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Probabilistic Reasoning for Unique Role
Recognition Based on the Fusion of

Semantic-Interaction and Spatio-Temporal Features
Chule Yang, Yufeng Yue, Jun Zhang, Mingxing Wen and Danwei Wang, Senior Member, IEEE

Abstract—This paper deals with the problem of recognizing
the unique role in dynamic environments. Different from social
roles, the unique role refers to those who are unusual in their
carrying items or movements in the scene. In this paper, we
propose a hierarchical probabilistic reasoning method that relates
spatial relationships between interested objects and humans with
their temporal changes to recognize the unique individual. Two
observation models, Object Existence Model (OEM) and Human
Action Model (HAM), are established to support role inference
by analyzing the corresponding semantic-interaction features and
spatio-temporal features. Then, OEM and HAM results of each
person are compared with the overall distribution in the scene,
respectively. Finally, we can determine the role through the
fusion of two observation models. Experiments are conducted
in both indoor and outdoor environments concerning different
setting, degrees of clutter and occlusions. The results show
that the proposed method can adapt to a variety of scenarios
and outperforms other methods on accuracy and robustness,
moreover, exhibits stable performance even in complex scenes.

Index Terms—Probabilistic Inference, Multimodal Information
Fusion, Decision Making, Unique Role Recognition.

I. INTRODUCTION

AS a result of the growth in workforce costs, unmanned
systems are addressing increasing attention. Depending

on a variety of potential applications, it is highly desirable
that an intelligent system can autonomously obtain information
from the environment and perform high-level tasks without
human participation [1]–[3]. Various intelligent systems have
been designed to understand human behavior [4], [5] and try
to interact with people in their workspaces [6]–[8].

Recently, autonomous systems have been employed to
handle the problem of intelligent decision-making and rapid
response, e.g., assistant services or search-and-rescue opera-
tions. It requires the autonomous system to respond fast in
order to improve the operational efficiency of the mission.
Besides, in these highly uncertain and dynamic environments,
potential targets may only have an abstract description or
an ambiguous appearance. Thus, the ability that can infer
implicit information from limited knowledge and perception
is beneficial for the autonomous system to perform decision
level inference. When operating in complex environments,
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Fig. 1. An illustration of unique role recognition. First, it detects humans
and objects of interest for obtaining their corresponding bounding boxes.
Next, OEM and HAM are established by analyzing the semantic-interaction
and spatio-temporal features, respectively. Then, the inferred result of each
individual is compared with the overall distribution. Finally, the unique target
can be determined by fusing the results from the two observation models.

dynamic changes of objects and potential occlusion are often
concerned. Decision strategies that rely on low-level features
or single attribute are insufficient. Alternatively, integrating
information from both spatial and semantic perspectives can
handle uncertainties, and enrich the credibility of decisions.

By knowing the potential role of individuals, the system can
spot out the targeted person and achieve a more comprehensive
understanding of the environment. The ability to recognize the
unique target is critical for many cases, such as discovering
children drinking, looking for people with a rough description.
It is initially a subject of Psychology and Sociology [9]. With
the development of image processing and machine learning
techniques, the perception capability of intelligent systems is
drastically increasing. For example, the state-of-the-art visual
detection method Region-based Convolutional Neural Network
(R-CNN) [10] has performed well on detecting individual
objects. However, the deep learning-based method has two
main drawbacks when dealing with our problems. 1) It is time-
consuming and resource-intensive to train a massive network
that encodes multiple relationships among numerous semantic
objects. 2) It lacks scalability and adaptability. Objects and
actions can vary according to different scenarios or require-
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ments. Deep learning-based approaches need to retrain the
relationship whenever objects change. Thus, this study sep-
arates the decision-making process from the object detection
problem. We only exploit the bounding boxes that generated
by detection algorithms to make inferences and decisions in
any scenarios.

We need to clarify the difference between this study and
several related studies. First, this study differs from scene
understanding [11] in that it aims to quickly recognize the
target in the scene instead of describing the entire scene.
Besides, we do not train specific relationships between seman-
tic objects, which may result in untimely responses in real
situations. Second, this study is different from the anomaly
detection through surveillance video [12] because it uses
dynamic vision. The purpose of this study is to recognize
the distinctive person who is different from others, not those
with abnormal behavior. Thus, we do not have a standard
or abnormal pattern as a reference. Finally, this study differs
from traditional role recognition [13] in that it does not have
a specific notion of role. The roles defined in this research are
classified according to different human-object interactions and
human actions, rather than specific appearance.

Therefore, this research aims to develop a flexible reason-
ing strategy that can associate spatial relationships between
interested objects with their temporal changes to recognize
the target individual who does a specific activity or holds
a specified item. The spatial relationship could be described
in spatial spaces or spatio-temporal spaces. As an extended
version of previous work [14], the focus of this paper is to
build observation models by dynamically analyzing semantic-
interaction and spatio-temporal features in the whole 3D space.
Then, after comparing the observation result of an individual
with the overall distribution in the scene, a fusion scheme is
applied to integrate all the available information channels to
determine the final role. An illustration is shown in Fig. 1.

Main contributions of this work are listed below:
• A probabilistic reasoning scheme is proposed that re-

lates spatial relationships and temporal changes between
humans and semantic objects to infer roles of humans
in dynamic and unknown environments without training
particular relationships.

• Two observation models, object existence model (OEM)
and human action model (HAM), are established by ana-
lyzing semantic-interaction and spatio-temporal features.

• A hierarchical graphical model that integrates multimodal
information into a comprehensive decision scheme by
fusing of multiple observation models.

