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aKawasaki Heavy Industries, Ltd., Hyogo, Japan; ®Department of Precision Mechanics, Chuo University, Tokyo, Japan

ABSTRACT

This study proposes an indoor movable static object extraction approach for building environmental
maps that describe indoor human activities. In particular, it is essential to distinguishing people from
non-human movable objects. To address this issue, we classify static objects into three categories
based on their features. Methods for extracting movable static objects using each feature are pre-
sented. We conducted experiments and confirmed that the movable static objects were successfully
detected and redefined as backgrounds, and only people were determined as dynamic objects.

1. Introduction

Sensing technology, represented by high-performance
cameras and LiDAR, is developing rapidly and has
been introduced into various fields, such as automated
driving technology for automobiles. In recent years,
research has been actively conducted to understand the
space by acquiring the movement of people in the area,
analyzing the behavior of users in the environment, and
acquiring the features of their usage.

In such research, there are two phases: a dynamic
object extraction phase in which dynamic objects are
extracted from sensor data and an information acquisi-
tion phase in which information such as motion informa-
tion is acquired for the extracted dynamic objects. Most
of the information obtained from sensors is about objects
in the environment other than people, such as walls and
desks (hereafter referred to as ‘environmental objects)’.
Information on dynamic objects such as people (here-
after referred to as ‘human objects)’ is often acquired
in smaller amounts. Some parts are missing owing to
occlusions from environmental objects and other effects.
Therefore, a dynamic object extraction phase is required
to distinguish human objects from environmental objects
while considering these effects. Then, in the information
acquisition phase, various types of helpful information
are acquired for the extracted human objects, such as
movement paths and time spent. It is used for spatial
understanding and behavior analysis.
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Skeleton tracking [1] and template matching [2] are
widely used methods for human extraction using web-
cams and depth cameras, which have good extraction
accuracy. However, their measurement range is narrow,
and multiple devices and locations must be considered
when conducting global observations. In addition, the
relative positions of human and environmental objects
are also crucial in dynamic object extraction for spatial
understanding. It is thus desirable to be able to acquire
the positions of the environmental objects. Threfore,
LiDAR sensors, which obtain the distance to an object
by irradiating a laser beam, is often used in large-scale
spatial understanding research.

The simplest method of dynamic object extraction
using LiDAR is the background subtraction method [3],
which is based on the difference between point clouds.
However, in indoor environments, such as office spaces
or stores, some people may remain seated or standing
and stay in one place for a while. There is a high possi-
bility that they cannot be extracted as dynamic objects
by the difference. Therefore, in recent years, many 3D-
LiDAR point clouds have been used for object identifi-
cation and dynamic object extraction using supervised
machine learning. These methods can be divided into
those that process a point cloud as an image [4-9] and
those that classify it directly [10-17]. However, because
both focus on classifying the point cloud at a given
instant, the processing cost is very high, making it chal-
lenging to apply them to the information acquisition
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phase, in which information is acquired while extracting
dynamic objects sequentially.

In contrast to these methods, object identification
from 3D point clouds without applying machine learn-
ing is often based on features between point clouds, such
as the surface shape of an object or the density of points
in a voxel [18,19]. Lv et al. [20] voxelized point clouds
at intersections and extracted dynamic objects based
on their density changes. Although these approaches,
including [21], are less accurate than machine learn-
ing methods, they reduce processing costs and enables
the extraction of dynamic objects in a continuous time
series. However, these methods are unsuitable for indoor
observations because they cannot extract moving objects
in an environment where people do not move. Prepar-
ing teaching data for diverse environments, such as
indoor office environments, is also impractical.

Thus, conventional dynamic object extraction meth-
ods can only be applied to environments where accurate
teacher data are available or where there are no station-
ary people and cannot be used in the indoor environment
envisioned in this study. In addition, there are many mov-
able static objects indoors, such as chairs, that change
their position with human intervention, and there is no
method to detect their movement and distinguish them
from dynamic objects.

Therefore, the objective of this study was to develop
a dynamic object extraction method that can acquire
human activity indoors, even with movable static objects.
The proposed dynamic object extraction method and
the information acquisition phase based on this pro-
cess can be executed continuously using long time-series
data. They should be completed within 100 ms, the
sensor period of 3D LiDAR. Therefore, this study uti-
lizes an environmental map building system [22] that
represents an environment with a collection of 10 cm

square cells. This system reduces the number of point
clouds to be handled by projecting a point cloud onto
the appropriate cell and using the center point of the
cloud to reduce the processing costs. In addition, the
initial background based on the newly proposed ini-
tial background extraction method is registered on the
map in this study. The basic strategy is dynamic object
extraction based on the difference between the initial
and registered backgrounds, thereby realizing real-time
processing.

