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Abstract: 

Robot‟s perception is essential for performing high- level tasks such as understanding, learning, and in general, human-robot 

interaction (HRI). For this reason, different perception systems have been proposed for different robotic platforms in order to 

detect high-level features such as facial expressions and body gestures. However, due to the variety of robotics software 

architectures and hardware platforms, these highly customized solutions are hardly interchangeable and adaptable to different HRI 

contexts. In addition, most of the developed systems have one issue in common: they detect features without awareness of the 

real-world contexts (e.g., detection of environmental sound assuming that it belongs to a person who is speaking, or treating a face 

printed on a sheet of paper as belonging to a real subject). This paper presents a novel social perception system (SPS) that has 

been designed to address the previous issues. SPS is an out- of-the-box system that can be integrated into different robotic 

platforms irrespective of hardware and software specifications. SPS detects tracks and delivers in real-time to robots, a wide range 

of human- and environment- relevant features with the awareness of their real-world contexts. We tested SPS in a typical scenario 

of HRI for the following purposes: to demonstrate the system capability in detecting several high level perceptual features as well 

as to test the system capability to be integrated into different robotics platforms. Results show the promising capability of the 

system in perceiving real world in different social robotics platforms, as tested in two humanoid robots i.e., FACE and ZENO.  

 

Index terms: Context-aware social perception, Human- robot interaction, Humanoid social robots, Meta-scene, Platform-

independent system, Scene analysis. 

 

I. INTRODUCTION 

 

With the rapid advancement of robotics and related computing 

techniques, social robots are becoming more integrated into 

human empathic and emotional daily life [1]. They can be 

employed in different areas (e.g., research [2], autism therapy 

[3], [4], education [5], and domestic applications [6]), in which 

they are required to establish autonomous interactions with 

human and environment. For example, they should be able to 

properly interact with humans by sharing attention, tracking 

objects, looking at human face/body, and by responding to the 

conscious and unconscious human social signals such as facial 

expressions, voice tone, speech, and gesture. In addition, they 

should be able to interact with the environment by showing 

dynamic attention behavior gazing at salient regions (e.g., 

bright/flicker points, sudden motions, etc.) that occasionally 

appear, or by reacting to human touch or the environmental 

light and temperature changes. To achieve the above-

mentioned goals, social robots have to be equipped with 
perception systems able to gather and interpret the information 

of social world, similarly to humans. Modeling perception 

systems for social robotics has been a big challenge over the 

last decades [7]. The common aim of perception systems 

development is to enable robots to have a reliable and 

acceptable interaction in various human centered scenarios. 

For this reason, the previous efforts in this area investigated 

the problem from two main perspectives: social psychology, 

and robotics implementation. The first group identified several 

important high-level perceptual features by analyzing human 

social behaviour (e.g., verbal and nonverbal cues) that have 

communicative roles in human daily interactions and thus, the 

perception of these features can lead benefit to HRI. The 

second group designed perception systems in order to enable 

robots to detect and analyze the identified high-level features. 

In the latter case, different robotic perception systems have 

been proposed, which partially support the perception tasks 

such as face or body detection and analysis (see Table I). 

However, a comprehensive system able to detect and analyze 

simultaneously a wider range of features (e.g., human- and 

environment relevant features) and track all the features in 

real-time, is missing. Moreover, each of the perception systems 

reported in Table I has been designed for the robot with 

specific software/hardware specifications, and therefore they 

cannot be used interchangeably. In addition to the platform 

incompatibility, most of the developed systems have their own 

limitations in the interpretation of the social features, which 

prevent an acceptable HRI. For example, a face detection 

system detects any face-like shape, as human face, and without 

awareness of the real- world content. Such a perception system 

may address to the robot, a face printed on a sheet of paper as 

the interaction partner or it may consider an environmental 

sound as a person who speaks. This limitation can lead to a 

failure of HRI. Designing a unique perception system able to 

detect a wide range of features with the awareness of real-

world contents, and compatible with different robotics 

platforms, has appeared as a complex problem to solve. Such a 

perception system should have its own technical requirements 

as follows:  

•Modularity: allows developer to decompose the perception 

system into a number of components that can be mixed and 
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matched in a variety of configurations, in order to adapt the 

system to a specific robotic framework. 

 

•Interconnectivity: system components should have the 

capabilities to connect and exchange resources and information 

in some ways, in order to infer and deliver the real-world 

content rather than only the detected features. 

 

•Extendibility: it allows extending perception system by easy 

adding/removing or replacing system components and the 

corresponding software libraries without affecting other 

modules. 

 

•Communication: it allows perception system to transfer all 

the extracted perceptual information to other machines running 

in different operation system. The community of HRI would 

benefit from having such a social perception system 

compatible with most of the common robotic platforms and 

easily adaptable to the several social HRI scenarios. In this 

work, we present a social perception system (SPS) that is able 

to perceive and create a higher-level description of the world, 

based on the pre-defined templates that we have defined for 

human and environment. SPS has been designed to meet the 

important technical requirements of a standard perception 

system.  

