy ;) is the
adaptive masking loss. L, and Lgy;o0s, are:

Ly =Y 0(I, Iy ) (20)
tl
Lomootn = |Vds|e™ V¥l 4|7y e~ Vol (21)

where d} is the normalized inverse depth, and V and V, represent horizontal and vertical
direction gradients, respectively.
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Detection Loss: The point cloud detection network loss function mainly consists of the
multimodal fusion point cloud detector:

Lietection = LrpN + Lconf + /\Lreg (22)

where Lgpy is the RPN loss, L, f is the confidence prediction loss, Ly is the bounding
box regression loss, and A is a hyperparameter balancing different losses.

By combining all the loss functions discussed above, we derive the overall loss function
for the end-to-end point cloud model. By minimizing the total loss function L, joint opti-
mization of depth estimation and 3D object detection can be achieved, thereby improving
overall performance.

The complete training procedure is summarized in Algorithm 1, comprising a three-
phase scheme: source-domain pre-training with ORSS, target-domain self-training with the
quality-aware memory bank, and end-to-end joint optimization of depth estimation and
multimodal 3D detection.

Algorithm 1: UM3D Training Procedure.
Input: Source labeled {(P?, Lf)}; target unlabeled {P!}; target monocular image

sequences {(I!_;, I}, I, )} with intrinsics K.

i+1
Output: Adapted monocular 3D detection model.
1 Phase 1: Source-domain pre-training with ORSS

2 Pre-train detector with IoU head on {(P?, L{)} using ORSS (Section 3.2.1)

1771
3 Phase 2: Target-domain self-training (PLGM), initialized from Phase 1
4 forepoch =1to Ty do
5 | Predict boxes [B!] and IoU scores [s;] on {P!}
6 | Update memory bank [M!] by three-interval partitioning (Section 3.2.2)
7 | Train detector on {P/, [M!]}
s end

9 Phase 3: End-to-end monocular joint optimization, initialized from Phase 2’s
detector weights and memory bank [M!]
10 for epoch = 1to T, do
11 | Estimate depth D! from I! (photometric loss uses I, ;)
12 Generate Pseudo-LiDAR It from D! via differentiable CoR and density-based
sampling (Section 3.1)
13 | Update pseudo-labels [M!] via IoU scoring (Section 3.2.2)
14 Train jointly: depth — CoR — multimodal detection; minimize

L= “Ldepth + BLdetection

15 end

4. Experimental Results

To comprehensively evaluate the effectiveness of the proposed UM3D method, we
designed multiple comparative experiments. In standard benchmark tests, UM3D demon-
strated superior performance compared to several previous well-known methods.

4.1. Implementation Details

Comparison methods: We compared UM3D with current mainstream unsupervised
domain adaptation models SN [37] and ST3D [25]. Specifically, we combined the pseudo-
label generation modules of SN, ST3D, and UM3D with the improved SECOND [38] and
LoGoNet [30] point cloud detectors. For SECOND, we added an IoU scoring module in
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our experiments. Subsequently, we selected the monocular 3D object detection network
FCOS3D [29] as the baseline model; both Source Only and Oracle results were produced
by FCOS3D. We compared performance with STMono3D [34]. STMono3D was chosen
because, like UM3D, it is an end-to-end unsupervised domain adaptation monocular 3D
object detection method with FCOS3D as the backbone network, making it more suitable
for demonstrating UM3D’s detection effectiveness.

Pre-training: Before comparative experiments, we pre-trained the pseudo-label gener-
ation model on the source domain using an object-level random scaling strategy. During
the target domain self-training stage, we used the Adam [39] optimizer with a learning
rate of 0.0015, training for 40 epochs, updating the pseudo-labels in the memory bank once
per epoch.

End-to-end training: Network input and output resolution was set to 1024 x 320. All
experiments were implemented based on PyTorch 1.10.0. The optimizer used was Adam,
with an initial learning rate of 0.001, decaying by a factor of 0.1 every 10 training epochs,
for a total of 30 training epochs.

