
Source-free Unsupervised Domain Adaptation for
3D Object Detection in Adverse Weather

Deepti Hegde
Johns Hopkins University

dhegde1@jhu.edu

Velat Kilic
Johns Hopkins University

velat kilic@jhu.edu

Vishwanath Sindagi
Johns Hopkins University

vishwanath.sindagi@gmail.com

A Brinton Cooper
Johns Hopkins University

abcooper@jhu.edu

Mark Foster
Johns Hopkins University

mark.foster@jhu.edu

Vishal M Patel
Johns Hopkins University

vpatel36@jhu.edu

Abstract—A domain shift exists between the distributions
of large scale, outdoor lidar datasets due to being captured
using different types of lidar sensors, in different locations,
and under varying weather conditions. Inclement weather in
particular affects the quality of lidar data, adding artifacts
such as scattered and missed points, leading to a drop in
performance of 3D object detection networks trained on stan-
dard lidar datasets. Domain adaptation methods seek to adapt
source-trained neural networks to a target domain. Pseudo-
label based self training approaches are popular methods for
source-free unsupervised domain adaptation. However, their
efficacy depends on the quality of the labels generated by the
source trained model. These labels may be incorrect with high
confidence, rendering thresholding methods ineffective. In order
to avoid reinforcing errors caused by label noise, we propose
an uncertainty-aware mean teacher framework which implicitly
filters incorrect pseudo-labels during training. Leveraging model
uncertainty allows the mean teacher network to perform implicit
filtering by down-weighing losses corresponding to uncertain
pseudo-labels. Effectively, we perform automatic soft-sampling
of pseudo-labeled data while aligning predictions from the
student and teacher networks. We demonstrate our domain
adaptation method on an adverse weather dataset created by
augmenting lidar scenes from KITTI with rain, snow, and
fog and show that it out-performs current domain adaptation
frameworks. We make our code publicly available 1 .

I. INTRODUCTION

Perception is an important part of autonomous driving
systems, with navigation and decision making relying heavily
on the ability of the vehicle to correctly localize and classify
the objects around it. Recent pure lidar-based 3D object de-
tectors have proven to perform extremely well on large public
datasets and have topped their challenge leaderboards [1]–
[3]. Although containing similar scenes of roads, pedestrians,
and vehicles, they tend to differ from each other in terms of
pointcloud density, the average size of lanes, as well as the
types of vehicles present [4]. This is due to the fact that these
datasets are collected using different types of lidar sensors
in varying locations around the world, and at times, under
varying weather conditions. In weather scenarios such as

1https://github.com/deeptibhegde/UncertaintyAwareMeanTeacher
This work was supported by ARO grant W911NF2110135.

rain, snow and fog, data from lidar sensors may get corrupted
due to reduced signal-to-noise ratio (SNR) or scattered power
from the droplets and particles in the air.

This results in a gap in the domains of the training
dataset (source) and the testing dataset (target), and poorly
generalized 3D object detectors tend to drop in performance
when evaluated on samples from the target domain [5]. Since
highway systems, driving conventions, and traffic density
vary from country to country, this poses a particular challenge
in autonomous driving, where generalization is crucial. It
would be impractical to collect and annotate every possible
type of road scene or weather condition from around the
world. Unsupervised domain adaptation (UDA) addresses this
by attempting to improve the performance of a source domain
trained model on the target domain without having access
to the labels of the target dataset. This has been explored
on 3D data for tasks such as pointcloud classification and
segmentation [6]–[8] and less extensively for 3D object detec-
tion [9], [10]. Existing UDA methods require labeled source
data along with the source-trained model during adaptation
to the target domain [9], [11]. This limits applicability in
scenarios where the source data is proprietary, unavailable
due to privacy reasons, or too large to store. In order to
address this issue we propose a source-free approach that
performs domain adaptation of a network to a target domain
using only a source-trained model, without the use of source
domain data or labels.