The extracted dynamic objects include two possi-
bilities: people and movable static objects. The most
common objects among movable static objects present
indoors are chairs. It is very likely that a person will move
a chair after a series of actions such as sitting, stand-
ing up, and leaving. Next are objects such as partitions
and file cabinets with wheels. Most movable static objects
have a flat surface. Other objects, such as houseplants,
trash cans, and unattended chairs, have different shapes
and conditions for movement depending on their envi-
ronment. Therefore, in this study, movable static objects
are classified into three major categories, as shown in
Figure 1, and an algorithm for extracting movable static
objects is developed using each feature. On this basis,
the movable static objects are successively and locally
redefined as backgrounds, and only people are dynamic
objects, which are used to build an environmental map
describing indoor human activities.

The observation of human activities in daily environ-
ments, such as offices and stores, is essential for robotic
systems to provide appropriate assistance. The proposed
approaches play a significant role in the environmental
map building system for the iSpace-based future conve-
nience store presented by HARChuo for the customer
interaction task at the World Robot Summit, Future Con-
venience Store Challenge 2020 [24].

’ Indoor static objects

Absolutely static object
(Initial background)

Definition: It always stays at the
initial position or does not move.
Example: wall, door, etc.

Mobable static objects

Definition: It can be moved when
used by a person.
Example: chair, trash can, etc.

Objects with movement features

Objects with flat shap features

Others

Example: chair

Figure 1. Classification of indoor static objects.

Example: desk, whiteboard, etc.

Example: indoor plant, trash can, etc.



We believe that the proposed approach will be helpful
not only for the offered future convenience store ser-
vices but also for broader purposes that require building
environmental maps expressing indoor human activi-
ties. The methods for describing human walking activity
in an environmental map and the results of the map
were presented in [22,23].

2. Initial background extraction using angles
between adjacent points

The indoor activities of the people to be observed include
the positions and movements of dynamic objects and
their spatial connectivity with other objects such as coun-
ters and shelves. Therefore, it is necessary to extract
dynamic objects in a continuous time series and acquire
the positions of stationary objects that aff ect the behavior
of active objects. We focused on the background sub-
traction method to enable real-time acquisition of these
data.

Dynamic object extraction by background subtraction
is commonly used in point clouds. In simple differencing,
moving objects in a time series are removed as dynamic
objects, whereas other objects are drawn as static objects.
Dynamic objects do not always move in indoor environ-
ments, for example, sitting people. Owing to the pres-
ence of stationary objects, they may be removed as static
objects. Therefore, when using differencing in an indoor
environment, it is necessary to develop an algorithm to
extract a person who is not moving as a dynamic object.

In this study, to extract a person who is not moving
as a dynamic object, the standard deviation of the angle
of each point in the point cloud cluster and the result
of the background subtraction are used as features. The
cost is defined based on the feature values. According to
the cost, it distinguishes between stationary people and
static objects, such as walls and shelves. The static objects
identified by the proposed algorithm are registered in the
environmental map as elements that create space without
being removed to acquire indoor activities. The spatial
relationships between a dynamic object (a person) and
static objects can be obtained.

In this study, after the initial background is deter-
mined, dynamic object extraction is performed by sub-
tracting the initial background from the point cloud at
each time point. Thus, the accuracy of the initial back-
ground extraction is critical. Therefore, dynamic object
extraction and activity information are not performed
until the initial background is determined and only the
initial background is acquired. This strategy aims to
reduce the possibility of erroneous information accumu-
lation in the environmental map and achieve an accurate
initial background extraction.
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2.1. Initial background extraction method using the
angular variation of each point in the cluster

As described above, when extracting the initial back-
ground object from all points obtained using a 3D-
LiDAR sensor, it is difficult to process it within 100 ms,
the sensor period. However, it is possible to achieve a
high accuracy. Therefore, the strategy used in this study
is to reduce the number of point clouds to be pro-
cessed to extract stationary objects that serve as the initial
background from the point cloud without compromising
the real-time performance. In other words, after the point
clouds are clustered, all clusters with point clouds that
are higher than the sensor position are defined as static
objects as shown in Figure 2.

In studies using 3D - LiDAR for spatial understanding,
it is common to place the sensors above the height of a
person’s head. As it is assumed that there is no point cloud
representing a person above the sensor location, this pro-
cess does not affect the accuracy of person extraction.
However, it is practical to reduce the number of point
clouds to be processed.

