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Abstract— Autonomous driving powered by deep learning
requires large-scale, high-quality training data from diverse
driving environments to operate effectively worldwide. How-
ever, collecting and annotating such data is costly and time-
consuming. To address this challenge, active learning methods
have been explored to select the most informative data samples
for training. Nevertheless, most existing methods focus on 2D
tasks and do not fully exploit the value of unlabeled data. In this
paper, we propose a semi-supervised active learning approach
for 3D object detection tasks that leverages the potential of col-
lected data and reduces annotation costs. Our method considers
the 3D consistency of bounding box predictions in both semi-
supervised and active learning processes, thereby improving
the performance of point cloud-based 3D object detection
models. Our framework specifically utilizes self-supervision
to decrease bounding box uncertainties. Moreover, it selects
objects that are either occluded or distant and still exhibit high
uncertainty for annotation even after semi-supervised training
has decreased their uncertainty. Experiments on the KITTI
dataset demonstrate that our semi-supervised active learning
approach selects objects with high measurement uncertainties
and enhances the model’s ability to detect occluded objects.
QOur approach improves the baseline by more than 60% (+17.12
mAP) when using only 1500 annotated frames.

I. INTRODUCTION

Detecting objects in 3D space is a fundamental and
essential task in autonomous driving. Since the performance
of a learning-based 3D detection network depends on large-
sized and high-quality training data, massive human efforts
are required to collect and annotate data. Accordingly, several
active learning approaches have been proposed to select and
label data that is effective for model training to efficiently
reduce the annotation cost.

Active learning approaches either select data points with
high prediction uncertainty of the model [1], [12], [16] or
data samples that are most distant from previously selected
samples for diversity [7], [8], [9]. However, most of these
active learning methods are for image-based 2D classification
and object detection, which has several distinctions from
LiDAR-based 3D object detection for autonomous driving.

First, the number of training data samples for 3D de-
tection is limited compared to 2D tasks, even though the
3D detection task demands a large number of data samples
due to its complexity. The difficulty of collecting and an-
notating 3D data limits the availability of labeled data. On
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this account, active learning may encounter challenges at
the initial training stages, as the number of training data
samples is insufficient, leading to inaccurate measurement
of uncertainty when selecting data. Second, localization
uncertainty plays a more critical role than classification
uncertainty in 3D detection tasks compared to 2D tasks.
Since the number of classes in autonomous driving datasets
is only a few (e.g., KITTI [42] and nuScenes [43] have 3
and 10 classes) compared to image 2D detection datasets
(e.g., Pascal VOC [40] and COCO [41] have 20 and 80
classes), the class imbalance problem is less significant in
3D detection. Also, the number of attributes representing a
2D bounding box is smaller (4DoF: 2D offset, 2D size) than
the 3D bounding box (7DoF: 3D offset, 3D size, rotation).
Therefore, the majority of errors in 3D detection arise from
localization. However, existing 2D-based methods primarily
emphasize measuring uncertainty from classification, given
the significance of ensuring class diversity.

To address the discrepancies between 2D and 3D detection
in active learning, we propose a semi-supervised active
learning method for LiDAR-based 3D object detection that
leverages unlabeled data to overcome data shortage and
accounts for the uncertainty of bounding box regression.
Our semi-supervised active learning is inspired by [21],
which originally targets image-based 2D detection, while
ours focuses on the 3D detection task. We define self-
supervised consistency using diverse input data augmentation
strategies in order to utilize both labeled and unlabeled
samples in the training stage. Furthermore, we introduce an
active selection method that can handle both class and 3D
bounding box uncertainty. The proposed method combines
active learning and semi-supervision from the measurement
of 3D consistency by training the detection model to predict
objects consistently and selecting data with low consistency.
Our method presents a significant improvement of the base-
line on the KITTI autonomous driving dataset.

