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LoPF: An Online LiDAR-Only
Person-Following Framework

Xiangyu Chen™, Jinhao Liu™, Jin Wu

Abstract—This article presents an online light detection
and ranging (LiDAR)-only person-following (LoPF) framework,
which can be applied in both indoor and outdoor environments
with only sparse LiDAR point cloud data as input. The frame-
work consists of two cascade backbone procedures. The former
is pedestrian detection, which is developed for classifying a set
of human clusters from noisy and sparse LiDAR point clouds.
An originally designed voxel feature is integrated for depicting
the 3-D information of each potential cluster. A U-shaped con-
volutional neural network (CNN) is proposed to achieve human
cluster detection. Then the latter procedure, pedestrian tracking,
is developed to follow the target. Specifically, to achieve long-term
person-following, an unscented Kalman filter (UKF), a position
filter, and a target reidentification module are combined. The
reidentification module contains a specifically designed support
vector machine (SVM) target classifier. The developed frame-
work is verified by extensive real-world experiments in outdoor
environments using mobile robots. Compared with the state of
the art, our method is better in target identification and tracking,
realizing better performance in the person-following.

Index Terms— Light detection and ranging (LiDAR), online
support vector machine (SVM), person-following, voxel feature.

I. INTRODUCTION

N RECENT years, mobile robots have become increasingly

popular in industrial sites and our daily lives. They can
undertake various tasks ranging from material transportation,
surveillance, and disaster relief to offer companionship and
entertainment. In these applications, the ability to automati-
cally follow the target person is incrementally necessary, which
liberates the hands and provides a flexible interactive mode for
human—machine collaboration.

Various types of sensors are employed for the person-
following task, among which the vision-based methods have
been widely investigated. However, these approaches are
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still susceptible to illumination change. Specifically, intense
sunlight or deep darkness often causes the failure of the
following task. Comparatively, light detection and rang-
ing (LiDAR) is more robust in outside environments that can
provide reliable data flow. Additionally, LiDAR is deemed
to be more precise in distance measurement than the other
sensors in this situation. However, using only LiDAR scans is
still challenging for the person-following task. The generated
point cloud from LiDAR is sparse and even sparser along
with the increase in the detection range, leading to incomplete
object outlines. Moreover, observations with noises make it
more difficult to distinguish people from the background.

There is an increasing number of attempts on achieving
the LiDAR-based person-following task. This task is normally
segmented into detection and tracking. In terms of detec-
tion, conventional methods such as support vector machines
(SVMs) are applied for this task [1], [2], [3]. These methods
select some potential point clusters from LiDAR data. Some
features are extracted from each cluster and are used to identify
pedestrians. These methods normally have satisfactory real-
time performance but their detection accuracy leaves room for
improvement. Recently, the booming popularity of integrating
deep-learning methods into this mission has appeared. These
deep-learning-based methods [4], [5], [6] are used for detect-
ing objects from sparse point cloud data and are more precise
than other traditional methods in datasets [7]. The high accu-
racy is attributed to their neural networks, which are trained
by plenty of data extracted from similar scenes. However,
they fail to be adopted on the robot platforms to perform the
person-following task because the time cost of handling the
entire points is too large to realize the real-time application.
As for tracking, researchers prefer to use some filter-based
methods [8], [9] to track the target from the detection results.
Therefore, the tracking performance is partially determined by
the detection results. The main drawback of these methods is
that they will track the wrong target once the target overlaps
or disappears in the LiDAR view.

In this context, we develop a deep-learning-based person-
following framework using only sparse LiDAR point clouds,
which is shown as Fig. 1. This framework combines the
advantages of traditional and deep-learning-based methods
to achieve real-time tracking and provides a solution for
target loss. It consists of two main components as pedestrian
detection and pedestrian tracking. First, we preprocess the
point cloud to remove the noisy ground points and group
the filtered point cloud into several clusters. Subsequently,
we extract the geometric features of the clusters, including
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Fig. 1. Performance of the LiDAR-only person-following (LoPF) framework
in an outdoor environment. The right figure indicates the sparse point cloud
during the person-following.

a specifically designed feature, and put the features into a
developed neural network for pedestrian detection. Moreover,
a reidentification module is proposed to achieve continuous
person-following by using an online updated SVM. Our main
contributions are summarized as follows.

1) A voxel feature is proposed to represent the 3-D infor-
mation of a point cloud cluster, which is not sensitive
to the sparseness of LiDAR points.

2) We employ a special U-shaped deep neural network
to detect pedestrians from sparse point clusters, which
improves pedestrian detection accuracy and is deployed
in practical applications.

3) We design an online learning mechanism to continuously
enhance the robot’s ability to detect and reidentify the
target when the target is lost.

The effectiveness of the developed framework and its
submodules are justified in real-world environments. The
code of the developed framework can be found at
https://github.com/SDURobotNav/LOPFE.

The remainder of this article is organized as follows.
Section II reviews related work in this field. Then, Section III
displays our framework and showcases details of our system.
Moreover, in Section IV, we design some experiments and
show the results to justify the robustness of our system. Finally,
in Section V, we conclude this study and list future research
directions.

