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Abstract—The vehicle navigating through narrow and
crowded environments requires detailed shape information of
the surrounding pedestrians for collision avoidance. While
Light Detection and Ranging (LiDAR) is highly effective at
measuring the position of objects, its performance diminishes
as the distance between the LiDAR and the objects increases.
The number of data points acquired decreases, leading to
a less informative reconstruction of the object’s pose and
shape. To address this issue, this study proposes a pedestrian
tracking method that involves constructing multiple pedestrian
models and estimating the appropriate model parameters from
likelihoods using the Interacting Multiple Model, based on the
number of point clouds. We prepare three models: ellipse,
bounding box, and point cloud center of gravity models. The
ellipse and bounding box models estimate pose and size, while
the point cloud center of gravity model estimates pose. The
elliptical model uses Random Sample Consensus to determine
model parameters that suppress arm swing and body sway
during walking. Through experimental validation, this method
effectively demonstrated its ability to continuously track pedes-
trians, including those with only a few acquired data points
from a pedestrian located far from the LiDAR, while accurately
estimating their pose and size.

[. INTRODUCTION

In recent years, obstacle recognition has become essential
in the research on autonomous mobility. Accurately deter-
mining the centroid position of obstacles is crucial when
selecting paths through narrow environments with a mixure
of obstacles [1]. Cameras and Light Detection and Ranging
(LiDAR) are widely used sensors for object recognition.
The camera can obtain detailed visual information. Thus,
methods for tracking pedestrians in occlusion scenarios,
such as environments with mixed pedestrian traffic, have
been studied [2]. However, accurately estimating distances
is challenging with cameras, and privacy protection, such as
preserving the appearance, is essential [3]. LiIDAR can accu-
rately measure objects’ position by acquiring the surround-
ing environment as a point cloud. Research using LiDAR
includes the development of autonomous mobile robots for
navigation [1]. Tracking methods based on the movements
and appearances of pedestrians in crowded environments
have also been studied [4], [5]. Furthermore, some research
has fused LiDAR, cameras, and other sensors to improve
accuracy and robustness [6].
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In addition, it is necessary to estimate the shape and
pose of pedestrians accurately. For shape estimation, some
methods include representing the contour of a pedestrian
using the variance of the pedestrian point cloud [7], tracking
pedestrians using the cyclic nature of walking [8], and
applying a bounding box (BB) [9], which can utilize both
shape and pose information. Information about pedestrians
obtained from sensors can be effectively and easily acquired
by approximating them to simple shapes such as BBs. Addi-
tionally, some methods approximate the outline of pedestri-
ans to cylinders [4]. These approximation models calculate
the shape of pedestrians based on the point cloud radiated by
LiDAR, making it possible to treat them as more accurate
centroid positions than the point cloud centroid. However,
fitting approximation models accurately to pedestrian point
clouds at each time step is challenging due to arm swings and
body sway. Therefore, methods have been proposed to track
pedestrians using Random Sample Consensus (RANSAC)
[10] to perform accurate model fitting [11], [12]. These stud-
ies suppress arm swings and body sway during walking by
fitting pedestrian point clouds to models using the procedure
[11]. These methods are effective for pedestrians close to
LiDAR, because there is enough density of point clouds
available, as demonstrated in Fig. 1(a). Collision avoidance at
close range may lead to abrupt vehicle maneuvers, potentially
causing discomfort to both passengers and pedestrians. If
pedestrians can be detected from a distance, it becomes
possible to exploit the necessary information to enable pre-
dictive avoidance. However, as shown in Fig. 1(b), it becomes
difficult to capture the shape of far-off pedestrians since the
point clouds become sparse. Hence, a tracking method is
necessary to acquire pedestrian shapes and use appropriate
models depending on the distance.

The Interacting Multiple Model (IMM) method based on
the Kalman filter (KF) [14] can play an effective role as
a means of accomodating to this problem. This method
integrates state estimation values from multiple models based
on their reliability. These models, characterized by different
features, consist of multiple types, and methods using models
distinguished by velocity dimensions such as constant accel-
eration or constant velocity have been proposed [15]-[19]. In
research using LiDAR, surveillance systems such as vehicle
monitoring in environments prone to occlusions and safety
monitoring systems in airports have been developed [20],
[21]. Additionally, it is used as an object tracking system for
autonomous vehicles, where methods have been proposed to
classify and track pedestrians and vehicles separately [22],
and a method for tracking surrounding objects using onboard
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Fig. 1. Difference in the number of measured pedestrian point clouds by
distance. The sparsity of the point cloud changes with distance.