II. RELATED WORK

Active Learning for 2D Object Detection: Active learn-
ing methods for object detection tasks formulate a scoring
function to measure the importance of each detected object
and aggregate these scores into frame-level. The approaches
are usually divided into either diversity-based or uncertainty-
based approaches based on the objective of the scoring
function. The diversity-based approaches [9], [8] focus on
selecting new and different samples to make the training
set as diverse as possible. However, the diversity-based
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Fig. 1.

Overall framework of our method. The framework consists of two alternating stages of semi-supervised training (green) and active data selection

stage (purple, red). In the first semi-supervised training, the model trains on both labeled and unlabeled datasets by utilizing additional self-supervised loss
to predict 3D boxes consistent with data transformations. In the following active data selection, each unlabeled data is evaluated using the uncertainty in
the model prediction. Unlabeled samples with the highest uncertainties are selected for annotation by humans, which are then used for supervision in the

next training stage.

approaches only consider the data distribution while ignoring
the difficulty of samples.

The uncertainty-based approaches [10]—[16], on the other
hand, focus on selecting samples with the highest uncertainty
in the model prediction by measuring the entropy [34], [11]
or probability of class [10]. These approaches can be catego-
rized into two: single-model-based and multiple-model-based
approaches. ‘Query by Committee’ approach [14] estimates
the uncertainty from the difference in class probability be-
tween feature layers, whereas the learning loss [12] proposes
a loss prediction module that attaches to the feature layers to
predict the training loss that can be used as the uncertainty.
Choi et al. [16] utilizes mixture density networks [33] to
estimate aleatoric and epistemic uncertainties. Even though
single model-based uncertainty approaches show fast infer-
ence time, their performances are inferior to those of multiple
model-based approaches. Multiple model-based approaches
apply perturbations either to the model parameters via Monte
Carlo (MC) Dropout [36] or Deep Ensembles [24], [15]
or to the data via augmentation [13], to generate multiple
predictions on a single frame and calculate predictive un-
certainty on the matched predictions. These multiple model-
based methods generally perform better than single model-
based methods in exchange for computation time or memory.

Semi-supervised Active Learning: Recently, several
works leverage unlabeled data to additionally train the model
in a semi-supervised manner, in classification task [19], [18],
[20], 2D object detection task [17], [21], and segmentation
task [22]. Following the seminal work [19], which introduced
the combining method of semi-supervision and active learn-
ing in text classification, semi-supervised active learning is
adopted in the image domain. In the image classification task,
Gu et al. [20] propose using Local and Global Consistency
for semi-supervised learning. Gao et al. [18] utilized a

perturbation scheme in both the training and data selection
stage to obtain multiple predictions, which allows con-
sistency regularization in semi-supervision and uncertainty
measurement from predicted variance. The recent work in
2D object detection [17], [21] additionally utilizes unlabeled
data for training. MI-AOD [17] trains on unlabeled data via
minimizing and maximizing the discrepancy between class
predictions and selects data using the prediction discrepancy.
Elezi et al. [21] trains via consistency regularization and
pseudo-labeling and select data by defining the multiplication
of entropy and KL-divergence as the class consistency loss
as the uncertainty.

Our work is inspired by [21] to train the 3D object detector
in a semi-supervised manner in the training stage. However,
these methods measure uncertainty from class predictions
which is insufficient for the case of 3D object detection since
uncertainty in regression is more significant than that of 2D
object detection.

Active Learning for 3D Object Detection: There is a
couple of active learning approaches for 3D object detection
tasks [25], [23], [24] that utilize 3D LiDAR point clouds.
Segal et al. [25] simply utilize the entropy to measure
uncertainty but propose using partial labeling and training
to annotate only informative instances. Both [23] and [24]
utilize multiple models by giving perturbation to the model
parameters via ensemble [24], [23] or MC-Dropout [23]
to obtain multiple set of predictions per each data point.
From the matched set of predictions, uncertainties are mea-
sured from class predictions. Schmidt et al. [24] propose
four different uncertainty estimation methods for 2D object
detection, including the uncertainty based on bounding box
overlap. Still, only classification uncertainty of variation ratio
is used for 3D object detection as the proof of concept. Our
uncertainty measurement considers 3D box uncertainty to
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select hard samples, such as objects with high occlusions.
Since 3D box uncertainty of easy samples can be minimized
from self-supervised training, this results in selecting only
objects that require supervision from annotation.

