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1 | INTRODUCTION

Byungjae Park?

Abstract

Mobile robots are used in modern life; however, object recognition is still
insufficient to realize robot navigation in crowded environments. Mobile
robots must rapidly and accurately recognize the movements and shapes of
pedestrians to navigate safely in pedestrian-rich spaces. This study proposes
real-time, accurate, three-dimensional (3D) multi-pedestrian detection and
tracking using a 3D light detection and ranging (LiDAR) point cloud in
crowded environments. The pedestrian detection quickly segments a sparse
3D point cloud into individual pedestrians using a lightweight convolutional
autoencoder and connected-component algorithm. The multi-pedestrian track-
ing identifies the same pedestrians considering motion and appearance cues in
continuing frames. In addition, it estimates pedestrians’ dynamic movements
with various patterns by adaptively mixing heterogeneous motion models. We
evaluate the computational speed and accuracy of each module using the
KITTI dataset. We demonstrate that our integrated system, which rapidly and
accurately recognizes pedestrian movement and appearance using a sparse 3D
LiDAR, is applicable for robot navigation in crowded spaces.

KEYWORDS
3D instance segmentation, 3D object detection, motion estimation, multiple-object tracking,
robot navigation

using only a camera owing to its vulnerability to lightless
and light-changing environments and lack of depth infor-

To move safely in a dynamic environment, a mobile
robot must recognize its surroundings in real time [1].
Detection and tracking of moving objects (DATMO) is
the first step in robot navigation. In particular, a pedes-
trian is an essential object that must be accurately recog-
nized for safe robot navigation in the real world.
Cameras that provide color images have been extensively
employed for mobile robot perception. However, it is
insufficient to implement DATMO for robot navigation

mation. Therefore, high-resolution three-dimensional
(3D) light detection and ranging (LiIDAR) has become the
preferred sensor for indoor and outdoor DATMO,
because it is more resilient to light conditions and can
provide precise depth information [2, 3].

The detection and tracking of multiple pedestrians
using 3D LiDAR is indispensable for mobile robots to
navigate pedestrian-rich environments [4]. 3D pedestrian
detection requires the recognition of small objects with
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accurate appearances using a sparse 3D LiDAR point
cloud [5, 6]. Multiple-object tracking (MOT) is required
to identify the same pedestrian in successive frames in
crowded environments [7, 8] and track irregularly mov-
ing pedestrians [9]. However, 3D LiDAR faces challenges
in distinguishing individuals within dense crowds
because of the absence of representational information
such as color. In addition, point clouds can be easily
obscured by people, leading to unreliable and inaccurate
detection in crowded spaces. Therefore, to track pedes-
trians accurately, the tracker should be able to update
their states as quickly as possible to reduce tracking
uncertainty. Unfortunately, maintaining the tracker
accuracy while increasing its update rate is challenging.

In this study, we proposed a real-time, accurate 3D
DATMO using 3D LiDAR in pedestrian-rich environ-
ments. It consists of 3D object segmentation using a
sparse 3D point cloud and multi-pedestrian tracking con-
sidering motion and appearance cues adaptively in
crowded environments. A previously proposed 3D object
detection method, semantic prior-based segmentation
(SPriorSeg) [10], performs point-level semantic segmenta-
tion and clusters points with semantic labels into individ-
ual objects in a spherically projected range image. The
3D MOT approach, called multiple-object tracking using
motion and appearance cues (MOT-MAC), estimates the
motion and appearance of pedestrians using two separate
trackers: motion and appearance trackers. MOT-MAC
associates tracks with measurements by adjusting the
importance of motion and appearance cues based on
the track conditions. Moreover, it applies an adaptive
target-tracking method that fuses heterogeneous motion
models, as previously proposed by [9], to track moving
pedestrians with diverse motion patterns and abrupt
changes in movement.

The main contributions of this study are (i) light-
weight and accurate point-by-point instance segmenta-
tion for pedestrian detection using a sparse 3D LiDAR
point cloud, (ii) multi-pedestrian tracking through data
association considering motion and appearance cues and
adaptive motion estimation to track moving pedestrians
with diverse motion patterns, and (iii) real-time 3D
LiDAR dedicated multi-pedestrian detection and tracking
operating on a single mini-PC for a mobile robot.