Hyperparameters: Following E2E-PL [17], the total loss is L = aLgepti + BLaetections
where « = 1 and § = 0.01. In the depth estimation loss, the smoothness weight is 4 = 0.001
following Monodepth?2 [36]. In the detection loss, the bounding box regression weight
is A = 2.0. For soft quantization, the RBF bandwidth is 6> = 0.01 with a 26-neighbor
(8 x 3 x 3) smoothing kernel. For the pseudo-label generation module following ST3D [25],
the positive score threshold is Thr, = 0.5 and the negative threshold is Thr, = 0.2; the
memory bank IoU matching threshold is 0.1, and pseudo-labels are updated every epoch
during self-training.

4.2. Experimental Setup

Datasets: We used four autonomous driving datasets: KITTI [40] (7481 training/
7518 test samples, Easy /Moderate/Hard evaluation), Waymo Open Dataset (WOD) [41]
(798 training /202 validation/150 test sequences), nuScenes [42] (1000 scenes from Boston
and Singapore), and Lyft [43] (55,000+ annotated frames). These four benchmarks span
diverse domain shift factors—geographic environment (Germany, multi-city United States,
Boston and Singapore), sensor configuration (e.g., 64-beam versus 32-beam LiDAR), and
annotation protocol—enabling evaluation under realistic distributional differences. We
evaluate UM3D on six unique source-to-target domain pairs across both point cloud and
end-to-end monocular UDA settings (Tables 2-6), ensuring that the method is validated
under varied domain shift conditions. For all datasets, the detection range was set to
X/Y € [-75.2,75.2]lm, Z € [—2, 4] m; the voxel size for SECOND [38] and LoGoNet [30]
was (0.1, 0.1, 0.15) m. Data augmentation included random global scaling, rotation, flipping,
and per-object scaling and rotation.

Evaluation Metrics: For the domain adaptation multimodal fusion module, we fol-
lowed the standard dataset splitting scheme in [8]: First, performing adaptive learning on
the original domain with rich labels to enable prediction in the target domain without real
labels; Second, conducting cross-domain adaptation experiments between two datasets us-
ing different numbers of LIDAR beams. The comparative experiments used two evaluation
metrics: one is KITTI dataset’s APggy / AP3p (car category, bird’s-eye view (BEV)/3D view,
IoU threshold 0.7, Moderate difficulty level), and the other is Closed Gap proposed by
ST3D [25], which indicates the percentage of performance gap closed by different methods
in domain adaptation, expressed as:

APmodel — APsourceonly
APoracle — APsourceonly

Closed Gap = x 100% (23)
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Table 2. Quantitative results on the KITTI object domain. Unsupervised domain adaptation for point
cloud object detection. Negative Closed Gap values indicate performance below Source Only.

LoGoNet SECOND
Task Method
APggy/AP3p Closed Gap APggy/AP3p Closed Gap
Source Only 54.56/23.15 - 51.84/17.92 -
nuScenes SN [37] 47.69/32.38 —18.99%/+14.95% 40.03/21.23 —37.55%/+5.96%
— ST3D [25] 78.26/57.41 +65.51% /+55.50% 75.94/54.13 +76.63% /+65.20%
KITTI Ours 80.17/58.20 +70.84% /+56.79% 76.25/54.38 +77.62% / +65.66%
Oracle 90.72/84.87 - 83.29/73.45 -
Source Only 69.12/31.59 - 67.64/27.48 -
WOD SN 79.95/62.25 +50.14% / +57.55% 78.96/59.20 +72.33% /+69.00%
— ST3D 84.67/65.39 +71.99% / +63.44% 82.19/61.83 +92.97% /+74.72%
KITTI Ours 85.71/67.44 +76.81%/+67.27% 82.96/62.75 +97.89% /+76.73%
Oracle 90.72/84.87 - 83.29/73.45 -
Table 3. Quantitative results on the nuScenes object domain. Unsupervised domain adaptation for
point cloud object detection.
LoGoNet SECOND
Task Method
APggv/AP3p Closed Gap APggv/AP3p Closed Gap
Source Only 39.28/24.65 - 3291/17.24 -
WOD SN 40.15/26.36 +5.32%/+11.76% 33.23/18.57 +1.69%/+7.54%
— ST3D 42.58/28.14 +20.19%/ +24.20% 35.92/20.19 +15.87%/+16.73%
nuScenes Ours 44.10/29.57 +29.49% / +33.86% 36.84/23.62 +20.72%/+36.18%
Oracle 55.62/39.18 - 51.88/34.87 -
Table 4. Quantitative results on the Lyft object domain. Unsupervised domain adaptation for point
cloud object detection.
LoGoNet SECOND
Task Method
APggy/AP;p Closed Gap APggy/AP3p Closed Gap
Source Only 74.87/57.61 - 72.92/54.34 -
SN 74.93/57.89 +0.57%/+2.01% 72.33/54.34 —5.11%/+0.00%
WOD — Lyft ST3D 78.14/59.93 +31.26%/+16.68% 76.32/59.24 +29.44% / +33.93%
Ours 79.06/61.28 +40.05% / +26.38% 76.14/59.19 +27.88% /+33.59%
Oracle 85.33/71.52 - 84.47/68.78 -