The rest of this paper is structured as follows. Section II
reviews the work related to this paper. Section III describes
the problem and gives an overview of the proposed method.
Section IV explains the features we use in this study. Section V
details the theoretical basis of the proposed reasoning method.
Section VI shows the experimental procedures and results.
Section VII concludes the paper and discusses future works.

II. RELATED WORKS

Identifying the unique or desired entity in the scene is a
complex problem that requires simultaneous consideration of

multimodal information and high-level knowledge from both
spatial and semantic perspectives. This section will review
works that are closely related to our research in four dif-
ferent fields: role recognition, action recognition, multimodal
information fusion and other relevant probabilistic reasoning
applications.

A. Role Recognition

Role recognition is mainly a research problem in social
activities [13], [15]–[18]. By identifying the role of human,
it can help to determine their possible interactions with the
environment and vice versa [19]. Some research recognizes
the role by analyzing appearance features in a single image,
such as training with familial social relationship labels to
find the relation between pairs of people [15] or analyzing
the clothing and context of human to classify the occupation
of human [13]. Some other research determines the role by
considering the spatial relation between humans or between
human and objects. [16] used training labels to assign the role
by observing the spatio-temporal between players to predict
the role labels such as “attacker” and “defender” in sports
videos. Most recently, [20] proposed work which detected
and recognized human-semantic-interaction features to output
a triplet which showed the person’s box, certain actions, and
the target object’s box as well as its category. However,
existing works focused on recognizing the specific appearance
or relationship either on a single image or known scenarios,
which is insufficient in the continuously changing and highly
uncertain environment. This study handles the abstract role
that does not have a particular notion. We simultaneously
investigate spatial relationships between semantic objects and
their temporal changes to infer the role.

B. Action Recognition

Action recognition is another important work which can
reveal the potential significance of entities in 3D space.
By analyzing the spatio-temporal information, the people or
moving object that carries out specific action is unique in the
environment, and more attention needs to be paid to them.
Many works have been done on action recognition [21]–[24]
and further applied to facilitate autonomous driving [25]–[29]
and intelligent surveillance systems [30]–[32].

As robots are becoming more common in our life, some
service robots are designed to learn the appropriate way to
approach a customer by dynamically observing the human
actions [26]. In outdoor applications, autonomous robots need
to have a general awareness of the action of critical cars [28]
or people [29] to plan their navigation behaviors. Besides,
action recognition is critical to detect abnormal scene in
the environment. [30] presented an approach to detect the
abandoned luggage in surveillance videos. They extracted
static foreground regions concerning temporal transition in-
formation, then identified the abandoned objects by analyzing
the back-traced trajectories of luggage owners. Also based on
the foreground object detection, [31] focused on detecting the
frequent or infrequent motions in the scene. They used an
unsupervised method to infer the background from a subset
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of frames and compare them with other frames to generate
an accurate background subtraction. The off-the-shelf action
recognition methods focus on trajectory analysis of a single
person or a group of people. However, the actions studied in
this study are more involved in analyzing the relative direction
and relative speed of all tested people in the scene.

C. Multimodal Information Fusion

Information fusion is a technology to integrate data and
information from heterogeneous sources, and it can be handled
at multiple levels. Traditional information fusion concentrates
on low-level fusion which fused the raw data from multiple
sensors. This fusion scheme takes advantage of the character-
istics of different modalities to enhance the data authenticity
and availability [33]. Data from multiple modalities or hetero-
geneous sensors can provide us with more information and en-
able us to understand the environment more comprehensively
and accurately. For example, in mobile robot applications, both
the RGB-D camera and 3D LiDAR are used to build maps
of unknown environments, and then the acquired information
from each modality are fused into a consistent global map for
precise 3D reconstruction [34], [35]. Another form of sensor
fusion is data registration, which is an alignment problem
of finding the true transformation from the local frame of
each sensor into a common frame. It is of critical importance
to the successful deployment of fusion systems in practice.
Building a map of the environment is one of the important
tasks for SLAM and robotic perception. The method proposed
in [36], [37] generated dense 3D models of environments
with both appearance and temperature information by combing
a thermal infrared camera with a range sensor. As another
example, Kinect was used as the mapping tool in the indoor
environment because it can detect rich features from RGB-
D images. However, if we still want to use it in outdoor, the
problem of short measurement distance and sensitivity to light
should be solved firstly [38]. Though these methods can obtain
richer data from the environment, they are not able to interpret
the information.

More recently, the focus has changed to knowledge fu-
sion, which is considered as high-level fusion. It aims to
integrate information from the conceptual level into some
common knowledge that could be used for decision-making
and problem-solving or could provide a better understanding
of the situation [39]. Ontology is considered to be the great-
est contribution to knowledge fusion [40], [41]. It provides
sharing and common understanding of some domains that
can be communicated either across multiple information or
knowledge sources. Various works have been done in this
high-level knowledge fusion and further pushed for context
awareness [42]–[45]. By fusing of the multimodal information,
the intelligent system can push the understanding into a deci-
sion level. In the view of this research, semantic knowledge
is illustrated by the relationships between spatial entities and
a group of specific concepts. These concepts are intuitive and
meaningful for humans and therefore transferred to the system
to establish the fundamental or practical knowledge.