2 | RELATED WORK

2.1 Object detection using only
3D LiDAR

3D object detection in robot navigation provides the posi-
tions of obstacles and shapes that a robot must avoid.
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Additionally, the continuous detection results obtained
from successive frames provide a basis for estimating the
motion of an object during object tracking. The earliest 3D
object detection was conducted by clustering points using
a connected-component algorithm. For computational effi-
ciency, these studies transformed 3D LiDAR point clouds
into graph data structures such as two-dimensional
(2D) grid maps [11, 12]. Moreover, geometric features were
manually defined and calculated to determine whether the
points belonged to the same cluster [13, 14].

Recent breakthroughs in convolutional neural net-
works (CNNs) and the release of large datasets, including
3D LiDAR datasets, have rapidly improved 3D object
detection [15, 16]. CNNs for 3D point-cloud encoding
extract local features from adjacent points grouped by a
distance metric [5] or voxel features within equally
spaced 3D voxels [17]. Using 3D CNNs, 3D object detec-
tion methods have been trained to generate box-shaped
objects from sparse 3D LiDAR point clouds [18]. In par-
ticular, PointRCNN [18] proposed bottom-up 3D bound-
ing box proposal generation and canonical 3D bounding
box refinement with robust bin-based losses. However,
3D box-shaped object detections have difficulty in recog-
nizing small objects such as pedestrians and the detailed
appearance of objects. These limitations hinder the safe
and autonomous navigation of robots in crowded
environments.

A convolutional autoencoder classifies the pixels of
an image as objects [19, 20] and has been applied to 3D
semantic segmentation by projecting point-cloud data
onto a front-view image [6, 21]. SqueezeSeg [6] used
DBScan to partition points of the same class into separate
objects with precise appearance information. However,
previous 3D object segmentation approaches have also
had difficulty in recognizing small objects such as pedes-
trians. Data sparsity due to the low spatial resolution of
3D LiDAR results in a lack of discriminative features,
making it difficult to recognize small objects [18, 22]. In
addition, class imbalance due to the lack of labeled data
for small objects hinders model training and generaliza-
tion [6]. SPriorSeg achieves consistently high accuracy
regardless of the object size by training class-balanced
datasets and considering the sparse characteristics of 3D
LiDAR point cloud. Moreover, SPriorSeg applies a light-
weight autoencoder model and performs instance seg-
mentation only on foreground points, resulting in
significantly faster computations.

2.2 | 3D multi-pedestrian tracking

3D MOT associates the same object from the detection
results for successive frames and estimates the object’s
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motion from sequential positions. 3D MOT using
clustering-based 3D object detection results commonly
tracks the center of an object’s points. However, centroids
alone are not sufficient to discriminate objects in consec-
utive frames because the centroids of the clusters are not
consistently extracted from the same object. Therefore,
some studies have estimated 3D bounding boxes in object
detection, complementarily corrected them, and kept
them stable throughout the object tracking process [23, 24].
Additionally, some studies have applied sophisticated
tracking methods, such as the joint probabilistic data
association filter (JPDAF), to compensate for the inconsis-
tent estimation of object centroids and improve discrimina-
tion among multiple objects [25]. However, these
approaches fail to overcome the instability of clustering-
based 3D object detection and have high computational
costs because they use complex tracking techniques.

Recent advances in 3D object detection using 3D
CNNs have significantly improved 3D bounding box-
based MOTs. AB3DMOT [8] demonstrates a fast 3D MOT
using a simple Kalman filter (KF) and the Hungarian
method, which evaluates the affinity between predicted
tracks and detections using 3D box intersection over
union (IoU). It also provides a 3D object tracking bench-
mark using the KITTI tracking dataset, including the 3D
object detection results obtained using PointRCNN [18]
to evaluate the tracking performance under the same
conditions. StanfordIPRL [7] uses a KF that simulta-
neously predicts and updates the motion and appearance
features. It estimates the Mahalanobis distance as the
affinity between tracks and detections and employs a
greedy algorithm for data association. However, 3D
bounding box-based MOTs still have limitations in pro-
viding the accurate appearance of an object. In addition,
estimating motion and appearance features using a single
tracking model hinders reliable tracking because object
motion and appearance changes have different character-
istics. Therefore, MOT-MAC adaptively associates tracks
and measurements by adaptively referring to motion and
appearance, and it tracks the motion and appearance fea-
tures using different tracking models. It also estimates
pedestrian movement by combining heterogeneous
motion models to track moving pedestrians with various
motion patterns.