III. METHOD
A. Overview

Our semi-supervised active learning framework consists
of two stages: the semi-supervised training and active data
selection, as illustrated in Fig. 1. In the semi-supervised
training stage, we train the detection model with labeled
and unlabeled data, utilizing consistency regularization. To
achieve this, we fed two augmented data points with stochas-
tic transformations to the model, which enables consistency
regularization and multiple-model-based uncertainty mea-
surement. In the active data selection stage, we evaluate
objects detected by the trained model in terms of entropy and
3D bounding box uncertainty. Subsequently, we aggregate
the uncertainty scores of each frame to obtain a frame-
level score to select frames with the highest uncertainty for
annotation. These two stages iterate alternatively until the
label budget is reached, starting with the randomly selected
initial training set. Our proposed method effectively selects
data samples with high uncertainty for annotation, thereby
improving detection accuracy.

B. Semi-supervised Training

To take advantage of both labeled and unlabeled data
during the training stage, a consistency regularization ap-
proach [26] is adopted for both labeled and unlabeled data, in
addition to the supervision of labeled data. The consistency
regularization makes the model generate consistent predic-
tions when a small perturbation is applied to the input or the
model parameters. To this end, we give stochastic transfor-
mations to input as a perturbation which consists of flipping
along the x-axis, rotation, and scaling with a probability of
F, 0, and «, respectively. After the detection model predicts
3D objects from both the original and transformed input,
predicted 3D objects are matched for consistency calculation
similar to [28].

For the matching, we first apply an inverse transformation
to predictions from transformed inputs so that two original
and transformed outputs are in the same coordinate system.
Afterward, predictions with confidence less than 7., are
filtered to prevent false positives that might damage the train-
ing stability. Then IoU (Intersection over Union) between the
remaining predictions is measured, and pairs with a larger
IoU than a threshold 7,y are considered as a matched pair
for consistency regularization.

For every matched prediction pair, consistency loss Leons
is defined as inconsistency between the class and box pre-
dictions. We define the class consistency loss £ with
Kullback-Leibler (KL) divergence to minimize the difference
between the predicted class probability distributions as:

1
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Fig. 2. Semi-supervised training process. Our method utilizes self-
supervised consistency loss to train on unlabeled data. Each data point is
augmented using stochastic transformations before passing to the model to
predict pairs of predictions per data point.

where P! = {p'}, i € {t,0} denotes class probability of
transformed and original bounding boxes.

For box consistency loss, we use Smooth-L1 £29% to min-
imize misalignment between two predicted bounding boxes.
The aligned set of 3D bounding box B' = {b'}, i € {t,0}
consists of 7 parameters b’ = {x,y,z,w,h,l,r}, where (x,y,z),
(w,h,1), and r denote location, dimension, and orientation.

1 1
‘szé;ls = |BO| ZZ 7sm00thL1 (Se(brvb[)))
b e %)
) (bt b”)_ |8t760| ifee{xayvszvlah} (
T [sin(e' —e°)| if e € {r}.

Once the overall consistency loss L.,,s is calculated
by taking a weighted sum of regression and classification
consistency losses, then the total loss is obtained by adding
the supervised loss Ly,per following CenterPoint [30]:

Leons = M LI+ 2 L

cons

3)
‘Ct()tal = ]Lcsuper + 0'13 Lecons

x" =arg minZeiT (x)Qe;(x) 4)

where A1,A,,A3 are weights to modulate the importance of
each loss term, and 1 indicates the existence of annotation.
Additionally, the weight of consistency loss L.ons is grad-
ually increased by multiplying the sigmoid-shaped ramp-up
function & = e=>(1=7)° as T increases from 0 to 1 linearly
in the earlier training epochs as suggested in [29].