After the above process, the remaining point cloud
cluster i in the space has two possibilities: a static object
identified as background or a dynamic object, a person.
Because people may remain seated indoors, a method of
object identification other than using the motion of the
point cloud is necessary. In this study, to adress this, the
point cloud clusters are first divided into virtual 10 cm
square voxels. Let Peenter = (Pcenter,x» Peenter,y) be the cen-
ter point of all points in a voxel (p, g, r), and define the
xy-plane angle 6, and its mean value @ with each point
P, = (Pyx, Puy) in the voxel using the maximum num-
ber of points N and their numbers n = 1,...,N in the
following equation. Here, Pcenter and P, are projected
onto the xy-plane.

Pyy — Peenter = N_ 9k
6, =tan ! |2 V5 = L= (1)
Pyx — Peenter,:x N
Point cloud
higher than the sensor position
: -
. ° 3D LiDAR
The cluster is defined e Point cloud
as a static object. e inacluster
°
[ ]
Floor

Figure 2. Example of the static object detection based on the
height of the point cloud.
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Using the angle 6, and its mean value § determined
in the above equation, their angular standard deviation
o(p, q,r) is calculated. Using og(p, g, 1), we define the
background weight wpg(p, g, 1) for each voxel as follows:

wpG(p>q,1)
_]1.0,if0 < oy (p,q,1) <y or B1 < 0p(p,q,1),
—]0.0, elseif a1 < og(p,q,7) < Bi1.

(2)

In the above equation, «; and f; are design parame-
ters. The background weights wpg (p, g, 1) are affected by
sensor errors that cause variations in the acquired point
set. Through various analyses, we empirically found that
the standard deviation for dynamic objects such as peo-
ple tends to converge between 0.1 and 0.5. Based on this
knowledge, we set o; = 0.10, 8; = 0.50 in this study.
The background weights wpg(p, g, 7) are obtained for all
voxels in a point cluster, and the average of wpg(p, g, 1)
of point cluster i is incremented to the background cost
Celuster (1) of the point cluster at each cycle.

The above process of obtaining the background cost
Celuster (i) is continuously performed for an arbitrary #y
after starting the 3D LiDAR sensor. #, s have passed, if
Celuster (i) > Cyp is satisfied, then point cluster i is defined
as a static object, which constitutes the initial back-
ground. Here, the threshold time t, = 120, and thresh-
old of the background cost Cy, = 960 are used.

2.2. Evaluation of initial background extraction

This section describes the experiments and results to
verify the accuracy of the initial background extraction
method using the standard deviation of the angles in the
clusters described above. In a space with static objects
such as walls and motionless people, we verified whether
the proposed method can extract only stationary objects
as initial backgrounds by performing initial background
extraction based on the proposed method. This experi-
ment used a portion of the measured data from a meeting
room, as shown in Figure 3 (a). The data include walls
and desks as static objects and people sitting in chairs
as dynamic objects in the meeting room. In this exper-
iment, the first 120 s were used for the initial background
extraction, and the dynamic objects were extracted from
the point cloud at 120.1 s. To verify the accuracy of the
method described in the previous section, we manually
labeled the point cloud at 120.1 s, as shown in Figure 3 (b),
and compared the extraction results with it. After label-
ing, we confirmed that the points in the area circled in
red in Figure 3 (b) indicated a person, and all the other
points were backgrounds.

Chairs
G B B B ==

Meeting table

Chairs

(a) Basic layout of the observed environment.
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r \
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6000 . .
{em) © 3D LiDAR

(b) An example of obtained point cloud.

Figure 3. Experiment environment of foreground extraction
experiment. (a) Basic layout of the observed environment. (b) An
example of obtained point cloud.

2.3. Results and discussion of initial background
extraction experiment

The results of dynamic object extraction by defining an
initial background using the proposed method based on
120 s of data and then differencing the initial background
from the 120.1s point cloud data are shown in Figure 4.
In this figure, each cell in black represents a cell extracted
as a static object and is defined as the initial background.
The numbers on the map indicate the ID assigned to each
object. The red circles in Figure 4 (a) and blue circles cor-
responding to the ID number in Figure 4 (b) represent the
center point of the object extracted as a dynamic object.
Figure 4 shows that objects such as the wall surround-
ing the environment and the chair to the right of the
object with ID No. 5 do not appear circled as dynamic
objects, indicating that these objects can be extracted
as the initial background. In addition, there were seven
people in this environment. Each person was extracted
as a dynamic object and assigned an ID, confirming
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(a) Visualization of foreground and moving objects