3 | OVERVIEW OF REAL-TIME 3D
DATMO FOR A PEDESTRIAN USING
3D LiDAR

The proposed system consists of 3D object detection,
SPriorSeg, and multi-pedestrian tracking (MOT-MAC), as
shown in Figure 1. SPriorSeg detects surrounding road

objects such as pedestrians, cyclists, and cars from a
sparse 3D LiDAR point cloud. It comprises range-image
building, ground removal, semantic segmentation, and
instance segmentation. It filters out cyclists and cars
and produces cylindrical-shaped pedestrians from points
segmented by objects with class labels. The details of
SPriorSeg are described in Section 4. MOT-MAC associ-
ates detected objects from identical pedestrians frame by
frame to identify measurements and estimate their
motions. It independently predicts and updates the
motion and appearance states of tracks using separate
trackers designed for each state characteristic. Moreover,
it associates the predicted tracks and measurements using
a greedy matching algorithm by calculating the joint
probabilistic association likelihood of motion and appear-
ance cues. MOT-MAC generates and removes tracks
based on the number of times they appear and disappear
in succession. As a result, MOT-MAC periodically pro-
duces tracks 7 that include points for detailed appear-
ances, as well as their ID, position (x,y), and velocity
(x,y). The details of MOT-MAC are described in
Section 5.

4 | SPriorSeg: LIGHTWEIGHT
OBJECT DETECTION USING
SEMANTIC PRIOR

SPriorSeg [10] performs instance segmentation to detect
objects on a road from a range image converted from a
3D point cloud. As shown in Figure 2, SPriorSeg includes
range-image building, ground removal, semantic segmen-
tation, and instance segmentation.

The range image used for instance segmentation is
created using spherical projection, and each pixel in the
range image has five channels (x, y, z, r, i), where r is
the distance and i is the intensity. SPriorSeg applies
RANSAC [26] to remove point clouds belonging to the
ground plane and build a non-ground mask because the
ground plane around the vehicle in the detection range
in an urban environment can be assumed to be flat.

A U-Net-based model [20] with atrous spatial pyra-
mid pooling layers [27] is used to obtain a semantic mask
for instance segmentation. The model uses three chan-
nels (z, r, and i) from the range image as input and clas-
sifies each pixel as background, car, cyclist, or pedestrian.
The non-ground mask obtained by ground removal and
the semantic mask obtained by semantic segmentation
are combined to perform clustering, which is the last step
in instance segmentation. Four-neighbor connected-
component labeling uses geometric features, such as the
connection angle for the absolute depth difference
between two pixels [13], range difference for the absolute
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FIGURE 1 The proposed real-time accurate 3D DATMO system consists of (A) SPriorSeg for 3D object detection and (B) MOT-MAC
for multi-pedestrian tracking. These approaches operate independently and sequentially at every time step to detect and track multiple
pedestrians from the 3D LiDAR point cloud. MOT-MAC associates the predicted tracks Ty using measurements Z; from motion and
appearance cues. It then separately updates the motion and appearance states to generate the current tracks 7.
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FIGURE 2 SPriorSeg builds a range image through the spherical projection of a sparse 3D LiDAR point cloud. The non-ground mask
from the random sample consensus (RANSAC) algorithm and the semantic mask from deep semantic segmentation are combined to create
the non-ground semantic mask. SPriorSeg uses a four-connected-component algorithm with angular-scaled features on the non-ground
semantic mask to segment points by object using class labels.

