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Abstract

Decision-making is the key for autonomous systems to achieve real intelligence
and autonomy. This paper presents an integrated probabilistic decision framework for a
robot to infer roles that humans fulfill in specific missions. The framework also enables
the assessment of the situation and necessity of interaction with the person fulfilling
the target role. The target role is the person who is distinctive in movement or holds a
mission-critical object, where the object is pre-specified in the corresponding mission.
The proposed framework associates prior knowledge with spatial relationships between
the humans and objects as well as with their temporal changes. Distance-Based Infer-
ence (DBI) and Knowledge-Based Inference (KBI) support recognition of human roles.
DBI deduces the role based on the relative distance between humans and the specified
objects. KBI focuses on human actions and objects existence. The role is estimated us-
ing weighted fusion scheme based on the information entropy. The situation is assessed
by analyzing the action of the person fulfilling the target role and relative position of
this person to the mission-related entities, where the entity is something that has a par-
ticular function in the corresponding mission. This assessment determines the robot
decision on what actions it should take. A series of experiments has proofed that the
proposed framework provides a reasonable assessment of the situation. Moreover, it

outperforms other approaches on accuracy, efficiency, and robustness.
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1. Introduction

Robotics has made exciting advancements in dealing with challenging situations
in the past few years. Autonomous robots were employed in many applications, for
example, assistant services, or search-and-rescue operations. Some of them can be
time-consuming, and potentially life-threatening to human.

Recently, the field has shifted its attention from hardware development to intelli-
gent agents. Robots are expected to perform high-level tasks such as visual searching,
or interaction with the human. Previous studies introduced prior knowledge of en-
vironments in their systems [[1} 2 |3]. This could enable robots to understand their
surroundings, aware of situations, and act wisely. However, the aforementioned sys-
tems rely on the single modality for analysis and decision-making. When operating
in a large scale complex environment, dynamic changes of objects and occlusions are
often concerned. Single modality is clearly insufficient and prone to failure in such
a situation. Alternatively, multimodality can be applied to handle uncertainties, and
enrich the credibility of decisions.

Prior knowledge in this research mainly refers to the spatial relationship between
objects. The relationship could be described in spatial spaces or spatio-temporal spaces.
The spatial relationship provides essential information for robot navigation, scene un-
derstanding, and task planning. Considerable effort has been devoted to the usages of
spatial relationships [4] 15,16} [7]]. Many approaches associated visual detection with the
spatial relationship to infer the locations of objects [8} 9, [10]. However, fewer studies
consider the potential relationships between human and specified objects (including
their temporal changes).

This paper aims to infer the role of people and the level of the situation in a dynamic
environment. By integrating both spatio-temporal and spatial-semantic features with

prior knowledge, probabilistic models can be established to infer human roles. The
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target person, who fulfill the target role in a specific mission, is defined as the person
who is distinctive in movement or holds a mission-critical object. A mission-critical
object is an object that is pre-specified in the corresponding mission. We simply use
‘object’ in the following content to represent the mission-critical object. Moreover, the
situation is assessed into several levels based on the action of the target person and the
relative position of this person to the mission-related entities. A mission-related entity
is an entity that has a particular function in the corresponding mission. We simply use
‘entity’ in the following content to represent the mission-related entity. Then, the robot
can determine what action it should take according to the inferred situation level.

Main contributions of this work are listed below:

* A probabilistic reasoning framework that can associate prior knowledge with
spatial relationships between the humans and objects as well as their temporal

changes to infer the implicit information in a dynamic environment.

* Distance-based inference (DBI) and knowledge-based inference (KBI), are es-

tablished by spatial-semantic and spatio-temporal features with prior knowledge.

* An adaptive fusion scheme for role recognition by using the information entropy

of KBI and DBI.

* Situation assessment based on the action of the target person and relative position

of this person to the mission-related entities.

The rest of this paper is structured as follows. Section 2 reviews the related works
of this research. Section 3 states the problems involved in this research. Section 4
details the theoretical explanation of role recognition. Section 5 introduces the situation
assessment. Section 6 demonstrates the simulation of the reasoning process. Section
7 shows the experimental procedures and results. Section 8 concludes the paper and

discusses future works.

2. Background and Related Works

This section will review relevant works in the field of role recognition, situation

awareness, and information fusion. It is noted that object detection is beyond the scope
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of this study, and we just apply the existing method to detect objects.

2.1. Role Recognition

The ability to recognize social roles in real life is crucial to robot’s decision-making
and task planning. It is initially a subject of Psychology and Sociology [[11]. With the
rapid development of robotics, role recognition can be solved by visual recognition. By
identifying the role of people, robots can determine their possible interactions with the
environment and vice versa. Previous research recognized the role in an image by an-
alyzing appearance features in associate with familial relationships [12]]. The clothes
and their contexts were used to classify the occupation of human [13]]. In conversa-
tional broadcast, [[14] uses behavioral evidence from speaker turns to infer the roles
played by different individuals. Some other research determines the role by consid-
ering the spatial relation between human-to-human or human-to-objects. The work in
[[15]] observed the spatio-temporal between players to predict the “attacker” role and
“defender” role in sports videos. [16] assigned roles to people in different events by
tracking their actions along time series. However, most of the existing work focused
on recognizing specific roles either in static images or the known scenario. This study
handles abstract roles that without particular notions. We investigate spatial relation-
ships between the humans and specified objects as well as their temporal changes to

recognize the target person.