 

It has four main layers: data acquisition, high-level feature 

extraction, meta-scene creation and data communication. 

Through these layers, it manages the data flow constructed 

from the social world and generates high- level signals and 

transfers all the data to other machines/robots. SPS collects 

sensory information through Kinect, RGB camera, and Zerynth 

Shield1, extracts high-level human and environment relevant 

features through several perception modules and components, 

and provides high-level perception merging all the detected 

features. In summary, SPS can be connected to the input 

sensors and the robot will receive the social perception of the 

real world as a dynamic data holder called meta-scene, with 

the standard structured format (XML script), which is readable 

in any machines and can be processed by any framework and 

middleware used in social robotics. 

 

II. BACKGROUND AND RELATED WORK 

 

In the last decades, perception modelling for HRI applications 

has received substantial interest from the robotics community. 

Many research projects have demonstrated the capability for a 

robot to interact with humans, perceiving people through 

vision sensors, listening to people through microphones, 

understanding these inputs, and reacting to people in a 

humanlike manner.  

 

The common goal of the previous efforts in this field was to 

enable robots to detect and interpret high-level features (e.g., 

facial expressions, body gestures, voice direction) analyzing 

low-level sensory information such as video and audio 

streams. Motivated by this fact, numerous methods and 

techniques have been proposed, which partially supports 

perception modelling. The type of the high-level extracted 

features usually depends on the robotic applications. For 

example, in a social robotics context, robots are required to 

interact with humans, and thus, the features to detect are 

human face, facial expressions, body gestures, and speech; or 

in an industrial robotics context, robots have to recognize the 

object to grasp and the obstacle to avoid when navigating. 

As shown in Figure 1, the general workflow for the perception 

of a high-level feature has three main stages: (A) 

 

 
Figure.1. the general workflow of a perception system 

consists of three main stages: data acquisition, low-level 

feature analysis, high- level feature extraction 

 

Data acquisition, (B) low-level feature analysis, and (C) high- 

level feature extraction [8]. Through these stages, a perception 

system creates a high-level description of the world that is 

provided to the robot for higher level control process, e.g., 

understanding, learning. Data acquisition, delivers the raw data 

of environment acquired by different sensors. The aim of low-

level feature analysis is to reduce the dimensionality of the 

acquired raw data and provide a more efficient description of 

the information to the following stage (e.g., for video data, it 

results in detecting features such as shape, texture, edge, etc.) 

The low level features have to fulfil the important 

requirements of the algorithm used for high-level 

interpretation. For example, if the perception task is detection 

of an object with a specific colour, the low-level features 

cannot miss the chromatic information, or in detection of two 

different objects, the shape is usually determinant. Finally, in 

the last stage, the high-level features are inferred analyzing 

low-level features, using different computer vision/audition 

based algorithms. In the following, we shortly discuss the 

perception workflow presented in Figure 1 and reviewing the 

previous works, we enumerate the corresponding extracted 

high-level features. In particular, we are interested in real-time 

perception systems that have been developed for HRIs. 

Besides, we discuss from social psychology point of view, the 

importance of high-level features in human social interactions. 

 

A. Data Acquisition Systems 

 

Visual signals have been widely used in HRI to achieve 

important perception tasks such as face detection and facial 

features analysis, face recognition, body tracking, gesture 

recognition, and salience identification. For visual scene 

perception, the RGB camera is one of the most conventional 

solutions.  

 

This device provides a bidimensional and trichromatic 

representation of the light reflected or emitted by the 

surrounding. Cameras can be selected according to the 

requirements about chromatic sensibility, resolution, frame 

rate, optics (depth of focus, field of view), etc. However, a 

single RGB camera lacks depth information that helps in 

perception tasks, such as proximity estimation. The common 

approaches to overcome such a limitation include image 

processing (e.g., depth from defocus [12]), and using a system 

of cameras exploiting disparities among images (e.g., stereo 

camera [13] or array of sensors). Both of the solutions need 

extra processing to deliver the acquired depth data. This is 

reflected as an increase of computational time and data 

accuracy. 
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Table.1. Social robots and their representative perception capabilities 

 
 

Recently, RGB-D sensors such as Kinect or ASUS Xtion have 

been widely used as convenient and successful solution. These 

devices simultaneously deliver RGB and depth images. 

However, the efficiency of the RGB-D sensors‟ cameras are 

relatively lower than the stereo cameras, but they have good 

performances in indoor perception systems. The main draw- 

backs are the limitation of field of view (smaller than 80 ) and 

the depth range (from a few cm up to 4 m), the low resolution 

of the depth image, and insurability in outdoor environment. 

Auditory signals are often used as a secondary source of 

sensory information. For this reason, audio signal analysis has 

gradually achieved a key role in social robots‟ sensory 

systems. The auditory perception systems in HRI are focused 

on audio signal processing to extract high-level features such 

as speech, spoken utterance, affective state, etc. The auditory 

signal acquisition has been usually performed using either a 

single microphone or an array of microphones to improve 

perception tasks. The built-in microphone array of Kinect 

provides a convenient solution to integrate on a unique device, 

the acquisition of both RGB-D images and auditory data. In 

addition to the visual and auditory perceptions, tactile- based 

perception is also important to extend the robot perception 

capability to perform physical HRI. Various tactile sensors are 

now available that can detect human touch [14]. The sensors 

can be placed either on the robots‟ body or in an object. 