95UB017 SUOLLLIOD SIS0 8|l dde au Ag pousAob 812 saole YO ‘88N J0 S9N o} ARG 8UIIUQ AB]IAA UO (SUONIPUOD-PUE-SLUISYW0D" A 1M Ale.q1BU1|UO//:SANL) SUONIPUOD pUe SWLB | 84} 89S *[£202/2T/50] U0 AIq1TauliuO AS|IM [10UN0D YoIessay [E01pS I PUY UiesH [euoiieN AQ 9TT0-6202 [L19/8TZY 0T/I0p/W0d Ao |1m Ateiqijpul|uo//:sdny woij pepeojumoq 'S ‘€202 '92ELEE22



840 NA and PARK
—l—Wl LEY—ETRI Journal
Tracks, Tg—1 (C) Data Association Tracks, Ty,
Xik-1 lhi (A) Motion Tracker using Motion and Appearance Cues Xik
m m m m
Xje—1, Zk—1 o Xie Lk
i N UKF Xk i Validation Gating Greedy L, UKF
Motion Prediction 221 with Motion Cue Matching Update Motion
State ™ State
AL
(B) Appearance Tracker s k
a a a a
Xje-1: Z—1 ad Lm . - Xi) 2k
Xk Hig L I k Joint Probabilistic
— » KF = b Association Likelihood » Association Likelihood: F»  XF e,
Appearance Prediction | §a Estimation a L Update Appearance
k Ly Estimation
State State
— |
1 v

Zjk
p—

Measurements, Zj,

(D) Track Management

A

| Generation ” Removal

FIGURE 3 MOT-MAC includes two separate trackers for motion cue (x, y) and appearance cue (z, h): the motion and appearance
trackers. (A) The motion tracker has an IMM-AUG-MIX motion estimator with an unscented Kalman filter. (B) The appearance tracker has

a constant model with a Kalman filter. (C) MOT-MAC sequentially considers motion and appearance cues to calculate joint probabilistic

association likelihood in data association. Tracks are updated with the paired measurements of the joint probabilistic association likelihood

using the greedy algorithm. (D) Tracks are generated and removed based on count-based track management.

depth difference, and connectivity for the similarity of
depth differences [14], to cluster pixels in the non-ground
semantic mask that correspond to the same object.

Finally, SPriorSeg produces clustered points for
pedestrians and computes the pedestrian state (x, y, z, h)
to represent the pedestrian as a cylindrical shape.

5 | MOT-MAC:3D MULTI-
PEDESTRIAN TRACKING USING
MOTION AND APPEARANCE CUES
51 | Overview
To track multiple pedestrians, we used 3D MOT-MAC
from the pedestrians, as shown in Figure 3. The measure-
ment states of the position and height of a pedestrian
obtained from SPriorSeg are divided into the motion state
(x, y) and appearance state (z, h). MOT-MAC tracks the
motion and appearance states using separate state esti-
mators such as motion and appearance trackers. It associ-
ates the predicted tracks T « with the measurements Zj
by adaptively merging the association likelihoods for
motion and appearance cues depending on the track con-
ditions, such as sensor accuracy and association complex-
ity. The predicted tracks are updated with the associated
measurements to estimate the current state of the track
motion and appearance 7 .

Motion and appearance trackers are designed to track
the independent state of a pedestrian efficiently using dif-
ferent motion models and estimators that are appropriate

for the characteristics of each state. The position state
(x, y) of the motion tracker continuously changes accord-
ing to the pedestrian’s dynamic movement, demonstrat-
ing diverse patterns; it is also highly influenced by
previous movements. The height state (z, h) of the
appearance tracker refers to the height of the pedestrian
and does not change significantly but is primarily
affected by sensing noise and occlusion. The state vari-
ables of the tracks, including the motion and appearance
states, are defined as follows:

Tk = {Xl,k’ ceey XNT,k}9
Xi,k = {X::,;{s ﬁa X?’k’ Z}’

Zk = {Zl,k7 LR ZNz,k}y

. m a
Zij,= {zj,k, zj’k}.