LiDAR has also been proposed [23]. These studies are used
to account for differences in the speed and angular velocity
of target objects and to classify and track multiple objects
based on their shapes. Thus, the appropriate use of multiple
models is expected to adapt to the fluctuation of density of
point clouds.

In this study, we propose a pedestrian tracking method
using IMM for LiDAR-based vehicle control. By using
the IMM filter with multiple models, we aim to cover
the distance-dependent measurement performance of Li-
DAR while seamlessly tracking changes in distance. At
close range, where the point cloud density is high, we
use RANSAC to obtain the shape of pedestrians based on
the elliptical model, enabling accurate estimation of their
positions and velocities. At longer distances, where the
point cloud density decreases, we estimate the position and
velocity using BB or point cloud center of gravity (PC-COG)
model. Through the IMM, each model interacts with others,
allowing consideration of pedestrian shapes even at long
distances. Compared to the typical single-model tracking,
this system can be used as a wide-area tracking system
without relying highly on the measurement performance of
the LiDAR, and is expected to enable flexible avoidance
in vehicle avoidance control. To verify the effectiveness
of tracking concerning changes in pedestrian distance, we
conducted validation using a tracking system incorporating
the IMM filter. In scenarios involving long-distance tracking
using a fixed LiDAR, we confirmed continuous tracking of
pedestrians at distances of 30 m or more.

The rest of this paper is organized as follows. Section II
describes the estimation model used, section III describes
the tracking system as a whole, section IV focuses on the
IMM within the tracking system, and section V presents the
validation. The final section concludes the study.
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Fig. 2. LiDAR point clouds are fitted into three different models to leverage

geometric features. The point cloud of the pedestrian acquired from LiDAR
is model-fitted as 2D data shown in the top view.
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Fig. 3. Ellipse estimation model. This model consists of 6 states including
pose and size.

II. ESTIMATION MODEL

This section describes the model of pedestrians targeted
for estimation. Note that it is challenging to recognize the
shape of pedestrians at long distances, so we propose to track
them using multiple models. After acquiring pedestrian point
clouds with LiDAR, we fit them to models with different
shapes, as shown in Fig.2. The models used are elliptical,
BB, and PC-COG models.

A. Pedestrian model

The pedestrian pose is represented as the center of the
human body torso (x,y) and the orientation angle 6 in the
Cartesian coordinate system. The walking velocity is v, and
the size of the body is described by the major axis « and the
minor axis 3, as depicted in Fig.3. The state of the model
x is defined by

az::[:r y 0 v « ﬁ]TE}RG. (1)

Furthermore, since the pedestrian’s intention is uncertain, we
assume it as a random walk model. Its dynamics is & =
vcosh, y =wvsinb, and 0,6, & and B obeys Gaussian signal.
Then, the state transition model at time step k is

zlk] = f(x[k —1]) + n[k], 2)
where the process noise n obeys a normal distribution n ~
N(0,Q) with Q € R°*6 denoting the covariance matrix.

B. Elliptical model for estimation

We describe the ellipse model [12] used for estimation
in Fig.3. This model approximates the torso of the pedes-
trian point cloud in the left part of Fig.2, as illustrated in
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Fig. 4. Bounding box estimation model having the same variables with
the ellipse model.

the upper right illustration, and estimates the state x, :=
[ty & v a B]T. We assume that x,y,0,a and (3 are
measured via elliptical approximation at pedestrian point
cloud. The measurement vector is y, := [z y 6 « (], and
the observation equation is given by (4) using the coefficient
matrix C, € R5%6:

Yelk] = Cez[k] + welk], 3)

where the observation noise w, obeys a normal distribution,
we ~ N (0, R,), and R, € R5*5 is the covariance matrix.

C. Bounding box model for estimation

The BB model defines the state as @y, := [z y 0 a 3],
similar to the elliptical model in SectionII-B. The BB model
is shown in Fig.4. We assume that z,y,0,a and [ are
measured via BB approximation at pedestrian point cloud.
Then, the measurement vector is yy, := [z y 6 o (]T, and
the observation equation is given by (4) using the coefficient
matrix C, € R%6 ag

Yo [k] = Cex[k] + wy K], )

where the observation noise wy, obeys a normal distribution,
wy, ~ N(0, Ry,), and Ry, € R5*5 is the covariance matrix.

D. Point cloud center of gravity model for estimation

In PC-COG model, the state is defined as x, :=
[y 0vaB]". We assume that the centroid position (z,y) is
measured and the measurement vector is y, := [z y] ", and
the observation equation is given by (5) using the coefficient
matrix C}, € R?*6:

Ypk] = Cpa[k] + wp[k], )

where the observation noise wy, obeys a normal distribution,
wy, ~ N(0,R;,) and R, € R?*? is the covariance matrix.
We add an offset by the length of the minor axis of the
elliptical model to bring the COG closer to the torso center.
Since the ellipse size a and § are unobservable, instead of
estimating them, we assumed that ¢ and 5 are Gaussian
signal.

