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Abstract—The spatial information provided by 3-D object
detection is critical for autonomous driving. Although visual-
based object detection has made significant progress in
2-D/3-D in recent years, nonvisual sensors such as 3-D light
detection and ranging (LiDAR) still have inherent advantages
in the accuracy (ACC) of object localization. However, the
challenge still lies in the interpretability of the sparse point
clouds it generates and the difficulty of being manually
annotated. In this article, we propose an online transfer
learning framework based on multimodal sensor systems
for 3-D object detection of urban road participants including
pedestrians, cyclists, and cars. The framework aims to auto-
matically and efficiently transfer object detection capabilities
from 2-D monocular camera to 3-D LiDAR through a multitarget tracker-based pipeline, enabling knowledge transfer
between sensors of different modalities. Furthermore, online random forest (ORF), an inherently fast and multiclass
learning method, is innovatively integrated into our system. Experiments on two very different datasets, including
KITTI and Waymo, demonstrate that the proposed framework not only rapidly builds 3-D detection capabilities about
road participants in a single dataset but also maintains this capability across datasets. This reveals that the proposed
framework is particularly suitable for in situ deployment of unmanned vehicles and can also solve the problem of
insufficient generalization ability of current offline-trained detectors.

Index Terms— 3-D object detection, autonomous driving, light detection and ranging (LiDAR), multimodal perception,
online machine learning.

I. INTRODUCTION

OBJECT detection is an essential part of environment
perception for autonomous driving, which can be further

used for other tasks such as obstacle avoidance, trajectory
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prediction, and social behavior analysis. In recent years,
significant breakthroughs have been made in visual-based
object detection methods, which can provide 2-D bounding
boxes in images to determine the location and corresponding
category of different objects [1], [2]. Although these 2-D
information allow us to better understand the environment,
it is far from sufficient for reaching autonomous driving in
the real world. 3-D information such as the length, width,
height, and deflection angle of objects is expected, which
can provide more comprehensive environmental awareness for
subsequent vehicle path planning and control strategies. The
3-D information can be estimated using multiple cameras [3],
[4], [5]; however, the perception accuracy (ACC) based on
this scheme is limited and inevitably affected by lighting
conditions.

The application of 3-D light detection and rangings
(LiDARs) in autonomous driving has been growing dramat-
ically over the past ten years [6]. An important specification
of this type of sensor is the ability to provide precise, long-
range, and wide-angle distance measurements, and compared
with visual sensors, LiDARs are robust to lightness variance.
However, object detection in LiDAR scans can be very chal-
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lenging, because the representation of the sensory data to the
entire environment is merely a set of sparse points without
easy-to-learn color and texture features. More challenging,
in response to the changes in the environment [7], [8] and
different environments [9], [10], a feature-based classifier
usually needs to be fine-tuned or even retrained to achieve
acceptable performance in new scenarios. An approach to
eliminate this dilemma is to train a generalized classifier.
However, this requires a considerable amount of annotated
data usually associated with high labor and machine costs.
As for 3-D LiDAR data, labeling sparse points is tedious work
and prone to human error, in particular if many variations in
object pose, shape, and size need to be correctly classified.

Therefore, for both industry and academia, on one hand,
it is necessary to save people from tedious data annotation and
repetitive supervised training, and on the other hand, it is nec-
essary for vehicles to have the ability to learn autonomously
and continuously to adapt to most environmental changes,
while human intervention is only required in rare edge cases.
In this article, we propose a framework that can simultane-
ously satisfy the above two requirements by extending our
proven online robot learning approach [11] to autonomous
driving. The framework empowers the vehicle to efficiently
and autonomously learn a high-performance 3-D LiDAR-
based object detector in its deployed environment in a short
period of time for 3-D detection of road participants including
pedestrians, cyclists, and cars. In the field of autonomous
driving, the environment in which vehicles operate is usually
complex and changeable, which poses a huge challenge to the
perception models based on offline learning (such as statistics).
The online method updates the model by learning new samples
in a timely manner and allows the model to be used while
being trained, so as to adapt to the changes in the environment
and different environments, thereby improving the long-term
autonomy of the vehicle [12].

A conceptual diagram of our proposal is shown in
Fig. 1. The core idea is to enable hard-to-learn point
cloud-based detectors to benefit from off-the-shelf mature
image-based detectors through an online knowledge transfer
pipeline. Specifically, the point cloud generated by the
3-D LiDAR is first segmented into clusters, ideally each
cluster corresponding to an object shown in the point cloud.
Then, an online learning classifier (online random forest
(ORF) [13]) makes probabilistic estimates of the categories
to which these clusters belong. At the same time, an off-
the-shelf detector is applied to the 2-D image generated by
the camera to obtain the 2-D bounding boxes of the objects
and their class confidence shown in the image. Afterward,
the results from the detectors of different modalities are
correlated using the defined calibration matrix between
different sensors. Clusters with object class probabilities in
different frames are associated by the multitarget tracker into
their motion trajectories, and the probabilities of trajectories
are computed to determine which object class they (and thus
the corresponding clusters) belong to. Finally, these labeled

Fig. 1. Conceptual diagram illustrating the transfer learning process
from images to point clouds. Initially, the detection outputs of the same
object, including the detection of a pretrained visual-based 2-D detector
(shown in green) and the detection of a nonvisual detector (shown in
blue), are matched based on the spatial relationship of the objects in
the scene. Subsequently, the detections in different point cloud frames
are correlated using a multitarget tracker. The trajectories generated by
the tracker (shown in orange) are probabilistically estimated to generate
labeled samples required for online learning. Finally, a classifier is
trained using ORF with the generated training samples, improving the
object detection in 3-D space and forming a closed-loop system. This
learning process is iterative.

clusters are input as training samples to the ORF for learning.
The learning process iterates continuously with time and
space changes and finally converges and remains stable.

This article is an extension of our previous work [14] and
includes the following new contributions.

1) We provide a formal problem description on infor-
mation fusion and further elaborate on the proposed
online transfer learning framework, incorporating spatio-
temporal association and closed-loop detection.