Figure 4. Extraction results of foreground and moving objects.

that people were not mistakenly recognized as the initial
background. Here, the object in No. 5 is a false positive
because the ID is assigned to a nonhuman object. Dur-
ing the 120 s, there were many occlusions by people in
Nos. 2 or 3, so the point cloud of the object in No. 5 was
insufficient. Therefore, the cost was insufficient to define
No. 5 as background. In addition, IDs are assigned to pos-
sible persons even during the 120 s of the background
definition. Therefore, IDs 1, 4, and 10 were assigned once
during the 120 s background definition. However, they
were redefined as background using the proposed back-
ground extraction method and the IDs were eliminated.

The above results indicate that objects acquired as
point clouds during initial background extraction can
be distinguished from people and other objects. Only
static objects were defined as the initial background.
Meanwhile, objects for which an appropriate point cloud
could not be obtained owing to occlusion or sensor
noise and static objects that were moved after the initial
background was determined were extracted as dynamic
objects. Therefore, a method that can successively rede-
fine them as background is needed.

3. Method for extracting movable static objects
using features of point cloud data

In an indoor environment, the object most likely to
change its position is an object that moves with a per-
son, such as a chair. A chair is expected to be moved
around the position where a person is during a series
of actions, such as sitting, standing up, and leaving. In
this study, we focus on a chair as a movable static object
that moves simultaneously with a person and investigate
the solutions. Because the series of movements to use a
chair is invariant regardless of the environment, a per-
son’s sitting position is detected, and dynamic objects in

[rm)

(b) Visualization of raw point cloud

the local area around the person who has transitioned
from the sitting to the standing state are extracted as mov-
able static objects. Subsequently, local background updat-
ing is performed to register the movable static objects as
background.

3.1. Sitting position detection

To realize an algorithm for detecting the human sitting
position, we focus on the height A(t,i) of the dynamic
object i at time t and the maximum height Ay (7)) up to
that time. To reduce the computational cost, the dynamic
object in this study is represented by a set of cells in which
a group of three-dimensional points is projected ontoa 10
cm square cell. Each cell stores the largest z-coordinate
of the points in that cell, and h(t,i) is the largest value
among the multiple cells representing dynamic object i.
The maximum height /.4 (i) is the largest height of the
acquired dynamic object i up to time ¢.

In this study, the sitting decision is based on a com-
parison of a person’s sitting height kg (i) and h(t, i) based
on hmax (i). hgit(7) is determined based on the average sit-
ting height of Japanese people according to the Ministry
of Health, Labor and Welfare [25], which is 53% to 55
% of the person’s height, and the ideal ergonomic sitting
height [26], which is 10 mm lower than 25 % of the per-
son’s height. Based on the above findings, it (i) is defined
by (3).

hsit(i) - 0-55hmax(i) + (0-25hmax(i) - 10) (3)

If the height h(t, ) of dynamic object i at time t satisfies
h(t,i) < hsi(i), then the dynamic object 7 is in a seated
position. Otherwise, the user is assumed to be in the
standing position. The sitting height hg; (i) is redefined
each time hpax (i), is updated.
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3.2. Extraction of movable static objects based on
sitting position detection

When a dynamic object i is detected as seated, the height
h(t, i) and history of the seated detection are stored in all
cells within a radius of 50 cm from its center. The average
value h(p, q) of the heights accumulated in any cell (p, q)
is then computed.

When a person detected in sitting position shifts to a
standing position and leaves the scene, a chair or a new
person sitting in a chair is expected to be present around
the cell (p, q) as a dynamic object k. If the dynamic object
k is a chair, its height h(t, k) is likely to be smaller than
h(p, q). Therefore, considering the sensor noise and other
aspects, if the height h(t, k) of the dynamic object k satis-
fies h(t, k) + a < h(p, q), the dynamic object k is a can-
didate for a movable static object, and the time #pqi; (k)
when the inequality is satisfied is recorded. Consider-
ing the time from when dynamic object i is determined
to be standing to when it leaves its place, the dynamic
object k is defined as a movable static object if and only
if tchair (k) > B is satisfied within an arbitrary time f,. In
this study, « = 100mm, 8 = 0.1, and i, = 120s were set
empirically.

All the cells occupied by objects defined as movable
static objects are immediately redefined locally as back-
ground. By performing the above process, a chair can be
extracted as a movable static object after a person sits
on it, and the background can be locally updated while
maintaining the real-time performance.