Table 5. Monocular 3D UDA results with KITTI as target domain. Unsupervised domain adaptation
for monocular 3D object detection (AP at IoU > 0.5).

APBEV IoU Z 0.5 AP3D IoU 2 0.5

Task Method

Easy Mod. Hard Easy Mod. Hard

nuScenes Source Only 0 0 0 0 0 0
STMono3D [34]  35.63 27.37 23.95 28.65 21.89 19.55
KITTI Ours 36.81 27.60 22.94 29.37 22.16 18.93
Oracle 33.46 23.62 22.18 29.01 19.88 17.17

Lyft Source Only 0 0 0 0 0 0
- STMono3D 26.46 20.71 17.66 18.14 13.32 11.83
KITTI Ours 28.23 21.59 17.98 19.32 13.35 11.16
Oracle 33.46 23.62 22.18 29.01 19.88 17.17

WOD Source Only 0 0 0 0 0 0
~ STMono3D 35.69 26.94 23.19 28.34 20.21 18.03
KITTI Ours 36.10 27.67 23.48 29.08 20.92 18.84
Oracle 33.46 23.62 22.18 29.01 19.88 17.17
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Table 6. Quantitative results on the nuScenes object domain. Unsupervised domain adaptation for
monocular 3D object detection using nuScenes metrics.

Task Method mAP mATE mASE mAOE
Source Only 2.4 1.302 0.190 0.802
STMono3D 23.5 0.843 0.171 0.349
WOD — nuScenes Ours 257 0.820 0.168 0.311
Oracle 28.2 0.798 0.160 0.209
Source Only 2.4 1.302 0.190 0.802
Lvft — nuScenes STMono3D 21.3 0.911 0.170 0.355
Y Ours 22.1 0.898 0.173 0.304
Oracle 28.2 0.798 0.160 0.209

For the overall object detection network, one part used KITTI's AP metric (AP11,
11 recall level points) with BEV /3D IoU threshold of 0.5 to evaluate cross-domain object
detection performance from source domains nuScenes, WOD, and Lyft to the KITTI target
domain. Another part adopted nuScenes standard metrics including mean Average Trans-
lation Error (mATE), mean Average Scale Error (mASE), mean Average Orientation Error
(mAOQOE), and mean Average Precision (mAP) to evaluate cross-domain object detection
performance from source domains WOD and Lyft to the nuScenes target domain. The
experimental results mainly focused on the car category.

4.3. Main Results

Experimental results are analyzed through three aspects: quantitative comparison,
qualitative comparison, and ablation experiments. Source Only and Oracle serve as
reference baselines: Source Only indicates using the source domain-trained model di-
rectly tested on the target domain without domain adaptation, while Oracle indicates
fully supervised training and testing on the target domain. Ours denotes the proposed
UM3D method.