D. Probabilistic Reasoning Applications

Some other research also used probabilistic reasoning, such
as place categorization and object search. The inference could
be made by analyzing the presence of visual features or
reasoning of the spatial knowledge. In [46], a probabilistic
model was proposed to infer the possible object locations
utilizing the encoded relationship between objects and the
relationship between object and scene. A layered structure
of the spatial knowledge representation was designed in [47]
to deal with the compound and cross-modal system 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 [48], [49]. However, the above research
assumes that the targets are fixed and no human activities
involved. A probabilistic world model is proposed in [50]
which acquired 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).
Nevertheless, it was still focused on data-level integration,
rather than lifting it to the decision-making level. Another
method has been proposed in [51], which combined the
recognized human activities in the human-robot coexisting
environment with the location of objects to infer the type of
furniture. Nonetheless, it needed to be connected to a wearable
device, which was quite limited in real-world applications.

Thus, this research is more concentrated on using the
multimodal information to discover the unique or targeted
individual in the entire 3D space over time, rather than on
the specific relationship between people in a single image
or particular instant. We intend to develop a probabilistic
approach to reason the role by simultaneously observing the
semantic-interaction feature and measuring the spatio-temporal
changes in the full 3D environment.

III. PROBLEM STATEMENT

In this research, the proposed method aims to infer roles
of people and recognize the target individual in dynamic and
unknown environments. Mathematical problems are formu-
lated into three parts, namely, feature extraction from ana-
lyzing spatial relationships and temporal changes between the
bounding boxes of semantic objects; model building for each
observed feature by using Hidden Markov Model; probabilistic
reasoning over the scene based on Markov Random Field.
This method infers through multiple forms of information that
are scalable and flexible for various situations. Two types
of observation models are established, that is, OEM and
HAM. OEM analyzes the semantic-interaction feature, which
considers the relative spatial position between humans and
other semantic objects. Meanwhile, HAM analyzes the spatio-
temporal feature, which is determined by spatial variation of
humans in time series. Roles are categorized as binary repre-
sentations, the unique target (I1) and others (I2), I ∈ {I1, I2}.

Specifically, we investigate specified objects as the in-
teracted semantics in this research. When the autonomous
system is sent into an unknown environment, first, it needs
to detect people and objects for acquiring the bounding box
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Fig. 2. The diagram of the overall role recognition. Roles of human are inferred from two observations. On the one hand, OEM analyzes spatial relationships
between people and specified objects. On the other hand, HAM analyzes temporal changes in human actions and their positions in the space. Then, compare the
observation of each individual with the overall distribution in the scene. Finally, the final decision result can be obtained by fusing all channels of information.

of them. Next, the system is going to extract the 2D/3D
representative points of people and objects from the obtained
bounding boxes. Then, OEM measures the object existence
(semantic-interaction feature), while the HAM analyzes the
performed human action (spatio-temporal feature). After that,
comparing each individual’s OEM and HAM results with
the overall distribution in the scene, respectively. Finally, the
target can be recognized by integrating all observation models
into a comprehensive decision scheme. The overall procedures
of the proposed method are described in Fig. 2. It can be
applied to many tasks, such as delivering items to people with
specific attachments, identifying car thieves or recognizing
children drinking in public, etc. The detailed theoretical basis
is explained in the following parts, including the construction
of the probabilistic model, how those channels are integrated,
and how final decisions are made.

IV. HIGH-LEVEL FEATURE EXTRACTION

Besides explicit labels and spatial distance between people
and objects, there are still many attributes that can be used as
human inputs, such as body temperature, motion and so forth.
In this research, the object existence and human action are
chosen as the high-level features that serve as the evidence
for role inference. It can be assumed that people carrying
the specified object and performing a particular action are
recognized as the unique target (I1) in the scene; otherwise,
it will be recognized as others (I2).

A. Human and Object Detection

Since the main idea of role recognition is to analyze the
spatio-temporal changes of human position and the real-time

Fig. 3. Schematic diagram of Faster R-CNN. The input is the raw color image
and the outputs are corresponding labels and bounding boxes.

distance between the specified object and humans. Therefore,
it is a preliminary step to obtain the 3D location of the
specified object and involved persons. To achieve this, any
detection algorithm can be chosen to generate a bounding box
of each person and object. In order to verify the reliability of
the proposed decision algorithm, a detection algorithm with
high precision and stability is preferred.

Consequently, deep learning technique is considered to be
the most appropriate approach, and the Faster R-CNN [52]
is selected as the detection method of this study. Overall,
Faster R-CNN has a significant increase in speed over its
earlier versions, and its accuracy has reached a very high
level. It is worth mentioning that although the future model
can improve the detection speed, few models can significantly
exceed the Faster R-CNN in performance. In other words,
Faster R-CNN may not be the easiest and fastest way for object
detection, but its performance is still considered as leading
at the moment. This detection algorithm is applied to each
frame for generating the corresponding labels and regions of
the specified object and human, the obtained information is
then used as the input of decision algorithm. The standard
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Fig. 4. The existence of an object is defined as whether the object intersects
with people in the entire 3D space. So

xy,t and Sh
xy,t are the collections of all

points in xy plane in the object and human’s bounding boxes, respectively.
zot and zht are the depth of the corresponding object and human. ε is the
threshold that determines the level of intersection in the z direction.

procedures are shown in Fig. 3.

B. Semantic-Interaction Feature ΘSI

The interaction between human and certain semantic object
is critical in determining the role. A particular role may require
people to wear particular clothes or using particular items. For
example, “Chef” wearing “Tall Hat” and “Soldier” holding a
“Gun” are representative examples.

Many objects have their special functions, and people who
hold such objects can be inferred as the certain role and
may conduct predictable activities. Therefore, the existence of
related items is one of the critical factors for role recognition.
In this research, it is assumed that all objects are independent
and the object existence is either positive or negative, which
are denoted as e1 and e2, respectively, E ∈ {e1, e2}. If there
are multiple objects, E , {Ei}i=1:m.