2.2. Situation Awareness

Situation awareness is divided into three steps: the perception of environmental
elements concerning time or space, the comprehension of their meaning, and the pro-
jection of their future behavior [[17]. The formalization of situations can be found in
[L8]. Besides, a systematic overview of computational systems that support situation
awareness is provided in [[19]. Recently, more related works have been investigated in
the field of robotics and autonomous systems, such as autonomous driving [20,21], in-
telligent transportation system [22]], and disaster monitoring and recovery system [23].
In [20]], a situation-aware decision-making problem was modeled as a POMDP for au-

tonomous robots to drive in the urban road safely and efficiently. [22] measured spatio-
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temporal trajectory similarity based on longitudinal and lateral spatio-temporal dis-
tance to deal with situation classification problems such as lane assignment and driving
maneuver recognition. A knowledge-based framework for human-robot collaborative
context awareness in USAR missions is proposed in [23]). It used ontological represen-
tation to facilitate knowledge sharing and decision-making. However, existing works
focused on either spatio-temporal measurements or ontology analysis. The proposed
framework integrates these components to create a more comprehensive representation

of the situation.

2.3. Information Fusion

Information fusion is a technique to integrate information from different sources.
Information fusion can be executed at low to high levels. Data from multiple modal-
ities or heterogeneous sensors can provide additional information so that the system
can understand objects more comprehensively and accurately. Traditional information
fusion focuses on the integration of raw data from multiple sensors. At low-level fu-
sion, various features can be extracted to improve the performance of the system [24]].
In contrast, high-level fusion aims to integrate conceptual level information (such as
knowledge) for decision-making, problem-solving, and a better understanding of situa-
tion [25]. Ontology made the most contribute to knowledge fusion [26, [27]. It provides
a universal understanding of the domains that can be communicated between systems.
Various works have been done by high-level knowledge fusion and context awareness
[28L 29, 130, 131]]. By fusing multimodal information, robots can expand their under-
standing to a decision level. In [8], a probabilistic model was proposed to infer the
possible object locations by utilizing the encoded relationship between objects and the
relationship between object and scene. A layered structure of the spatial knowledge
representation was designed in [4] to deal with the compound and cross-modal sys-
tem which is inherently uncertain and dynamic. An approach which exploits semantic
knowledge and probabilistic graphical models to enhance object recognition capability
of autonomous robots was presented by [32}|33]].

However, the above research assumes that the targets are fixed, and no human ac-

tivities were involved. A probabilistic world model is proposed in [34], which acquired
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Figure 1: The block diagram for role recognition and situation assessment. The proposed method starts with
human and object detection to obtain the corresponding bounding boxes. Next, DBI measures the spatial-
semantic feature to find the relative distance between humans and the mission-critical object, while KBI
feeds both the object existence and human action into a Bayesian network. Then, the final decision of the
human role is made by the weighting of these two indicators. Once the target person is recognized, the level
of the situation is assessed by integrating the action of the target person and the relative position of this
person to mission-related entities in the space.

data from different sensors and integrated semantic attributes together, to detect the real
persons and signs of hazardous materials in urban search and rescue (USAR). Never-
theless, their work still focused on data-level integration, rather than decision-making
level. Another method has been proposed in [35], which combined the recognized
human activities in the human-robot coexisting environment with the location infor-
mation of objects, to infer the type of furniture. Most recently, [36] proposed a system
to detect and recognize human-semantic-interaction features. The system outputs the
person’s bounding box, certain actions, and the target object’s bounding box with la-
bels. However, the system needs to connect to a wearable device, which is quite limited
in real-world applications.

This research considers role recognition, situation awareness and information fu-
sion as a whole. We associate prior knowledge with spatial analysis between humans
and objects as well as their temporal changes to infer the implicit information, i.e.,
roles of human and levels of the situation. The overall block diagram of the proposed

framework is shown in Figure [T}



130

135

140

145

3. Role Recognition

Besides explicit labels and spatial distance between people and object, there are
still many attributes that can be used as human inputs, such as body temperature, mo-
tion and so forth. In this research, the object existence and human action are chosen as
the features that serve as the evidence for role inference. The proposed role recognition
method is an association of two indicators, DBI and KBI. DBI decides by measuring
the relative spatial distance between humans and the object (if applicable) and then
obtains the normalized probability. KBI decides from a Bayesian network which inte-
grates human action and object existence with the prior knowledge. For the final role
recognition, it is a weighted fusion of the above two indicated results by using the in-
formation entropy. From the knowledge, in a specific mission, it can be assumed that
people holding a particular object or performing a specific action can be recognized
as the target person (¢1) in the scene; otherwise, it will be recognized as others (z2),

Ie {il,ig}.

3.1. Distance-Based Inference (DBI)

This indicator is a global probability estimation, which is used to estimate who is

more likely to be the target one among a group of people.