II. RELATED WORK

Person-following has been an active research trend
over the past few years. In many applications, this task
is achieved by using localization devices. For example,
Bastida-Castillo et al. [10] use the ultrawideband (UWB)
device to achieve precise person-following tasks in indoor
environments. Tian et al. [11] combine UWB with a low-
cost inertial navigation system (INS) to improve the long-
term person-following performance. Wu et al. [12] choose
an ultrahigh-frequency radio frequency identification (RFID)
device fixed on the target as the label, and the base sta-
tion is mounted on the robot platform. They successfully
integrate the tracking module into the athlete training task.
There exist methods that use special materials (e.g., reflection
materials) for the person-following task. Perdoch et al. [13]
use an infrared camera to detect the retroreflective stripes
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on the soldier’s back for person-following. Zhang et al. [14]
use LiDAR to detect the high reflection marker for target
identification. These methods are effective in certain confined
applications. However, they need extra accessories, which
limits the applications in complex scenarios.

To decrease the reliance on extra markers, many approaches
attempt to accomplish the person-following task through
efforts on the sensor side. Some researchers utilize vision-
based methods with learning algorithms in person detection.
Pang et al. [15] propose a leader-following framework that
applies the single-shot multibox detector (SSD) [16] network
using an image stream as input data with a quadruped robot.
Liu et al. [17] integrate an SVM-based method with the SSD
to detect the candidates robustly. The effectiveness of their
method is verified by the target tracking performance with a
quadcopter robot. Naseer et al. [18] extract both the image
and depth information from the RGB-D camera to obtain the
position of the target person for tracking. However, vision-
based methods are easily affected by illumination variations.
Thus, in outdoor nonstatic environments, researchers are in
favor of LiDAR-based methods.

LiDAR is more robust when facing changing environments
and is more precise in distance measurement than the camera.
Navarro-Serment et al. [3] use 3-D LiDAR data to detect
pedestrians. The developed pipeline first segments the point
cloud into clusters. Then, an SVM classifier is used to extract
the clusters that represent pedestrians. Héselich et al. [1]
enrich the number of extracted features for classification by
SVM, which enhances the detection performance. Addition-
ally, Spinello et al. [19] propose an AdaBoost-based detection
method called the bottom-up top-down detector to further
improve the detection accuracy. Along with the development
of deep-learning theory, Alvarez-Aparicio et al. [20] utilize a
convolutional neural network (CNN) network called PeTra to
detect the person’s legs from the LiDAR data. Yan et al. [2]
merge the online-learning algorithm into a detection module in
their system. This combination enables the tracking system to
adjust its classifier dynamically. Nevertheless, these detection
methods lack satisfactory robustness to achieve the person-
following task in complex outdoor environments.

Basically, a tracking routine proceeds to follow the target
after it is captured. For the target tracking module, filter-
based methods are soaring in popularity. The Kalman filter
(KF) with its variations and particle filter (PF) have been
representative algorithms for accomplishing the tracking task.
Patel and Thakore [21] utilize the KF to track a moving
object. In these works [1], [2], [22], an unscented Kalman
filter (UKF) is used for tracking multiple people in large-
scale environments. Additionally, Okuma et al. [23] present a
boost PF to achieve multiple object tracking. Yuan et al. [24]
integrate the PF into a mobile robot to make the robot follow
a target person. However, traditional tracking methods cannot
achieve sustainable tracking once the target object disappears.
They lack a reidentification module for the following target.

To achieve the long-term tracking task, we use the online
learning-based method for target reidentification. Online
learning-based methods have been developed for the last few
decades. Hao et al. [25] first propose online SVM learning for
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Fig. 2. Framework of the online LoPF framework. The framework has two parts: 1) pedestrian detection and 2) pedestrian tracking. The pedestrian detection
module consists of ground removal and segmentation, feature extraction, and CNN for classification. The pedestrian tracking module consists of UKF, a position

filter, and an online SVM classifier.

classification problems. Their algorithm can efficiently handle
the data that are ordered chronologically. Yan et al. [2] design
an online learning framework for pedestrian detection. This
framework can autonomously label the real-time data flow for
updating the classifier with the latest training data. Dilmen and
Beyhan [26] propose an online updated SVM classifier. The
parameters of their prediction model are updated by a UKF
when receiving new samples.

III. METHODOLOGY

The developed person-following framework is indicated in
Fig. 2, which consists of two modular components: Pedestrian
Detection and Pedestrian Tracking. The former part takes the
raw point LiDAR data as input and outputs the potential
pedestrian clusters. Then, the latter part proceeds to track
pedestrian clusters and follow the target person who is marked
from the extracted pedestrian clusters at the beginning of the
task. The key functions of the two components are introduced
in Sections III-A and III-B.

A. Pedestrian Detection

The pedestrian detection module receives the raw point
cloud P from LiDAR and preprocesses the data to obtain a
filtered point cloud P~. P~ is then segmented into several
clusters {Cy, C», ..., C,}. For each cluster C;, five designed
features {f1, f2, f3, fa, f5} are extracted. These features are
fed into our proposed CNN model to determine whether C; is
a pedestrian cluster. Detailed procedures are listed as follows.

1) Preprocessing: The raw point cloud P can be easily
contaminated by the point cloud on the ground, as shown
in Fig. 3(a), which greatly affects the detection performance.
To alleviate this problem, we employ the RANSAC algo-
rithm [27] to match a ground plane from the raw point cloud
and remove the points that are in the extracted ground plane.
In addition, a statistical outlier removal algorithm [28] is used
to remove the outliers. V; is denoted as the average distance
among p; € P and its m neighbor point p; € P\ {p;} from
near to far. We assume that the set V = {V|, V», ..., V,} fits a
Gaussian distribution N (u, ¢2). The point p;, of which V; is
out of the standard deviation o of the generated distribution,
is regarded as an outlier. After removing the ground points
and outlier points, a low-noise point cloud P~ is obtained,
as shown in Fig. 3(b).