Definition 1 (Collection of Points): Let Sk
m,t denote the

collection of all points in the m ∈ {x, y, z, xy, xz, yz} axis in
the detected bounding box of the entity k ∈ {h, o} at the time
step t, where h and o denote human and object, respectively.
For example, Sh

xy means a collection of all points in xy plane
within the bounding box of the detected human.

Definition 2 (Representative Coordinate): Let nkt denote the
representative coordinate in the n ∈ {x, y, z} axis at the time
step t, which is obtained by taking the median of the collection
of points in the corresponding axis.

nkt = Median(Sk
n,t) (1)

More specifically, the traditional definition of object exis-
tence is for the entire scene, which gives 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. ε is a threshold for determining whether there
is an intersection in the depth direction. Only when bounding
boxes of the human and object intersect in the 3D space, the
existence is assigned positive, as illustrated in Fig. 4 and (2).

Et =

{
e1(Positive), if Sh

xy,t ∩ So
xy,t 6= ∅ and |zht − zot | ≤ ε

e2(Negative), Otherwise
(2)

C. Spatio-Temporal Feature ΘST

Human action is another critical feature to infer the role.
A particular role may require people to perform particular

Fig. 5. Human action is described as a vector from the representative point
of the previous frame (cht−1) to it of the current frame (cht ).

actions. For example, the “Patrol” always moves frequently
in the environment and “Waitress” usually bows to the guest.

Definition 3 (Representative Point): Let ct denotes the 3D
coordinates of the point at the tth time step.

ct = (Xt, Yt, Zt) = (δxt, δyt, zt), (3)

where Xt, Yt, Zt denote the coordinates in real space, and
xt, yt, zt denote the representative coordinates in pixel, and
δ is the scale factor according to the camera specification.

Human actions can reveal their different functions when
they are performing 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 ∈ {a1, · · · , an}.

More specifically, the action of people at each time step
is analyzed by comparing with its previous position. The
3D position of a person at each time step is represented
by a representative point. By measuring the 3D coordinate
difference between the consecutive frames, the human action
can be deduced, as illustrated in Fig. 5. f is introduced as a
mapping function that computes specific actions according to
different scenarios or requirements. It can be of many forms,
such as absolute values, exponential functions and so forth.

At = f(cht − cht−1) (4)

V. ROLE INFERENCE FROM SEMANTIC-SPATIAL FUSION

The objective is to estimate a distribution over a role about
what the person could be by giving the human action and
object existence as input. This problem is formulated as a
Bayesian filter [53], where the hidden variable I ∈ I, is the
role of a person that currently inferred. The robot observes
the person’s features, G, including semantic-interaction and
spatio-temporal features, and estimates a distribution over the
current role at each time step:

Pj(It|G1:t) (5)

To estimate this distribution, we alternately perform a mea-
surement update and a time update. The measurement update
constructs a decision model from two observation models to
update each belief of role, whereas the time update updates
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the belief of the role given previous information.

Pj(It|G1:t) =
Pj(Gt|It) · Pj(It|G1:t−1)

Pj(Gt|G1:t−1)

∝ Pj(Gt|It)︸ ︷︷ ︸
Decision Model

· Pj(It|G1:t−1)︸ ︷︷ ︸
Previous Information

(6)

The measurement update contains all the channels of infor-
mation by fusing all available observations from potential m
semantic-interaction features and n spatio-temporal features.

Pj(Gt|It) = Pj(Θ
SI
1,t, · · · ,ΘSI

m,t,Θ
ST
1,t , · · · ,ΘST

n,t |It)

∝
m∏

h=1

Pj(Θ
SI
h,t|It)︸ ︷︷ ︸

Semantic-Interaction

·
n∏

k=1

Pj(Θ
ST
k,t |It)︸ ︷︷ ︸

Spatio-Temporal

(7)

The time update contains the transition probability from the
previous role to the current role and the previous belief:

Pj(It|G1:t−1) =
∑

It−1∈I
Pj(It|It−1)︸ ︷︷ ︸

Decision Transition

·Pj(It−1|G1:t−1)︸ ︷︷ ︸
Previous Belief

, (8)

where the current role is dependent either on the previous role
or the previous measurement.

A. Decision Level Inference
1) Decision Model: The decision model calculates the

probability of the respective feature given the role. Each
feature is a set of human actions and the object existence,
〈A,E〉, where:
• A represents the performed action.
• E represents the object existence.
Thus, a decision model for a single person j is formed as:

Pj(Gt|It) = Pj(At, Et|It) (9)

We factor the features assuming that each modality is
independent of the other given the state. Namely, it is assumed
that if the real role is known, the probabilities of this person
performed action and the object existence are independent:

Pj(Gt|It) = Pj(At|It) · Pj(Et|It) (10)

By taking the logarithm on both sides, the processed result
after the logarithmic function is proportional to the original.
Thus, the relationship can be further decomposed as:

Pj(Gt|It) ∝ log(Pj(Gt|It))
= log(Pj(At|It) · Pj(Et|It))
= log(Pj(At|It)) + log(Pj(Et|It))
= Lj(At|It) + Lj(Et|It),

(11)

where L denotes the function after taking the logarithm.
2) Decision Transition: Since the environment is unknown,

it is assumed that the role of a person is unlikely to change in a
short period of time. At each time step, it has a relatively larger
probability, q1, of transitioning to the same role. Otherwise,
the transition probability is uniformly assigned based on the
total number of roles, |I|.