3.1.1. Role Inference from Relative Distance Measurement
After obtaining the bounding boxes of humans and the object in the scene, the
relative distance between the object and each person is compared by calculating the
mean value of the coordinates in the corresponding bounding box. Let d; ; denotes the
distance between the object and the jth person at time ¢, D; is the sum of distances
from the object to each person at time ¢. The relative distance can be either 2D or 3D.
The probability of a person being the target is inversely proportional to the distance to
the object. The probability of being the target for the jth person is presented in Eq.(2),
where the superscript D means probability from the DBI. An example is illustrated in
Figure 2]
Dy=7 dju M
J
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Figure 2: An example of the DBI. It is assumed that the person who is closer to the object becomes the target
(i1). The bar charts show the probability of being the target for Person 1 (blue) and Person 2 (orange).
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3.1.2. Confidence of DBI Result
HJ-D(It) is the information entropy of the role for the jth person from DBI at time

t, which shows the confidence of DBI result. The equation is illustrated as below:
HP(I) ==Y PP(I)log P} (L) 3)
I

3.2. Knowledge-Based Inference (KBI)

This indicator is a local probability estimation, which is used to independently esti-
mate the likelihood of which role a person could be. Prior knowledge can be predefined
and directly applied to the robot. In this research, the object existence and human ac-
tion are selected as the additional features to facilitate the inference. According to
knowledge, it can be known that the specific role of people is related to his movements

and attachments.

3.2.1. Relationship between Role and Spatial-Semantic Feature ©5°
In this paper, spatial-semantic feature considers the relative spatial position be-

tween humans and other mission-critical objects. The interaction between humans and
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Figure 3: Object existence is defined as whether the specified object exists in the human region. Only when
the bounding box of human and object intersect in the whole 3D space, then the existence is positive. S, and
Sgy are collections of all points in zy plane within the object’s and human’s bounding box, respectively.

z is the distance to the camera and e is a threshold for determining the intersection in z direction.
these specified objects is significant in determining the role. A specific role may re-
quire people to wear particular clothes or using specific items. For example, “Cook”

wearing “Tall Hat” and “Soldier” holding a “Gun” are representative examples.

Objects Existence. In each particular mission, there are critical objects that require
particular attention. People carrying such objects can be inferred as the particular role,
and their likely future activities may be predicted. Therefore, the existence of such
items is critical to recognize the role. E is represented as object existence. It is assumed
that all objects are independent and the existence is either positive or negative, which
can be denoted as e; and eq, respectively, E € {ej, ez}. The probabilistic model is
represented as P;(E¢|I;), which gives the probability of the specified object E attached
to the jth person at time ¢ when knowing its role I. If there are multiple objects,
the relationship between the role and the existence of the nth object is denoted as
Pj(En | It).

More specifically, the traditional definition of the object existence is for the entire
scene, which will give positive as long as the object is detected in the image. However,
in this research, the object existence is defined as whether the object exists in the human
region. Let S represents the collection of all points in the detected bounding box. h
and o denote human and object, respectively. For example, Sﬁy means a collection
of all points in zy plane within the bounding box of the detected human. z; is the

coordinate of the center point in 2z axis, which is obtained by calculating the medium
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of depth value from all points, z, = Median(S,,). € is a threshold for determining
whether there is an intersection in the depth direction. Only when the bounding box of
human and object intersect in the 3D space, then the existence is assigned positive, as

illustrated in Fig. 3]and Eq. @) .

e1(Positive) if St NS , #Dand |z} — 20| < e
E, = y,t y,t t t (4)
ea(Negative) Otherwise

3.2.2. Relationship between Role and Spatio-Temporal Feature ©57

In this paper, spatio-temporal feature is determined by spatial variation of humans
in time series. Human action is another critical feature to indicate the role. A specific
role may require people to perform particular actions. For example, the “Patrol” always

moves frequently in their environment and “Waitress” usually bows to the guest.

Human Action. Human actions can reveal their different functions when they are per-
forming certain tasks. Recognizing human actions can help to understand their roles in
the environment. Human action is represented as A and it could be of many kinds, such
as standing, sitting, lying and so forth, which can be denoted as A € {ay, a2, -+ ,a,}.
In this research, mainly two actions are considered, Moving and Stationary, which
are denoted as a1 and ag, respectively. The probabilistic model P;(A¢|I;) represents
the likelihood of taking the action A of the jth person at time ¢ when the role is I.
More specifically, the action of human at each decision frame is analyzed by com-
paring with its previous frame. The human action is recognized as Moving if the
difference exceeded certain level; otherwise, the action is recognized as stationary.
As illustrated in Fig. [] and Eq. (5), the 3D position of human at each frame is rep-
resented by a single point. Let c¢ denotes the 3D coordinates of the point at the tth
frame, ¢y = (X, Y:, Zt) = (0zy, Oy, 2e). Where X, Y:, Z; denotes the coordinate
in real space, ¢, y¢, 2; denotes the coordinate in pixel, and J is the scale factor ac-
cording to the camera. The specific value is obtained by calculating the median of the
coordinates of all points within the aforementioned bounding box, which is denoted

as ¢y = Median(S; ), y« = Median(Sy ). o is the threshold for determining the

10
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Figure 4: At each decision frame, the action of human is analyzed by comparing with its previous frame. If
the difference is below certain level, then the action is recognized as Stationary; otherwise, the action is
recognized as Moving. c? is the representative point for each person’s bounding box at the ¢th frame.

motion between the consecutive frames.

a;(Moving) if [l —cima|| >0

(&)