3.3. Movable static object extraction based on
shape features

In addition to chairs, display board stands, cart wag-
ons and whiteboards are movable static objects in indoor
environments such as offices or stores. Such objects have
the common feature that their surfaces are often linear
in shape. When such an object moves, it casts a shadow
on the initial background as shown in Figure 5. This fea-
ture is used to detect the candidates for movable static
objects. Therefore, in this study, the shape cost is obtained
based on the surface shape of the extracted object, and
the background cost is defined based on the shape cost
to extract movable static objects and perform local back-
ground updating. The background cost value is used to
distinguish people from movable static objects. By apply-
ing local background updating only to the appropriate
regions where the extracted movable static objects are
present, human detection and background updating can
be performed without compromising real-time perfor-
mance.

3.3.1. Obtaining shape scores for static objects

When a movable static object moves, its occlusion creates
a shadow in the initial background. If the newly created
shadow exists in the same area for more than 10 s, the
dynamic object i between the shadow and the 3D LiDAR
sensor is defined as a candidate moveable static object,
and the linearity u of its surface shape is obtained.

|_White board M Human |

Figure 5. 3D point cloud view of objects and shadows obtained by a 3D LiDAR sensor.
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(a) Straightness of a movable static object
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0 10 20 30 40 50 60 70 80 90
Straightness : x [degree]
(b) Straightness of a human

Figure 6. Straightness distribution of human and movable static object.

To obtain the linearity 1, we obtain the center point
P of the point group contained in the cell (p, q) consti-
tuting the dynamic object i and calculate the Euclidean
distance d,, from the center point of the nearest neigh-
bor cell. # is the number of the cell that forms dynamic
object i. This process is applied to all the cells occupied
by the dynamic object to obtain the mean value d of the
distance d,,.

Dynamic object i is classified into two clusters, one
with a large distance and the other with a small distance,
based on d, and the angle 6,, between the center points
of the cells in the clusters is calculated. m is the number
of cells in the cluster and M is the maximum number of
cells. Based on the angle 6,,, the linearity p of the cluster
is defined by the following equation to obtain the linearity
in each of the two clusters.

. 22/[:3 |6k — Ok—1]
M—-2

(4)

For each cluster, we obtain the linearity defined by
Equation (4). The closer the value of linearity is to 0,
the straighter the surface. Based on this definition, lin-
earity was obtained from a movable static object and a
static person. In Figure 5, 1200 linearity distributions are
shown. If the surface is flat, the distribution is as shown in
Figure 6 (a). If it is not flat, the distribution is as shown in
Figure 6 (b). This distribution indicates that the degree
of linearity of a movable static object tends to be low at
high rates. In contrast, the variability of linearity tends
to be large in the case of humans. Based on this knowl-
edge, in this study, we define the shape score ¢ for object
identification based on linearity u as follows:

€ = 2(90.0 — )? + B, (5)

The above equation is a simple quadratic func-
tion that determines that the linearity distribution
can be approximated as inversely proportional. More
specifically, this equation is designed to express the
degree of straightness of an object by considering the
angle between the two clusters of the object. This means
that the closer p is to 90°, the less straight the object is.

When determining the score based on the linearity of
Equation (5), 90 is used to weight the score according
to the degree of approximation from 90°. &, and 8, in
this equation are design parameters; in this study, oy =
—0.0006 and B, = 5.0 were determined empirically. The
shape scores of the two clusters obtained using Equation
(5) are defined as €pyax and €pin, depending on their
magnitude.

3.3.2. Movable static object identification and
background update by shape score

Sensor errors cause variations in the acquired point
clouds. Therefore, the shape feature can be expressed by
setting a range for the defined shape score. For exam-
ple, €max and €pin of the movable static object with
straight surfaces targeted here are 0 < €pax < 2.0 and
0 < €min < 1.5, while objects that do not contain linear
shapes, such as people, are represented in the range of
3.0 < €max < 5.0 and 2.0 < €pin < 4.0. Based on these
findings, we define the background cost Cpg(t,i) of
dynamic object i at time ¢ according to its shape score
based on the following conditions:

Cpg(t,1)

Cog(t — 1,i) + 2.0, if0 < emin < 1.0,
= { Cgg(t —1,7) + 1.0, elseif 1.0 < €min < 2.0,
Cpg(t — 1,i) — 2.0, elseif 4.0 < €max.