Recent domain adaptation methods for 3D object detection
include semi-supervised [12] as well as source-free unsuper-
vised approaches [9], [10]. SFUDA3D [10], is the first source
free UDA method of this kind, but uses detection-based track-
ing that requires a sequence of lidar frames to estimate the
quality of pseudo-labels, which limits its efficacy in real-time
applications. ST3D, another unsupervised approach, obtains
promising results on cross-dataset adaptation, but depends
on the statistical normalization scheme from [4] to surpass
oracle results on the KITTI lidar dataset, which uses label
data from the target domain. We propose an unsupervised,
single frame, source free domain adaptation method for 3D
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object detection. Using a source domain pre-trained model,
we follow an iterative training scheme to generate pseudo-
labels for the target domain. Although this scheme, along
with the use of confidence thresholds, improves the quality of
the labels, noise and incorrect labels with high confidence still
exist. In order to avoid enforcing these errors while training
the mean teacher network, we leverage model uncertainty to
perform soft-sampling through Monte Carlo dropout-based
uncertainty estimation.

The following are the main contributions of our work:
• We propose an uncertainty-aware, self training frame-

work for source-free unsupervised domain adaptation of
3D object detectors which implicitly selects confident
samples out of a set of pseudo-labelled target data.

• We extensively experiment on domain shifts associated
with adverse weather scenarios, and demonstrate results
on several autonomous driving lidar datasets, and out-
perform recent domain adaptive works.

II. RELATED WORKS

3D Object Detection: 3D Object detection networks aim
to localize and categorize objects occurring in a 3D scene
by estimating the dimensions, positions in space, and the
class predictions of their bounding boxes. The publication
of PointNet [13] and its successor PointNet++ [14], has
enabled the extraction of point features by directly consuming
pointclouds in an end-to-end trainable neural network. These
networks form the backbone of several point-based detectors
[2], [15]–[18] which operate directly on the points in the
Cartesian space and voxel-based detectors [1], [3], [19],
which format the points into equally spaced 3D grids. In
this work we perform experiments on two particular 3D
object detection networks. PointRCNN [2] is a two stage,
point-based object detector which generates and refines 3D
box proposals in a bottom-up approach, through foreground-
background segmentation followed by a second stage which
performs bin-based box regression loss. SECOND [1] is a
two stage object detector which extracts voxel features from a
raw pointcloud through an encoding layer, followed by sparse
convolution and an RPN head which generates the detected
bounding boxes.
Domain Adaptation: Unsupervised domain adaptation
(UDA) addresses the problem of distribution shift when
annotations of data in the target domain are unavailable. The
broad categories of approaches include adversarial training
methods [20]–[23], in which the network is encouraged to
learn domain invariant features by being trained jointly with
a domain discriminator, self-training methods [24]–[26] that
adapt a network with pseudo-labels created by source-model
generated annotations, style transfer approaches that bring the
target domain closer to the source domain through feature
translation [27], [28].

Some of these ideas have been applied to object detection
in the 3D domain, such as in [11], where Cane et al.
leverage large amounts of pseudo-labeled target data along
with labelled source domain data to train student networks to

perform adaptation of a 3D object detector. In [9], Yang et
al. propose a self training domain adaptation framework that
alternately updates pseudo-labels generated by the source net-
work and model training using curriculum data augmentation.
While successful for several domain adaptation scenarios,
their best results are obtained via an additional statistical
normalisation step taken from [4], which uses bounding
box statistics from the target labels, making it not fully
unsupervised.
Source-free domain adaptation refers to adaptation meth-
ods which use only source-trained models and not the source
data or labels during training. This becomes necessary when
access to the source data is unavailable due to privacy,
copyright, or storage restrictions. Saltori et al. proposed SF-
UDA3D, [10], a source free domain adaptation framework for
3D object detection that scales pseudo-labels generated by
the source-trained model to varying levels and selects the best
labels through a scoring method. However, this method relies
on detection-based tracking across multiple lidar frames to
estimate the score for each pseudo-label.
Mean teacher networks are a popular method for unsuper-
vised, semi-supervised and self-supervised training methods.
Liu et al. propose [29], a semi-supervised 2D object detector
which jointly trains identically initialized student and teacher
networks with inputs of differing levels of perturbations.
The weights of the teacher network are updated by transfer
from student to teacher through exponential moving average
(EMA). In [30], Luo et al. propose a mean-teacher framework
for unsupervised domain adaptation of 3D object detectors,
and utilize point consistency, instance consistency, and neural
consistency during joint learning. However, [30] does not
explicitly account for pseudo-label noise. Although unsuper-
vised, this approach is not source-free, and requires annotated
source data during training. Additionally, our framework
prefaces the central adaptation stage with a pseudo-label
refinement stage that further aids in performance improve-
ment. We propose a fully unsupervised framework for domain
adaptation which does not utilize source data or a set of
sequential lidar frames.