&~
|

as(Stationary) if|lcy — ci—1]| < o

3.2.3. Role Inference from Bayesian Network
If there are multiple types of ©%% or ©57 features, let m and n denote the number
of corresponding features. On the basis of the Bayes rule, the posterior probability of

the role is illustrated as below:

Pj(@f,fv to agfn?tv @Alg,f7 T agg?;ut) X H PJ(GE,%HIE) ’ H PJ(@EIHt) (6)
= k=1

=1 =
Spatial-Semantic Spatio-Temporal

In this research, the role of the jth person can be inferred by fusing of two chan-
nels, i.e., human action and object existence. The posterior probability of the role is

illustrated as below:

Pj(It|At7 El,t7 e 7E’I’L,t) O(Pj(Atu El,tu e 7E’I’L,t‘It>Pj(It—1)

= 7
= Pj(A¢|Iy) - I I Pj(Ey|I) -Pj(I;—1) @

Human Action k=1 Existence of Objects

11
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Figure 5: An example of the KBI. It is assumed that people who carry the specified object or conduct specific
action becomes the target (i1). The bar charts show the probability of being the target (¢1) and others (i2)
for Person 1 (Blue) and Person 2 (Orange), respectively.

Initially, the probability of becoming each role is set equal. The last equation is de-

15 rived based on the conditional independence between the two channels of information.
An illustration is shown in Figure |§| Before the final decision, normalization of

the probability is performed first. The probability of role type for the jth person is

illustrated as below, where the superscript L means probability from KBI.

P (i) Pf(igg) =1 - Pjﬁ(ilvt) ®

Pl ) =
(Zl,t) Pj(il,t)'i_Pj(iQ,t), j

J

3.2.4. Confidence of KBI Result
H J’C (I;) is the information entropy of the role for the jth person from KBI at time

t. It shows the confidence of KBI result and the equation is illustrated as below:

HE(I,) = = PF(I)log PN (T,) )
I

3.3. Final Role Recognition

To make the final decision, the results from both DBI and KBI should be combined.

Let a; and v denote the weight factor for the DBI and KBI, respectively. The weight

12
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Figure 6: An illustration of the final decision process. After obtaining the inferred results from all indicators,
the final role is determined through a weighted fusion of all the results.

factors are defined as below:

HE (L) _ HP()
HP(I)+ HE(L) 7 HP(L,) + HN(T)

oy = (10)

The less the entropy, the higher the confidence of the inference results. Combining

the results of DBI and KBI, we can determine the final role of the jth person as below:

Pj(I;) = an PP (1) + a2 P (1) (11
I+ = argmax(P;(I)) (12)
Ie{il,ig}

Figure|[6]illustrates the final decision process. The overall procedure of role recog-

nition is described in Algorithm T}

4. Situation Assessment

Once the target person is recognized in the scene, the robot needs to start to look
into the situation and infer the appropriate interaction with this person. Therefore,
the level of the situation is defined as the degree of the appropriateness of dynamic

interaction. Different actions and positions of the target person can affect the results

13
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Algorithm 1 Role Recognition

Input: 57 , and S2, ,
Output: Role of People
function DECISION(Role)

1:

2 1. Distance-Based Inference (DBI)

3 Measure the distance between S;:ly,t and 57, 4
4 Probability of being the Target(i;) < PjD (11,¢)
5 Calculate confidence H)

6

7 2. Knowledge-Based Inference (KBI)

8 Analyze A; and E,

9: Feed A, and E; into Bayesian Network
10:  Probability of being the Target(i1) +— P~ (1)
11: Calculate confidence H -
12:
13: 3. Final Decision
14: Calculate weights 1, oy based on H jD and H ]’C
15: Weighted fusion < P; (1)
16: return Determined role [

17: end function

of the possible human-robot interaction. By dynamically analyzing the movement and
position of the target person in the space, the robot can infer the level of the situation.
Moreover, it can determine what action it should take based on the current situation
level. In this research, L is expressed as the level of the situation, which illustrates
the difficulty of the possible interaction operations. The level can be divided as L €
{l1,15...1,,}. The action and position are specific for the target person and denoted as

‘target action’ and ‘target position’, respectively.

4.1. Relationship between Situation Level and Target Action

The action of the target person is a major factor in changing the environment and
affecting the situation. Being able to understand the action of the target person and
respond appropriately based on this is critical for a more efficient human-robot interac-
tion. According to knowledge, it can be known that the situation level is closely related
to the movement of the target person and in the space. If the target person moves too
fast or too frequently, the robot may have difficulty to interact with this target. How-

ever, if the target person remains stationary or moves slowly in the scene, then it could

14



210

215

220

Level 1 (Easy) Level 2 (Medium) Level 3 (Hard)
Position .‘”W . & iy 1#

(Top View) i

I

-
N R e =

T Iu| 1T
AR 0 RERR®)]
111 11 1T T INEEEE}

Target Action Sta ——> Moving

|

H

@ Target Person Mission-Related Entity: @ Window @ Door © Human

Figure 7: Illustration of situation level inference. By dynamically observing the action of the target person
and the relative position of this person to several mission-related entities, the situation can be assessed into
different levels.

be much easier for the robot to locate or track the position of this target. P(AT|L;)
gives the probability of the performed action A of the target at time ¢ when knowing

the level L.