However, tactile-based perception development is not as 

popular as visual-auditory perceptions and its application is 

limited for specific purpose applications. 

 

B.Low-level Feature (LLF) Analysis 

 

The main aim of low-level analysis is to provide descriptors 

(e.g., color, texture) from the input data, which are functional 

for the high-level feature extraction stage. The type of the LLF 

that can be extracted is limited by the available raw data. For 

example, some low-level features such as color, motion, or 

texture can be extracted analyzing RGB image while some 

others require depth information. Since perception of HLF is 

the focus of our work, here we do not describe the details of 

the state-of-the art LLF analysis methods. 

 

C. High-level Feature (HLF) Extraction Methods 

 

The high-level feature extraction is the task of inferring HLF 

analyzing LLF. For example, shape is effective for human 

body and face detection while texture is important for facial 

expression and feature analysis tasks. In this section, we 

review some of the representative work on HLF perception 

modeling discuss from the social psychology point of view, the 

importance of the representative HLF in human-human as well 

as human-robot interactions. 

 

1) Face Detection/Recognition and Facial Features 

Analysis: Human face is a rich source of social information 

that people convey when interacting with each other. As stated 

by Argyle [15], facial expressions are the most important 

nonverbal channel for expressing attitudes. Through facial 

expression, we express our intentions and emotions, emphasize 

on a verbal message, and regulate a daily social interaction. 

Facial features e.g., facial expressions play an important role in 

social interaction [16]. Through facial expressions, we convey 

information about emotional states and we initiate or terminate 

a social interaction. In addition, other facial features such as 

human age and gender are fundamental since they might 

change the meaning of other nonverbal features. Therefore, the 

perception of the face and the capability of analyzing facial 

features are essential for social robots. While face detection 

and facial features analysis are trivial tasks for humans, their 

extraction is a complex issue in perception modeling. To figure 

out how a perception system can detect a face in an image and 

track in a video analyzing low-level feature descriptors, several 

computer vision based approaches have been proposed. Yang 

et al. [17] have grouped the face detection methods into four 

categories: knowledge-based methods, feature invariant 

approaches, template matching methods, and appearance-based 

methods. In the knowledge-based methods [18], human 

knowledge and assumption of faces (e.g., each face has two 

symmetric eyes and a nose with a known distance and 

geometry) is being coded into a rule set in order to locate the 

face position in an image. Feature invariant approaches detect 

faces analyzing those facial features (e.g., skin color, texture, 

face size and shape), which are invariant in different head pose 

and lighting conditions. In the template matching methods, a 

standard face pattern is being parameterized to be used as 

template to detect faces in an image [19] while appearance-

based methods use statistical analysis and ma-chine learning 

methods to learn face pattern from a training data set. The face 

tracking task is possible by applying the described methods on 

a sequence of images in real time. Face recognition and facial 

features analysis (i.e., facial expressions, age, and gender) are 

relatively more complex than face detection. The difficulty of 

these tasks is associated to variances of head pose, perspective, 

and environmental conditions, presented within both the image 

and the training data-set. For that, several works have been 

proposed different pose-invariant face recognition techniques, 

which can be grouped into four categories: pose-robust feature 

extraction approaches, multitier subspace learning approaches, 

face synthesis approaches, and hybrid approaches. Ding et al. 

[20] presented a comprehensive survey on pose-invariant face 

recognition techniques and nicely reviewed and compared the 

strategies, performance and pros/cons of the mentioned 

categories. In spite of the recent progress and technologies, 
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face recognition task is still complex and challenging task for 

system developer. 

2) Body Tracking and Gesture/Posture Recognition: Body 

posture and gesture are important nonverbal signals that people 

use to intuitively communicate social information when 

interacting with others. People usually use these signals in 

conjunction to other cues such as speech and facial 

expressions, in order to attract other people‟s attention, to 

express their emotions and intentions, and in general, to 

manage the flow of social interaction [15]. The word posture 

refers to the way a person sits or stands while the word gesture 

is defined as continuous body movements that conveys a social 

message to others. Due to the importance of these signals, 

development of a perception system to interpret posture and 

gesture is a key priority, which improves the quality of social 

exchange between human and robots. From the technical point 

of view, gesture recognition refers to the task of labeling 

spatio-temporal patterns in video sequences, based on a pre-

trained observation model. The perception of body gesture can 

be done in two sequential steps: body detection, and body 

gesture classification. Motivated by this fact, several works 

have been proposed to detect the body region presented in the 

image through analyzing LLF by using image-understanding 

techniques such as Kalman filter [21], condensation algorithm 

[22], boosting method [23], nearest neighbor classifier [24]. 