4.3.1. Quantitative Results

Unsupervised domain adaptation results are shown in Tables 2—4. Table 2 reports ex-
periments on the KITTI target domain. In the nuScenes — KITTI task, UM3D with LoGoNet
improved by 1.91%/0.79% on APggy / APsp over ST3D, while UM3D with SECOND im-
proved by 0.31%/0.25%. In the WOD — KITTI task, the corresponding improvements are
1.04%/2.05% and 0.77%/0.92%. These results indicate that our multimodal UDA method
can effectively transfer to the target domain. In particular, the LoGoNet variant consistently
scored nearly 2 percentage points higher on APpgy than SECOND, reflecting its advantage
in multimodal feature extraction. Table 3 shows the WOD — nuScenes transfer task, where
UM3D with LoGoNet improved by 1.52%/1.43% on APggy / AP3p over ST3D, and UM3D
with SECOND by 0.92%/3.43%. This further demonstrates the adaptability of our method
across different data distributions. Table 4 shows the WOD — Lyft transfer task. The
LoGoNet variant improved by 0.92%/1.35% over ST3D, while for SECOND, ST3D achieved
slightly better results, 76.32 vs. 76.14 on APggy, though the difference is marginal. Overall,
UM3D outperforms Source Only on all metrics and demonstrates consistent cross-dataset
transfer performance.

For end-to-end monocular 3D object detection, we compared UM3D against exist-
ing UDA methods using KITTI and nuScenes as target domains. Results are shown in
Tables 5 and 6. In Table 5, Source Only AP drops to nearly zero due to domain gaps,
whereas UM3D recovers strong performance and in several settings even surpasses the
Oracle baseline trained directly on the target domain. This counter-intuitive result arises
from three complementary factors. First, the Oracle baseline is the image-only monocular
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detector FCOS3D [29], whereas UM3D internally generates Pseudo-LiDAR from the same
monocular image and fuses image features with 3D geometric features; UM3D therefore
operates on a structurally richer feature representation than the Oracle, even though both
use only a camera at inference. Second, source-domain pre-training exposes UM3D to a
considerably larger and more diverse training distribution than the target-domain training
set alone, providing a regularization effect that mitigates overfitting to the limited target dis-
tribution. Third, this crossover is observed only in the end-to-end monocular UDA setting
(Table 5); UM3D does not surpass the Oracle in the point-cloud UDA setting (Tables 2—4),
where both the Oracle and UM3D operate on real LiDAR. This asymmetry indicates that
the crossover is not due to a weak Oracle baseline but reflects a genuine advantage of mul-
timodal fusion in the image-only detection regime, where the additional 3D geometric cue
compensates for the well-known ill-posedness of monocular depth. In the WOD — KITTI
task, UM3D outperforms STMono3D across all difficulty levels, with relative APppy gains
of 1.1%/2.7%/1.3% and relative AP3p gains of 2.6%/3.5%/4.5% at Easy /Moderate/Hard.
At the Hard level on some source domains, the margin over STMono3D is smaller, likely
due to increased task complexity. In Table 6 with nuScenes as target, UM3D outperforms
STMono3D on all four metrics in the WOD — nuScenes task, with mAP and mATE gaps
to Oracle both below 10%. Across the majority of transfer settings, UM3D yields con-
sistent improvements over comparison methods across different source domains, target
domains, detection paradigms, and backbone detectors, suggesting that the observed gains
are systematic rather than tied to a single experimental configuration.

4.3.2. Qualitative Results

Figure 5 visualizes point cloud detection results for the WOD — KITTI task, where
green boxes denote ground truth and red boxes denote predictions. The Source Only
model (a) produces noticeably undersized bounding boxes due to geometric mismatches
across domains. ST3D (b) improves substantially but still falls short of the Oracle (d). Our

method (c) predicts more accurate bounding box positions than ST3D, closely approaching
the Oracle.