The group of tracks 7 includes N7 tracks at time step k.
The state variables X;, of the ith track comprises the
motion state variable xj', motion state covariance X,
appearance state variable x}, and appearance state covari-
ance Xj. The group of measurements Z; provided by
object detection at time step k includes Nz measure-
ments. The jth observation Z;; contains a motion state
variable z" as the position, and the appearance state vari-
able z} as the height. All state values are represented in
the global coordinate system to track objects independent
of the robot’s movement. The tracks are generated and
removed using count-based track management, as
described in Weng and others [8].
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5.2 | Motion tracker

MOT-MAC applies appropriate motion models and estima-
tors for pedestrian movement based on the results cited in
Na and others [9]. Pedestrians’ movement consists of both
linear and curvilinear motion models and changes both
smoothly and sharply. Therefore, MOT-MAC combines
linear and curvilinear motion models with different com-
plexities based on an interacting multiple model (IMM). It
also combines motion models with different velocity repre-
sentations by containing redundant velocity states. In other
words, MOT-MAC employs IMM- MIX, as presented in Na
and others [9], for adaptive motion estimation using the
unscented Kalman filter (UKF) as follows:

Xg =f}" (x) + W
zy =hy" (x¢) + s

S T T
X]rcn:[xk’ yk; xka yk’ ka vk9 Cl)k] k] and Z;{n:[xka yk] 5

where f;” and h;” are, respectively, the transition and
measurement functions of the jth motion model. w} and
y}f}c denote the zero mean white Gaussian noise used to
estimate the noise covariance for transition and observa-
tion, respectively. 6, v, and wy are the orientation, lin-
ear velocity, and angular velocity, respectively.

5.3 | Appearance tracker

The appearance tracker consists of a simple KF that pre-
dicts and updates the track’s appearance using a constant
model as follows:

X0 = AX]_,
zy = Hx{ + v,

A=diag(1, 1), H=diag(1, 1),

X! =z, ] ', and 78 = [z, hi] ",

where the appearance state contains z and h, which are
related to the height of the pedestrians. In addition, A is
the state transition matrix of the process model and H is
the observation matrix for the constant model.

5.4 | Data association using motion and
appearance cues

The data association of MOT-MAC mainly considers
motion cues and adaptively utilizes appearance cues
according to the track conditions, as described in Algo-
rithm 1. First; MOT-MAC counts the number of
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measurements within the Mahalanobis distance-based
validation gate of the motion tracker and then separately
calculates the association likelihoods of the motion and
appearance states, £;' and Lf, respectively, as shown in
steps 4-12 of Algorithm 1. The measurements are corre-
lated with the track if the Mahalanobis distances 7;;
between the ith track and jth measurement are smaller
than the gate threshold 5. Because an IMM estimator
has multiple motion filters, the validation gate with the
largest area is calculated from the innovation covariance
matrix with the largest determinant among motion filters
F by i, =argmaxyc rdet(S;) for the ith track [25]. The
gate threshold #{; is derived from the inverse chi-square
cumulative distribution according to the degree of free-
dom of measurement z" and the confidence interval. If
the measurements are validated with the track, the asso-
ciation likelihoods of motion and appearance are adap-
tively merged with the joint probabilistic association
likelihood Ly; this is as per the crowd density ¢; for the
association complexity and visibility v; for the sensor
accuracy, as shown in steps 13-17 of Algorithm 1.

Algorithm 1 Joint probabilistic association likelihood
estimation using motion and appearance cues

Input: 7 = {Zl, ,ZNT} Zk={Z1,....Zn,}
Output: Ly

1. forZ; € f’k do

2 ni< 0

3 L < {220}

4 forZ; € Z; do

. = m ,a
5 ZJ—{zj,zj}

6w (g-m) s ()
7: 1f ni; < ng then

3: [,[lj]<—N( ’zk’Sm>
9 £l g1 = N (2,558, 5%
10: n<n+1

11: end if

12: end for

13: if n; > 0 then

14: waea*ci*vi

15: w —1-w"

16: Ek[l] - wmﬂm[l] + wa[,“[ i]

17: end if

18: end for

MOT-MAC calculates the joint probabilistic associa-
tion likelihood P(Z;x|X;x) by merging association likeli-
hoods P( k|sz> for the motion cue and P( k|X1k) for
likelihoods

the appearance cue. The association
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P(Z].’f;{|xff;{), P(zj‘fk|x‘ifk), and P(Z;x[X;y) for the ith track
and jth observation are arranged in the matrices of £},
Ei, and Ly, respectively, with a size of Ny x Nz. The
joint probabilistic association likelihoods are derived
using association likelihoods and priors for motion and

appearance cues. The priors are formulated considering
track conditions as follows:

P(Zjx[Xix) =P(Zjx,mXix) +P(Zjx,a|Xix),
— P(m[Xui) P (73105 ) + P(alXi) P (705 X ),

(1)

P(zﬁ\x{'}() =N (z}f}{;ifk, ?fk), (2)
P(2 i) =N (2 2k St ). 3)
P(a|Xir) =w =axc;*v;, (4)
P(m|X;x) =w" =1—P(alXx), (5)
¢; = Min(Mmax, M)/ Amax» (6)
v;=1— min(dmax,d;)/dmax» (7)
di = [|Zggo — 2"], (8)

where m and a denote cue conditions for motion and
appearance, respectively. The association probability
P(Z;k|X;k) between the ith track and jth measurement is
calculated by adding association probabilities for motion
cue P(Zj,m[X;x) and appearance cue P(Zj,a|Xx)
in (1). The association probability is reformulated
by adaptively merging two association likelihoods,
P(z}f}c|x{f}€) and P(zﬁk\xﬁk), using a weighted sum of the
prior probabilities for the motion cue P(m|X;x) and the
appearance cue P(a|X;;). MOT-MAC calculates associa-
tion likelihoods with a normal distribution for motion
and appearance cues between tracks and measurements,
as indicated in (2) and (3). P(m|X;x) and P(a|X;x) identify
the importance of motion cue w]" and appearance cue
w{, respectively, in the association likelihood. P(a|X) is
calculated by multiplying the scale factor @, crowd
density ¢;, and visibility v; in (4). The crowd density is
derived for the association complexity by counting the num-
ber of nearby pedestrians n;. The visibility is formulated
for sensor accuracy as a function of the distance d; from
the robot. Finally, tracks and measurements are associ-
ated one-by-one based on the use of the greedy matching
algorithm of the joint probabilistic association likelihood.

6 | EXPERIMENTS

6.1 | Implementation details

We implemented SPriorSeg and MOT-MAC using Python
and C++ by wrapping them with a Robot Operating Sys-
tem (ROS) [28] for communication. The modules were
sequentially connected from 3D LiDAR point cloud to
the tracking results; however, they worked asynchro-
nously. We demonstrated that the system, which inte-
grates all the modules, can operate simultaneously on a
mini-PC (ZOTAC ZBOX MAGNUS EN1060K) based on
an Intel Core i5 7500T (2.7 GHz) central processing unit
and an NVIDIA GeForce GTX 1060 graphics processing
unit (GPU). The ground removal and instance segmenta-
tion of SPriorSeg were implemented in C++- for fast com-
putation. The semantic segmentation of SPriorSeg was
developed in Python for the GPU acceleration of deep
neural network processing. MOT-MAC was implemented
in Python.

All modules sent and received and the processed
results with the ego pose from GPS/IMU. MOT-MAC
tracked pedestrians in the global coordinate system to
estimate the object’s motion independent of the ego’s
movement. 3D LiDAR system generated a point cloud
at 10 Hz. SPriorSeg and MOT-MAC asynchronously
processed the latest input from previous modules
without a buffer. In addition, they used the ego pose
when generating a 3D LiDAR point cloud to avoid the
time delay caused by computation and communication.
First, SPriorSeg and MOT-MAC were evaluated.
Additionally, we demonstrated that the proposed multi-
pedestrian detection and tracking system using 3D
LiDAR could operate in real time in a crowded outdoor
environment.