4.2. Relationship between Situation Level and Target Position

Another key criterion that robots need to measure is the spatial distance between the
target person and multiple mission-related entities. Certain entity may have a particular
semantic function in the corresponding mission. For example, the door and window
are considered passable for humans in the room, but the wall or desk is not. The
dynamical distance between the target person and those entities may affect the current
situation level. According to the knowledge, the severity of the situation can be either
proportional or inversely proportional to the distance between the target person and
those entities. Thus, the closest entity to the target person is taken as an important
matter. C is denoted as the closest entity to the target person at time ¢, and P(C{'| L)

gives the probability of the closest entity C' at time ¢ when knowing the level L.

4.3. Inference for the Situation Level

In this research, the situation is assessed into three levels, which is denoted as

L € {l1,15,13}. For instance, when the level Hard to operate is given, the probability

15



Algorithm 2 Situation Assessment
Input: T'arget from Algorithm|[I]
Output: Situation level and robot decision
1: function ASSESSMENT(Level of the Situation)
2: Analyze AT and CF
Feed Al and C{' into Bayesian network
Calculate P(L;|AT,Cl)
if Level of the Situation <— Hard then
Robot Decision <+ Wait
else if Level of the Situation <— Easy then
Robot Decision +— Action
else
10: Robot Decision < Standby
11: end if
12: end function

R A A

of the target is Mowving is much higher than that of Stationary. When the level is
predicted as Hard, the robot should stay still and keep observing; when the level is
predicted as M edium, the robot need to standby and prepare for operation; once the

level is predicted as Fasy, the robot will take the corresponding actions.
l1 = Fasy lo = Medium I3 = Hard

With the above two channels of information, i.e., action of the target and the closest
entity, the level of the situation can be inferred. Specifically, based on the Bayes rule,

the posterior probability of the level at time ¢ is formulated as following:

P(Lt|AtT70tT) CXP(AtTyctTu/t) - P(Ly)
= P(AT|L,) -Pi(CT|Ly) - P(Ly) (13
—_— —

Target Action  Closest Entity

The last equation is derived based on the conditional independence between the
two channels of information. The level of the situation at time ¢ (Figure [7) can be

determined with respect to the maximum a posterior probability criterion.

L; = argmax (P(L)) 14)
Le{ll,ZQ,lg}

16



225 The procedure of situation assessment is described in Algorithm 2}

5. Simulation Study

The performance of the proposed probabilistic model was evaluated through sim-

ulation. In this simulation, two persons (Person 1 and Person 2) were set to conduct

a series of actions in the environment, and a virtual mission-critical object is placed

230 at black star. It is simulated in an indoor environment, and the person is supposed
to be recognized as the target if he is moving frequently or holding the particular ob-
ject. The situation is assessed by considering the action and position of the target in

the space. The performed walking route and standing position of the two persons are
demonstrated in Figure [8} Nine types of scenes are considered and simulated as fol-

235 lows, where the scene is defined as the different combinations of individual action and
spatial position. Each scenario is set to consume two time steps, where the time step is

defined as the period in which people are staying in the same state.

s1 = (T)Walk toward Window, (O)W alk rightward
sg = (T')Stand beside Window, (O)Stand

)
)
s3 = (T)Walk toward Robot, (O)Stand
s4 = (T)Stand beside Robot, (O)Stand
)
)

(
(
(
(
s5 = (T)Walk toward O, (O)Stand
s¢ = (T')Stand beside O pickup Weapon, (O)Stand
(
(
(

T and O represent for T'arget and Others, respectively. The considered actions
are walking (aq) and standing (a;) whereas the object existence are considered either
positive (e1) or negative (e2). Arrows indicate walking trajectories. Depending on the

action of the target person and the object existence, the sequence of these scenes can

17
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Figure 8: Simulated scenarios in a dynamic indoor environment. The red arrow represents the movement of
Person 1 whereas the blue arrow indicates the movement of Person 2. The star represents the place where
the object is placed.

be subdivided into:

ai(e2) = az(ez) = a1(e2) — az(e2) — ay(eq)

— as(er) = ai(er) = ai(er) — az(er)

5.1. Simulation Results for Role Recognition

Figure[9)displays the probability of being the target for both persons based on each
time step. The prior knowledge of the role is initialized to be equal for two persons
and the entropy is the largest at the beginning. The probability is updated according to
the performed actions and distance between the particular object and human. After a
period of observation, it was inferred that Person 1 was the target at the time step 12

whereas Person 2 was the others.
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Figure 9: Probability update process of recognizing as the target. It is inferred that Person 1 is the target at
the time step 12.
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Figure 10: The situation level inference starts after recognizing the target at time step 12. Time steps 12 and
13 are considered to be hard to operate so that the robot will wait; time steps 14 to 16 are considered as the
medium level to operate so that the robot will standby; time steps 17 and 18 are inferred as the proper time
to take action.

5.2. Simulation Results for Situation Assessment

After recognizing the target at time step 12, the robot reasons the level of the sit-
uation by integrating the current human action and spatial distance between the target

and several entities. The inference results are shown in Figure [T0] It predicted that
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Table 1: Conditional Probability for Role Recognition in Kidnapping Scenario.
(a) Model P(A|I)

Role (I)
Target (¢1) | Others (i2)
Action Moving (a1) 0.54 0.39
(A) Stationary (as) 0.46 0.61
(b) Model P(E|I)
Role (I)
Target (¢1) | Others (i2)
Existence | Positive (e1) 0.56 0.01
0) Negative (e2) 0.44 0.99

time step 12 or 13 was a wrong time to get involved and time step 17 or 18 might be an

excellent chance to take action.