They have been implemented to infer the contour of human 

body analyzing LLF such as color and shape, motion, Haar-

like features [25], and laser row data, respectively. The gesture 

classification requires LLF discriminative with respect to 

human gesture. A classifier that has been pre-trained by the 

extracted features should be employed to distinguish different 

gestures. Following this notion, several classifiers (e.g., hidden 

Markov model and neural network) have been previously 

proposed by different research groups. 

3) Proxemics: Proxemics, the use of physical distance, is a 

subcategory of nonverbal communication study that was firstly 

introduced by anthropologist Edward Hall in 1963. In his 

famous book (The hidden dimension) , he emphasized that the 

humans Proxemics behavior (use of space) influences the 

implicit and explicit interactions with others. He defined four 

spaces called „reaction bubbles,‟ in human peripheral 

surrounding environment, which are circles located around the 

human body at varying distances. These distances are the 

amount of space that people feel necessary to set between 

themselves and others for different social exchanges. 

Proxemics has been recently considered also in HRIs. Holthaus 

et al. defined a Proxemics based behavior model that controls a 

social robot‟s behavior based on the human distance. Mazzei et 

al. considered human Proxemics, in a rule- based engine, 

which controls the gaze shift and facial expression of a social 

humanlike robot. 

4) Speech Recognition: Speech is the most natural and 

intuitive form of communication between humans and 

therefore has attracted great interest from researchers. Given 

the objectives of the perception modeling, development of 

accurate speech recognition is one of the key research 

priorities. The recognition of speech requires processes that are 

similar to those used for gesture recognition since the speech 

pattern should be extracted from low-level sensory 

information. For this reason, the researches in this field 

concentrated on low- level feature detection, and classification 

methods to detect specific speech patterns. For example, 

Betkowska et al. proposed robust speech recognition using 

factorial hidden Markov model for home environments. Many 

efforts have been done in this area and several commercial 

speech recognition software are now available 

notwithstanding, the speech recognition problem is still an 

open challenge. 

5) Visual Salience Detection: Visual salience as an 

environment-relevant feature refers to the distinct subjective 

perceptual quality, which makes some items of a visual image 

stand out from their neighbours. The items can be for instance 

an object, a red dot on a wall, a bright/flicker point, a sudden 

motion, etc. As proven by previous works, the salience region 

can immediately grab human attention and thus, the perception 

of salience is important for HRI. 

 

The detection of visual salience region plays an important role 

in simulating and implementing human attention system on 

social robots. The basic approach for identifying salience 

region is to detect locations whose attributes significantly 

differ from the surrounding regions in terms of color, edge 

orientation, luminance, and motion direction. One of the 

seminal works in perception of salience in task-free condition 

(i.e. bottom-up attention) that influenced a large number of 

research, was proposed by Itti et al. In spite of its good 

prediction in detecting salience regions, it operates relatively 

slow and it is not suitable for real-time human-robot 

interaction applications. Zhang et al.,proposed a computational 

model aka SUN (Saliency Using Natural statistics), based on a 

Bayesian framework trained on a collection of natural images. 

On the basis of that, Butko et al. implemented a simplified 

version of the original model that is designed to operate in real 

time with reduced computational cost, making the integration 

in a robot perception system more feasible. As discussed, the 

common aim of developing perception system is enabling 

robots to perceive high-level social features using the 

computer-based techniques. As shown in Table I, different 

systems have been developed for different social robotic 

platforms. However, due to the complexity of the structures 

and implementation, they are only compatible to the specific 

robotic platform. Besides, as it has been shown in the Table, 

the perception systems of these robots are able to detected 

limited number of high-level features while the detection of a 

wider range of features is required. Above all of these, each of 

the perception capabilities shown in Table I has its own 

limitation in the interpretation of the social features that may 

prevent a natural and acceptable HRI. As far as we know from 

reviewing literature, nowadays there is no unique and efficient 

real-time social perception system with a standard structure, 

able to perceive the social world and deliver a wide range of 

perceptual features to robots. Motivated by these facts, we 

present a unique social perception system to fill the current 

existing gap and we think it would be beneficial for researchers 

in human-robot and human-machine interaction communities. 

 

III. SOCIAL PERCEPTION SYSTEM (SPS) FOR 

HUMANROBOT INTERACTION 

 

SPS1 is an out-of-the-box perception system that has been 

designed to enable robots to perceive a wide range of social 

features with the awareness of their real-world contents, as 

humans do. Thanks to the SPS compatibility feature, it can be 

integrated to different robots irrespective of their working 

operation systems. Due to the SPS modular structure, it can be 

reconfigured and adapted to different robotics frameworks by 

adding/removing its perceptual modules.SPS consists of four 

distinct layers (as shown in Figure 2): data acquisition, low-

level and high-level features extraction, and meta-scene  

creation  and communication. SPS collects visual-auditory 

information of environment, detects and tracks a wide range of 

high-level perceptual features, through differ- ent parallel 



 

International Journal of Engineering Science and Computing, December 2017   15720                                                               http://ijesc.org/ 

perceptual modules. Then, it actively manages all the extracted 

information in a dynamic storage called meta- scene. The SPS 

data communication layer streams the created meta-scene out 

in real-time through YARP middleware [38]. In this section, 

we describe in detail, the four SPS layers and underlying 

perceptual modules. 