Pj(It|It−1) =

{
q1, if It = It−1
1−q1
|I|−1 , otherwise

(12)

Fig. 6. Graphical models of the two proposed observation models for a single
person. Hidden variables are white, and observed variables are gray. The red
and green circles are two types of hidden variables from the corresponding
OEM and HAM. c and s is the corresponding person’s position and the
object’s bounding box.

B. Observation Level Inference

In this research, the interacted semantics is taken as speci-
fied objects. The observation model calculates the probability
of the observation given corresponding features. Each obser-
vation is a set of object’s bounding box and person’s position,
〈s, c〉, where:

• s denotes the bounding box area of the object.
• c denotes the representative point of the detected person.

Since there are two types of features for determining the
role of people, two observation models are established for the
corresponding object existence and human actions, namely,
Object Existence Model (OEM) and Human Action Model
(HAM). The graphical model for achieving this is illustrated
in Fig. 6.

1) Object Existence Model (OEM): OEM contains the ob-
servation of the object existence and the transition probability
between consecutive states.

a) Object Existence Observation: The object existence
is modeled as the intersection area between a person and
the specified object at each time step. First, the area of the
bounding box of both the person j (Sh

j,t) and the specified
object (So

t ) are extracted. Let Pj(st|Et) define the probability
of the person j carrying the specified object at time t, which
is set to be proportional to the area of the intersection. As
illustrated in (13), it limits the probability from 0 to 1.

Pj(st|Et) ∝
Sh
j,t ∩ So

t

So
t

(13)

b) Object Existence Transition: It is assumed that the
object existence of a person is likely to be continuous. At
each time step, it has a relatively large probability, q3, of
transitioning to the same existence. Otherwise, the transition
probability is uniformly assigned based on the total number
of existences (|E|).

Pj(Et|Et−1) =

{
q3, if Et = Et−1
1−q3
|E|−1 , otherwise

(14)

2) Human Action Model (HAM): HAM contains the obser-
vation of human action and the transition probability between
consecutive states.
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Fig. 7. An example of five detected persons in the scene, which forms
a fully connected undirected graphical model. xj,t represents the single
inferred result for person j either from OEM or HAM. Then, each single
result is compared with each other to measure the deviation from the overall
distribution for generating a more comprehensive result.

a) Human Action Observation: Human action is mod-
eled as a positional difference between two consecutive time
steps. First, the representative point chj,t is extracted for person
j at time step t. Next, the movement vector between the
two consecutive time steps is calculated. Then, let Pj(ct|At)
define the probability of the person j taking a specific action,
which is set to be proportional to the corresponding function
f of the movement vector. The f function is set to take the
absolute value in this research. As illustrated in (15), it limits
the probability from 0 to 1.

Pj(ct|At) ∝
1

1 + ef(c
h
j,t−chj,t−1)

(15)

b) Human Action Transition: It is assumed that the
human action feature is likely to be continuous. At each time
step, it has a relatively large probability, q2, of transitioning
to the same action. Otherwise, the transition probability is
uniformly assigned based on the total number of actions (|A|).

Pj(At|At−1) =

{
q2, if At = At−1
1−q2
|A|−1 , otherwise

(16)

3) Comparison with Overall Distribution: The distance
between the same semantic category can reveal the role to
a certain extent. For example, the wolf king is always in
front of other wolves, or a team leader is usually standing
in front of the team. Since these semantic labels belong to the
same category, it is not intuitive to recognize the unique role
from the appearance-based approaches, but we can get some
hints from the spatial distance measurements. Other than the
physical spatial distance between subjects, some semantics can
also be converted into distance forms such as age, height, and
color. Unique or critical entities in the scene may differ from
others in these standards.

In this research, final inference results of OEM and HAM
are calculated separately by dynamically measuring the degree
of deviation of a single inferred result from the overall
probability distribution. It is formed as an undirected graphical
model, as an example shown in Fig. 7. Let V = {1, 2, · · · , n}
define a set of n nodes (persons) in the scene; L is a set
of undirected edges (l, j), which is linking pairs of nodes
(persons). The neighbors of a node (person) j are defined as:

Γ(j) = {l ∈ V|(l, j) ∈ L}

Fig. 8. A hierarchical graphical model of the role recognition for person j at
the time t. The inferred result for each individual from either OEM or HAM
is interlinked with other persons in the scene. After measuring the degree of
the derivation of an individual from the overall distribution, the final role of
each person is inferred by fusing the result from both observation models.

Let xj,t ∈ {Pj(st|Et), Pj(ct|At)} define the random vari-
able (inferred result from either OEM or HAM) associated
with the node (person) j at the time step t. C = Γ(xj,t)
is defined as a set of cliques (fully connected subsets) of
nodes (persons) to xj,t. Then, φj is described as the degree
of derivation of xj,t from the overall distribution in the scene,
which can be formed as:

φj(xj,t) =
1

Z
·
∏
c∈C

xc,t,

where Z is a partition function for normalization:

Z =
∑
xj,t

∏
c∈C

xc,t

C. Final Role Inference Result

After finishing building the two observation models, these
two feature states can be used as evidence to determine the
final role. Similar to (6), the final role inference results for
each person can be obtained as follows.

1) OEM Results: The inference result from OEM is pro-
portional to the degree of derivation of the existence from the
overall distribution and the previous existence.

Lj(Et|It) ∝ φj(Pj(st|Et)) · Pj(Et|s1:t−1), (17)

where the time update is denoted as:

Pj(Et|s1:t−1) =
∑

Et−1∈E
Pj(Et|Et−1) · Pj(Et−1|s1:t−1) (18)

2) HAM Results: The inference result from HAM is pro-
portional to the degree of derivation of human action from the
overall distribution and the previous action.