In the case of the unlabeled data, we use only consis-
tency loss to train the model since annotations to compute
supervised loss are unavailable. We stack both labeled and
unlabeled data points into mini-batches with a ratio of 1: N,,.
We apply only a flip transformation to the unlabeled data
points to ease the perturbation and increase the probability
of matching.
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TABLE I
COMPARISON OF ENTROPY (H) AND MUTUAL INFORMATION (MZ).

Probability of each class

Y V-
car  ped.  cye. HP)  HE)  MIFp)
p | 001 098 001 | 01614
p’ ‘ 001 001 098 | 01614 10708 0909
P | 032 035 033 | 15839
p’ ‘ 033 033 034 | 15843 847 00003

C. Active Data Selection

In the active data selection stage, the informativeness of
each data point in the unlabeled pool has to be evaluated. To
this end, we measure the uncertainty between prediction pairs
that are matched in the previous section. The difference from
the training stage is that only the flip operation is applied
to the transformed input with 100% probability to keep
the transformation fixed for evaluation. Considering the fact
that the performance of LiDAR-based 3D object detection
depends on localization error than classification error, we
measure the 3D bounding box uncertainty in addition to the
class uncertainty.

For measuring the class uncertainty, we first examine the
entropy and mutual information used in [23], which are
expressed in (5) and (6), respectively. The p. refers to the
class probability distribution of class c.

_ o 1 ;
H(p) = _chlogpca where P.= 5 Z Pc 5)
c ie{t,o}

1 ;
MI@p'.p°)=HD) -5 Y H() (6)
ie{t,0}

As shown in Table I, entropy and mutual information
quantify different types of uncertainties. The first two rows
show the case where two predictions are very confident
but highly disagreed, and the others are the case where
two predictions are less confident and yield similar class
distributions. The mutual information captures the amount
of disagreement between two predictions but fails to find
predictions with low confidence. In contrast, the entropy can
measure the lack of confidence in each prediction and capture
the disagreement of matched pairs by taking an average of
the two predictions. Therefore, we employ the entropy of
matched predictions as class uncertainty measurement.

For the 3D bounding box uncertainty, we apply the loss-
based uncertainty. Since the 3D center position or orientation
errors come from a tricky situation, such as object occlusion
or sparsity of point cloud, significant bounding box errors
represent difficult samples. Therefore, loss-based 3D bound-
ing box uncertainty effectively selects data for 3D object
detection. For simplicity, we reuse training loss defined in
(2) as the 3D bounding box uncertainty. The total uncertainty
is defined as the multiplication of the two uncertainties.
After obtaining the final uncertainties of detected objects,
we aggregate uncertainties of the objects in each frame into
frame-level by taking the sum. The frames with the top N
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{ Transform —|
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Fig. 3. Active data selection process. Following the perturbation scheme
in the training stage to obtain multiple predictions per data, we evaluate
the uncertainty of each prediction by measuring the difference between the
matched predictions. After aggregation of the object-level uncertainties, we
select the frames with the highest uncertainties for annotation.

highest uncertainties are selected for labeling and used for
supervised training in the following cycle as illustrated in
Fig. 3.

IV. EXPERIMENTS
A. Implementation Details

We tested the proposed semi-supervised active learning
framework on the KITTI 3D object detection dataset [42].
Following 3DOP [32], we split the training set containing
7,481 frames into train and validation splits of 3,712 and
3,769. We regard the training set as unlabeled even if the
annotations exist unless selected at the selection stage. We
start by randomly selecting 300 samples and adding 300 new
ones at every active learning cycle until 1,500. We measure
the detection performance at each active learning cycle using
3D mean Average Precision (mAP) of three classes (car,
pedestrian, and cyclist) with moderate difficulty.

We used CenterPoint [30] as the baseline detector and
discarded GT-AUG strategy [31] to eliminate the effect of
using pre-labeled annotation. The network is trained for 40
epochs by an AdamW optimizer with a one-cycle learning

TABLE I
HYPER-PARAMETERS OF THE IMPLEMENTATION.