6. Experiments

Based on our research background, an indoor scenario is tested to recognize the
target person and assess the situation in this experiment. The sensor used throughout
the experiment is the ASUS Xtion Pro Live camera. Faster R-CNN [37] was employed
to detect humans and the object in the scene. Since object detection is not the focus of
this paper, we just use the existing network parameters which are trained on VOC 2007
[38]] and VOC 2012 [39]] dataset. Three separate datasets were collected from different
indoor environments, as shown in Figure [T} In each dataset, two persons perform a
series of actions in the scene. Three different bottles, regarding shape, size and color,

are used as the specified object.

6.1. Prior Knowledge Acquisition

Domain knowledge is an important part to infer the role. All parameters are ob-
tained from case study and surveys. By consulting experts (100 policemen) in the
field and knowing of the corresponding scenario, prior knowledge could be obtained
in advance. On the one hand, it could be inferred that the target might carry some po-

tential weapons and perform more movements in the environment. On the other hand,
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Table 2: Conditional Probability for Situation Level Inference in Kidnapping Scenario.

(a) Model P(A|L)

Situation Level (L)
Easy (I;) | Medium (I3) | Hard (I3)
Action Moving (a1) 0.19 0.40 0.61
(A) Stationary (a2) 0.81 0.60 0.39

(b) Model P(C|L)

Situation Level (L)
Easy (l1) | Medium (l3) | Hard (l3)
Closest to Others (c1) 0.09 0.33 0.57
Entity Closest to Robot (c2) 0.26 0.26 0.26
(E) Closest to Window (c3) 0.39 0.22 0.05
Closest to Door (c4) 0.26 0.19 0.12

prior knowledge about determining the appropriate interaction time and corresponding
actions could be leveraged. Action-wise, when the rescuer wants to conduct rescue
operations, it is best to participate when the target is in a low alert state. Usually, the
targets are vigilant when they are walking around and lower their alertness when they
stay still. Position-wise, it should be when the targets are near the windows or in an
open space and not close to any others because they do not want to cause any accidental
damage to the others.

To represent the prior knowledge in a quantitative way, a survey has been sent out
to both ordinary people and the experts in the field. This survey is a questionnaire,
by asking how they would behave if they were in this kind of scenario, the statistical
distribution of the knowledge could be learned. For example, we asked ‘Assuming you
are a target, are you going to keep stationary or moving around?’, in the end, 54% of
the answers chose that they would move around, so the number ‘0.54’ was assigned
in (a) of Table|l} Similarly, we asked ‘Assuming you are a policeman trying to rescue
the others, when is the proper time to conduct the operation?’. As shown in Table [2]
81% of the answers chose that they would act when the target is not moving, and 57%
chose not to act if the target is too close to the others. All the numbers are acquired in a

similar way, and we weighted 0.7 for the experts’ answers whereas 0.3 for the ordinary
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255 people’ answers.

6.2. Experimental Description

To evaluate the quality of the proposed reasoning method, a series of scenarios are
investigated in this experiment. Let T', O, and E represent for T'arget, Others and
Existence, respectively. m and s denote the human actions moving and stationary.

200 p and n represent for the object existence positive and negative. For example, the sce-
nario ‘T;,04FE,’ denotes that the target person is moving while others stays stationary
and the specified object is not existed in the scene. Statistically, these six scenarios can
cover almost all the possible situations in real cases.

Besides, to get a comprehensive and fair evaluation result, scenario weight + is in-
troduced to describe the possibility of occurrence of each scenario. The more scenarios
there are, the higher the weight assigned, and the less the scenario, the lower the weight
assigned. The weight for each scenario is calculated on the basis of Table [T} and the

values are shown in Table[3] For each scenario, weight ~ is calculated as following:
v = Plagliv)Payliz) Plez]in) ,y,z € {1,2} (15)

As there are six scenarios considered in this experiment, v, € {v1, Y2, V3, V4, V5, Y6 }-

The final weight ~,, for Scenario,, was then normalized by:

’V

6
> Mk
k=1

Tn = (16)

In this experiment, the input features of the decision system are extracted from

205 three different data sources (i.e., RGB image, depth image and RGBD image), and
four decision method were evaluated. First, by analyzing RGB images, people and

the specified object were detected using Faster R-CNN [37], and the decision is made

by measuring 2D distance (d2p) between them. Second, by processing depth images,
people and the specified object were detected using template matching [40], and the

a0 decision is made by measuring 3D distance (d3p) between them. For these decision

methods from distance-based measurement, the target is identified when the object
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(a) Dataset 1: This dataset is collected from a corridor. It is a simple environment with large open spaces,
limited entities, and almost no occlusion involved. The bottle used is a large silver vacuum cup, it is not in
sight at the beginning and later brought in by the person.
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(b) Dataset 2: This dataset is collected from a laboratory. It is a typical work area, where many desks are
presented. There are many body blocks by the objects. The bottle used is a blue water cup, which is originally
placed on the table and later picked up by the person.