2) Cluster Detection: The point cloud P~ is segmented into
subclusters with Euclidean cluster extraction (ECE) and dp-
means [29] by using the point cloud library (PCL) [30]. The

;’,? ¢

Fig. 3. Ground LiDAR point cloud removal for better person-following
performance. (a) Before removal. (b) After removal.

TABLE I
FEATURES OF A CLUSTER

Feature Description Dimension
f1 Number of points in the cluster [31] 1
fa Minimum cluster’s distance from the sensor [31] 1
f3 The normalized 2D histogram for the main plane [32] 14x7
fa The normalized 2D histogram for the secondary plane [32] 9% 5
s The voxel feature for the cluster 8x8x4
I [ /,,:i:::"’
(Generate Normalized || Inside
Empty f, Template 3D VoxelModel | _ Structure
f— fs Voxelized Cluster

Input Cluster

Fig. 4.  Cluster voxelization. The point cluster is scattered into a spatial
partitioning cube.

ECE algorithm segments the point cloud into scattered clusters
by Euclidean distance. To further refine the point clusters,
the dp-means algorithm proceeds to divide each cluster into
subclusters until the distance among the separated clusters is
out of a given threshold. This procedure effectively segments
the point set P~ into small clusters {Cy, Ca, ..., Cy,}.

3) Feature Extraction: For each cluster C;, its features are
extracted to determine whether it is a pedestrian cluster. The
selected features are shown in Table I. Specifically, given the
cluster C;, fi represents the number of points in this cluster.
f> is the minimum distance from the points in cluster C; to
the sensor, that is, fo = min|[x, — p;ll, p; € C;, where
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X, is the origin of the LiDAR frame. By performing the
principal component analysis (PCA), we obtain two main
planes by using the points in C;. f3 and f4 are separately 2-D
histograms with respect to these two planes (see [3]), which
can be regarded as the front view and side view of the cluster
C;, respectively. Typically, off-the-shelf algorithms use cutting
slices of cluster C; in a certain direction as features to extract
3-D information [2]. Having insufficient points in the cluster
incurs the poor descriptive ability of these mentioned features.

Considering these limitations, we design a feature fs named
the voxel feature to describe the 3-D information of a
point cluster. This voxel feature is inspired by Minecraft!
and LEGO.?> Generating fs5 is named cluster voxelization.
We create a voxelized cube C; with A,, Ay, A indicating the
number of voxels in the x-, y-, and z-directions, as shown
in Fig. 4. To map all the points in cluster C; into this
cube, we search all the points in C; to obtain the maximum
and minimum coordinates in the x-, y-, and z-directions
in the current LiDAR frame. These coordinates are marked
as {Xmin»> Xmax»> Ymin» Ymax» Zmins Zmax }- 1hen, we denote a local
coordinate frame on the cube. The coordinate of a point
pi € C; in the LiDAR frame is [x, y, z]. Its coordinate in
the local frame is denoted as [, J, Z], which is calculated by
the transform equation

x 71 x 71 * Xmin
)A) = V2 Y1 — |72 Ymin (1)
Z Y3 Z 73 * Zmin
where
Ay
Nn=——
Xmax — Xmin + 1
y
yp=—" 2)
Ymax _Ayzmin +1
V3=

Zmax — Zmin + 1 '

Using [X, 9, Z], one can locate the voxel to which point p;
belongs. We search all the points in C; to obtain their locations

'A video game, https://www.minecraft.net
2A brand of toy, https://www.lego.com

N

Developed network for pedestrian detection. The network consists of two kinds of inputs: the 2-D features (fi, f2, f3, f4) and the 3-D feature (f5).

in the local feature frame. Each voxel c; in the cube C; counts
the number of points from C; located there and obtains the
amount N,,. To avoid the effect of the number of points
in a cluster when handling different clusters, we normalize
N¢,. Thus, we calculate the number of points in C; and obtain
Niot. The quantity associated with cell ¢; in C; is calculated by
ch = N, /N Fig. 4 indicates the generated feature, where
the colorful voxels represent the voxelized cluster. The color
indicates the number of points in the corresponding voxel. The
feature f5 briefly highlights the 3-D distributions of points in
a cluster and is added to our framework for better classifying
the potential persons.

4) CNN for Pedestrian Classification: With the feature
mentioned above, we design a CNN model to select pedestrian
clusters P;, P; € P~. The network structure is shown in Fig. 5.
It takes as inputs both the 2-D information ( fi, f2, f3, f1) and
3-D information ( f5). The backbone of the network consists
of two main pipelines.

The first pipeline in the CNN model for processing the 2-D
information is a lightweight neural network. f3 and fy are
flattened by the flatten layers, and then a concatenate layer is
used to merge fi, f> and the flattened f3, f4. Finally, we use
two dense layers to obtain the output. This part of the network
mainly uses a few layers to densely combine the mentioned
four features to obtain information on all four features.