2) In the specific implementation, the output of the online
learning detector becomes the input of the framework at
the same time, truly realizing the “learning while using”
as a closed-loop system.

3) We provide comprehensive experimental analyses, espe-
cially: 1) extending the evaluation of the object clas-
sification performance of the online learning detector
in the previous paper [14] to the overall detection
performance based on multisensor fusion detection and
evaluating the collaborative detection performance of
multimodal detectors; 2) evaluating our framework using
the test set provided by KITTI and submitting the
experimental results to the KITTI benchmark suite for
community comparison; and 3) conducting cross-dataset
(i.e., across-environment) experiments to evaluate the
online adaptability of our proposed framework.

The remainder of this article is organized as follows.
Section II gives an overview of related work, in particular on
3-D object detection and online machine learning. Section III
formalizes the problem we studied. Then, we introduce our
online learning framework in Section IV and the implementa-
tion details in Section V. Section VI provides a comprehensive
experimental evaluation of the proposed framework. Finally,
conclusions and future research are discussed in Section VII.
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II. RELATED WORK

A. 3-D Object Detection
3-D object detection based on visual sensors has made

great progress in recent years, thanks to the improvement
of hardware computing capabilities and the development of
software and algorithms, especially the great success of deep
neural networks [3], [4], [5]. However, suffering from the
limited ability of visual sensors to obtain reliable poses of
objects and their sensitivity to lighting conditions, researchers
have also been actively exploring detection methods based on
other nonvisual sensors. For instance, Dequaire et al. [15] used
a recurrent neural network (RNN) to capture the environment
state evolution perceived by two 3-D LiDARs and trained
a representation model in an unsupervised manner and used
it to help self-driving cars detect and track the surrounding
road participants. Chen et al. [16] proposed a method for
segmenting moving objects in 3-D LiDAR point clouds and
automatically generating their labels. The method uses a
multitarget tracker to generate trajectories of moving objects to
improve offline coarse detection results. Majer et al. [17] paid
attention to the low performance of camera- and LiDAR-based
detection in foggy conditions and proposed to use millimeter-
wave radar and developed a pedestrian detector based on the
support vector machine (SVM).

However, sensors of different modalities have their own
strengths and weaknesses [7]. Relying solely on a single
perception modality does not meet the needs of autonomous
driving, especially in terms of safety. Therefore, multimodal
sensor perception schemes are considered promising, and data
fusion of different modalities has been extensively studied.
For instance, González et al. [18] explored the fusion of RGB
images generated by a monocular camera with point clouds
generated by a 3-D LiDAR and trained a random forest (RF)
for each view, and then combined all the RFs into a final
ensemble for pedestrian, cyclist, and car detection. Based on
the same sensor combination, Qi et al. [19] proposed to first
generate 2-D object region proposals in RGB images, then
extrude each 2-D region into a 3-D frustum to obtain the
point cloud within the frustum from 3-D LiDAR data, and
finally apply the PointNet [20] to estimate the 3-D bounding
boxes from the points in the viewing frustum. This method
is similar to ours in knowledge transfer, namely, from RGB
camera to 3-D LiDAR. The main difference is that the former
only uses instantaneous spatial information (i.e., detection),
while we consider both spatial and temporal information
(i.e., trajectories).

B. Online Machine Learning
The methods mentioned above are all offline learning

methods except [17]. Offline learning requires the data to be
complete and usually uses a considerable amount of manu-
ally annotated data to train a globally optimal model while
allowing human intervention (such as fine-tuning training
parameters and retraining the model). Moreover, the trained
model does not change after being deployed on the agent.
In contrast, online machine learning means that the agent
can spontaneously and automatically update the knowledge

model over time, which does not contain assumptions about
complete data, annotated data, human intervention, etc. [12].
Pioneering work in this area dates back more than two decades,
and Thrun [21] advanced the idea that mobile robots should
be capable of lifelong learning. In recent years, with the
rapid development of various related technologies including
hardware and algorithms, research on online learning for
mobile robots has become more and more extensive [11], [17],
[22], [23], [24], [25]. Among them, Teichman and Thrun [22]
presented a semi-supervised learning method based on the
expectation–maximization (EM) algorithm for the object tra-
jectory classification problem in 3-D LiDAR data and showed
that the learning of detection capabilities for dynamic objects
can benefit from multitarget tracking systems. The proposed
learning starts with a small set of hand-labeled seed trajectories
and a large set of background trajectories precollected in
areas free of any pedestrians, cyclists, or cars. In contrast,
our research further focuses on in situ learning in the absence
or with incomplete background knowledge, i.e., background
samples are discriminated online as the model learns. In situ
learning primarily focuses on training models directly on
the target device or system, using local resources and data.
The emphasis is on capturing the specific characteristics and
context of the deployed environment. While online learning
is a broader concept that encompasses the dynamic update of
models as new data arrives, regardless of whether the training
occurs on the target device or remotely.

On the other hand, ORF [13] is a method worth mentioning
considering the simultaneous requirements of fast learning and
multiclass classification for autonomous driving. It combines
the idea of online bagging and extreme RF and proposes an
online decision tree growth strategy, making the performance
of online RF converge to that of offline RF.

C. Discussion
Through our investigation of the existing work, there is

currently no effective way for a vehicle to efficiently and
autonomously learn and update its detection model for road
participants, especially dynamic objects. This need is par-
ticularly pronounced for 3-D LiDAR, which is commonly
used in autonomous vehicles. Using transfer learning [26] can
improve the learning process of a target predictive function by
leveraging knowledge from a source domain and learning task
for a target domain. The goal is to adapt the model to the target
domain and task so that it generalizes well and performs better
in the target setting. Transfer learning is often used offline
when a sufficient amount of labeled data is available in both
the source and target domains. In contrast, the online transfer
learning approach is particularly useful when there is a lack of
labeled data in the target domain or when the target domain is
subject to changes over time. The choice between offline and
online depends on the availability of labeled data, the nature of
the target domain, and the specific requirements of the learning
task.