Training stage Selection stage

F 0.5 1.0
Augmentation 0 45 0
a 0.05 0
. Teonf 0.1 0
Matching oy 0.25 0.25
A 1 -
Consistency A 20 -
3 4 -
Unlabeled N, | 1 -
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TABLE III
COMPARISON OF UNCERTAINTY MEASUREMENTS ON ACTIVE LEARNING.

Cveles Number mAP (the higher is better)
y of Frames Random Entropy [10] Ensemble [23] Ours (w/o SSL) | Ours

1 300 7.96 +0.78 7.85 +£1.96 8.90 +£1.37 8.75 £0.71 10.66 £1.10

2 600 14.26 +1.37 18.24 +2.05 18.28 £1.30 21.31 £0.46 29.33 £3.04

3 900 20.58 £0.65 26.39 +0.80 28.36 £1.53 29.58 +0.67 37.29 +1.54

4 1200 24.79 £1.04 30.13 +0.58 33.45 £0.94 32.87 +1.24 40.71 £1.75

5 1500 27.68 £0.75 33.76 +£0.54 34.70 £1.53 35.27 +0.38 44.80 £1.16

TABLE IV
ABLATION STUDY OF THE PROPOSED METHODS.
Uncertainty Consistency mAP (the higher is better)
Class 3D Box Dt DY 300 (Cycle 1) 600 (Cycle 2) 900 (Cycle 3) 1200 (Cycle 4) 1500 (Cycle 5)

7.96 +0.78 14.26 +£1.37 20.58 +0.65 24.79 £1.04 27.68 +£0.75
v 9.70 +0.80 19.76 £1.59 27.30 £0.94 31.34 +1.70 34.64 +0.71
v v 10.23 +1.32 23.03 +0.21 29.96 +1.87 32.11 +1.27 38.61 +£2.35
v 8.16 +£0.73 18.82 +2.04 25.11 £2.20 31.27 £1.41 33.98 +£1.47
v 8.35 +0.98 21.90 £1.18 28.63 £1.41 31.13 £0.61 35.04 £0.96
v v 8.75 +£0.71 21.31 £0.46 29.58 £0.67 32.87 £1.24 35.27 £0.38
v v v v \ 10.66 £1.10 29.33 £3.04 37.29 +1.54 40.71 £1.75 44.80 £+1.16

rate policy, with a max learning rate of 0.001, weight decay
of 0.01, and momentum of 0.85 to 0.95. We conducted all
experiments on an Intel Xeon Gold 5220 CPU and three
Tesla V100 GPUs. We set the hyperparameters defined in the
previous section as Table II. For training stage in Sec. III-B,
we follow the augmentations proposed in CenterPoint [30]
for transformation parameters {F,0,a}. At the selection
stage in Sec. III-C, only the flip augmentation is applied
with 100% probability while discarding others. For matching,
we set Teony to filter objects with low confidence to 0.1 at
training and O at selection, regarding the greater sensitivity
of self-supervised training to false positives than uncertainty
estimation. We set the 7T.,s for both the training and
selection stages to consider small object classes fully. We
empirically find that hyper-parameters in Table II help stable
and effective convergence in our experimental setting.

B. Comparisons with Active Learning Methods

To show the effectiveness of our joint semi-supervised
active learning, we compare the performance with the previ-
ous methods in Fig. 4. Random refers to the model trained
without active learning, where each frame is selected ran-
domly. The entropy [10] measures the Shannon Entropy [34]
of the single model’s class probability distribution. The
ensemble [23] uses ensembles of models to obtain multiple
predictions and measure the entropy and mutual information
of the matched predictions. In implementing the ensemble
methods, we set the number of ensembles as two to keep
the number of multiple predictions the same as ours. We
also include the result without using consistency loss for a
fair comparison with the baselines so that the only difference
is the selected training data. As shown in Fig. 4, our method
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—I— Ours (w/o SSL)
—I— Ours
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1200
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900

Number of labeled frames
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Fig. 4. 3D object detection performance at each active learning cycle with
different uncertainty measurements. (Best viewed in color)

outperforms other methods from the initial cycle to the
last cycle. Specifically, our method with semi-supervision
achieves better performance than the ones without, which
means semi-supervision can boost detection performance in
the 3D object detection task. Even without semi-supervision,
our approach (Ours w/o SSL) achieves higher performance,
especially at the initial cycles, due to taking advantage of
3D bounding box uncertainty.