(c) Dataset 3: This dataset is collected from a lounge. It is a cluttered environment, which contains many
obstacles, such as tables and chairs. More human actions are performed in this environment, and there are
many body blocks from the objects as well as each other. The bottle used is a small brown beer bottle.

Figure 11: Recognition results by the proposed method. Experimental data are collected from three separate
indoor environments with different settings and human actions. Three bottles are used for the mission-
critical object which is different in type, size, and color. Three colors, i.e., red, green and blue, represent the
recognition result for the target, others, and specified object, respectively.
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is detected to be intersected with this person. Another decision method is through
optical flow analysis (OF) [41]], where the decision is made by measuring the spatial
changes between successive time steps, and the person with distinctive movement is
identified as the target. The last method use only Knowledge-Based Inference (KBI)
from analyzing RGBD images, which is the submodule of the proposed method. The
proposed approach also works on RGBD images and decides by jointly considering
DBI and KBI.

For the situation assessment, Dataset 3 is used as an example to assess the situation
level. On the basis of the assessment result, the operator (robot) aims to interact with
the person who fulfills the target role. In this experiment, four mission-related entities
are taken into consideration, namely, others, the robot, the window and the door. Others
are the people do not fulfill the target role; the robot is the operator; the door or window
is the entity that is passable for humans. The detection of windows and doors is beyond
the scope of this paper. We manually label the boundaries of windows and doors in the
environment.

With respect to the position of the target, four types of positions can be allocated,

C € {cy,co, c3, ¢4}, which is illustrated as follows:

c¢1 = Closest to Others co = Closest to Robot

c3 = Closest to Window ¢y = Closest to Door

Thus, the desired target role is the person who is distinctive in movement (moves
faster or more frequently) and holds the mission-critical object (bottle). Once the target
role is identified, the robot can assess the situation level with respect to the movement of
the target person and the position of this person to the above mentioned four mission-
related entities. After the robot completes the assessment of the situation, it could

decide what action should be taken to interact with the target person.

6.3. Experimental Results

For each dataset, all the frames were split into six scenarios for recognition. Recog-

nition accuracy for both target and others in each examined method was obtained by

24



oSy | €85 | I'lb S6S | 00y LS | OFS 919 | 98y €19 [ 007 TLS | 00S 00S | _ ofew qgDY | pasodo.q
SSy | S8% | 98T S19 | 00K 1.9 | 00S 00S | ¥9€ 88S | L99 00 | TLS 00y | & | oSewrqand | 1Y
00 | SST| 00 ¥€1| 00 199 | 00 SI1| 00 S0£| 00 00 | 00 L9 |& | o3ewygoy A0
70€ | 00 | 606 TE | ¥TI 00 | ¥IS 00 | I'6€ 00 | L€C 00 | 8ST 00 | o | 98ewpdog asp
79 | 81 | 8IS 009 | €45 082|049 00 | T99 00 | £99 00 | €9 00 ofew] goy azp
TLE [ OPS [ I'LE 1TO [ L96 1T9 [ H98 8BS | 16T 19T | ¥¥h OV [ 6Tr 99 | ofew] qgDY | pasododq
P'SE | 905 | €€€ 009 | €€€ 009 | 00y I'LS | TTC 00T | 00S 00S | ¥9¢ 885 | & | oSewragod | 193
00 | 0SE| 00 L9Z| 00 SI¥| 00 L9 | 00 S6F| 00 L€E| 00 €I¥ | | oFewrgoy Jd0
SLI| 00 | 00 00| 00 00| 0€ 00 |€62 00 |8SF 00 |2T0F 00 | | 98ewpdog asp
611 | Ts | 00 0T | LL 00 |64z TIL| 19 00 ] 00 00 |T¥ LST ofew] goy azp
T8S | OIS [ ¥¥h OVS [ 00F LS | ¥¥P LEL | 0SY LS | Sy €€ | 18S 0% | _ ofew qgDY | pasodo.
v'8E | TES | ¥Wy 9¥S | 00 I'LS | ¥vy L€L | 0ST LS | 0ST 0ST | I'LS 00F | & | oSewragdoyd | 193
00 | 8T | 00 861 | 00 I'SS| 00 LSI| 00 9€€| 00 9 | 00 18 |% | oSewrgny A0
SYS | 00 | L€E 00 [€%9 00 [ 1S9 00 [ €09 00 |29 00 |99y 00 | | o8ewymdoq asp
#'S9 | 811 | LS9 66 | 1T0L 00 | 009 605|279 0€ |8¥9 €1 |8€9 00 ofewr] goy azp
0 L|loJ]r]l]ol]1r|lo]r]lolirloli1l]o] 1 indug uoIsI09(
B e T —-—
qT“0"L q7°0™L q°0°L q°0™L q°0°L 70"
@QN&U@QUW mQNLSQ\wOm‘ wgw&ﬁﬁwom mQN&SQQUm NO.@&@@wUm HQN&@ﬁwow