An intuitive idea in our exploration of online transfer
learning for mobile robots is to use visual sensors to train
nonvisual sensors. The latter is learning in a self-supervised
manner using unlabeled data with the assistance of annotations
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from the former. The whole learning framework can be for-
malized as an online transfer learning paradigm. The reason
for integrating ORF into our learning framework is that RF
is inherently fast in training, suitable for multiclass learning,
and easy to explain, which are in line with the expectations
of the academic and industrial circles for autonomous vehicle
components.

III. PROBLEM FORMULATION

A. Online Transfer Learning
According to [26], transfer learning can be formalized as

follows. Given a source domainDS and learning task TS , and a
target domain DT and learning task TT , transfer learning aims
to help improve the learning of the target predictive function
fT (·) in DT using the knowledge in DS and TS , where DS ̸=
DT , or TS ̸= TT . In the context of our research, a well-trained
detector di detects an object xi , denoted as W = (xi , li , di ),
where li ∈ L is the label provided by di , which forms a labeled
set representing the results of learning task TS . In addition,
the same object xi could also be detected by another detector
such as d j using a different data source (i.e., target domain
DT ), but without a credible label (since d j is not well-trained),
resulting in U = (xi , l j , d j ), where l j = ∅. This set U is
referred to as an unlabeled set, representing the promotable
results of learning task TT , where l j ∈ L is a set of labels
that need to be learned. The objective is to learn a detector d j

online f :U
W
−→ L from the relationship between the labeled

set Wx and the unlabeled set Ux .

B. Information Fusion
We further formalize f :U → L as an information fusion

problem. Let Y denote the detections generated by a finite set
of detectors D = {d1, d2, . . . , dn} that continuously process
sensory data of various modalities such as point clouds, laser
scans, and images over time. Let X be all the objects that
can be detected by the detector in the environment, then each
detection y can be defined as follows:

yd
t = (xi , l, b, d, t) ∈ Y (1)

where xi indicates the object detected at time t by detector d in
which xi ∈ Xd , and l and b denote the classification posterior
about xi given by detector d and its coordinates with respect
to the sensor as the reference frame, respectively. The fusion
of information extracted from different sensory data can thus
be formalized as

n
∩

p=1,p ̸=q
{xi } = Xdp ∩ Xdq (2)

which represents an intersection of multiple detection of the
same object xi by different detectors.

IV. GENERAL FRAMEWORK

Following the formulation of the target problem, the pro-
posed online transfer learning framework is shown in Fig. 2.
It consists of four modules including an off-the-shelf detector
(Doff), a learn-by-use detector (Dlearn), a multitarget tracker
(Tmulti), and a sample annotator (Asample). Doff refers to a

Fig. 2. Block diagram illustrates the overall framework of online
transfer learning. The dotted line indicates that detection and confidence
provided by learn-by-use detector will be further refined and learned
online over time from the help of off-the-shelf detector.

Fig. 3. Schematic of the working principle of the sample annotator. The
squares represent one detector and the circles represent the other.

pretrained detector with high confidence. It can be further
embodied as a visual sensor-based object detector in the
context of this article. Dlearn refers to the detector that needs
to be learned online without human intervention. It is used
as it learns and is continuously refined over time under the
supervision of Doff. It can be embodied as a nonvisual sensor-
based detector.

Tmulti plays a key role in the framework, which spatio-
temporally correlates detections from various detectors and
actually builds a pipeline of knowledge output from Doff to
Dlearn. Its working principle can be formalized as

Trackxi =



yd1
t−m · · · yd1

t · · · yd1
t+n

...
. . .

...
. . .

...

ydi
t−m · · · ydi

t · · · ydi
t+n

...
. . .

...
. . .

...

ydk
t−m · · · ydk

t · · · ydk
t+n


xi

. (3)

The trajectory consists of the same object xi at different times
ti 1 and there exist possible k ∈ R+ detectors that may be
using different modalities of sensor data. Furthermore, the no-
detection output is also a receivable message indicating that
“detector d works at time t , but no object xi is detected.”

Asample estimates in real-time the class of each object
track—in fact, all the object samples on this track—and then
labels them and feeds them to Dlearn for online learning.
A visualization of the working principle of Asample is shown
in Fig. 3. Specifically, given an object track containing time-
series detection samples from different detectors, the object

1The m and n in the equation refer to different time instances.
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Fig. 4. Detailed system block diagram of efficient online transfer learning for object detection based on multimodal perception. The RGB image is
fed to an off-the-shelf visual detector to get the bounding box of the object in the 2-D image and its probability of belonging to an object. At the same
time, the point cloud generated by 3-D LiDAR is ground-filtered, segmented into different clusters and then sent to the multitarget tracker. In the
latter spatial association, the 3-D bounding boxes of the clusters are projected into synchronized 2-D image frames to match the visual detection.
The clusters are then input to a temporal association module to generate object trajectories. Next, the sample annotator estimates the probability
that the trajectory belongs to a certain class, so as to determine the labels of all the samples on the trajectory, which is used for online learning
of the learn-by-use detector. The green line represents detection, and the blue line represents learning, which together constitute the closed-loop
structure of online learning.

can be detected by one or more detectors at any time t and
the confidence of the category to which the object belongs
is given at the same time. The labels of all the samples on
the track are determined by fusing the confidences of all the
samples. The samples provided by Dlearn are sent back to itself
for learning. The samples provided by Doff will be given final
labels.

To be more specific, the learning process is initialized by
Asample, which will analyze the confidence of the objects on the
whole track considering both Ww and Uu , and estimates the
examples that are correctly or incorrectly classified to form
the training set. Then, the training set is given to the classifier
for training, i.e., the estimation of initial model θ0. After that,
the learning process proceeds in an iterative bootstrap way.
In iteration k, the classifier trained in the previous iteration
classifies the entire unlabeled set

lk
u = f (u|θk−1), u ∈ Uu . (4)

These examples are added to Asample and the labels are
changed. At the end of the iteration, the classifier is retrained,
i.e., θk is reestimated. This process is repeated until con-
vergence or other stopping criteria. The key element of
online transfer learning is Asample’s estimation of object
categories, and independent estimation of detection from dif-
ferent modality data allows their errors to be compensated.
The performance of the learned classifier in the detector is
assisted by auxiliary annotation provided from other detectors
to learn from scratch in the processing of continuous data
streams online. Meanwhile, the learned classifier is evaluated
in each frame of the data stream, its errors are identified,
and it is updated online to avoid the same errors in the
future.