=D
Ground Truth ) Ground Truth

[ [J Prediction [ [J Prediction

(a) Source Only (b) ST3D

Ground Truth Ground Truth

1) Prediction [ 1) Prediction

(c) Ours (d) Oracle

Figure 5. Qualitative point cloud detection results for the WOD — KITTI domain adaptation task.
Green boxes indicate ground truth annotations, and red boxes indicate model predictions. (a) Source
Only (b) ST3D (c) Ours (d) Oracle.
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Figure 6 presents monocular 3D detection results for the WOD — KITTI task, with
blue boxes indicating ground truth and yellow boxes indicating predictions. The Source
Only baseline (a) locates objects in 2D but exhibits severe depth estimation errors, yielding
near-zero 3D AP. STMono3D (b) reduces the depth error but retains a notable gap to the
Oracle (d). Our method (c) predicts bounding boxes that are substantially more accurate
than STMono3D and closely approach Oracle performance, demonstrating that UM3D can

achieve near-supervised 3D detection under unsupervised domain adaptation.

PYE

(c) Ours (d) Oracle

Figure 6. Qualitative results of monocular 3D object detection for the WOD — KITTI task in 3D view
(top) and BEV (bottom). Blue boxes indicate ground truth, and yellow boxes indicate predictions.
(a) Source Only (FCOS3D) (b) STMono3D (c) Ours (d) Oracle.

4.4. Ablation Studies

We conduct ablation studies to validate the contributions of the Object-Level Random
Scaling Strategy (ORSS) and the Pseudo-Label Generation Module (PLGM), as well as the
effectiveness of each subnetwork in end-to-end joint training.

As shown in Table 7, both PLGM and ORSS contribute meaningfully to overall per-
formance on the WOD — KITTI task. Adding ORSS alone to the LoGoNet baseline raises
APgpy/AP3p by 10.34/24.49 points, confirming that mitigating cross-domain object-size
bias during pre-training significantly improves initial predictions. PLGM alone yields even
larger gains of 14.13/30.32 points with LoGoNet, demonstrating that iterative pseudo-label
refinement via the memory bank is the dominant factor. Combining both modules achieves
the best results across both detectors, with relative improvements of 24.0% on APppy
and 113.4% on AP3p over Source Only with LoGoNet, confirming that the two strategies
are complementary.

Table 8 further evaluates the contribution of each subnetwork to end-to-end joint
training. Depth denotes the self-supervised depth estimation network, RPN denotes the
Region Proposal Network, and RCNN denotes the second-stage Region-based Convolu-
tional Neural Network refinement head, which performs classification and bounding box
regression; each row indicates which subnetwork losses are included in joint optimization.
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Table 7. Pseudo-label generation module ablation study results (WOD — KITTI, IoU>0.7).

Module Method APggy APsp
Source Only SECOND 67.64 27.48
LoGoNet 69.12 31.59
Baseline+ORSS SECOND 78.29 55.13
LoGoNet 79.46 56.08
Baseline+PLGM SECOND 81.30 59.42
LoGoNet 83.25 61.91
Baseline+PLGM+ORSS SECOND 82.96 62.75
LoGoNet 85.71 67.44

Table 8. End-to-end joint training subnetwork ablation (WOD — KITTI, AP at IoU>0.5).

APggy IoU > 0.5 AP3p IoU > 0.5

Method

Easy Mod. Hard Easy Mod. Hard
Depth 30.26 20.71 17.35 25.51 16.06 14.48
RCNN 32.01 22.56 18.55 26.75 17.69 15.41
RPN 32.64 22.87 18.94 26.14 17.52 14.34
RCNN + RPN 33.89 23.42 19.80 26.99 17.10 15.85
Depth + RPN 35.62 26.36 21.16 28.74 19.23 16.19
Depth + RCNN 35.98 26.73 23.20 29.32 19.15 17.41

Depth + RCNN + RPN 36.10 27.67 23.48 29.08 20.92 18.84

Table 8 reveals a consistent pattern across three levels of training jointness. Among
single-network training, Depth, RCNN, and RPN alone yield Moderate APggy values of
20.71, 22.56, and 22.87, respectively, indicating that isolating any single stage provides
limited gain. Among two-network combinations, the two that include the depth network
(Depth + RPN: 26.36; Depth + RCNN: 26.73) outperform the combination that excludes
it (RCNN + RPN: 23.42) by approximately 3 points, isolating the specific contribution of
detection gradients flowing back into the depth estimation network.