The second pipeline processes the voxelized feature to
extract the 3-D information. Thus, a subnetwork is built upon
the U-Net [33] diagram that is effective for image processing
with less data support. The U-shaped network is a universal
structure, which has been applied in many studies [34], [35],
[36] in the computer vision area. The U-shaped network is
favorable to reduce information loss in convolution opera-
tions and obtain the profile information, which shows the
obvious difference between pedestrians and other objects.
Thus, a U-shaped network is more suitable to handle the
designed feature fs5 for detecting pedestrians. We follow the
structure and redesign the configuration, such as the layer
combination and the size of each layer, to fit our proposed fs.
To combine the 2-D and 3-D information, the outputs of these
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two pipelines are concatenated with

(71, 2] = S(D(f2p @ f3.0)) (3)

where S(-) represents the “softmax” activation function, D(-)
represents the operation in the dense layer, f>.p represents the
output of the first pipeline, f3.p represents the output of the
second pipeline, and @ represents the concatenation operation
in deep learning. The final result is a 2 x 1-dimensional vector
as [t1, 1] with #; 4+ t, = 1. t; represents the probability to be
a person. Once #; > f,, the cluster is regarded as a person.
To keep the scalability of the network to multiobject detection
and tracking in the future, we adopt [t1, #,] instead of a single
value as the output.

We obtain detection results from our proposed network by
handling the 2-D and 3-D features of point clusters rather
than the whole point cloud data. Thus, the designed system
combines the benefits of both traditional and deep-learning-
based methods to improve the accuracy of detection while
ensuring real-time performance.

B. Pedestrian Tracking

From the detected pedestrian clusters, the cluster represent-
ing the target person is specified at the beginning of the fol-
lowing task. Considering that there are multiple people in the
environment, we assign a unique ID to each detected person.
The UKF with the global nearest neighbor data association
algorithm [37], [38] is utilized to track the position of multiple
people. This filter uses the observed pedestrians’ position as
input and assumes that they move with a constant velocity.
For the person-following task, we assume that the target only
has a short movement between adjacent observations, which
acts as a strong constraint and forms a target position filter
toward further improving the target tracking. The position filter
searches the potential candidates in a preset range around the
last location of the target and then chooses the nearest one as
the target.

Sustainable person-following by using LiDAR is a tough
task for robots in the wild. The tracked target may be lost
due to disturbances such as occlusions. Thus, we develop a
classification method that incrementally learns the features of
the clusters online to clearly distinguish the target and the rest.
In particular, the SVM is trained online with collected features
from the segmented clusters during the following procedure.
The developed framework is shown in Fig. 6, which consists
of two main modules, the data collection and the training of
the SVM classifier. The dataset for classifier training stems
from the tracking results by the mentioned filters and the
self-output of the classifier. The UKF and the target position
filter, when tracking robustly, can help determine the followed
person. Thus, the results are used to label the selected clusters
to enrich the training data. In addition, the output of the online
SVM is also used to augment and update the training dataset in
a similar manner. Specifically, considering the possible outputs
of the incorrect pedestrian classification that recognizes object
clusters as humans, we further enrich the dataset by adding
feature data extracted from some surrounding objects, such as
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Fig. 6. Online classifier for improving the person-following robustness and
recapturing the target when the target is lost.

cars, trucks, and trees. The data representing environmental
objects are collected offline as partial training data. Notably,
the size of the training dataset is limited, meaning that only
the latest data online are stored in this container except the
object data.

With the training dataset, the online SVM classifier is
updated by feeding the latest training data. We use the
Gaussian Radial Basis Function kernel [39] as our online SVM
classifier kernel. To save computational resources, we devel-
oped an event-triggered working mechanism. We set the
triggered interval as 30 s considering our configurations, but
actually, it can be set in a broader range. It is desirable
to trigger classifier training when the robot enters a new
scene. This is evaluated by the overlap between the detection
range of the employed sensor. The detection diameter of
the sensor is 44.36 m. Normally, the walking speed of the
pedestrian is approximately 1.1-1.5 m/s. Therefore, there is
a new scene approximately every 29-40.3 s. To simplify the
problem, we set the triggered interval as 30 s. In addition,
the SVM works in an event-triggered fashion to reduce the
computational burden. If the target is lost, the SVM classifier
is activated to find the target person from all detected people
in the current scenario. If the target is detected, the SVM
classifier will be dormant but updated at the given time
interval. With the developed framework, the person-following
robustness is expected to be guaranteed in more complex
scenarios.

As indicated in Fig. 6, in our work, we use an online learn-
ing method to handle the real-time input extracted from sensor
data for reidentifying the target. The differences between our
reidentification module and other online learning methods
lie in three aspects. First, the training data of the online
SVM classifier are autonomously labeled with the target and
the other people according to the results from the position
filter and the CNN model. Second, we update the classifier
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Fig. 7. Robot platforms for the experiments. They are utilized for evaluating
the developed person-following framework.

with a fixed time interval because it is desirable to update
the classifier along with the changes in environments. The
fixed time interval is approximated by the walking speed and
detection range. Third, the use of the reidentification module
is event triggered. To economize the computational resources,
the module works only if the target has been lost. Thus, our
method will autonomously change their classifier model when
following different target persons.

IV. EXPERIMENTS AND RESULTS

We conduct a series of experiments to verify the submodules
and the whole framework. We use a quadruped robot and a
differential-driven wheeled mobile robot as our experimental
platforms, which are shown in Fig. 7. The VLP-16 produced
by Velodyne is utilized as the LiDAR sensor, which provides
16 scan channels including 1800 points per channel with
360° horizontal and 30° vertical field-of-view [40]. The data
flow is preprocessed by a laptop. The laptop uses an Intel
i7-10875 as the CPU and a GTX 2060 (6-GB memory) as
the GPU. The software used in this work is Ubuntu 18.04
64-bit with the ROS Melodic. The computer processes the
sensor data and generates the control commands. We use the
visual servoing method as the control driver, which transfers
the relative position relationship between the target person
and the robot to velocity commands. The robot receives these
commands and makes corresponding actions.