III. PEDESTRIAN TRACKING

A. System’s overview

The outline of pedestrian tracking system is shown as
Fig.5. The point cloud data acquired from LiDAR is pre-
processed and passed to the track manager, which applies

the Hungarian method [13]. The pedestrian point cloud is
approximated to each model, and the estimated values are
then calculated using the IMM of the proposed method. This
process is repeated each time step. The estimation method
using the IMM is described in the next section.

lPoint cloud

Preprocessing (Track manager Filtering

Ground Buffering of Calculation of
segmentation | |Detection| Lrack candidates || 1, || observations  ||Estimation

. ASSOClaII(')n Estimation by

Clustering by Hungarian IMM filter

\ method
Fig. 5. Pedestrian tracking system pipeline.

B. Parameter estimation of elliptical model by RANSAC

This method follows the calculation of the elliptical
model parameters as described in [12]. We treat the three-
dimensional point cloud data as two-dimensional data for
fitting. Let M denote the number of pedestrian point
clouds, and each pedestrian point cloud is represented as
(r%0,yoe), where @ € {1,---,M}. To approximate the
torso point cloud (hereafter referred to as ’inlier’) to an
ellipse model, the point clouds of the arms, considered as
outliers, are excluded [12]. According to [24], RANSAC can
determine a reasonable number of iterations with reliability
considering to effectively exclude outliers. Therefore, we
predefine a maximum number of interations m based on
reliability C. IN; refers to the sample set described in the
following steps.

1) We create a randomly selected sample set IN; from the
pedestrian point clouds (2%, ¥5bc)-

2) Based on optimization calculations, we compute can-
didate ellipse models from all sample point clouds
(z%,y'),i € Nj. The candidate models are determined
by the following binomial evaluation function:

2 . P
Ji= D (s5) +exp { V oo +Ypo — Vi +y12}

iEN;
‘ _ _ (6)
s; represents the error between (zpc,Ypc) and the
ellipse model as follows, where Z; = 2%, — x; and

Ui = Ypc — Yt
i <—£j sinf; + g, 0059]-)2
j y )
n (—i‘j cosb; — g sin9j>2 .
Bi

The second term of (6) serves as a correction term
for fitting [12], preventing the estimated center of the
ellipse model from being outside the torso. We impose
the following constraint, where ¢’ is the posture angle
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Fig. 6. Pipeline of IMM filter selecting a model for model fitting based on the number of pedestrian point clouds. The fitted model is used as the EKF

observation. Then, the estimated values are integrated.

from the previous time step:

o > B; ()
Qmin Saj < Qmax (9)
ﬂmin S/Bj S 6max (10)
0" — Oin <0; <0 4 i, (11)
Here, the optimization problem for RANSAC:
minimize Jj,
with respect to x;,v;,0;, 5, B;, (12)

subject to (8)(9)(10)(11).

3) We calculate the error evaluation value between the
ellipse model obtained from step 2 and the pedestrian
point clouds (%, y%). Then, we compute the sum
of evaluation values for M pedestrian point clouds
using

M

W =Y (s1)”. (13)
i=1

We adopt the ellipse model that minimizes W; until %k

iterations are completed. Points (2%, yb) exceeding the

threshold d;, are considered outliers, indicating point clouds

undesirable for fitting, such as those from the arms. The

following pseudo-code is summerizes this procedure:

Algorithm 1 Estimate ellipse model by
RANSAC(zpc,yrc, m)

1: for 1 to k do

2 (2%, y’) + rand(zpc, ypc), where i € N;

3: (xj,yj,ej,aj7ﬂj) < Solve (12)

4 Get evaluation value W; using (13)

5: end for

6: Wi < min(W;)
7: return W,

IV. IMM FOR ELLIPTICAL, BB, AND PC-COG MODELS

In this section, an IMM estimation method is presented
where the best estimate value is calculated from multiple
models based on their likelihood. Specifically, we estimate
the pedestrian model using three different approaches: el-
lipse, BB, and PC-COG. Then, KF based method is em-
ployed for the estimation process.

A. Proposed IMM filter

The process of the IMM filter is illustrated in Fig. 6. The
IMM consists of the following four steps. Here, we focus
on the transitions from model ¢ to j using the indices i, j,
which indicate one of the three models. The equations for
the covariance matrix P, are omitted. For detailed equations,
refer to [25].