When only the RCNN and RPN subnetworks are jointly trained, APggy at Moderate
difficulty reaches 23.42. Further incorporating the depth estimation loss raises this to 27.67,
a gain of 4.25 points, demonstrating that aligning depth estimation with detection objectives
through backpropagation is the primary driver of performance improvement. The full
three-subnetwork combination attains the best APggy at all three difficulty levels and the
best AP3p at Moderate and Hard—top on five of the six reported metric—difficulty cells,
with the only exception being AP3p at Easy where Depth + RCNN attains a marginally
higher 29.32 vs. 29.08, confirming that the depth, proposal, and refinement stages provide
complementary benefits under end-to-end optimization.

All inference timing was measured on a single NVIDIA RTX 3080 GPU for a single
deployment-time forward pass; training-time processes such as memory bank updates
and self-training are excluded. UM3D processes each frame in approximately 127 ms
(7.9 FPS), of which the depth estimation stage (RSANet [18]) accounts for 15.5ms with
14.5 M parameters, pseudo-LiDAR generation via CoR and density-based interval sampling
adds 8.1 ms, and the multimodal fusion detector accounts for 103.7 ms. The CoR module has
time complexity O(N) with N ~ 3 x 10° points per scene and is fully GPU-parallelizable,
so its cost scales linearly with point-cloud resolution. The detector—comprising a 3D voxel
backbone, region proposal network, 2D image feature extractor, and two-stage cross-modal
fusion—constitutes the dominant computational cost, while the depth estimation stage is
already lightweight. The total model contains approximately 60.5 M parameters.
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5. Conclusions

An end-to-end unsupervised domain adaptation framework, UM3D, is presented in
this paper for monocular 3D object detection, integrating self-supervised depth estimation,
quality-aware pseudo-label generation, and multimodal fusion into a single differentiable
pipeline. Through the joint optimization of depth estimation and 3D detection via back-
propagation, cross-domain generalization is substantially improved: on the WOD — KITTI
benchmark, up to 76.81% of the APgpy domain gap is closed, and in several end-to-end
monocular adaptation settings the fully-supervised target-domain Oracle is even surpassed.
These gains are attributed to end-to-end backpropagation, through which depth estimates
are aligned with detection objectives rather than with photometric reconstruction alone,
and to the multimodal fusion module, through which complementary image features are
reintroduced and the detector’s reliance on Pseudo-LiDAR alone is reduced. For practi-
cal deployment on electric-vehicle platforms, a compelling trade-off is offered by UM3D:
robust 3D perception is obtained from a single low-cost monocular camera at inference,
without inference-time LiDAR hardware or target-domain 3D annotations—a particularly
valuable property, given that 3D bounding-box labels are costly and difficult to obtain in
new driving environments.

Detection accuracy is bounded by the quality of self-supervised depth estimation,
particularly at long range, and the current evaluation is focused predominantly on the car
category. In future work, stronger depth priors will be incorporated, the evaluation will be
extended to more object classes, and model compression and inference acceleration will be
explored to reduce detection-stage latency toward real-time deployment.
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Abbreviations

The following abbreviations are used in this manuscript:

AP Average Precision

BEV Bird’s Eye View

CNN Convolutional Neural Network
CoR Change of Representation

ToU Intersection over Union
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mAOE  mean Average Orientation Error

mAP mean Average Precision

mASE  mean Average Scale Error

mATE  mean Average Translation Error

ORSS  Object-Level Random Scaling Strategy
PLGM  Pseudo-Label Generation Module

RBF Radial Basis Function

RCNN  Region-based Convolutional Neural Network
Rol Region of Interest

RPN Region Proposal Network

UDA Unsupervised Domain Adaptation
UM3D  Unsupervised Monocular 3D Detection
WOD  Waymo Open Dataset
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