III. PROPOSED METHOD FOR DOMAIN ADAPTIVE 3D
OBJECT DETECTION

In this section, we provide an overview of the domain
adaptation problem and a detailed explanation of our pro-
posed methodology. The goal is to adapt a 3D object detector
trained on a source dataset to an unlabelled target dataset
without the use of the source data during adaptation.

A. Preliminaries

Consider an object detector ϕs trained on an annotated
source dataset {(Xs

i , Y
s
i )}Ni=1, where Xs

i is the ith sample
in the set of N samples, and Y s

i is the corresponding labels
consisting of the location and dimensions of each bounding
box. With access to this source-trained model, we adapt this
detector to an unannotated target dataset {(Xt

i )}Mi=1, where
Xt

i is the ith sample in the set of M samples. Initially, the
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3D detector is trained on source data to give source model
ϕs. In the case of SECOND-iou [1], [9], ϕs is supervised by
four losses: RPN sigmoid focal classification loss, Lrpn

cls , RPN
weighted smooth L1 regression loss Lrpn

reg , RPN direction
classification cross entropy loss Lrpn

dir , and region of interest
(ROI) binary cross entropy classification loss Lroi

cls .
We propose a framework for unsupervised domain adap-

tation for 3D object detection. Our approach consists of an
iterative training scheme for pseudo-label generation and a
student-teacher network to refine the generated pseudo-labels
with Monte Carlo dropout based uncertainty estimation to
mitigate label noise through soft sampling. An overview
of this two-stage framework may be seen in Figure 1,
which illustrates the functionality of each component in the
architecture.

B. Iterative pseudo-label generation

Naively training the object detector on pseudo-labels gen-
erated by ϕs and filtered by a threshold could reinforce
errors due to the fact that the source trained model may
produce incorrect predictions of higher confidence as well
as correct predictions of lower confidence. In [31], Xie et
al. demonstrate the effectiveness of training a classifier with
a combination of labelled and pseudo-labelled data over
several repeated training sessions. We adapt this approach for
the source-free setting in order to mitigate label noise. We
propose an iterative generation step to provide better quality
pseudo-labels to the mean-teacher network, which performs
further soft-sampling.

The source-trained model is inferenced to generate pseudo-
labels for target domain data {(Xt

i , Y
pt
i )}Mi=1, where Y pt

i is
the ith source-generated pseudo-label for target sample Xt

i .
The detector ϕ is then initialised with the weights from ϕs

and trained on the pseudo-annotated target data to give the
model ϕpt. This process is repeated J number of times to
give target models {ϕpt

j }Jj=1, each initialised with weights
from ϕs and supervised with pseudo-labels {{Y pt

i,j}Mi=1}Jj=1,
filtered with a threshold δ. The pseudo-labels obtained at the
end of the J th iteration is obtained by performing inference
on ϕpt

J and used for training the student-teacher network.