6.2 | Dataset

We employed the KITTI dataset, the most widely used
dataset for autonomous driving recognition [15]. The
KITTI dataset was generated using sensors such as
GPS/IMU (OxTS RT 3003) and 3D LiDAR (Velodyne
HDL-64E) and includes annotated data for 3D object
detection and tracking. A point-wise labeled dataset is
necessary to train deep CNN-based semantic segmenta-
tion and evaluate the class- and instance-level labeling
performance. We constructed our dataset while including
pixelwise semantic and instance-labeled channels from
the KITTI object dataset using the same process described
in SqueezeSeg [6]. In the KITTI object dataset, 3D bound-
ing boxes are annotated on the front camera image, and
3D point cloud is collected from 3D LiDAR with
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64 channels. Therefore, according to the field of view of
both the camera and 3D LiDAR, the dataset has 512 pixels
between —45° and 45° in the row direction and 64 pixels
between —24.8° and 2° in the column direction. The
KITTI object tracking dataset was used to evaluate multi-
pedestrian tracking using only 3D LiDAR. Specifically,
we used Scene 17 as the crowded space scenario. We fol-
lowed the AB3DMOT [8] evaluation methods that pro-
vide the 3D object detection results of PointRCNN [18]
for a fair comparison. To demonstrate system integration,
we converted the KITTI raw dataset, which contained
many pedestrians, into an ROS bag file and played it back
when the proposed system operated.

6.3 | Evaluation results

To meet the purpose of the proposed 3D DATMO system,
we conducted experiments that considered only pedes-
trians. As shown in Table 1, SPriorSeg yielded more accu-
rate and faster results in semantic and instance
segmentation than SqueezeSeg and PointNet++.

SPriorSeg prevents the degradation of pedestrian rec-
ognition when using a sparse 3D LiDAR point cloud by
considering empty pixels and training with a class-
balanced dataset.

To evaluate the performance of MOT-MAC, we fol-
lowed the evaluation rules of AB3DMOT [8] for Scene
17 of the KITTI tracking dataset. Conventional MOT
evaluation employs CLEAR metrics [29] such as
multiple-object tracking accuracy (MOTA) for consistent
identification and multiple-object tracking precision
(MOTP) for object position estimation. AB3DMOT pro-
poses three tracking evaluation metrics: average MOTA

ETRI Journal—WI LEYM

(AMOTA), average MOTP (AMOTP), and scaled AMOTA
(sSAMOTA), considering the confidence score of tracks.
We also utilized the higher order tracking accuracy
(HOTA) metric to evaluate the tracking performance for
detection, association, and localization in a balanced
manner [30]. As shown in Table 2, MOT-MAC achieved
more accurate tracking results than AB3DMOT for all
evaluation metrics. An ablation study on motion and
appearance cues demonstrated that the consideration of
motion and appearance cues further enhances the accu-
racy of data association and localization when compared
with the consideration of motion cues. The MOT-MAC
with motion and appearance cues showed a lower HOTA
than the MOT-MAC with only motion cues. Thus, MOT-
MAC with motion and appearance cues may be less accu-
rate at certain confidence score thresholds, but it per-
forms consistenly well with less sensitivity to the
confidence score.

AB3DMOT requires 3D bounding box overlap to
match tracks and measurements; however, pedestrians
are perceived as having small bounding boxes. Therefore,
to ensure a higher tracking accuracy, 3D bounding box
overlap-based MOT should be able to provide fast track-
ing, accurate bounding box prediction, and accurate state
estimation. However, as MOT-MAC associates tracks and
measurements using the validation gating of motion
cues, it can avoid a strong dependence on the bounding
box prediction accuracy. MOT-MAC can accurately esti-
mate motion and appearance states by applying suitable
motion estimators to the state characteristics. In addition,
MOT-MAC can robustly track pedestrians with regular
and irregular movements by combining heterogeneous
motion models, as proven in Na and others [9]. Whereas
AB3DMOT assumes pedestrian movement to be in linear

TABLE 1 IoU (%) and computation time (ms) of semantic and instance segmentation for pedestrian class.
Semantic Instance
IoU (%) Time (ms) IoU (%) Time (ms)
SqueezeSeg [6] 18.5 13.5 20.8 27.3
PointNet++ [5] 19.2 745.0 5 .
SPriorSeg 60.0 8.5 67.3 5.0
Note: Numbers written in bold are the best values in the corresponding column.
TABLE 2 3D MOT evaluation (%) and computation time (ms) for pedestrians.
sAMOTA AMOTA AMOTP HOTA Time
AB3DMOT (8] 78.03 43.98 44.78 45.85 13.7
MOT-MAC (M) 79.69 45.57 44.65 46.76 7.1
MOT-MAC (M+A) 84.91 45.73 50.98 45.96 7.3

Note: M and A, respectively, are the motion cue and appearance cue. Numbers written in bold are the best values in the corresponding column.
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motion only, MOT-MAC models pedestrian movement as
both linear and curved motions, thus allowing for accu-
rate track-position estimation.