V. IMPLEMENTATION

In this section, we describe a concrete implementation based
on the proposed general framework. On the one hand, this
implementation is to solve the problem that 3-D LiDAR data
are difficult to manually annotate in autonomous driving, and
on the other hand, it enables 3-D LiDAR-based detectors to
cope with environmental changes, across different environ-
ments or even long-tail problems. The implementation is fully
based on ROS with a very high degree of modularity using
C++ and Python mixed coding, which is publicly available to
the community. The detailed module diagram of the proposed
system is shown in Fig. 4, and each block will be introduced
one by one below.

A. Off-the-Shelf Detector
The off-the-shelf image detector is based on the state-of-

the-art deep learning methods to guarantee its detection per-
formance. The detector detects cars, cyclists, and pedestrians
in the 2-D image and outputs their 2-D bounding boxes and the
corresponding detection confidences (i.e., categories and pre-
diction scores). To strike a balance between the ACC and the
real-time performance of the detector, we conducted compre-
hensive tests using three widely recognized methods including
YOLOv3 [2], Faster R-CNN [1], and EfficientDet [27]. These
methods were evaluated on the KITTI dataset [28]. The results
are shown in Table I. The detailed configurations of training,
validation, and test sets are given in Section VI.

Table I shows the time required for single-frame processing
and the mean average precision (mAP) for three classes of
object detection using different methods. It can be seen that
YOLOv3 runs the fastest among the three, but the precision of
detection is limited. Faster R-CNN achieves the best detection
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TABLE I
PERFORMANCE EVALUATION OF THREE DEEP-LEARNING-BASED

2-D DETECTORS

results, but at the expense of execution speed. EfficientDet
strikes a good balance between the two metrics.

B. Learn-by-Use Detector
The detector that requires online learning adopts a pipeline

structure instead of end-to-end because the former has better
explainability and thus is more in line with the industrial
needs of autonomous vehicles. In particular: 1) point clouds
produced by 3-D LiDAR are first passed through a filter to
remove the ground; 2) the filtered points are then segmented
to generate distinct clusters; 3) next, feature extraction is
performed on those clusters labeled as objects of interest; and
4) finally, the feature vector is sent to the online classifier for
learning. Below we describe these four modules in detail.

1) Ground Filtering: Ground filtering can effectively reduce
the burden of subsequent calculations and also improve the
ACC of point cloud segmentation. Commonly used methods
include thresholding [23] and fitting [29]. The former is simple
to calculate and is suitable for flat ground or horizontally
installed LiDAR. The latter is relatively complex in calculation
but more robust to various terrains and sensor installation
angles. The ground plane fitting (GPF) method proposed
in [29] is adopted in our system. The method first divides
the point cloud into segments evenly along the x-axis (vehicle
driving direction). Then for each segment, a set of seed
points with low height values are deterministically extracted
to estimate the initial plane model of the segment’s ground
surface. This model is used to evaluate each point in the
segment and generate the distance from that point to the ortho-
graphic projection on the candidate plane. Next, this distance
is compared with a predefined threshold to determine whether
the point belongs to the ground or not. Points belonging to
the ground are used as seeds for a refined estimate of a new
planar model, and the process is repeated a limited number of
times. Finally, the entire ground is generated by concatenating
the ground points extracted from each point cloud segment.
Fig. 5 shows an example of removal results.

2) Point Cloud Segmentation: The clustering method pro-
posed by Autoware [30] is used to segment the filtered point
cloud. As input to this module, the nonground point cloud is
defined as a set of I points

PC =
{
pci |pci = (xi , yi , zi ) ∈ R3, i = 1, . . . , I

}
. (5)

To ease the computational burden of clustering, these points
are first projected from 3-D to 2-D

PC′ = λPC, λ = (1, 1, 0). (6)

Clustering is then performed on PC′, and a cluster is defined as

C j ⊂ PC′, j = 1, . . . , J (7)

Fig. 5. Schematic of ground filtering. On the left is the original point
cloud, and on the right is the result after using GPF. It can be seen that
most of the points belonging to the ground are removed, and a small
number of distant points representing slopes still exist.

TABLE II
FEATURES FOR CLASSIFIER TRAINING

where J is the total number of clusters, and

C j ∩ Ck = ∅, for j ̸= k, if min∥pc j − pck∥2 ≥ dis (8)

where the sets of points pc j , pck ∈ PC′ belong to the point
clusters C j and Ck , respectively, and dis is a Euclidean
distance threshold. Finally, a volume filter is used to filter
out those clusters that are too large or too small

C =
{
C j |Lmin ≤ len j ≤ Lmax

Wmin ≤ w j ≤ Wmax, Hmin ≤ h j ≤ Hmax
}

(9)

where l j , w j , and h j , respectively, represent the length, width,
and height of the smallest cube2 containing C j . This filtering
removes most background objects and thus improves the
efficiency of subsequent modules in the pipeline.

3) Feature Extraction: Six features (a total of 61 dimensions,
as shown in Table II) are extracted from the clusters for the
next step of classifier training. The set of feature values of each
sample C j forms a vector f j = ( f1, . . . , f6). Features from
f1 to f4 were introduced by Navarro-Serment et al. [31], while
features f5 and f6 were proposed by Kidono et al. [32]. The
selection of these features is mainly based on the needs of
real-time perception and lightweight on-board computing for
autonomous driving [24]. For the performance comparison of
each feature, refer to [24], [31], and [32].