C. Mean teacher with Monte-Carlo dropout uncertainty

Mean Teacher In order to avoid enforcing the errors present
in the generated pseudo-labels during adaptation, we propose
a joint learning framework based on the Mean Teacher
method [32] to mitigate label noise while training the object
detector. This framework consists of a student network and a
teacher network, both identically initialized with the source
trained model weights. The student model is supervised using
the generated pseudo-labels, and the weights are updated
during training through backpropogation. The weights of the
teacher network are gradually transferred from the student
network by EMA given by

Wt ← αWt + (1− α)Ws, (1)
where Wt and Ws are the weights of the teacher and student
networks respectively, and α is the keep ratio. The weights

of the teacher network are the average of the weights of the
student network over multiple iterations, and thus the teacher
becomes a temporal ensemble of the student.
Uncertainty Aware Student Training The epistemic uncer-
tainty of the teacher model is utilized by casting the network
as a Bayesian Neural Network as in [33], using the existing
dropout layers to approximate variational inference on the
network. The first moment of the predictive distribution may
be calculated by performing a series of T forward passes of
the teacher network and averaging the results in a process
called Monte-Carlo dropout [33]. The second moment, or
predictive variance of the model may be approximated by
the sample variance of the T forward passes given by

Y pt
i,var =

∑T
j=1(Y

pt
i,j − Y pt

i,mean)
2

T − 1
, (2)

where

Y pt
i,mean =

∑T
j=1(Y

pt
i,j )

T
. (3)

In addition to being supervised by the iteratively generated
pseudo-labels through the losses present in the network,
the student network is also supervised by the pseudo-labels
generated by the teacher network in each epoch. The degree
of model uncertainty of the teacher is represented by the
variance in predictions. The teacher supervises the student
with a Binary Cross Entropy loss. The pseudo-labels gener-
ated by the teacher network are obtained by computing the
sigmoid of the average predictions of T forward passes. The
loss value for each ROI is weighted by the inverse of the
computed variance. Predicted values with higher variance are
thus down-weighted, effectively sampling the data to mitigate
noise in the pseudo-labels. This loss can be written as

Lroi
tea =

1

N

i=1∑
N

{C ∗ LBCE(Y
roi stu
pred , Y roi tea

ps )}, (4)

where C is the inverse of the predictive variance, Y roi
pred is

the predicted classification output of the ROI head of the
student network, and Y roi tea

ps is the pseudo-label given by
the teacher network after T forward passes.

During joint training, only the student network is super-
vised by the existing network losses, and Lroi

cls is scaled by
the uncertainty weights obtained from the predictions of the
teacher network. The total loss is thus given by
Ltotal = Lrpn

cls + Lrpn
reg + Lrpn

dir + Lroi
cls unc + Lroi

tea, (5)
where

Lroi
cls unc =

1

N

i=1∑
N

(C ∗ LBCE(Y
roi
pred, Y

roi
ps )), (6)

and N is the total number of valid ROIs, Y roi
pred is the

predicted classification output of the ROI head of the student
network, and Y roi

ps is the pseudo ground truth label of the
ROIs generated by the teacher network.

IV. EXPERIMENT SETTINGS

We demonstrate the proposed method on two 3D object
detectors SECOND-iou [1], [9] and PointRCNN [2]. SEC-
OND is a voxel-based 3D object detection network consisting
of a voxel feature extractor based on [34], which applies
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Fig. 1: The two stage architecture of our proposed domain adaptation method. Initialised with a source trained model ϕs,
the object detector is iteratively trained with successively generated pseudo-labels to create the final set of pseudo-labels
Y pt
i,J+1 with which the mean-teacher network is trained. The mean teacher networks consists of two identically initialised

object detection models that are jointly trained, with one network (the student) optimised through backpropogation, and the
other (the teacher) optimized by exponential moving average update from the student.

a fully connected layer, batch normalization, and ReLU
on each voxel, a sparse convolution layer, followed by a
region proposal network (RPN) provides the category and
dimensions of the bounding boxes predicted. SECOND-iou
is a slightly modified version of this network proposed by
Yang et al. in [9], which has an additional refinement ROI-
head. PointRCNN is a two stage, point-based object detector
which generates and refines 3D box proposals in a bottom-
up approach, through foreground-background segmentation
followed by a second stage which performs bin-based box
regression loss.