A. Preparatory Work

To evaluate the developed framework, we collect a dataset
that is necessary for training the proposed CNN. In addition,
we need to select a suitable size of the developed feature f5 via
experimental evaluation, which is critical for the network to
achieve better performance.

1) Collect Training Data: The training data include many
point clusters with two labels, person and objects. The point
clusters are segmented and labeled from the PCD files by
using the annotation tool [41]. These PCD files are extracted
from existing datasets [19], [41] and the datasets we collected.
In detail, 3610 clusters are segmented and labeled from the
published dataset, and 2491 clusters are from ours. All clusters
are formatted into PCD files, including 4447 pedestrian clus-
ters and 1654 object clusters. Finally, these labeled clusters are
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TABLE 11
TRAINING SETTINGS

Config Value
Optimizer Adam [42]
Learning Rate 1073
B1 0.9
B2 0.99
€ 10-8
Epochs 1000
Training Set Proportion 0.9
TABLE III

COMPARISON RESULTS WITH DIFFERENT SHAPES OF THE FEATURE f5

8x8x16 8x8x8 8x8x4 4x4x8 4x4x4
Accuracy 88.7% 93.0% 92.75% 92.5% 91.25%
Time Cost 151ps us Tlps Slus 4lps
Convergence Epoch 414 804 628 623 707
Time Delay 30.2 ms 18.6 ms 14.2 ms 10.2 ms 8.2 ms

the training samples for the proposed CNN. In the following
procedures, we use the training set shown in Table II to train
the designed network. We use Adam [42] as the training
optimizer. £, and f, are the parameters of Adam. The dataset
is separated into a training set and a test set, according to the
training set proportion value shown in Table II. The former
is used for training the network, while the latter is used for
evaluating the training performance after finishing the training
process.

2) Choose the Size of fs: The ideal size of fs5 should lead
to a reasonable tradeoff between the time cost and detection
accuracy considering practical applications. We select a group
of fs features with different sizes for the evaluation. The
candidate sizes of feature fs5 are {8 x 8 x 16, 8 x 8 x §,
8 x 8 x4,4 x4 x 8,4 x4 x 4}. The numbers represent the
arrangement of the cube in the corresponding f5. For example,
fs with 8 x 8 x 4 has four layers, and each layer has 64 cubes,
which are arranged as eight rows and eight columns. In our
designed network, there are two 3-D pooling layers processing
f5. The size of the pooling layer kernel is normally set as
2 x 2 x 2 [43]. The pooling layer with this size can halve
the size of the input in all three dimensions. The size of the
input is halved twice by the two pooling layers. Therefore, the
size of f5 in each dimension must be a multiple of 4 to ensure
that each voxel is processed equally. Thus, the minimum size
of the feature is 4 x 4 x 4. Based on the pedestrian profile,
we set the number in the first dimension to be equal to that
in the second dimension. We are not allowed to design input
structures more sophisticated than 8 x 8 x 8§, because they
spend too much computational power and the time cost is high,
which is detailed in Table III.

The dataset collected in 1) has abundant data, which include
most normal objects and people with different postures and
sizes. Thus, the network with the selected optimal size of
fs5 can have better performance in widespread situations. The
Accuracy, Time Cost per sample, Convergence Epoch, and
Time Delay per Second are the evaluation indices employed
for choosing the best fs5 size. The Accuracy represents the
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detection performance of the network using the test set
extracted from the dataset. It is calculated by

Ny

Accuracy =

“)

test

where N is the number of true predictions and Ny is the
number of total clusters in the testing data. The Time Cost per
Sample represents the detection speed, and the Convergence
Epoch indicates the convergence performance of the network.
The network reaches convergence when the accuracy is over a
threshold in the training process. More iterations of training do
not result in a significant improvement in the performance of
the model. Similar to [44], we record the point of the epoch
when the designed network reaches 99.9% accuracy as the
“Convergence Epoch.” To evaluate the real-time performance,
we calculate the Time Delay per Second. The number of
clusters segmented in one frame of LiDAR data is denoted
as N.uster and the rate of the LiDAR data is denoted as ry..
Then, we calculate the time delay per second 7y by

Ty = Nepuster X 1L X Tt (5)

where T, is the Time Cost per Sample. In our experiment, N,
is 20, and rp = 10 Hz. The network training result is shown
in Table III. Overall, all these sizes fs can make the proposed
network converge according to the results of the Convergence
Epoch metric. The accuracy for all the methods is acceptable
except that the accuracy with 8§ x 8 x 16 is lower than 90%
compared with other methods. It is observed that the time
delay over 20 ms/s is critical for real-time performance. Thus,
the size 8 x 8 x 16 is not available because of its large time
delay.

In terms of the training results shown in Fig. 8, the sizes
8 x 8 x 8 and 4 x 4 x 8 have some significant fluctuations.
The fluctuation is the sudden plunges in the accuracy curve or
the surges in the loss curve. The fluctuations in the network
training process easily make the network unstable. The fluctu-
ations are normally caused by the choice of parameters and the
network structure. All these designed comparison experiments
have the same parameters except the size of f5. Therefore, the
two sizes of f5 are not suitable for the developed framework.
Based on these analyses, the size 4 x 4 x 4 and the size
8 x 8 x 4 have better performance than the others. Finally,
we use the 8 x 8 x 4 feature with the higher Accuracy as
our final size of f5 since the time cost or delay is tolerated in
our testing.