4) Online Classifier: The ORF method [13] is applied for
online classifier learning. Compared with the SVM used in
our previous work [11], RF has the inherent advantages of
fast training speed and support for multiclassification. The
classic RF algorithm uses batch training to generate decision
trees based on global data, which does not meet the needs of
online learning. In contrast, ORF proposes an online decision
tree growing procedure where when to split a node depends
on: 1) whether there are enough samples in the node to have

2In our experiments, L = [0.1, 5.5], W = [0.1, 5.5], H = [0.3, 5.5].
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robust statistics and 2) whether the split is good enough for
classification purposes. This idea is further concreted as

|R j | > α ∧ ∃s ∈ S : △L
(
R j , s

)
> β (10)

where α is the minimum number of samples a node needs
observe before splitting, β is the minimum gain the split needs
to achieve, R j is a decision node, and △L(R j , s) is the gain
of node j with respect to the test s, which is measured as

△L
(
R j , s

)
= L

(
R j

)
−

∣∣Rjls
∣∣∣∣R j
∣∣ L

(
Rjls

)
−

∣∣Rjrs
∣∣∣∣R j
∣∣ L

(
Rjrs

)
(11)

where Rjls and Rjrs are the left and right partitions based on
s. Obviously, the idea is to find the test with the highest gain
as a node splitting decision

s j = argmaxs∈S△L
(
R j , s

)
. (12)

Furthermore, on the basis of the original ORF, we added
support for streaming data, mini-batch learning, and real-time
model storage. For more details, refer to our released code.

C. Multitarget Tracker
1) Spatial Association: In our general framework, the mul-

titarget tracker is designed to loosely connect detectors
to achieve multisource information fusion. In the field of
autonomous driving, the calibration between the various sen-
sors and the hard synchronization of the data they generate
are currently two of the de facto standard operations. Based on
this fact and to maximize the performance of the implemented
system, the 3-D detection bounding box in the point cloud is
therefore first projected to the 2-D image and then compared
with the native 2-D detection bounding box by measuring the
intersection over union (IoU)3 to determine whether they are
different detections of the same object. If so, the detections
should be associated. This step can be regarded as the fusion
of spatial information at time t . Followed is a pseudocode
describing the spatial association algorithm.

Algorithm 1 Spatial Association at Time t

Input: Detected objects in image {O}, Clusters {C} and IoU
threshold θiou

Output: Annotated clusters {C}
1: for each cluster C i in C do
2: Project C i to 2D space in image as Project i
3: while there exists an object O j ∈ {O} do
4: if I OU (Obbox , Project i ) ≥ θiou then
5: let θiou ← I OU (Obbox

j , Project i ).

6: let C
label
i ← O label

j .
7: end if
8: Remove O j from {O}.
9: end while

10: end for
11: Return the clusters as {C}.

3In our experiments, we required an IoU of 0.7 for cars, and an IoU of
0.5 for pedestrians and cyclists, as per the KITTI benchmark suite.

2) Temporal Association: Second, detections at different
times also need to be associated. This step can be done
on 2-D images or 3-D point clouds. We choose the latter
because 3-D LiDAR has a wider field of view and is robust
to different lighting conditions, enabling us to associate more
and better samples to ensure the efficiency of online learning.
Specifically, the Autoware’s multitarget tracker is integrated
into our system for temporal association of samples, which
is based on probabilistic data association (PDA), unscented
Kalman filter (UKF), and interactive multiple models (IMMs).
The PDA algorithm updates the target state according to the
weighted sum of the probabilities of each possible target state
update. The UKF method is a combination of the unscented
transform (UT) and the standard Kalman filter. Through the
UT transformation, the nonlinear system equations can be fit
to the standard Kalman filter system under the assumption
of linearity. This can effectively overcome the problems of
low estimation ACC and poor stability, thus providing robust
tracking performance.

The IMM allows constructing multiple motion models to
perform the combined estimation for the motion states of the
objects, which consists of four steps: interaction, filtering,
model probability update, and combination of estimation.
The state interaction embodies the essence of the method.
Specifically, the input of a filter in model i is the combined
estimation of each filter at the previous moment, and let the
matching models at k− 1 and k be j and i , respectively, then
the equation of the combined probability is

µ
j |i
k−1|k−1 =

1
µ̂i

k|k−1
π j iµ

j
k−1 (13)

where µ
j
k−1 is the probability of model j at k − 1; and π j i

denotes the probability that the object motion model transfers
from model j to model i . The µ̂i

k|k−1 is defined as

µ̂i
k|k−1 =

n∑
j=1

π j iµ
j
k−1. (14)

Then the reinitialized states and covariances were estimated

x̃ i
k−1|k−1 =

n∑
j=1

x̂ j
k−1|k−1µ

j |i
k−1|k−1 (15)

P̃ i
k−1|k−1 =

n∑
j=1

µ
j |i
k−1|k−1

[
P̂ i

k−1|k−1 +
(
x̂ i

k−1|k−1

)(
−x̃ i

k−1|k−1

)
·
(
x̂ i

k−1|k−1

)
−

(
x̃ i

k−1|k−1

)T
]
. (16)

Through the PDA-UKF-IMM combination, the trajectories
of objects are identified by spatio-temporal association of
detections from different detectors.

D. Sample Annotator
The sample annotator performs probabilistic fusion of sam-

ples associated with the multitarget tracker to determine in
real-time which class of objects the samples on each track
belong to. Specifically, the track probability [11] is applied,
which is defined as follows. Let P(li |xi , d j ) denote the prob-
ability that example xi is an object with its category label li
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predicted by detector d j ∈ D at the precise time t , then the
track probability P(LT |XT , D) is computed by integrating the
predictions of the different detectors according to the following
formula:

P(LT |XT , D) =
oddsXT

1+ oddsXT

(17)

where

oddsXT =

t∏
i=1

K∏
j=1

odds j
xi

(18)

and

odds j
xi
=

P
(
li |xi , d j

)
1− P

(
li |xi , d j

) . (19)

By thresholding4 P(LT |XT , D), high-confidence samples are
finally labeled (i.e., car, cyclist, or pedestrian) and fed to the
learn-by-use detector for learning.