‘A1oanoadsar ‘Ig+19d pue [g3 ‘Mo[ [eondQ ‘oouelsip (¢ 9oueIsIp (Jg WOIJ UOISIOAP J0f

yuasaidar pasodou g pue 137 ‘7O “Ep “dTp "poyiaw Yora JO JUSWAINSEIW PAYSIOM [BUL Y} ST 24005 "AINSLIW-,] WOIJ PIJR[NO[BD I8 A[qE) Y} UT SIN[BA Y, SIdYIO
pue jo51e], Surpuodsar1od ay) 10§ AoeIndoe uonIugooar jussaidar O pue J, “sjesejep djeredos 991y} UT SOLIEUDS XIS Y} UO SPOYIAW UOISIOAP JUSIAJJIP JO UOHEN[BAY ¢ J[qBL

25



330

335

340

[«2]
o

md,p mdzp =OF =KBI = Proposed

0 . I | II I

Target Others

N w H o
o o o o

Accuracy (F-Measure)

=
o

Figure 12: The overall role recognition result for each decision method. The proposed method achieved the
highest accuracy in recognizing both target and others.

taking the F-measure [42]. Score is the final measurement for each method by multi-

plying the F-measure result with the corresponding scenario weight.

6.3.1. Role Recognition Results

Recognition results of each dataset were shown in Table [3]and the average perfor-
mance of the overall recognition result was revealed in Figure[T2] For decisions based
on the analysis of 2D images (dsp), it can only identify the target (the person with the
bottle) when the bottle is successfully detected, moreover, the performance can be af-
fected due to occlusion and various viewing angles. For decisions based on analyzing
depth images (dsp), it is difficult to detect a person when encountering a variety of
postures and occlusion. Besides, since a small object detection from only depth data is
very challenging, the robot cannot recognize the target because of failing to detect the
bottles. For these decision methods using distance measurements, they tended to rec-
ognize all detected persons as others due to the limitation of detection. For decisions
based on optical flow analysis (OF), it can only recognize the target (the person with
distinctive movement) in the presence of a prominent moving speed, but it might fail
if people are stationary or moving at similar speeds. Consequently, by combining both

DBI and KBI, the proposed method well compensates for the limitation of failing to
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Figure 13: Recognition bias of each decision method. Blue and orange represent the bias that recognizes the
target and others, respectively. It can be seen that dy p and d3 p are more advantageous in recognizing others
while O F' can only spot out the target. The proposed method has the most balanced recognition ability for
both roles.

detect the single attribute by the ability to fuse information from different perspectives.
Compared with other methods in each dataset, it produced the highest accuracy among
all methods for target recognition and a competitive result for others recognition. Even
in some complex scenes, the performance remained stable and outperformed its sub-
module (K BI).

The recognition preference of each method was shown in Figure[I3] It revealed that
the proposed method has the most balanced recognition ability for both roles. The two
decision methods, i.e., dop and dsp, tend to recognize the people as others since they
are hard to detect the bottle. For decisions based on OF, it can recognize the target,

but unable to distinguish between target and others.

6.3.2. Situation Assessment Results

For predicting the level of the situation, Dataset 3 is used for evaluation. The target
action, closest entity, and the corresponding inferred situation level are displayed in
Figure[T4] The trajectory of the target, individual decision points and determined easy
level points are demonstrated in Figure[I3] The 3D map of the environment, the loca-

tion of the window and door, and two representative easy points are shown in Figure
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Figure 14: The inferred result of the level of the situation in Dataset 3. The figure above shows the target
action and the closest entity to the target at each decision step. The figure below shows inferred levels of the
current situation. It indicates that the situation level is easy at decision steps 7, 9, 11, 32, 34.

[T6] As aresult, it successfully assessed the level and inferred several opportunities for
the robot to respond. According to the inferred result, it is appropriate timing for the
mobile robot to take action when the target person is in relatively free space, or the

target remains stationary.

7. Conclusions and Future Work

In this paper, a comprehensive probabilistic reasoning approach is proposed. The
approach enables a mobile robot to recognize the target person based on the identifi-
cation of the role fulfilled by humans in a mission. The idea behind the approach is
to find associations between the prior knowledge and spatial relationships between hu-
mans and mission-critical objects as well as the temporal changes concerning humans

and mission-related entities. Spatial-semantic and spatio-temporal analysis are used to
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Figure 15: The green curve is the trajectory of the target in Dataset 3. The red dot is the starting point, and
the red star is the endpoint. According to Figure @ green dots are all decision points, and blue dots are
determined as easy level.

extract corresponding features. Different inference results are fused into an integrated
decision by using the information entropy. As a result, the proposed method can well
compensate for the limitations that hard to detect a single attribute and shows a bal-
anced and stable role recognition capability. Besides, it generates reasonable inference
results of the situation level and determines the suitable action for interaction with the
target person.

The problems of high-level decision support systems are of great significance to
the future development of intelligent robots. The operating environment of the robot
will be in a highly uncertain, dynamic and complex situation. Efficient human-robot
interaction should be performed in a seamless manner to promote the quality of human
life and enrich their social experience. In the future work, it is desirable for the robot
to identify more human behaviors and be able to relate them to the corresponding
scenes. Besides, heterogeneous sensors (e.g., Lidar, thermal camera, etc.) should also
be employed to obtain more types of data, thereby generating richer information to

enhance the analytical ability and understanding of the situation.
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Figure 16: 3D Map of the environment in Dataset 3. Red cubes represent high altitudes while purple cubes
indicate low altitudes. Numbers are corresponding locations as shown in Figure@
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