Lj(At|It) ∝ φj(Pj(ct|At)) · Pj(At|c1:t−1), (19)

where the time update is denoted as:

Pj(At|c1:t−1) =
∑

At−1∈A
Pj(At|At−1) · Pj(At−1|c1:t−1) (20)
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TABLE I
COMPARISON WITH THE SCOPE OF EXISTING WORKS.

Works Abstract Spatial Dynamic
Appearance Relationship Environment

[15]
√ √

×
[13] × × ×
[16]

√
×

√

[18]
√

×
√

[20]
√ √

×
Proposed

√ √ √

3) Models Fusion: As illustrated in Fig. 8, by acquiring the
information from all channels, the entire recognition process
forms a hierarchical graphical model. Thus, the role of each
person can be finally inferred as follows:

Pj(It|E1:t,A1:t) ∝ (Lj(Et|It)︸ ︷︷ ︸
OEM

+Lj(At|It)︸ ︷︷ ︸
HAM︸ ︷︷ ︸

Decision Model

)

·
∑

It−1∈I
Pj(It|It−1)︸ ︷︷ ︸

Decision Transition

Pj(It−1|A1:t−1, E1:t−1)︸ ︷︷ ︸
Previous Belief

(21)

The probability that each person becomes the target or
others is normalized after each inference, and the following
inference is based on the previous normalized value.

VI. EXPERIMENTS

Both indoor (Section VI-D) and outdoor (Section VI-E)
environments are investigated. These experiments aim to rec-
ognize the unique target (I1) in the scene. In indoor exper-
iments, the algorithm is evaluated under various degrees of
clutter and occlusions. In outdoor experiments, the algorithm
is tested with different sizes of specified objects to assess
the performance. Since most of the existing works are pre-
trained with role-specific features or events, in this experiment,
we compared their core ideas rather than specific methods.
Besides, the scope of problems that studied in the related
works is compared in TABLE I. It shows whether the method
can handle such situations: the abstract appearance means
that people do not have specific clothing; spatial relationships
signify that whether the method analyzes relative spatial posi-
tion between different semantic objects; dynamic environments
indicate whether the method is to process a single image or
a video stream. Besides, the parameters and observations of
the probabilistic model can be easily modified according to
different cases. The imaging equipment used in this experi-
ment was an ASUS Xtion Pro Live RGB-D camera for indoor
experiments and a monocular camera for outdoor experiments.

A. Raw Data Preprocessing

Due to the distortion or misalignment of the camera and
illumination changes, the raw data acquired from the sensor
might be damaged or missed, so preprocessing is needed to
improve the quality of the input. In this experiment, the fault
data were mainly caused by two problems, i.e., missing data
due to no reflection on the glass and distortion on the edge

Fig. 9. Results of raw data preprocessing. The two images on the left are the
raw depth images, and the two on the right are the images after filtering. The
problem with the above case is caused by the distortion of the camera lens,
whereas the below one is missing data due to no reflection on the glass.

of the RGB-D camera. To solve this problem, a 3× 3 median
filter was implemented to smooth the image with the size of
640× 480. Because most of the fault data in this experiment
existed around the edge, so the filter was set to start from
the central point and stretch out in four directions. Processing
results are presented in Fig. 9.

B. Bounding Box Extraction

There are diverse methods available for object detection.
The focus of this research is on the decision-making strategy
that based on the analysis of obtained bounding boxes. There-
fore, in this experiment, we directly employed the existing
Faster R-CNN network parameters that have been trained on
VOC 2007 [54] and VOC 2012 [55] datasets to detect humans
and objects for acquiring the corresponding bounding boxes.
Then, the coordinated depth value for each pixel within the
bounding box is extracted from the R-GBD camera.

C. Effect of False Detection on Decision Performance

Since the decision process is based on perception results,
the fault detections of objects and humans may affect decision
making to varying degrees. Therefore, how false detection
affects decision results is a critical part that we need to
investigate. As shown in Fig. 10, six different types of false
detection of both human and object may result in the false
inference of the unique target. Let fph and fnh denote the
false positive and false negative detection of human, and fpo

and fno denote the false positive and false negative detection
of the object. There might also have different conditions under
certain type, thus we use subscript 1 and 2 to distinguish them.
TP , TN , FP and FN denote the corresponding true positive,
true negative, false positive and false negative recognition of
the unique target. Precision and Recall are the main metrics
for recognition, which is defined as below:

Precision =
TP

TP + FP
Recall =

TP

TP + FN

The quantitative impact of false detection on role decision
performance is demonstrated in Fig. 11. This figure displays
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Fig. 10. Different types of false detection and the corresponding impact on
role decisions. Six types of false detections are investigated, and the green
label is recognized as the unique target. +1 and −1 are counts of decision
results according to different false detections.

the changing trend of unique role recognition according to
different degrees and types of false detection. For example,
the top left figure in Fig. 11 shows that fnh1 and fph do not
affect the recognition Precision, but the Precision will drop
if fnh2 happens. fno and fnh2 have a relatively larger impact
on the performance.

However, bounding box-based detection methods have the
inherent defects that they are difficult to accurately describe
the boundaries of objects. The inaccurate boundaries may
affect the 3D position measurements or the intersection area
estimation between humans and the specified object, which
could lead to erroneous interaction/relationship identification.
This would affect the decision performance to some extent
when encountering occlusions, illusions, and changing view
perspectives. But this problem can be improved if there is
a detection method that can provide more accurate boundary
information. The focus of this research is to develop a compre-
hensive probabilistic decision framework that is independent
of the detection algorithms. Hence, the selection of the state-
of-art detection approaches is flexible in this framework.