VI. EVALUATION

In this section, we evaluate the system implemented based
on our proposed general framework from both macro and
micro aspects. The former includes a set of end-to-end bench-
marks (cf., Section VI-C) and experiments on online adapt-
ability from the KITTI dataset to Waymo (cf., Section VI-F).
The latter includes evaluation of the core module ORF (cf.,
Section VI-D) and ablation experiments for further analysis of
the pipeline (cf., Section VI-E). All the experiments reported
in this article were performed with Ubuntu 18.04 LTS (64-bit)
and ROS Melodic, with an Intel i9-9900K CPU and 64-GB
RAM, and a NVIDIA GeForce RTX 2080 GPU with 8-GB
RAM.

A. Datasets
We conduct experimental evaluations of our online transfer

learning framework on two open datasets including KITTI [28]
and Waymo [33]. The KITTI dataset is a pioneering work on
datasets in the field of autonomous driving. It mainly provides
exteroceptive data in two modes of image and point cloud, and
they are hard synchronized. Another important reason why
KITTI has become a widely used dataset in the community is
that it provides a benchmarking suite, which greatly simplifies
the comparison between different methods. KITTI also has
some limitations, as it looks at the problem of autonomous
driving more from the perspective of computer vision than
from the autonomous driving itself. For example, sensor data
with different acquisition frequencies adopt one-to-one frame
synchronization; labeling is completed in the image and then
projected to the point cloud, which cannot truly reflect the
geometric characteristics of the point cloud [34]; most scenes
are conventional and low dynamic; weather and lighting
conditions are good; and the object detection and tracking
benchmark examples are discontinuous in time and do not
contain global position information of the vehicle itself.

4The threshold was set to 0.7 in our experiments.

The Waymo dataset was first released in 2019 and highlights
more autonomous driving features. It offers scene-based orga-
nization, providing continuous annotated data for each scene.
Moreover, the dataset includes real-time global positioning
information of the vehicle and uses many-to-one synchroniza-
tion for data generated from different sensors. One notable
aspect of the Waymo dataset is its diverse range of driving
environments. It encompasses various weather conditions and
different times of the day, allowing for a thorough evaluation
of algorithms across different scenarios. An important motive
for using this dataset is to assess the cross-environment
learning capability of our proposed framework on the classi-
fication performance. Detailed experimental results are given
in Section VI-F.

B. Experimental Settings
Since our framework deals with continuous and unannotated

data, the raw data provided by KITTI are used for online
transfer learning. Specifically, we select segments in the raw
data that contain dynamic objects and exclude those that
contain only monotonous scenes (where the objects are usually
stationary vehicles and are mainly used for visual odometry
tasks). Furthermore, since the sample distribution of road
participants is unbalanced, i.e., there are many cars but few
cyclists, an online downsampling of the learning samples of
cars is therefore implemented to reduce the negative impact of
data imbalance on learning. On the other hand, the 2-D images
in KITTI’s detection benchmark (consisting of three classes:
car, cyclist, and pedestrian) are used to train the off-the-shelf
camera-based detector and evaluate EfficientDet and other
deep-learning-based methods via fivefold cross-validation
(cf., Table I). For the latter, the provided 7481 nonsequential
frames with ground-truth annotations are split in a ratio
of 6:2:2 for training, validation, and testing, respectively.
Whereas the 3-D point clouds in the detection benchmark are
used to evaluate the performance of LiDAR-based detectors.

For the Waymo dataset, we randomly sample 15 clips
from the training set by scene type for online updating of
the classifier learned on KITTI. Since the format of the
Waymo dataset is very different from that in KITTI, we first
reorganized the original Waymo dataset into the KITTI format
to facilitate data loading, model training, and evaluation.

C. ORF Versus RF
To evaluate the performance of the ORF module, we ran-

domly selected 1500 samples from the training set (i.e., 60%
of the 7481 point cloud frames) of KITTI to form a data stream
as the input of ORF. Whenever ORF learns 100 samples,
we save a model and evaluate it on the test set. We report
results for the first 15 iterations. On the other hand, classical
RF trained offline with the same 1500-sample batch was
used as a baseline for comparison. The online and offline
methods are consistent in the parameter setting of the forest
structure, that is, trees = 100, depth = 50, epochs = 20, and
split_threshold = 50. For other parameter settings, refer to the
released code.

Average ACC and macro average (MaA) are used as per-
formance evaluation metrics for classifiers. The former is
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Fig. 6. Performance comparison of the ORF-based (online-trained) and
the RF-based (offline-trained) 3-D LiDAR-based object classifiers.

calculated as follows:

ACC = 2 ·
P · R

P + R
(20)

while the latter is calculated as follows:

MaA = 2 ·
Pmacro · Rmacro

Pmacro + Rmacro
(21)

where for each category

P =
∑n

i=1 TPi∑n
i=1 TPi +

∑n
i=1 FPi

R =
∑n

i=1 TPi∑n
i=1 TPi +

∑n
i=1 FNi

(22)

and

Pmacro =

∑n
i=1 Pi

n

Rmacro =

∑n
i=1 Ri

n
(23)

where P is precision, R is recall, TP is true positive, FP is
false positive, and FN is false negative.

The experimental results are shown in Fig. 6. It can be
seen that as the number of training samples increases, the
performance of online trained RF converges rapidly to that of
offline trained and tends to be stable after the eighth iteration,
in terms of both ACC and MaA. Moreover, compared with
our previous work [14], the current implementation achieves
closed-loop detection, where the detections generated by the
point cloud detector are used to annotate the samples in
the training phase. The resulting quality improvement of the
learning samples ultimately improves the performance of the
online learned detector.

D. Online Transfer Learning Performance
1) Integrated-ORF Versus Standalone-ORF: To evaluate the

performance of our proposed system, we first compare the
classification results of the 3-D LiDAR-based classifier (here-
inafter Integrated-ORF) learned online with KITTI’s raw
data (without ground-truth annotations) under our framework
(cf., Fig. 4), with the independently learned (with ground-truth
annotations) ORF-based classifier (hereinafter Standalone-
ORF) reported in Section VI-C. For the former, we still

Fig. 7. Confusion matrix for performance comparison of Integrated-
ORF and Standalone-ORF. The ordinate represents the true label, and
the abscissa represents the predicted result. The darker the color, the
higher the proportion of correct classifications.

train once when ORF obtains 100 samples and evaluate the
model after the 15th iteration. Using the same test set as in
the previous section, the comparison results are presented by
confusion matrix as shown in Fig. 7.