3) Ablation Study: We perform an ablation study of all
features. We supply an experiment that evaluates the detection
accuracy with four and five features separately. To make the
experiment more inclusive, we further add the detection results
by using only feature f5. We record the detection accuracy in
the experiment, and the results are reported in Table IV.

As the table shows, with only four features, the detection
accuracy is the lowest compared with other groups. With only
feature fs, the detection module achieves higher accuracy. The
detection module using all five features can achieve the highest
detection accuracy, which also demonstrates the effectiveness
of the feature f5. Therefore, we use all these five features for
better detection accuracy.
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TABLE IV
ABLATION STUDY OF THE SELECTED FEATURES

f1, f2, f3, fa fs
85.5% 88.25%

f1,f2, f3, fa, f5
92.75%

Accuracy

TABLE V
STATISTICS OF EXPERIMENTAL RESULTS OF SINGLE-PERSON TRACKING

Ground Truth Koide’s Method Yan’s Method Ours

2.72 5.40 1.34
2.67 3.78 1.23

Candidate Clusters 1
Number of People 1

B. Experiments Using Offline Data Flow

To show the strengths of the developed method, we com-
pare our method with two state-of-the-art pedestrian-tracking
algorithms: Koide’s method [22] proposed in 2019 and Yan’s
method [2] proposed in 2020. The main differences between
our algorithm and the other two algorithms can be described
in two parts. The first difference is the pedestrian detector,
which includes discrepancies in the detector structure and
selected features. They use SVM as their detector with their
selected features. We propose a novel combination of features
as input and propose a U-shaped neural network as the
pedestrian detector. The second difference is the online update
reidentification module. This module autonomously generates
a dataset by the detection results to train an online classifier to
identify the target from the detected people. The experiments
are performed using a collected data flow, which includes
the data flow we collected and a published data flow by
L-CAS [41].

1) Performance With Our Data Flow: The indoor environ-
ment is approximately 30 m?, and we record a scene in which a
person walks randomly in a cluttered environment, as indicated
in Fig. 9. We evaluate all three algorithms by using this single-
person scenario. Two metrics are employed as the criteria for
further quantitative evaluation. The Candidate Clusters is the
average number of plausible clusters extracted using different
methods in all frames. The Number of People represents the
average number of people detected by the employed methods
in all frames. In the single-person scenario, the detection
performance of these three methods is shown in Table V and
Fig. 10.

In this table, the number is the average value for all frames.
The results show that our algorithm has the best detection
result in the single-person scenario because the number of
people detected by using our method is the closest to the
ground truth in the real scenario. Fig. 10 shows a snapshot
of the experiment using these three methods. Our method can
detect a single person reliably, while the other two methods
showcase many incorrect identifications. The proposed method
also has less incorrect detection, such as walls, boxes, and
shelves. This intuitively demonstrates the effectiveness and
accuracy of our method when dealing with only one single
person. We use four metrics to evaluate the performance by
using this data flow. These metrics are listed as follows.
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Fig. 8.
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Training results with different sizes of the developed voxel feature. (a) Training accuracy with different voxel feature sizes. (b) Training loss with

different voxel feature sizes.

Fig. 9.

point cloud. (a) and (c) Real-world environment configurations. (b) and
(d) Generated point cloud.

1)

2)

TABLE VI
EXPERIMENTAL STATISTICAL RESULTS OF THE DATA FLOW

Koide’s Method  Yan’s Method ~ Ours

TT [45] 0.893 0.337 0.882
IDS [9] 2 5 0

PPV [46] 0.291 0.223 0.988
ACC [46] 0.297 0.319 0.891

(d

Environment for collecting the offline data and the corresponding

Time of Tracking (TT): This metric is the normalized
CT [45] metric for better comparison. The value of this
metric is calculated by

CT
TT =

Tlotal

(6)

© (d)

where CT is the time duration of persistently tracking the

target, which is used for evaluating the person- following Fig. 10. Experimental results using the collected indoor data flow. (a) Actual

o position of people shown in the LiDAR point cloud. (b)—(d) Results of these
performance based on vision, and T represents the  three methods. The detected person clusters are represented by the cube box

total time of the data flow. The closer to 1 the metric is, frame, cube box, and sphere box, respectively. (a) Ground truth. (b) Yan’s
the better tracking performance the method has. method. (¢) Koide’s method. (d) Ours.

ID Switches (IDSs) [9]: The target is assigned an ID,

and the metric records the number of IDSs, indicating

the performance of target tracking on another side. 3) Positive Prediction Value (PPV) [46]: This metric is
With these methods, each detected person is assigned calculated by

a specific ID. We make the robot track the target person N

by specifying the assignt?d ID.' If the ID changes, the PPV = - (7
tracking for the target object fails. Ny
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(b)

Fig. 11.
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(C)

Person detection using different methods with L-CAS data flow. (b)—(d) Detection results are marked by the blue cube box frame, cyan cube box

frame, and sphere box, respectively. (a) Ground truth. (b) Koide’s method. (¢) Yan’s method. (d) Ours.

where N; is the number of correct detections and N, is
the total number of detections for all pedestrians. The
PPV value can reflect the performance of detection for
all pedestrians.