 

A.Data Acquisition 

The data acquisition layer contains three main components that 

acquire sensory information constructed by Microsoft Kinect,  

RGB camera, and TOI shield. The Kinect records 2-D image 

with a resolution of 1920 1080 pixels, and depth images with a 

resolution of 512 424 pixels at 30 fps with 70 horizontal and 

60 vertical FOV wide-angle lens. For audio signal acquisition, 

it uses a four-element microphone array operating at 48 kHz. 

TOI shield is a collection of multiple sensors that acquire 

environmental information required for human-robot 

interaction (e.g., illuminance and sound levels, and 

temperature). It provides the raw data in order to estimate 

environment features that could be relevant within the social 

interaction. 

 

B.Low-level and High-level Features Extraction 

The feature extraction layer processes the acquired raw data in 

order to extract human-relevant features (i.e., face and facial 

properties, body skeleton and gesture, head pose, Proxemics 

and orientation) and environment-relevant features (i.e., visual 

salient point in pixel (x,y), illuminance  and sound levels, 

temperature, touch and proximity information). It then 

manages and stores in real-time, all the extracted information 

in a dynamic storage with the standard structure. Each 

perceptual module of the feature extraction layer delivers the 

high-level features (HLF) analyzing corresponding low-level 

features (LLF), which are being extracted in each module. The 

algorithms/libraries and extracted HLF are summarized in the 

following section. 1) Facial Features  Analysis: To detect and  

track human face as well as to analyze the facial features, we 

developed the facial feature analysis module using the 

sophisticated high- speed object recognition engine. The 

module allows the quick detection of arbitrary number of 

faces, as well as the analysis of faces in image sequences, 

videos and single frames. Furthermore, the module estimates a 

variety of facial features such as gender, age, and facial 

expressions (see Figure 3). The module runs in real-time and it 

is able to detect faces down to a minimum size of 8 8 pixels. 

The module has a short- term memory for the recognition of 

faces that works fully anonymously: persons, who were out of 

the cameras FOV for a short term, can be recognized and 

recollected. Using the facial analysis module the feature 

extraction layer collects the HLFs summarized as follows: 

Positions of arbitrary number of faces‟ rectangle (in pixel). 

Positions of the eyes, nose, and mouth (in pixel). Gender 

classification (male/female). Age estimation (in years). 

Recognition of facial expressions („Happy‟, „Surprised‟, 

„Angry‟, „Sad‟) (in percentage). The feature extraction layer 

detects and analyzes multiple faces with high accuracy (face 

detection with the rate of 91.5%, and gender classification with 

the rate of 94.3%), assigns a unique ID to each of detected 

faces, and sends all the detected features in the meta-scene data 

storage. 

2) Identity Assignment: In order to create a consistent 

description of the subjects involved in the long/short term 

interaction, it is necessary to recognize and associate a unique 

identity to each subject over the interaction time. This is 

mandatory especially for storing data in the meta-scene by 

reporting a list of the people with their associated extracted 

features. As discussed, the conventional identity assignment 

systems are usually based on the face recognition techniques, 

which can easily be affected by the performance of the 

processing machine, lighting conditions, head posture, and 

difficulties related to training stage. On the other hand, the 

identity assigned by other perceptual modules are not unique 

since they are changed when subjects leave the scene and re- 

enter the field of view. To avoid such issues that may affect all 

the perception and data storage creation processes, following 

[43], we implemented the identity assignment module in a 

smarter way. The SPS Identity Assignment module is a smart 

Quick Response (QR) code reader, which allows a fast 

readability and performance with respect to the face 

recognition based systems. Once a subject enters in the robot‟s 

field of view, the system quickly scans the body region where 

the QR 

 
Figure 2. Modular structure of the social perception system (SPS): the system receives audiovisual information acquired 

by the sensors, and extracts human and environment relevant features. Based on these features, SPS creates meta-scene 

data and streams it out through a YARP port. The output of the system is an XML file that contains all the extracted 

high-level features 
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 Code is placed and assigns a unique identity to the subject 

according to the information stored in the code. In the current 

implementation, the system is able to easily track the subject in 

real time and match his/her identity information with the body 

analysis module. In addition to the subject recognition 

capability, the module is connected to a database, which 

enables SPS to remember subjects and the previous social 

interactions. The database can store any information about 

subjects and the overall social interaction in terms of its 

emotion, positive/negative markers, etc. In general, having the 

database is essential for social HRI, since it enables the robot 

to differently shape the long/short term interactions depending 

on different subjects and their experienced interactions with 

the robot.  