It can be seen that the performance of Integrated-ORF does
not catch up with Standalone-ORF in an all-round way, and
the gap is concentrated in the classification of cyclists and
pedestrians, which are the challenges in the perception of
autonomous driving. In contrast, Integrated-ORF outperformed
Standalone-ORF even slightly on car prediction. There are
two reasons for this result. One is that the camera-based
detector that plays the role of “trainer” has different detection
capabilities for different object categories5 (cf., Table I). The
second is that the point cloud clustering method based on unsu-
pervised learning is currently not up to the ACC of manual
segmentation, especially when it also includes projecting the
point cloud in 3-D space to a 2-D plane (i.e., trading precision
for speed), making it difficult for relatively small size objects
to be accurately segmented [24]. These two reasons cause

5Note that we use a multiclass detector instead of some of the top-ranked
single-class detectors on KITTI.
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TABLE III
EVALUATION RESULTS USING AP ON THE KITTI 3-D OBJECT DETECTION VALIDATION SET

TABLE IV
EVALUATION RESULTS USING AP ON THE KITTI 2-D OBJECT DETECTION VALIDATION SET

TABLE V
EVALUATION RESULTS USING AP ON THE KITTI 3-D OBJECT DETECTION TEST SET (FOR RANKING)

TABLE VI
EVALUATION RESULTS USING AP ON THE KITTI 2-D OBJECT DETECTION TEST SET (FOR RANKING)

Integrated-ORF to learn some false positive samples. However,
it is still worth pointing out that Integrated-ORF is learned
without ground truth and human intervention.

2) From Classification to Detection and Single Modality Ver-
sus Multimodality: Object detection is a joint result of both
classification and localization. To evaluate the performance
of the learn-by-use detector, we conducted experiments using
the test set (i.e., 20% of the 7481 point cloud frames),
and the results are shown in the first row of Table III. The
evaluation metric used is the unified standard provided by
KITTI, namely, the average precision (AP). The idea is to
compress the information in the precision–recall curve into
a single number, thus making the comparison of different
methods intuitive. The AP score is calculated by summing
the precision values of 11 equally spaced recall values. For
each object category, KITTI defines three detection difficulties
including “easy,” “moderate,” and “hard,” according to the
height of the bounding box, occlusion, and truncation. For
example, in the “easy” level, objects have larger bounding
boxes with less occlusion and truncation.

On the other hand, to verify the hypothesis that multi-
modal detection outperforms unimodal detection, we further
evaluate the performance of the fusion of the learn-by-use

detector and the off-the-shelf detector, and the results are
shown in Table III. Specifically, they are the output of the
“Sample Annotator” that has not undergone “Temporal Asso-
ciation,” since the test set consists of nonconsecutive frames.
Furthermore, the additional experiments illustrate that once
the learn-by-use detector has competitive detection ability,
it can even help the off-the-shelf detector in turn to improve
the detection results in 2-D images, which is supported by
Table IV.

3) Comparison With Other Methods: The test set (without
ground truth) provided by KITTI for public ranking is used to
compare our results with others in the community. Five rep-
resentative methods are selected from KITTI’s ranking table
for comparison. The principles of selection are: 1) methods
using both image and point cloud data; 2) highly cited methods
(MV3D [35], F-Pointnet [19], AVOD and AVOD-FRN [36]);
and 3) recent methods (PFF3D [37]). The experimental results
are shown in Tables V and VI, respectively, where ours is the
multimodal detector mentioned above.

As can be seen from Table V, our online learning frame-
work exhibits competitive performance compared with other
offline methods, especially in the category “cyclists” we
achieved the best results in easy and moderate difficulty.
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Fig. 8. Schematic illustration of 3-D object size estimation in point
clouds. Through size estimation, the original convex box is inflated to
the bounding box. The left two images show a car, while the right two
images show a pedestrian.

On the other hand, although our method fails to achieve the
best results on the two categories of “car” and “pedestrian,” the
gap is not significant. Taking moderate difficulty as an exam-
ple, ours is 5.26% and 2.31% away from the best performers,
respectively. The reason, on one hand, is that the clustering
method we use suffers from the accurate segmentation of road
participants, which leads to some missed detections and false
alarms. On the other hand, if some clusters are too small in
the 3-D point cloud, they will be ignored due to their low IoU
value after being projected into the 2-D image.

Correspondingly, Table VI shows the object detection per-
formance of our multimodal detector on 2-D images in
comparison to other methods. It can be seen that for moderate
difficulty, ours still wins on the cyclist detection and is only
3.97% away from the best performance on car detection.
As for pedestrian, although we are 10.16% behind the first
place, we are still in the top 7% of the entire KITTI ranking.

4) Size Estimation: KITTI’s object annotations in point
clouds are based on projections from those in 2-D images,
thus including an estimate of the size of the object in its
3-D bounding box. In contrast, point cloud clustering methods
commonly used in autonomous driving, such as the Autoware
method we use, output the true size of the clusters. Based on
this fact and to present a fairer comparison with other methods,
we additionally give the results of our multimodal detector
after adding size estimation in Tables V and VI. Specifically,
we randomly sample the training set to estimate volumetric
models for each object class, and if a cluster is classified, then
the convex box representing its size is inflated to the bounding
box defined by its volume model. An intuitive result is shown
in Fig. 8.

As can be seen from Tables V and VI, after adding size
estimation, the detection performance of each category of
objects shows an overall improvement, which is especially
obvious in the detection of cyclists. This is mainly due to the
special structure of cyclists; they usually contain a vertical
person and a horizontal bicycle, so their bounding boxes
defined in the point cloud by polygons are usually smaller
than the manual annotations provided by KITTI. Furthermore,
it is worth pointing out that if the test set consists of con-
secutive frames, then the “Temporal Association” module in
our multitarget tracker can be used to estimate the true size
of objects, thus sidestepping the need for empirical volumetric
models.