(6)

Furthermore, if the object velocity is 0.1 m/s for more
than 1 s, the object is likely to be a person; therefore, the
background cost Cpg (%, i) is subtracted by 1.0. Follow-
ing the above definition, the background cost Cpg(t,1)
of the dynamic object i is summed up; if Cpg(¢, i) sat-
isfies Cpg(t,i) > y within any time ty, s, the object is
defined as a movable static object and is registered as a
background. In this study, t, = 120 s and the threshold
of the background cost y = 960 are empirically assumed.
This process distinguishes people from movable static
objects with linear shapes and updates the background
sequentially in real time.
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3.4. Method for extracting movable static objects
based on their active movement

Houseplants, trash cans, and unattended chairs are diffi-
cult to extract using the methods proposed in the pre-
vious sections because their shapes and conditions of
movement vary depending on the environment. The
most remarkable difference between these objects and
people is the presence or absence of active movement.
Therefore, to extract such objects as movable static
objects, we use the position distribution of the highest
point of the object and the change in the number of vox-
els occupied by the object at an arbitrary time ty, s. This
method is applied only to objects detected by the process
described in Subsection 3.3 and extracted as dynamic
objects.

3.4.1. Object classification and background update
based on the distribution of the highest points of
movable static objects

In situations in which a person is sitting or working sta-
tionary, active motion is most noticeable in the human
head. However, movable static objects do not move
actively by nature, and the position distribution of the
point cloud does not change except under the influence
of sensor noise. Therefore, to use these differences as fea-
tures, the method stores the positions (p, q) of cells with
height h(t,i) of dynamic object i at a certain time t. If
there are multiple cells, they are saved, and the process
continues for #y, s. After #y, s, the recording time for each
position of all stored cells is obtained. If there are one
or more cells that have been stored continuously for #
s, dynamic object i is determined to be a movable static
object. All cells occupied by the movable static objects
considered to be stationary are defined as background
and registered on the environmental map. This series of
processes realizes local background updating only for the
location of the movable static objects.

3.4.2. Object classification and background update
based on changes in the number of voxels occupied by
movable static objects

The method described in the previous section may cause
variations in the distribution of the highest point posi-
tions of movable static objects and dynamic objects,
such as people, depending on the positional relationship
between the object and the LiDAR sensor. In such cases,
it is not possible to extract the movable static object, and
itis necessary to use other means to address the problem.
Therefore, we propose a method that uses the changes in
the number of voxels occupied by an object as a second
feature to express whether an object is actively moving.

As shown in Figure 4, there is always a gap in the
vertical axis direction in the point cloud obtained from
the 3D LiDAR sensor used in this study. The gap size is
determined by the angle between the scanning laser and
distance to the object. Suppose that only voxels in the
region where a point exists are defined as voxels occupied
by the object. The number of voxels is smaller than the
number of voxels occupied by the object. In indoor envi-
ronments, such as offices and eating spaces, where there
are many short objects, only the point cloud of the upper
body can be acquired owing to the occlusion caused by
tables and chairs.

To deal with these effects, we define the number of
voxels Ve ;(t, 1) occupied by a cell (p, g) constituting a
dynamic object i at time ¢ using the maximum Amayx ; (P, q)
of the point cloud contained in the cell and the edge
length /iy, of the voxel. n is the number of cells constituting
dynamic object i.

hmax,i ®». 9
lin

Vcell,i(t> n) = (7)

Voxels of size Iy, per side in the space between the
highest point and ground stored in a cell (p, g), with or
without a point cloud, are generated. Equation (7) defines
the sum as the number of voxels in the cell. The number
of voxels V(t, i) occupied by the dynamic object i at time
t is obtained from Equation (8).

V(t,i) =Y Veeni(t,k) 8)

k=1

By obtaining the number of voxels V(t,i) using
Equation (8), it is possible to represent the size of an
object in voxels even when some point clouds are miss-
ing, such as the lower body of a person shaded by a table
when seated. In this study, Iy, = 100 mm is empirically
obtained. The number of voxels V(t,i) is continuously
acquired for # s, and the most frequent value of the num-
ber of voxels Vinode (i) during that period is determined.
The difference between V04 (i) and V (¢, i) is defined as
the voxel change V4ig(t, i). The standard deviation ogig ()
of the voxel change for #, seconds is calculated.