1) Model Interaction:
The estimated state of the model ; is mixed based on
the model probabilities ¢ € R? and the model tran-
sition probabilities II. The transition probabilities are
defined in (14), and the integrated transition probability
45 18 given by (15).

I = [m] 5 (14)
pilj = =g — (15)
D i1 Tijhi
The estimated state of the model j is
3
By = i (16)
i=1

2) Filtering:
Filtering is performed using the calculated observations
y, for each model, similar to the KF. The calculation
of observations switches dimensions based on the
threshold number of point clouds N,, which will be
described in section I'V-B.
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3) Model Probability Update:
The model probability p; is updated based on the
likelihood A; of the predicted pedestrian existence
probability, as defined in (17).

3
Ay > i Tt
3 3
Zi:l(Aj Zi:l Wijﬂi)
4) Integration estimation:

The estimated values of each model are integrated
(weighted averaged) using .

My = )

B. Switching observations in a sparse point cloud environ-
ment

If a sufficient number of pedestrian point clouds are not
obtained, it becomes difficult to calculate the observation
model for ellipses and BBs. Therefore, the observation model
is switched according to the point cloud number threshold
N.. The observation dimension number n of the ellipse is
switched as follows.

(18)

5 if ppe < N,
2 otherwise.

As mentioned above, the normal observation value has a
dimension of 5 for pose and size, but if it falls below N,
only the positions x, y are observed. Similarly, the dimension
number m of BBs changes according to NV,. If the number of
point clouds is less than ., the dimension of the observation
noise covariance R also becomes R?*2.

V. EXPERIMENT
A. Experiment setup

We conducted an experiment of pedestrian tracking in
an outdoor corridor shown in Fig.7. The corridor is an
ideal environment for LiDAR measurement performance,
characterized by a total length of over 80 meters and minimal
obstructions. A LiDAR (Velodyne VLP-16) is installed on
the vehicle, and the coordinate system X,Y, Z is defined as
shown in the figure. A pedestrian walks along the trajectory
indicated by arrows, covering a round trip of approximately
30m for pose estimation at near and far distances. By
tracking this process with the IMM filter, we confirm validity
of estimates and how the transitions of multiple models
appear. The noise parameters used in EKF are shown in
Tablel. They are approximate values calculated in advance
via preliminary experiments, which are based on empirical
adjustments. PC-COG model size, o and [ are set to 0.17
and 0.08 m, respectively. The other parameters were set as
follows: n(IN) = 9, m = 100, C = 0.95, apmin = 0.1m,
Qmax = 0.2m, ﬁmin = 0.05m, Bmax = 0.1m, 6y, =
m/12rad, dip, = 0.5m, N, = 40, N, = 10.

B. Results and Discussion

Figure 8 shows the estimated trajectory of the pedestrian
pose estimation. The pedestrian walks while repeating stop
and go, and Fig.8(a) is stepped from ¢ = 0 to 60s.
Figures 8(b) and 8(c) are also roughly consistent with the
pedestrian’s movement.

Fig. 7. Experimental scene. Pedestrian walks along the path indicated by
arrows. A LiDAR located at the origin of the coordinates obtains a point
cloud.

TABLE I
PARAMETER OF IMM FILTER.

[ Parameter | Value
Q. diag(0,0,0.1,0.1,0.0001,0.0001)
R. diag(Ox10~%,9x10~%,(7/12)2,9x1072,9x 10~ 2)
Qs diag(0,0,0.1,0.1,0.0001,0.0001)
R, diag(Ox10~2,9x10~%,(7/12)2,16x10~2,16x 10~ 2)
Qp diag(0,0,0.1,0.1,0.0001,0.0001)
R, diag(3.6,3.6)x10—>
I [0.99,0.005,0.005; 0.005,0.99,0.005; 0.005,0.005,0.99]
TABLE II

AVERAGE PROPORTION OF MODEL PROBABILITY BY DISTANCE

| [ Ellipse | BB | PC-COG |
0~ 10m | 95.30% | 0.69% | 4.01%
10 ~20m | 8823% | 10.26% | 1.51%
20 ~ 30m | 55.13% | 41.56% | 3.2%
30m ~ | 4691% | 31.93% | 21.16%