1) Datasets: We demonstrate our adaptation method using
three large-scale lidar datasets, the Waymo Open Dataset
[35], KITTI [36], and nuScenes [37]. These datasets vary
in size and richness in annotation, with Waymo containing
230K annotated samples, nuScenes containing 38K samples,
and KITTI containing 7K samples. We use a subset of the
Waymo dataset in a 40K/10K train/val split, and splits of
28K/6K and 3K/3K for nuScenes and KITTI respectively.
We address both cross-dataset and adverse weather domain
gaps. In particular, we address the domain shifts of Waymo
→ KITTI, KITTI-rain, KITTI-snow, KITTI-fog and nuScenes
→ KITTI, KITTI-rain, KITTI-snow, KITTI-fog. The adverse
weather samples are simulated using LISA [38], a physics-
based lidar light scattering model. We sample rain rates
from an exponential distribution as supported by [39] and
recommended by [38] at the rate λ = 0.05mm/hr. We
follow a similar procedure for simulating snow precipitation
and choose the moderate fog setting.

2) Implementation details: We implement the proposed
framework on SECOND-iou using the codebase OpenPCDet
[40]. We also refer to code from [9] for their implementation
of the extra ROI head. We use the official code release of
[2]. During iterative pseudo-label generation step as well as

the mean-teacher training step, we use a series of confidence
threshold of δ ∈ {0.1, 0.6, 0.8}. We run our method with a
batch size of 16. During source model pre-training, we follow
the data augmentation procedure used by [9] and train for
50 epochs. The teacher network is trained with a series of
T = 15 forward passes, and a keep ratio of α = 0.999 for the
EMA step. During mean teacher training, the entire network
is trained for 50 epochs.

V. RESULTS AND EVALUATION

In this section, we present the results of our proposed
domain adaptation framework for two object detectors
SECOND-iou [1] and PointRCNN [2], and compare2 it with
recent methods for domain adaptation for 3D object detectors,
namely Statistical Normalization (SN) [4] and ST3D [9],
SFUDA3D [10], and MLCNet [30], along with the source-
only and oracle performances of the object detector. The
oracle performance is obtained by training the object detector
with the ground-truth annotated target samples.

1) Evaluation metrics: We evaluate the model on the
official metrics of the KITTI dataset [36], which divides each
object in each sample into 3 categories based on the distance
of the object from the sensor and amount of occlusion. The
average score across these categories is considered. Mean
average precision is calculated for the bird’s eye view (BEV)
as well as for the entire 3D bounding box, with an IoU
threshold of 0.7. Evaluation of the networks is performed
on the “Car” class in the KITTI dataset.
Quantitative results Table I tabulates the average mAP
across categories for the domain scenarios mentioned pre-
viously. We compare the quantitative results of our method

2To ensure a fair comparison across all evaluation categories, we re-
implement the comparative methods with the same batch size, number of
epochs, and other hyperparameters as our models.
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TABLE I: A comparison of the network performance of SECOND-iou [9], [41] when adapted to various weather simulations
augmented on the KITTI dataset [36] using statistical normalization [12], ST3D [9], and the proposed method, along with
the oracle performance, which is obtained by simply retraining the object detector with the target data in a fully supervised
manner. The best performance in each category is in bold.