The standard deviation og;g(i) is expected to differ
between a movable static object and a person who moves
actively. Therefore, we analyzed the data of movable static
objects and seated workers acquired in various envi-
ronments. The movable static objects analyzed here are
only those that the previously described methods cannot
extract. Through various data analyses, we found that the
standard deviation og4;g(i) < 5.0 is satisfied in the case
of a movable static object and 6.0 < ogig(i) in the case
of a person. Based on this finding, we define a movable
static object when ogif(i) < 5.0 and a dynamic object



when 6.0 < og;g(i). We also confirmed that the standard
deviation of movable static objects might be distributed
with low frequency in the range of 5.0 < og;f(i) < 6.0.
Because the objective of this study is to obtain indoor
activities of people, the most important thing to avoid
is the incorrect extraction of people as movable static
objects and the loss of their information to be stored on
the environmental map. Therefore, if a standard devi-
ation in the range 5.0 < oqif(i) < 6.0 is obtained, the
above process is performed for another #y,/2.0 s, and the
target object is determined to be a movable static object
only if the obtained standard deviation satisfies o4i(i) <
5.0.

A local background update is applied to the extracted
movable static objects based on the above methods. All
the cells of the object are registered as a background on
the environmental map. This process redefines movable
static objects as background and allows only informa-
tion on dynamic objects, such as people, to be stored in
an environmental map.

4. Evaluation experiment of movable static
object extraction

The aim of this experiment is to verify the accuracy of the
proposed series of movable static object extraction meth-
ods. The accuracy of extracting movable static objects
is evaluated based on three factors: the time required to
detect objects, the extraction results of each process, and
the number of incorrect detections in the result.

4.1. Experimental environment setup and
evaluation criteria

In this experiment, six types of movable static objects
(chair A, Chair B, whiteboard, desk, camera tripod, and
houseplants) and two dynamic objects (a seated person
and a standing person) were selected as targets objects.
Chairs A and B are chairs sat on and left unseated by
a person, respectively. Figure 7 shows the experimental
environment. The 3D LiDAR sensor (vlp-16) was placed
1.8 m above the ground. All the target objects were placed
within 8.0 m of the sensor. A total of 500 s of point cloud
data were acquired in one trial. We obtained the point
cloud data for four trials by changing the orientation and
distance of each object to the sensor. Each object was
measured four times. In two of the four trials, the objects
were set in the environment before the initial background
was defined, and moved to other locations after the initial
background was determined. The objects were placed in
the environment after the initial background was defined
for the remaining two times.
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Table 1. Proposed methods to extract movable moving objects.

Abbreviation Methods

ST Extraction method based on sitting determination

SS Extraction by using shape score

PD Extraction based on position distribution of maximum height
VC Extraction based on voxel changes

A table was placed as the static object in the middle of
the observation target area. Two of the four times were
taken on the right side of the table (sensor side), and the
other two on the left side (wall side). The locations of
the objects were changed to account for the presence of
occlusion by the table. When the objects were installed
on the right side (sensor side), they were placed imme-
diately next to the table, and when they were on the left
side (wall side), they were placed in a position where the
occlusion effect was likely to be significant.

The method used for extraction consisted of a series
of the proposed methods, as listed in Table 1. ST indi-
cates extraction based on sitting position judgment; SS,
extraction using shape scores; PD, extraction based on
the position distribution of the highest point; and VC,
extraction based on voxel change. The time required
for object identification using each method, its accuracy,
and the final extraction results were used to evaluate
the accuracy of the proposed series of movable static
object extraction methods. The time at which the mov-
ing object was detected was set to 0. The time required
to determine whether the object is dynamic is defined
as the shape determination time. In addition, we evalu-
ated the representation on the environmental map and its
differences depending on whether the local background
is updated based on the extraction of movable static
objects.

4.2. Results and discussion of evaluation
experiments

Table 2 shows the results of the dynamic and movable
static object extraction. The ‘Result’ column in Table 2
shows the number of false positives for each object.
Specifically, it is the number of times a movable static
object is detected as a person, or a person is detected as
a static object, that is, background. The evaluation pro-
cess consists of three steps: evaluation by ST, evaluation
by SS, and evaluation by VC or PD. No further processing
was performed if the object was redefined as background
in any evaluations. The proposed method always assigns
IDs to objects other than the initial background regard-
less of whether they are people or movable static objects.
Therefore, the moment the ID is assigned is set as the Oth
s. The time until the object is determined to be either a
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movable static object or a person is measured and defined
as the shape determination time.

The shape determination time of chair A is the time
measured from the moment when a seated person is
determined to have stood up to the moment when the
object is concluded to be a movable static object. In the
case of other objects, when a person moves them, they
are extracted as moving objects, and then the processes
to remove movable static objects are started. The shape
determination time indicates the time taken to conclude
that they are movable static objects. The extraction results
of each process and the number of false detections are

Table 2. Extraction result based on the proposed methods.