 

3) Body Analysis: Using Kinect Software Development Kit 

(SDK), SPS receives RGB-D scene constructed by Kinect, and 

localizes and tracks up to six humans (see Figure 4). Thanks to 

the skeleton tracking library available in Kinect SDK, SPS 

extracts the following features of six humans and passes all the 

extracted features to the corresponding pre-defined template in 

the meta-scene. These features are then being used by body 

analysis module for the recognition of subject‟s body posture 

and gesture. 3D position of 25 body joints, in Cartesian space 

as (X; Y; Z) joint rotation such as wrist rotation (roll, pitch, 

yaw) head pose tracking simultaneously with body tracking 

finger tracking (hand tip and thumb) sound direction with 

voice filter voice recognition using speech-to-text converter 

engine The main aim of developing body analysis module is to 

enable SPS to interpret human body gesture and posture 

analyzing bodily information captured by Kinect. For this 

reason, we developed a dynamic posture/gesture recognition 

model that recognizes different per-defined gesture and 

postures, through algorithms of geometrical relations among 

subjects‟ body joints 3D positions. To test the posture 

recognition capability of SPS, we implemented some 

fundamental expressive gesture that SPS have to recognize, as 

follows: seated/standing: we distinguished between standing 

and seated person through computing the hip angle for the 

right and left joints of the body. Thanks to the SPS modular 

structure, this module can be easily updated in order to enable 

SPS to recognize customized gestures and postures required 

for a specific robotics application.  

 

Raise Hand:  
when one of the hand is above the head. This gesture is usually 

associated with request of attention or wish to speak.  

 

yeah:  
when both the hands are above the head. This gesture is related 

to high arousal such as exultation. Head Rubbing: when only 

one hand touches the head and the elbow is directed outwards 

the body figure. This could have a lot of different meaning 

such as have forgotten 

 
Figure.3. Face and facial features analysis module detects 

and tracks in real time, a range of human face’s high-level 

features. 

 
Figure.4. Multiple human tracking system: SPS detects and 

tracks in real time, human body and facial features. It 

detects also the direction of speaker comparing 3D position 

of human subjects and the detected sound angle (shown at 

the top of the figure). 

 

Something, wondering about and headache. Arm Crossed: 

when each hand touches the opposite elbow simultaneously. 

This gesture signifies defensive or negative attitude about what 

is happening. 

 

4) Salience Detection:  
 

The SPS‟s salience detection mod- ule is entrusted with the 

creation of visual salience map, which contains important 

regions of image (e.g., object), as well as the detection of 

important events, which dynamically occurs in the image 

stream (e.g., motions). Besides, the module predicts in real 

time the salient point of the image (see Figure 5) on the basis 

of a computational model of human attention system. This 

module is important since it detects the visual salience, even 

outside the border of other modules‟ detection range (e.g., 

close and far distances).  

 

The information created by the salience detection module can 

be used by the robots to orient their vision sensors to the 

salience region/point, in order to analyze only that region in 

detail. This feature allows an important reduction of the SPS 

computational costs. The module receives, as input, the 

Kinect‟s 2D image stream, and sends the salient point location 

(in pixel) to the meta-scene, as an environment relevant 

feature. The developed module can be run with a little 

computational cost and thus, it is well suited to real-time 

implementation perception system needed for social robotics. 

It runs for the 2D video stream converted from RGB value to 

grayscale, and down-sampled to 320x240 pixel in order to 

provide the most salience region in around 40-50 ms.  

 

The following steps summarize the mechanism: the input video 

stream is converted in grayscale Spatiotemporal features are 

estimated through centersur rounded operation in input data 

with difference-of-box and difference-of-exponential filters 

Salience map is computed by the natural statistic embedded in 

the model 

 

C.Meta-scene Creation and Data Communication 

1)Meta-scene Creation: The aim of the layer development is 

twofold. Firstly, to process the extracted data in order to 

interpret and store HLFs with the awareness of their real-world 

contents, and then to create and deliver in the standard format, 

all the structured features of people and environment. As 

shown in Figure 2, the interpretation of features can be       

done  in two steps: data standardization and data matching and 
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Figure.5. Salience detection module detects salient point/ 

regions of a visual scene, analyzing low-level visual features 

(e.g., human body and objects regions, hand motion) 

 

Management. The standardization of data is done by scaling 

different HLFs provided by feature extraction layer, into the 

same numerical range. Once the information has been 

standardized, the interpretation of features will be possible 

based on the models that we defined for human and 

environment. Once the information satisfies the model 

requirement, the layer stores and delivers the information, 

otherwise it removes from meta-scene any conflicting data. For 

example, the system removes the information relevant to a 

subject, which only has face or skeleton, etc. We defined 

human as an object with a face and body with underlying 

components. In our human model, the face has two eyes and a 

mouth (can closed or opened), a nose, a rectangle, four facial 

expressions, age, gender, and a unique ID (name). In addition, 

a body has 25 joints, a head with 3D rotation angles (r,p,y), a 

gesture, a posture, a proximity, and speaking probability. 

Moreover, our environment model has a salient point in every 

40 ms, temperature, luminance level, sound level, and an 

object which reports human touch and proximity information. 