Domain Shift Method mAP (BEV/3D) Domain Shift Method mAP (BEV/3D)

Waymo → KITTI

Source Only 69.43 / 40.52

nuScenes → KITTI

Source Only 47.66 / 17.26
SN 75.98 / 61.28 SN 35.30 / 19.53

ST3D 80.47 / 61.12 ST3D 77.31 / 46.94
Proposed 80.95 / 66.97 Proposed 75.27 / 50.78

Oracle 82.36 / 73.72 Oracle 82.36 / 73.72

Waymo → KITTI-rain

Source Only 46.59 / 25.49

nuScenes→ KITTI-rain

Source Only 18.89 / 10.01
SN 54.17 / 33.22 SN 16.79 / 10.85

ST3D 62.30 / 41.64 ST3D 26.10 / 16.03
Proposed 61.04 / 42.50 Proposed 38.15 / 25.72

Oracle 63.13 / 50.35 Oracle 63.13 / 50.35

Waymo → KITTI-snow

Source Only 43.51 / 24.72

nuScenes → KITTI-snow

Source Only 17.92 / 9.89
SN 50.38 / 30.83 SN 17.55 / 10.91

ST3D 54.86 / 22.08 ST3D 36.69 / 19.75
Proposed 56.41 / 39.81 Proposed 41.21 / 26.78

Oracle 65.33 / 50.62 Oracle 65.33 / 50.62

Waymo → KITTI-fog

Source Only 38.51 / 24.25

nuScenes → KITTI-fog

Source Only 17.82 / 9.98
SN 41.55 / 22.89 SN 20.74 / 15.34

ST3D 49.78 / 24.58 ST3D 26.57 / 15.20
Proposed 48.74 / 35.85 Proposed 34.52 / 21.90

Oracle 54.69 / 44.14 Oracle 54.69 / 44.14

TABLE II: A comparison of the network performance of PointRCNN [2] when adapted to various weather simulations
augmented on the KITTI dataset [36] using statistical normalization [12], SF-UDA3D [10], MLC-Net [30], and the proposed
method, along with the oracle performance, which is obtained by simply retraining the object detector with the target data
in a fully supervised manner. The best performance in each category is in bold, where the mean average precision (mAP)
is calculcated for 3D bounding boxes with an IOU threshold of 0.7.

Domain shift Method mAP Domain shift Method mAP
easy mod. hard easy mod. hard

Waymo → KITTI

Source only 28.86 22.91 19.67

nuScenes→KITTI

Source only 20.62 17.50 15.20
MLCNet [30] 69.35 59.44 58.44 MLCNet 71.26 55.42 48.99

SFUDA3D [10] - - - SFUDA3D 68.8 49.8 45.0
Proposed 78.68 60.98 55.98 Proposed 77.07 56.44 49.12

Oracle 87.31 68.70 62.86 Oracle 87.31 68.70 62.86

Waymo→ KITTTI-rain

Source only 12.59 9.41 8.07

nuScenes → KITTI-rain

Source only 14.40 10.20 8.82
MLCNet 51.23 31.82 31.04 MLCNet 53.14 34.97 32.44

SFUDA3D - - - SFUDA3D - - -
Proposed 55.63 38.57 34.42 Proposed 56.18 40.23 35.49

Oracle 71.42 48.82 44.43 Oracle 71.42 48.82 44.43

against that of ST3D [9], which uses the same base object
detection network (SECOND-IoU) as well as with the semi-
supervised method of statistical normalization proposed by
Wang et al. in [4], and the oracle performance of the network,
obtained by fully supervising the detector with the target
dataset during training. In the evaluation of our adaptation
method, we address two types of domain shift: that associated
with a change in dataset (Waymo → KITTI, nuScenes →
KITTI) and that associated with both a change in dataset
and change in weather conditions (Waymo → KITTI-X,
nuScenes → KITTI-X). The degree to which each domain
shift affects the performance of the object detector network

can be seen in the “Source-Only” row. Networks trained on
large datasets tend to generalize better, and show a smaller
drop in performance. This can be seen when comparing
performance drop of Waymo → KITTI and nuScenes →
KITTI. Waymo, with 230K annotated samples, is much
larger than nuScenes’ 34K samples. The effect of rain, snow
and fog can also be observed by making a similar com-
parison of weather-related domain shifts. Across all shifts,
we demonstrate better adaptation performance than recent
comparative methods in most categories.In order to compare
against the domain adaptive works of SFUDA3D [10] and
MLCNet [30], we implement our adaptation method on the
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TABLE III: A performance comparison of the object detec-
tion network for the “Moderate” difficulty at each iteration of
the pseudo-label generation process (center column) and the
domain adaptation network trained with the corresponding
labels (leftmost column) for the nuScenes → KITTI domain
scenario.