E. Ablation Study
The ablation experiment aims to study the contribution of

each module in a system to the overall performance of the

Fig. 9. Ablation experimental results.

Fig. 10. Changes in classification performance after deploying the 3-D
object detector learned on the KITTI dataset to the Waymo dataset and
continuing to learn. The blue line represents the results evaluated on
the Waymo test set. The red line indicates the results evaluated on the
KITTI test set.

system. In our case, the classification performance of detectors
based on different system architectures is evaluated after each
iteration in the online learning process using the MaA metric.
The experimental results are shown in Fig. 9. It can be seen
that simply introducing 2-D image detection to match point
cloud clusters in 3-D space can make the online learning per-
formance present an overall upward trend (shown by the green
line), but the improvement is not obvious after the environment
becomes complex (starting from about 1000 frames, more
pedestrians and cyclist appear). This situation is improved by
introducing temporal association to the samples (shown by the
blue line).

In addition, the classification performance of the detector is
also improved overall. This is mainly because the temporal
association makes those clusters that are not matched by
the spatial association likely to become learning samples
later, thus improving the learning efficiency. In addition,
by introducing the learning loop closure, i.e., the probability
estimation of the learn-by-use detector to the class of the point
cloud cluster is also input into the multitarget tracker and then
becomes a part of the learning, so that the online learning
performance is improved again (shown in orange line).

F. Learn on KITTI Test on Waymo
Learning across environments is an important capability

of our proposed learning framework. To verify this claim,
we deploy the learn-by-use detector to the Waymo dataset
and update it online. We selected 15 clips (approximately
2970 images and LiDAR scans) with the largest difference
from KITTI in the Waymo dataset for learning. The MaA
metrics are used, and the experimental results are shown in
Fig. 10. It can be seen that due to the significantly different
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Fig. 11. Confusion matrix representing the 3-D object detector perfor-
mance after learning on the Waymo dataset. The ordinate represents
the true label, and the abscissa represents the predicted result. The
darker the color, the higher the proportion of correct classifications.

driving scenarios exhibited by the KITTI and Waymo datasets,
the classification performance of the detector shows a cliff-like
decline at the beginning. However, thanks to our framework,
with the input of Waymo data, the classification performance
of the detector improves steadily with the learning iterations
and finally stabilizes after the eighth iteration. On the other
hand, evaluating the updated model with the Waymo dataset
back to the test set of KITTI found that its performance overall
decreased with learning iterations. This is a manifestation of
catastrophic forgetting, which will be the focus of our next
research.

The final classification performance of the detector after
15th iterations is shown in Fig. 11. It can be seen that the
overall performance has declined compared with the one
reported in Section VI-D1, where the drops are 0.05, 0.09,
and 0.15 for cars, cyclists, and pedestrians, respectively. This
is primarily due to the fact that if the scenes selected from
Waymo are simple, the detector trained on the KITTI dataset
performs admirably, but it fails to effectively demonstrate
the strengths of our proposed online learning framework.
Therefore, the selected clips containing complex scenes pose
a huge challenge to the segmentation of the point cloud and
the object tracking algorithm in it, which directly affects the
quality of the learning samples. It is worth pointing out that
the main purpose of our experiments on the Waymo dataset is
to demonstrate the online adaptability of our framework across
environments.

G. Qualitative Analysis
It can be seen from Fig. 12 that almost all the road partic-

ipants are correctly detected in the matched image and point
cloud and tracked in the latter. The section highlighted by the
blue box in the point cloud demonstrates that even though the
vehicle is no longer within the camera’s field of view, it is
still a learnable sample being tracked. And the range box area
indicates that despite being detected as a cyclist in the image,
the object is correctly learned as a pedestrian by the classifier
through spatio-temporal association. While one exception is

Fig. 12. Synchronized pair of images and point clouds from the KITTI
dataset. The labels in the images contain the class information, while the
labels in the point clouds contain both the category and Track-ID. The
colored points enclosed by labels and bounding boxes represent
the samples used for online learning.

the part annotated by the red box, where the cyclist and the
utility pole are too close together, leading to their aggregation
as a single entity (i.e., under-segmented), resulting in the
failure of correct detection. This is a challenge both visually
and in 3-D LiDAR. One possible solution to improve this issue
is to incorporate color and texture information into the point
cloud using pixel-to-point matching for further segmentation.

VII. CONCLUSION AND FUTURE WORK

In this article, we presented an efficient online transfer
learning method for 3-D detection of road participants in
autonomous driving. The core idea of this method is to
use a 2-D visual sensor (i.e., a monocular camera) to help
on-the-fly a 3-D nonvisual sensor (i.e., a 3-D LiDAR) learn
multiclass object detection skills. Specifically, using the proven
multitarget tracker provided by Autoware, a pipeline is built
between the off-the-shelf detector and the learn-by-use detec-
tor to achieve knowledge transfer, and the ORF algorithm is
innovatively integrated to achieve multiclass fast incremental
learning.

Through comprehensive experiments, it is proven that
our proposed framework can not only enable 3-D LiDAR
to quickly learn the detection ability of road participants
(i.e., cars, pedestrians, and cyclists) in the urban environment
without ground truth and human intervention but also leverage
multimodal detectors to improve the overall detection of road
participants in autonomous vehicles. The ranking achieved by
submitting the experimental results to the KITTI benchmark
shows that the proposed online learning system is competitive
in both 2-D and 3-D object detection performance, especially
in the categories of pedestrians and cyclists, surpassing most
existing methods. In addition, experiments across datasets also
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demonstrate the adaptability of our learning framework to dif-
ferent environments, making it particularly suitable for in situ
deployment. Certainly, continuous learning always requires
combating knowledge forgetting. Our experimental results also
reveal this challenging problem, which will be the focus of
our next work. Furthermore, using the proposed framework to
improve the tracking of dynamic road participants is also one
of our future works.
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