4) Accuracy (ACC) [46]: This metric is calculated by

Ne

total

ACC =

(®)

where N. is the number of correct cluster detection
results and N is the number of total clusters. This
value can reflect performance cluster detection.

The results are shown in Table VI. Our method achieves
the best performance regarding the last three metrics. In terms
of the TT, our method is slightly weaker with 0.882 than
0.893 using Koide’s method. The better performance of our
method benefits from the better pedestrian classifier and
the developed person reidentification mechanism. For single-
person tracking, the results of the IDS in Table VI indicate that
both Yan’s method and Koide’s method change the target ID
several times in the data flow. The person-detection modules
of these two methods are of lower accuracy and are not
specifically designed for one target. They fail to recognize
the same target and often misidentify the target as another
person. Thus, the two methods cannot sustainably track the
target person, while our method can reliably and continuously
detect and make the robot follow the target. The weakness
of our algorithm according to the first metric is caused by a
longer time delay in the target detection using the developed
network, which is acceptable in real-world applications. The
results demonstrate the better performance of the developed
method.

Specifically, we mark the detected target and record the
target trajectory when it is captured by the developed method,
as indicated in Fig. 9(b) and (d). The green line in Fig. 9(d)
demonstrates the continuous tracking performance using the
developed method. The target is prone to be lost in the
tracking using the other methods, which further demonstrates
the benefits of our approach.

2) Using L-CAS Data Flow: The L-CAS dataset is collected
by using a mobile robot in both moving and stationary
scenarios in a large and crowded academic building. We,
employ Yan’s method, Koide’s method, and our method using
the LiDAR data in this data flow. The representative results
using one instance in the data flow are depicted in Fig. 11.
There is a person in this instance who is marked by the
red rectangle in Fig. 11(a). Fig. 11(b) and (c) showcase the

TABLE VII
QUANTITATIVE EXPERIMENTAL RESULTS WITH THE L-CAS DATASET

Prcas e/m

Koide’s Method 0.098 0.133
Yan’s Method 0.154 0.127
Ours 0.459 0.102

performance of Koide’s method and Yan’s method. Both meth-
ods can predict the target person. However, there are many
incorrect predictions that regard the objects, such as sofas,
walls, and chairs, as pedestrians. These inaccurate predictions
may be acceptable in obstacle avoidance applications since
safety is always the priority. However, in person-following
applications, these incorrect predictions may increase the
probability of target loss, leading to the failure of the tracking
module. Comparatively, the developed method achieves better
performance in not only detecting the target reliably.

Quantitative experiments are performed to show the per-
formance of these three methods on the L-CAS dataset. The
dataset provides boxes marking the position of people in
each frame, and these methods also provide their predicted
boxes. If there is an overlap between the predicted box and
the annotated box in the dataset, we deem this prediction of
people to be correct and calculate the distance d between the
centroids of the predicted box and the annotated box. We count
the number of right predictions as Ny and the number of
predictions by these methods as N,,. Therefore, the precision
of prediction Pjcas is defined as

=

s )

Prcas = —
Np

and the position error e, which is the average d of all correct
predictions, is calculated as

(10)

We report their performance by using the two metrics in
Table VII. As the table shows, our method has the highest
Prcas and the smallest position error e. The results show
that our method is able to precisely predict pedestrians and
locate them. Therefore, our method outperforms the other two
methods in this quantitative experiment.
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(b)

Fig. 12.  Detection range evaluation in a long corridor with a fixed-base
LiDAR. (a) Experimental configuration. (b) Corresponding LiDAR point
cloud.

TABLE VIII
RESULTS OF DETECTION RANGE EVALUATION

Koide’s Method  Yan’s Method ~ Ours
Maximum Distance / m 22.26 17.98 22.18
Successful Rounds 46 7 49

C. Experiment in Real-World Scenarios

1) Pedestrian Identification: We conduct extensive experi-
ments to evaluate the performance of the developed pedestrian
detection and tracking approach in indoor environments. First,
we compare the detection range of the developed approach
with other methods. VLP-16 is mounted on a fixed base with
1 m above the ground in a long corridor. We separately run the
three methods when a person moves from the sensor nearby
to far, as indicated in Fig. 12. Notably, these methods run
round by round in this process. We count this round when
the method can predict the target, and the total successful
rounds are recorded in Table VIII. In addition, we record
the max range for detecting the target with different methods.
As shown in Table VIII, the maximum detection range of the
developed method is 22.18 m, which is slightly shorter than
that of Koide’s method but much longer than Yan’s method.
The successful prediction rounds of the developed method are
higher than those of the others. These experiments primarily
demonstrate the effectiveness of the developed method in
indoor real-world environments.

To achieve the person-following task in more realistic
scenarios, the developed algorithm is expected to identify
the target in densely populated environments. To evaluate the
performance of our method in these environments, we conduct
experiments in cluttered environments with massive items and
multiple people walking randomly. The LiDAR is fixed on a
base above the ground, and there are multiple people ahead.
The environment configurations and the detection results are
shown in Figs. 13 and 14 intuitively. With multiple people in
this environment, the developed method can detect all people
from the LiDAR point clouds. We also use the other two
methods to detect people in this scenario. From the detection
results shown in Figs. 13 and 14, it is obvious that our
method is better than both of them. Yan’s method and Koide’s

IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT, VOL. 71, 2022

(c) (@

Fig. 13. Detection of three people in cluttered environments. (a) Real scenario
of three people (ground truth). Colorful cubes or boxes are the detection results
of (b) ours, (¢) Yan’s method, and (d) Koide’s method.