C. Ablation Study

We conduct an ablation study to show the effect of each
proposed component on the KITTI Val set as shown in Table
IV. We compare the performance of each method in the
second cycle and the last cycle to show the effect of the first
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Fig. 5.
method. Blue and green boxes denote ground truth and prediction, respectively.

and last actively selected data. For a fair comparison and to
reduce the performance fluctuation by training randomness,
we train and evaluate each model three times with different
initial data and report the mean and standard deviation. Note
that the oracle performance trained supervised on full train-
ing split without GT-AUG yields 40.65 (£+1.68) mAP. The
uncertainty column shows which uncertainty measurement
is used in active data selection in section III-C, and the
consistency column refers to the use of consistency loss
on labeled data (DY) and unlabeled data (DY) explained in
section III-B.

The first three rows are models trained without active
learning that select data randomly, from which we can
observe the effect of consistency loss. Adding consistency
loss to the training improves the detection performance, even
using only labeled data. Conversely, the following three rows
are models trained without consistency loss that show each
uncertainty measurement’s effect. Comparing the result of
class and 3D box uncertainty, we notice that using 3D box
uncertainty shows better performance, especially at the initial
selection when class distribution is most imbalanced. It is
because when using the class uncertainty, objects of less
frequent class tend to have much higher uncertainty than
vehicles. Also, by observing the standard deviation, we find
that class uncertainty has a much higher variance since it
relies on the randomly selected initial training set. On the
other hand, 3D box uncertainty selects objects that are hard
to predict boxes, such as occluded vehicles. When combining
class and 3D box uncertainties, performance at the initial
stages slightly decreased due to the class imbalance but
increased as the class distribution balances.

The last row displays the performance of our pro-
posed semi-supervised active learning approach. Our method
outperformed the baseline model by 17.12%, the semi-
supervised model by 6.19%, and the active learning model
by 9.53%. These results demonstrate that active learning and

Visualization of detection results on KITTI validation set. In each case, the left is the baseline result, and the right is the result of the proposed

semi-supervised learning mutually benefit each other.

D. Qualitative Results

We visualize the detection results of the proposed method
and baseline (random sampling without consistency loss) at
the last cycle to show how semi-supervised active learning
can improve the 3D detector. Fig. 5a shows that our method
improves the detection performance of distant and highly
occluded objects. These highly uncertain samples are more
likely to be sampled in the following cycle and improved by
active learning. Moreover, object confidence and localization
become more accurate with the help of semi-supervision, as
shown in Fig. 5b. Interestingly, the model trained using our
approach detected objects with no annotation due to high
truncation and low point density correctly in Fig. Sc.

V. CONCLUSION

In this research, we presented a joint semi-supervised
active learning method for LiDAR-based 3D object detection
that can leverage both labeled and unlabeled data and take
3D box uncertainty into account. We utilize semi-supervision
in the training stage to take full advantage of available data
points regardless of annotation, which allows the trained
model to measure more informative uncertainty in the active
data selection stage. Moreover, we also proposed measuring
uncertainty in the 3D bounding box predictions to make
the model can select samples challenging to detect, such as
objects with a high measurement uncertainty of occlusion
or point sparsity. We demonstrated our approach using the
KITTI dataset to show that using 3D consistency for both
training and data selection, the trained model can detect ob-
jects with high occlusion or low point density. In future work,
we plan to evaluate our approach using other datasets such as
nuScenes [43] and Waymo Open [44] and explore different
semi-supervision strategies such as self-ensemble [27]—[29].
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