The computation time of the proposed 3D DATMO
system is faster than a single scan of 3D LiDAR and is
sufficient to respond to moving pedestrians. Notably,
SPriorSeg significantly improved computational speed by
completing semantic and instance segmentation in

Scene #1 ‘

Scen

e #2

13.5 ms on average, as shown in Table 1. The computa-
tional efficiency of SPriorSeg can be attributed to key
components such as the spherical projection image, light-
weight convolutional autoencoder, and module division
for object segmentation. Additionally, as indicated in
Table 2, MOT-MAC (T =7.3ms) exhibits slightly faster
processing times than AB3DMOT (T =13.7ms). How-
ever, both MOT-MAC and AB3DMOT offer adequate

Scene #3

©

R

FIGURE 4 Step-by-step results of the proposed real-time 3D DATMO for a pedestrian through a 3D LiDAR point cloud for three
scenes. (A-C) Reference color image for scene understanding. Scenes 1-3 are increasingly crowded in ascending order. (D-F) 3D LiDAR

point-cloud input. (G-I) Non-ground mask. Black pixels represent the ground. (J-L) Non-ground semantic mask. Red and blue pixels

represent pedestrians and cars, respectively. Cars are filtered out to only produce pedestrians. (M-O) Instance segmentation results labeled

in the point cloud per pedestrian. All pedestrians are visualized in different colors. (P-R) Multi-pedestrian tracking results of MOT-MAC.

Pedestrian tracks are visualized as blue cylinders with different numbers and the past trajectories of the pedestrians are visualized as lines of

different colors.
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speed for real-time operations. MOT-MAC achieves this
computational efficiency by utilizing probabilistic associ-
ation likelihoods between motion and appearance states
of tracks and detections, rather than using the time-
consuming overlap calculations of 3D bounding boxes.
Furthermore, a greedy algorithm is employed in MOT-
MAC to expedite data association.

The results of the step-by-step processing of 3D
LiDAR point cloud for multi-pedestrian tracking using
SPriorSeg and MOT-MAC are shown in Figure 4. SPrior-
Seg sequentially produces a non-ground mask, semantic
mask, non-ground semantic mask, and instance segmen-
tation from a range image obtained through the spherical
projection of a 3D point cloud. The results of instance
segmentation were visualized in 3D space with 3D point
cloud labeled per pedestrian, as shown in Figure 4M-O.
A pedestrian is modeled as a cylinder using points
corresponding to the pedestrian. Consequently, SPriorSeg
generates pedestrian observations, including position (x,
¥), height (z, h), and points. MOT-MAC with IMM-AUG-
MIX tracks pedestrian measurements frame by frame by
retaining the ID of the same pedestrian and estimating its
motion. The tracks are visualized as blue cylinders with
ID numbers, and the past trajectories of the tracks are
represented by lines of different colors, as shown in
Figure 4P-R. MOT-MAC has been shown to track nearby
pedestrians evenly in both simple and crowded scenarios.
The detailed shape obtained from the MOT-MAC track
points can help determine the precise boundaries of
pedestrians for safe robot navigation in crowded
environments.

7 | CONCLUSIONS

This study proposes accurate and fast 3D multi-
pedestrian detection and tracking using only sparse 3D
LiDAR. The proposed 3D DATMO for pedestrians can be
applied for safe robot navigation in crowded spaces. To
overcome the data sparsity problem of 3D LiDAR, SPrior-
Seg sequentially consists of a lightweight convolutional
autoencoder and a fast connected-component algorithm
for instance segmentation. It can provide pedestrians
with the detailed appearance of points and thus allows a
mobile robot to navigate in crowded environments.
MOT-MAC can accurately associate pedestrians in
crowded spaces with an adaptive consideration of motion
and appearance cues. In addition, it can robustly estimate
the pedestrian’s movement using diverse motion patterns
based on adaptive motion estimation. In a future work,
we plan to realize socially aware robot navigation that
considers the future pedestrian trajectory predicted using
the tracking results of the proposed system.
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