Figure 9 picks up characteristic moments such as start
and goal, stop, and turning movement in time series. The
probability of each model is shown in the upper left of
the figure. Figures 9(b) and 9(c) are the positions where the
pedestrian stopped at X = 10, 15 m, and the estimated values
were 9.93,14.87m. Considering the error due to the visual
observation of the pedestrian, this is a reasonable estimate.
Figure 9(d) shows the turning movement, and it matches the
orientation of the pedestrian in the snapshot. As shown in
Figs.9(a) to 9(f), the system was able to continuously track
the pedestrian while adapting to large changes in point cloud
density. TableII shows the transition of model probability
with respect to distance. The proportion of elliptical models
decreases as the distance increases, and other models in-
crease. An ellipse is advantageous for tracking at close range
because the shape can be accurately fitted from the point
cloud distribution. In contrast, at long range, the tracking
performance deteriorates because the point cloud becomes
sparse and the shape becomes uncertain. Then, the model
probability of BB and PC-COG increases, and the accuracy
of the integrated estimation value is maintained at a high
level. This is supported by the fact that the trajectories of
the integrated estimation value at close and long range in
Figs. 9(b)(c)(d) and Fig. 10 are biased toward each model.
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Fig. 9. Snapshot of the experiment, pedestrian point cloud data and fittin
indicating that "E” is ellipse, "B” is bouding box, and "P” is PC-COG.

For performance comparison, the tracking results with
a single BB are shown in Fig.11. With IMM, the size
was maintained even when the point cloud distribution was
collapsed, and the attitude angle was also correctly estimated.
On the other hand, with BB, the point cloud distribution has
a strong effect on the size estimation, making it difficult to
estimate the correct shape.

Next, to verify the practicality when occlusion occurs,
multiple pedestrians walking freely were tracked. Fig. 12

g result. The model probabilities are indicated at the top left of each figure,

shows the situation when occlusion occurs and the track-
ing results of IMM. Tracks with a large number of point
clouds are primarily tracked with ellipses, but PC-COG
is emphasized for tracks with sparse point clouds due to
occlusion. In this way, it is also adapted to partially observed
point clouds. Finally, the calculation speed of the tracking
system was verified through five experiments. The CPU of
the verification PC was an Intel(R)Core(TM)i9-14900HX
(@5.80GHz). The average calculation time was 16.9 ms,
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with a peak of 204.9 ms only at the moment when the
number of tracked targets increased. The tracking system
functions sufficiently in a steady state, but peak suppression
was necessary.

@ Integrated estimation ® BB

@ Ellipse

® PC-COG

1.8 2 2.2 2.4 2.6
Time(s)
(a) Around t = 2 (at close distance)

31.85
318
> 31.75

31.7

57.5 58 58.5 59
Time(s)
(b) Around ¢t = 58s (at far distance)

Fig. 10. The trajectories of the pose estimation on the X-axis at close and
far distances, as shown in the enlarged figure in Fig. 8(a). The trajectories of
the integrated estimate match the trajectories of the ellipse model at close
range and the PC-COG model and the BB model at far range, respectively.

t=69.3933 s t=69.3933 s

1.8 a0 1.8
P 0.01
L. L7
=16 1.6
515 515
1.4 i 14
1.3 1.3
24.2 244 24.6 24.2 24.4 24.6
X (m) X (m)
(a) IMM (b) EKF-BB
Fig. 11. Comparison of tracking in IMM and EKF-BB; pedestrian

orientation and ellipse orientation are close in IMM, but not in BB, which
relies on a sparse point cloud distribution, so pedestrian orientation and box
orientation do not match. In fact, the model probability of the ellipse model
was high, indicating that the ellipse model is superior to other models.

VI. CONCLUSION

In this study, we proposed a pedestrian tracking method
that utilizes Interacting Multiple Model (IMM) techniques
to adapt to various distances. We verified the performance
of the constructed system and found that the model’s prob-
ability changes based on the pedestrian’s distance. At close
distances, the model operates as an elliptical model, while
it transitions to Bounding Box (BB) or Point Cloud-Center
of Gravity (PC-POG) models as the distance increases. By

[JPC-COG probability [ ] No track

[ Ellipse probability

(a) Snapshots of the experimental scene and the tracks with the
information of highest probability.

t=13.0175 s
0} E10000 E99.64 ]
B0.00 E 1;888 B0.35
! POgP©e
P0§8 5
4 T
E (00
E B0.00
P100.00
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X (m)
(b) Tracking result.

Fig. 12. Multi-pedestrian tracking result at t = 13 s. Pedestrians in green
and red boxes are tracked, whereas others are waiting to be tracked (blue
box) or neglected. Most tracked estimates rely on the ellipse model, whereas
the track of the red box, which has less point cloud due to occlusion, adopts
PC-COG.

integrating estimates from multiple observation models, we
successfully demonstrated wide-area tracking and the sys-
tem’s adaptability to occlusions, where accurate pedestrian
point clouds may not be available. We plan to test this
method on moving vehicles and integrate it into vehicle
control systems.
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