As discussed, only information satisfying the human/ 

environmental model are stored. For instance, as shown in 

Figure 4, SPS detected 10 faces; however 6 of them are 

accepted and stored in the meta-scene. Although, SPS detected 

a face-like shape at the left-bottom corner of the figure, the 

robot‟s face at the left side, and a face without skeleton at the 

right side, it does not store these data, since they are not well 

fitted in our defined models. Or as another example, SPS 
detects human as a speaker, only if the estimated sound angle 

and human direction become the same degree. The meta-scene 

has a hierarchical structure through which an arbitrary number 

of people can be inserted. Each person includes a unique ID 

and the associated high-level features. The ID is assigned to 

the people merging the IDs assigned by other modules, based 

on the information of body and head positions. Once a new 

person has been identified by the identity assignment, a new 

human instance is being created in the meta-scene, which is 

populated with the  features, extracted by the feature extraction 

layer. Through the NET object serialization, the created meta-

scene data package is converted in real-time into a standard 

XML structure. 

 

2)Data Communication: 

 

The aim of the communication layer development is to transfer 

the result of perception (meta-scene XML file) to robot 

controllers, which can be run either on the same perception 

machine, or in a different machine. This layer is important 

since allows the integration of SPS into different target robots, 

which are running in different operation systems. Motivated by 

this fact, we used different operation systems. Motivated by 

this fact, we used YARP middleware to the communication 

layer in order to support data transferring in a peer-to-peer 

way. 

   

 
Figure  6.  General  Feature  Map  (FM)  referred  to  the  

Kinect  One perspective presented by Zmin, Zmax, and 

(Z). 

 

Table.1. the standard human size obtained from [44] 

 
 

IV. EVALUATION PROCESS 

 

Our aim is not only providing a platform-independent SPS but 

also to deliver useful information about its practical use. 

Indeed, when integrating different software modules is very 

hard to understand the simultaneous reliability of each output, 

we solve this issue by conducting an extensive analysis on a 

standard social scenario and by using SPS with a Kinect ONE 

sensor. This is expected to allow to easily develop applications 

and/or experimental protocols in social HRI contexts. SPS 

includes several perceptual modules, which extract entire 

social-relevant features included in a complex visual auditory 

scene. The output of SPS is a collection of features (fi: i = 1; N 

where N denotes the number of total features that SPS 

managed to provide). Each feature can be extracted only if the 

data provided by the sensor allows the specific module to 

perform a correct analysis. The performance of the specific 

feature-detection capability of SPS is partially related to the 

test performed by developers of each library. For instance, face 

and facial analysis detection rates are as follows: face detection 

rate is 91.5% of frontal facial detection (CMU+MIT database), 

94.3% for gender detection (Bio-ID database), and 6.85% 

mean absolute value error in age estimation (FG-NET 

database). Moreover, a face can be detected till 90 of out-of- 

plane rotation and up to 8 8 pixels in size. Here, we are not 

interested in replicating the results about the accuracy of each 

single module and instead, we work to evaluate the entire SPS 

framework based on Kinect ONE sensor in order: (i) to 

demonstrate the simultaneous delivering of features by SPS, as 

well as the working area of each feature called Feature Map 

(FM), (ii) to develop a toolkit that can be used to assess which 

areas will be useful to receive which kind of information, and 

by which module. Having this toolkit, anyone is able to insert 

some data as input (i.e., position of the Kinect, type of human 

[standing/seated, elder/children, etc.]), computing the virtual 
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map of the scenario, in which the experiment has to be set. We 

performed several analysis and experiments to deliver each FM 

based on the specific sensor setting. As shown in Figure 6, we 

defined FM as a subsection area of the sensor FOV in which 

the data of a certain feature delivered by SPS are reliable. To 

identify FMs, the boundaries are reported in term of human 

head coordinate. A feature is available when the subject head 

is within Zmin (bottom limit for depth), Zmax (top limit for 

depth), and max(z) (absolute top limit for angular eccentricity 

function of depth) considering the symmetric response of the 

sensor. In this section we provided a detailed description of the 

method used to estimate Zmin, Zmax and max for each feature 

provided by SPS. 

 

A. Strategy for FMs Identification 

In order to identify Zmin, Zmax, and max(z), we perform a 

mathematical analysis that considers both  sensor  limitation 

and the specifications of each software library shown in Figure 

 

2. In addition, the analysis includes the parameters 

describing 

standard human body size (reported in Table II) and sensor‟s 

height (Tkinect). However, such parameters can be adjusted in 

order to fulfill the application requirements. The strategy for 

FM identification is related to the sensor position and 

orientation. For instance, a navigating robot that tracks elder 

people needs to analyze adult body size from standing point of 

view, or a story-telling robot dealing with children needs to 

analyze pupil body size from a seated point of view. Without 

loss of generality, we perform experiments with male students 

involved in a HRI with a seated humanlike robot where the 

Kinect and TOI board placed relative to that robot. Finally, a 

MATLAB source code is provided that allows simulation of 

SPS‟ FMs with the robot in different conditions. 