Iteration Self training Uncertainty-aware mean teacher
source only 46.21 / 17.31 60.03 / 40.48
iteration 1 58.59 / 37.71 62.89 / 44.01
iteration 2 65.33 / 46.42 74.19 / 42.77
iteration 3 64.76 / 47.17 72.33 / 47.91

SN


SN


Ours


ST3D

ST3D

Source only


Source only


Ours


Fig. 2: A qualitative comparison our results on two scenes
(top and bottom blocks) against that of the source trained
model, ST3D [9] and statistical normalization (SN) [12]
for the Waymo → KITTI-snow. The ground truth bounding
boxes are in green and the predictions are in red. (Best viewed
zoomed in and in color.)

object detector PointRCNN [2] for four domain shifts. Due
to a lack of availability of code, we compare against the
reported numbers of [10]. In Table II, we maintain the same
evaluation metrics as [30] and [10] and compare the 3D mAP
performance across the three difficulty categories. Note that
despite [30] using source data during adaptation, we still beat
their performance under a source-free setting.
Qualitative results We also compare the visual quality of
the results against that of the source-only network and ST3D
[9] for the Waymo → KITTI-rain domain scenario. As can
be seen in Figure 2, both the source trained model and
ST3D suffer from incorrect samples with high confidence,
negatively affecting the precision. This results in a large
number of false positives. Our method avoids this, and also

TABLE IV: A comparison of mean average precision (mAP)
values for the 3D Moderate category of a mean teacher
framework with and without uncertainty aware weighing of
regions during teacher supervision.

Domain shift Mean teacher Uncertainty-aware
mean teacher

easy mod. hard easy mod. hard
Waymo / KITTI 72.58 58.11 56.55 73.75 64.56 61.02

Waymo / KITTI-rain 53.03 35.009 30.73 53.27 38.99 35.25

demonstrates better localization. At times, our method suffers
from missed detections and a few false positives, despite the
presence of which our method mitigates this problem better
than the comparative methods.

A. Ablation Study

Iterative Pseudo-label Generation As mentioned above, we
use an iterative training strategy to initially generate pseudo
labels to train the mean-teacher network. With confidence
thresholds 0.1 < δ < 0.8 at each iteration, this process helps
to filter low confidence pseudo labels at several levels. In
Table III we compare the performance of the detector when
trained with source-only generated pseudo labels and at each
subsequent iteration of the pseudo-label generation process
for the nuScenes → KITTI domain setting. As observed in
the table, the performance of self-training improves with each
iteration of pseudo label generation. We also compare the per-
formance of the uncertainty aware mean teacher framework
in this setting when trained with each set of pseudo-labels,
with the performance demonstrating a similar upward trend.
It is clear that the mean teacher framework benefits from the
iterative pseudo-label generation, due to the improved quality
of the pseudo-supervision.
Uncertainty-aware supervision In order to examine the
role of uncertainty-aware teacher supervision of the student
network, we compare the Moderate 3D performance of the
mean-teacher framework with and without down-weighing
losses obtained from the variance of the T forward passes
of the network. From Table IV, one can observe that there
is significant performance improvement in most categories of
the explored domain shifts. The mean teacher framework thus
benefits from being made uncertainty-aware, and mitigates
noise in both source-model generated pseudo labels and the
iteratively refined labels.

VI. CONCLUSION

We proposed an uncertainty-aware mean teacher frame-
work for domain adaptive 3D object detection, which im-
proves upon naive pseudo-label based self training methods
through the mitigation of label noise by down weighing
samples the teacher model is uncertain about. We show
improved performance across four domain shift scenarios,
outperforming the improvement demonstrated by recent un-
supervised and semi-supervised domain adaptation methods.
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