D. Indoor Experiments

In indoor experiments, three separate datasets were collected
from different indoor environments regarding different settings
and degrees of clutter, as shown in Fig. 12, to comprehensively
evaluate the proposed approach concerning human actions and
the existence of the specified object. The unique target is the
person who moves frequently and carrying on the specified
item. Due to limitations, three different bottles are used as the
specified object, which is different in type, size, and color.

1) Indoor Experimental Description: In this experiment,
the input features of decision algorithms were extracted from
three different data sources (i.e., RGB images, depth images
and RGB-D images), and four main decision methods were
evaluated. First, by analyzing RGB images, the decision is
made by measuring 2D distance (d2D) between the bounding
boxes [15], [20]. Second, by processing depth images, people

Fig. 11. The changing trend of unique role recognition Precision and
Recall according to different types and degrees of false detection.

and the specified object were detected using template matching
[56], and the decision is made by measuring 3D distance (d3D)
between them. For these decision methods from distance-
based measurement, the person is identified as the unique
target only if the object is detected to be intersected with
him (her). Another main decision method is through spatio-
temporal analysis (STA) [16], [18], [57], where the decision
is made by measuring the spatial changes between successive
time steps, and the person with distinctive moving speed is
identified as the unique target. The last one is Knowledge-
Based Inference (KBI) from analyzing RGB-D images. The
decision is made through a Bayesian network based on the
prior knowledge [14]. The proposed approach, Multimodal
Information Fusion (MIF), also works on RGB-D images and
decides by jointly considering OEM and HAM.

2) Indoor Experimental Results: Detection results on dif-
ferent modalities for each dataset are shown in TABLE II.
Detecting humans on color images was robust, but it was
challenging to identify the small object. However, it was tough
to discover the target on depth images by using template
matching. The human detection result on depth images in
dataset 2 was quite low because it contained high illumination
in the background, which has a significant impact on the depth
image generation.

Recognition results of each examined decision method were
obtained by taking the F-measure, and numerical values are
shown in TABLE III. The average performance of the overall
recognition result was revealed in Fig. 13. As a result, by
fusing the information from different modalities, the proposed
approach MIF can take advantage of each observation to
compensate for the failure of a single model to generate
robust and reasonable recognition performance. Comparing
with other methods in each dataset, it produced the highest
accuracy among all methods for recognizing both roles. Even
in some complex scenes where there were many occlusions
and illusions, the performance remained stable. For decisions
based on analyzing 2D distance from RGB images (d2D), it
can only recognize the unique target when the specified object
is successfully detected, and the performance can be affected
by illusions and variant viewing angles. For decisions based
on analyzing depth images (d3D), it is hard to detect a person
when encountering a variety of postures and occlusions. Be-
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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.

(b) Dataset 2: This dataset is collected from a lounge. It is a cluttered environment, which contains many obstacles, such as tables and chairs. There are also
quite a lot of occlusions from the objects as well as each other. The bottle used is a small brown beer bottle.

(c) Dataset 3: This dataset is collected from a laboratory. It is a typical work area, where many desks are presented. More human actions are performed in this
environment, and there are many occlusions from the objects as well as each other. The bottle used is a blue water cup.

Fig. 12. The experimental data were collected from three separate indoor environments with different settings and degrees of clutter. The three bottles used
as the specified object which was different in type, size, and color. The four colors of bounding boxes, red represents the detection result yellow and blue
represent results from HAM, OEM; green represents the final result by comprehensively considering both observation models.
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TABLE II
FEATURE DETECTION ACCURACY (IN %) ON DIFFERENT MODALITIES IN EACH DATASET.

Input Data
Dataset 1 Dataset 2 Dataset 3

Object Person Object Person Object Person
RGB Image 17.22 96.18 51.13 96.62 5.39 96.27
Depth Image 0.00 37.70 0.00 9.61 0.00 17.93

TABLE III
EVALUATION OF ROLE RECOGNITION PERFORMANCE IN THREE SEPARATE DATASETS. ALL THE VALUES IN THE TABLE ARE CALCULATED FROM
F-MEASURE (IN %). d2D , d3D , STA, KBI and MIF REPRESENT FOR DECISION-MAKING FROM 2D DISTANCE, 3D DISTANCE, SPATIO-TEMPORAL

ANALYSIS, KNOWLEDGE-BASED INFERENCE AND MULTIMODAL INFORMATION FUSION, RESPECTIVELY.

Decision Method Input Data
Dataset 1 Dataset 2 Dataset 3

Unique Others Unique Others Unique Others
d2D RGB Image 27.14 70.34 26.19 78.46 10.59 67.93
d3D Depth Image 0.00 54.76 0.00 17.52 0.00 30.41
STA RGB Image 44.10 78.11 50.70 79.37 62.12 81.32
KBI RGBD Image 67.40 71.31 64.70 74.66 70.31 67.82
MIF RGBD Image 93.32 94.96 83.22 90.44 85.41 90.38

Fig. 13. Overall role recognition result of each decision method by averaging
the result of each dataset. The proposed MIF achieved the highest accuracy
for both unique target and others recognition.

Fig. 14. Recognition bias of each decision method. Blue and orange
represent the bias that recognizes the unique target and others, respectively.
The proposed approach MIF has the most balanced recognition ability.

sides, as detection of the small object is still very challenging,
they can not recognize the unique target because of failing
to detect the bottle. For these decision methods using distance
measurements, they tended to recognize all detected human as
others due to the limitation of detection. Thus, they achieved
a high precision although their recall was low. For decisions
based on the spatio-temporal analysis (STA), they were able to
pick out the unique person with distinctive moving speed, but
it might fail if there was a lack of movements in the scenes or
even moving speed. The knowledge-based approach (KBI) is
viable, but it requires prior knowledge of the specific domain,
which is not very flexible for adapting to other situations.