False extraction

listed in Table 2. The experimental results showed that
all movable static objects were redefined as background
by one of the evaluations, and people were recognized as
persons.

Chair A was extracted as a movable static object in
a short time without false detection by detecting the
state transition of a person in a sitting/standing posi-
tion and performing extraction based on this transition.
These results indicate that the extraction of movable
static objects based on the sit-stand decision requires a
shorter time than the other methods. The whiteboard,
desk, and tripod were extracted as movable static objects
using SS, without false positives. The tripod has fewer
straight surfaces than the whiteboard and desk, and the
difference in shape is reflected in the shape determination
time. Meanwhile, chair B could only be extracted once as
a moveable static object based on its shape score because

L 3

detesr::z:tion the obtained point cloud of the chair might include arm-
Object ST SS VC PD Result  timels] rests and seat surfaces. The above results indicate that the
Movable  ChairA  0/4 0/4  178(T) proposed method can be used to extract movable static
Ststic objects with linear surface shapes.
objects .
White 0/4 0/4  534(55) The houseplant was extracted as a movable static
board object using PD with no false positives, and chair B
Desk 0/4 0/4 58.6 (SS) : : :
Camera . 074 962(9) was dejtected. as a movable static ol?Ject once using PD
stand and twice using VC. When processing with PD and VC,
Chair B 3/4 0/3 2/3 074 554(55) more time is required to determine the shape than that
177.9 (VC, PD) .
Indoor 4/4 4/4 0/4 0/4  191.0(PD) needed with other methods because they use data for
Vo . pl;nt 0/4 0/4 0/a 0/4 120 s after the object is extracted as a dynamic object
ogg?gcts tanding using SS. Because the object is considered dynamic dur-
(Human) ing this period, it is necessary to shorten this time in the
Sitting 0/4 0/4 0/4 0/4 0/4
7000 6000 5000 4000 3000 2000 1000 0 -1000 -2000 -3000 -4000 -5000  -6000  -7000
0
1000
2000
3000
4000
e R
6000
7000
mm

O : 3D-LiDAR

Figure 7. Designed experiment environment.

D . Observation target area
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future. However, these objects were eventually detected as
movable static objects through the PD and VC processes.

In addition, people were detected as dynamic objects
in all the trials, regardless of their state. Becase the
method definses them as dynamic objects during shape
determination and acquires information on their posi-
tion and movement, no data are missing during shape
determination. These results show that the proposed
method can successfully detect objects as movable static
objects, although it takes time to determine their shapes.

Figures 8 and 9 show examples of changes in an
environmental map owing to local background updat-
ing based on the extraction of movable static objects.
The prepared objects were placed in the experiment
after determining the initial background. Figures 8 and
9 (a) show the acquired initial background. Each figure
is represented by the point cloud information obtained
0.1 s after the shape determination time indicated in
Table 2. In Figures 8 and 9 (b) and (c), the object
in the area circled in red is the movable static object
of interest; the randomly colored cells in (b) indi-
cate the presence of a point representing the mov-
able static object. In all the figures, black or its gra-
dient color represents a cell defined as background,
and the closer the cell maximum height is to 1.8 m,
which is the height of the sensor, the more intense the
color.

In Figures 8 and 9 (b), no movable static object extrac-
tion is performed; therefore, each object is extracted as
a dynamic object. In Figures 8 and 9 (c), the same area
is colored in black. This result indicates that the pro-
posed method removes the target objects as movable
static objects and then locally redefines all cells occupied
by these objects as background.

In this study, each variable was uniquely defined.
These values were determined empirically based on the
detection accuracy and processing time by verifying
the results when other values were used. The proposed
method was used to detect people and build environmen-
tal maps ofvarious commercial buildings. We confirmed
that the proposed method is effective in multiple envi-
ronments, without the need to adjust the design param-
eters. However, the design parameters can be optimized
as more data on various environments become available.

5. Conclusion

This study proposed an indoor movable static object
extraction approach and a local background updating
method for building environmental maps describing
indoor human activities. From the evaluation experi-
ments, we confirmed that the proposed movable static
object extraction method based on different features
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of the objects was able to extract only movable static
objects and the local background update was conducted
appropriately. Consequently, only people were identified
as dynamic objects. In the future, to further improve
the accuracy, we will develop an efficient detection
method for objects to which the proposed method is
applied and reduce the time required to determine their
shape.
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