(c) (@

Fig. 14. Detection of four people in clustered environments. (a) Real scenario
of four people (ground truth). Colorful cubes or boxes are the detection results
of (b) ours, (¢) Yan’s method, and (d) Koide’s method.

TABLE IX
TRACKING DURATION TIME OF THE WHEELED MOBILE ROBOT

Koide’s Method Yan’s Method Ours
50.77 18.67 64.74
23.60 19.45 68.25

Outdoor Case / s

Indoor Case / s

method have some incorrect detection results, which directly
weakens the multipeople tracking performance because the
tracking modules in all three algorithms are based on their
detection results. These experiments further demonstrate the
strength of the developed method in cluttered and populated
environments, paving the way for person-following using
robots in these scenarios.

2) Case Study 1: To verify the effectiveness of the devel-
oped framework, we implement it on a wheeled mobile robot
platform. The experiments are conducted in both indoor and
outdoor environments. The target person walks from a start
location to a final destination. The goal of the robot is to
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(b)

(d)

Fig. 15. Person-following experiments using a mobile robot. (a) and (b) Real
scene of person-following and the point cloud in an indoor environment.
(c) and (d) Real scene of person-following and the point cloud in an outdoor
environment.

reliably follow the designated target via the LiDAR sensor.
The performance of our method is intuitively shown in Fig. 15.
As the figure shows, the developed framework can follow the
target person reliably and persistently with the wheeled mobile
platform in different environments. Details can be found in
the attached video,> which demonstrates the efficacy of the
developed framework. To show the strength of our framework
in the application case, we compare our method with Yan’s
and Koide’s methods. The duration time for tracking the target
with different methods is recorded in Table IX. Our method
can track the target persistently when he moves from the target
to the goal. Comparatively, Yan’s method and Koide’s method
cannot completely achieve the person-following task in these
two scenarios.

3) Case Study 2: We evaluate the performance of the
developed method in the long-term person-following task in
outdoor environments. The relative experiments have been
recorded in the attached video.> A LiDAR sensor is mounted
on the quadruped robot platform, and the robot is expected
to follow the target person to travel through the campus.
A snapshot of our campus and the tracking performance are
shown in Fig. 16. The target is set to walk along a predefined
path. We record the performance of the following function over
this course. As indicated in Fig. 16(b), the robot can follow
the target reliably, and even the quadruped robot platform
is not stable with vibrations, which may introduce much
noise to the point cloud data. More intuitively, we depict the
trajectory of the robot when tracking the target on the campus,
as shown by the cyan line in Fig. 16(c). It can be seen that
the tracking trajectory is dense without any break, indicating
the persistent tracking performance of our method. We also
implement Koide’s and Yan’s methods in this outdoor scenario
by using their tracking modules, but neither of these two
methods can provide consistent tracking of the target person,
which demonstrates the strength of our developed method.

3https://youtu.be/eocqMLzRR 1
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(@ (b)

()

Fig. 16.  Experiments in indoor environments using a quadruped robot.
(a) Outdoor tracking scene. (b) Point cloud in the tracking procedure, where
the red sphere box indicates the target and the blue cube indicates the
photographer. (c) Corresponding point cloud map and the robot trajectory
of the long-term person-following.

With Re-identification Module

Target Following Target Lost

(©

Without Re-identification Module

(d

Fig. 17. Performance of our algorithm with and without the reidentification
module. (a) Point cloud before the target is lost. (b) Point cloud when our
algorithm fails to detect the target. (c) and (d) Performance of our algorithm
with and without the proposed reidentification module.

We also test the reidentification module in outdoor exper-
iments. Fig. 17 shows the performance with and without the
reidentification module when the target is lost. It is obvious
that the color of the target cube changes without the proposed
reidentification module, while no color change occurs with
the module. The color of the cubes is relevant to the given
ID in the detection module. When using the reidentification
module, the color of the target cube is still orange when the
target is captured again, which is shown in Fig. 17(a) and (c).
However, when not using the reidentification module, the
color changes from orange to light yellow, which means
that the robot regards the target as a new man. Thus, our
reidentification module is effective when the target is lost.
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V. CONCLUSION AND FUTURE WORK

This article presents a person-following system using only
the 3-D LiDAR as the input sensor. The whole system con-
sists of two components: pedestrian detection and pedestrian
tracking. The pedestrian detection module incorporates a novel
U-shaped CNN framework that specifically inputs a dedicated
designed voxel feature. Taking only the sparse LiDAR point
cloud as input, the proposed detection module is effective in
complex environments and more accurate than the state of the
art. The tracking module is employed to track all the pedes-
trians and successfully improves the robustness of person-
following. The SVM-based target recapturing mechanism is
triggered aperiodically to find the target when it is lost in
complex scenarios. The developed framework is evaluated in
real-world outdoor environments. The results demonstrate that,
compared with other methods, our method is more effective
in leading the robots robustly traveling through a large-scale
environment.

Based on the realistic experimental results, we find that
some limitations may exist in the developed framework. When
facing a crowd of people in the environment, our system
cannot precisely determine the number of people. Besides, the
frequent and dense occlusions will greatly affect the detection
results. In the future, we will integrate the camera sensor into
our person-following framework. The visual information is
expected to improve the detection accuracy and the reiden-
tification effectiveness of our framework.
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