The recognition bias of each method is shown in Fig. 14. It
revealed that the proposed method MIF had the most balanced
recognition ability for both roles. d2D and d3D tended to
recognize the people as others since they were hard to detect
the specified object.

E. Outdoor Experiments
In this outdoor experiment, another three outdoor scenarios

were assessed to recognize the unique target who is different

from others concerning the object existence and their per-
formed actions. As shown in Fig. 15, these three scenarios
were collected from public places to recognize the people
interacting with specified objects or performed distinctive
movements. For OEM, it aims to identify the one who is
holding or very close to the specified object. For HAM, it is
supposed to recognize the one that is moving at a distinctive
speed compared to rest of the people in the scene.

1) Outdoor Experimental Description: Three different sce-
narios were collected from the street, college campus and
parking lots, respectively. Each scenario has an specified
object, that is, the bottle used to recognize people drinking
in public in scenario 1; the bicycle used to recognize people
carrying (stealing) the bicycle in scenario 2; the car used to
recognize people behind (damaging) the car in scenario 3. The
experiment first evaluates two observation models separately
and then combines them together for another evaluation.

2) Outdoor Experimental Results: Different from the in-
door environment, the outdoor environment had ample space
that did not have a lot of occlusions and visual illusions.
Therefore, the accuracy of recognition was relatively higher.
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(a) People drinking in public. (b) People carrying (stealing) the bicycle. (c) People behind (damaging) the car.

Fig. 15. Three different outdoor scenarios for unique role recognition, concerning different sizes of the specified object. The red bounding box is the detected
feature, such as persons, the bottle in (a), the bicycle in (b) and the car in (c). The green bounding box is the recognized unique target in the scene.

TABLE IV
FEATURE DETECTION ACCURACY (IN %) IN EACH SCENARIO.

Input Data
Scenario 1 Scenario 2 Scenario 3

Object Person Object Person Object Person
RGB Image 24.75 99.01 93.59 99.90 99.99 98.97

TABLE V
EVALUATION OF UNIQUE ROLE RECOGNITION IN THREE DIFFERENT SCENARIOS (IN %).

Decision Method Input Data
Scenario 1 Scenario 2 Scenario 3 Decision Time

Precision Recall Precision Recall Precision Recall (10−4s)
d2D (OEM) RGB Image 74.63 27.03 87.22 88.90 97.05 91.86 2.00
STA (HAM) RGB Image 63.10 53.00 78.96 76.12 27.40 14.91 6.00

MIF (OEM+HAM) RGB Image 92.17 81.82 88.85 89.14 98.21 99.79 6.80

Fig. 16. Contribution rate of each observation model. It showed that the larger
the size of the object, the higher the contribution of the OEM. Conversely,
the smaller the size of the object, the higher the contribution of the HAM.

The results of human and object detection are shown in
TABLE IV. Detecting larger objects like bicycles and cars is
very accurate. However, because of the possible occlusions,
changing lighting conditions and various poses, identifying
small objects such as bottles is still challenging.

As shown in TABLE V, the result validated that the pro-
posed method could tolerate single model failure and fuse
them into a comprehensive decision scheme to achieve higher
accuracy. Decision time refers to the time from the analysis
of the bounding box to the completion of the decision. It
showed that the decision time on a regular Intel i7 CPU is
speedy enough to handle real-time tasks. Since the OEM and

HAM work in parallel, the total time spent is more than a
single model, but less than the sum of their time. Taking F-
measurement of each method and averaging results of all three
scenarios, then, by comparing with the detection result in each
scenario IV, the contribution rate of each observation model
is displayed in Fig. 16. It illustrated that the proposed method
MIF relied more on HAM when the size of the specified object
was small since OEM had difficulty detecting small objects. In
contrast, the detection of these objects was more accurate as
the size of the specified object became larger, so the proposed
method MIF would dependent more on OEM.

VII. CONCLUSIONS

In this paper, a probabilistic reasoning approach was pro-
posed that enables the intelligent system to recognize the
unique person in the scene. The idea behind the approach
is to associate spatial relationships between humans and the
specified object with the temporal changes concerning human
positions in dynamic environments. Semantic-interaction and
spatio-temporal features were used to form corresponding
observation models, namely, OEM and HAM. Then, a hi-
erarchical probabilistic model was established based on the
joint relationship of both observation models. By investigating
the relationship between single observation and the overall
distribution, the proposed method (MIF) fused different in-
ferred results into an integrated decision. We also evaluated
the effects of false detection on role decision performance.
In summary, the proposed method well compensated for the
limitation of single model failure and produced the highest
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accuracy among all methods of recognizing the unique person
in the scene. Moreover, it achieved a timely and robust
performance even in some complex scenes.

Autonomous decision-making is of great significance for
the future development of intelligent systems. The operating
environment of future intelligent systems will have a high
degree of uncertainty and complexity. Since the reliable deci-
sion process depends on comprehensive and precise perception
results. Efficient human-computer interaction should be carried
out in a seamless manner to improve the quality of human
life and enrich the social experience. In future work, it is
desired that more accurate detection algorithms can be utilized;
more human behaviors can be identified; the behaviors can be
associated with corresponding scenes. Besides, heterogeneous
sensors should be employed to obtain more types of data
that can generate richer information to promote the analytical
ability and understanding of the situation.
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