 

 B. Experimental Setup and FMs Validation 

 

To simulate a scenario in which a seated robot interacts with 

students, we set up an experiment shown in Figure 7.The 

proposed setup is similar to for an assistive robot that coached 

elder people in performing exercise.  The Kinect sensor was 

parallel to the ground at 1.55m in height (Tkinect) simulating a 

point of view of a seated person. The indoor environment was 

set up with distances and eccentricity angles marked on the 

floor, and the students were allowed to interact with the robot 

from any marker of this area. As shown in Figure 7 the 

sampling for distances were at [0:5; 1; 1:5; 2; 2:5; 3; 3:5;4; 4:5; 

5; 6; 7; 8] m and for the eccentricity angles were at [0;10; 20; 

30; 35] . In sampling the room, we considered the accuracy of 

the 3D coordinates provided by the Kinect SDK v2. In fact, we 

assume the tolerance of 10 cm for depth and 1 for angle 

eccentricity in the overall working space. These values are 

larger than the system resolution (for Kinect sensor v1, depth 

resolution: 5 cm (@z= 4m), angular resolution: 0.086 

(@z=2m)). The tolerances are limited by subject standing 

uncertainty. We calculated the average deviation standard for 

all the body joint coordinates when asking to the same subject, 

to stay again on the same place on the ground. Values for the 

tolerance are given at the 95% confidence interval. Therefore, 

in order to have data that can be considered reliable, distance 

and eccentricity angle are sampled with resolution not smaller 

than 5 times the tolerance limit. In addition, only half of the 

horizontal field of views (HFOV) was sampled considering the 

symmetry of the sensor response. The boundaries at 35 are 

given by the FOV of the depth maps. Distances closer than 0.5 

m are not relevant for the purpose of the system. The distance 

4.5 m is the upper limit to detect skeleton recommended by 

Microsoft for Kinect ONE. Linear interpolation of the result is 

assumed in the region within two sampled points. The 

experiments were performed in the  main  hall  of  University  

of  Pisa,  while  two  indoor  light 

   
Figure.7. the experiment setup: several points have been 

marked on the floor, in different distances and 

eccentricities. The best subsection of FOV for HRI. We will 

discuss it in more detail in Section VI. 

 

A.Face Detection 

 

Since facial feature analysis module requires the face rect-

angle in the image in order to provide all the facial properties, 

firstly, we aimed at obtaining the FM for face detection, where 

SPS is able to detect faces. Only one subject at the time was in 

the scene during the experiments, the system capability has 

been proven in multi-party interaction, as it is shown in Figure 

4. We define the close distance (Zmin) when face exceeds 

frame edges and far distance (Zmax) when a face image 

became too small or too noisy to be detected. These bound-

aries were measured with full-frontal position of the face at the 

different marker positions (see Figure 7). The face size 

(reported in Table II) is the main limitation of the detection 

process. Accordingly, the lower limit (Zmin) and the angular 

limit (max) can be calculated as follows, where S parameter 

shows the subject face width postures, sitting and standing, and 

speaking. 

 
Since the upper limit (Zmax) of the face detection FM 

exceeds the experimental setup edge, we identified the 
detection range and set it to eight meters. In addition, the 
angular limit of the FM is limited also by non full frontal 
faces. Therefore, we define the effective out-of-plane 

rotation of the face ( ) given by the following equation: 

 

Where s the head eccentricity and  is the angular rotation 

of the face. 

 

We considered three different conditions and consequently 

three separated FMs: when the subject looks at the sensor 

called inCam; when the subject looks straight ahead called 

ahead; and when the subject turns the head around Yaw 

called turned. The perception module is able to perform face 

detection as follows. 
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Table.3.The Feature Map (Fm) Of Face in Different 

Postures: Incam, Ahead, And Turned 

 
Analyzing these conditions, we observed that: 

• For inCam the  is always equal to zero since by 

definition . For that, the face is always frontal 

from the sensor point of views, and thus it should not limit the 

detection (see Figure 8.a). 

• For A head and then . 

Therefore, the actual head position of the subject in the field of 

view of the sensor is the factor limiting the detection of the 

face. 

• For Turned we consider the maximum deviation for a given

to not exceed  larger is the 

subject head eccentricity smaller is the absolute value that 

he/she can turn the head outward. 

Table III reports the boundaries of the face detection FMs for 

all the above-described conditions. Note that the 

Zmax exceeds the depth sensor range (i.e., 4.5 m), and thus, a 

subject face can be detected even without a skeleton detection. 

It shows the capability of the module to work with small faces 

(8x8 pixels). 

 

A. Unique ID Assignment 

Once the subject skeleton has been detected by the feature 

extraction layer, the module uses the skeleton ID provided by 

the body analysis module, and updates this ID with the name 

of the subject, as soon as the subject‟s QR code has been 

detected. The detection capability of the system depends on 

the size of the QR tag. Obviously, with increasing the size, the 

detection range becomes wider. In the current implementation, 

SPS detects the QR tag with the size of (5:5cmX5:5cm), in the 

range of [30cm; 130cm] from the Kinect sensor. Since some 

of HRI studies are focused on the long-term aspects of 

interaction, social robots need to remember subjects and 

some remarks from the previous interactions. For this reason, 

we designed an SQL database, which serves as robot‟s 

memory. It is structure storage, where it can be filled with 

subjects‟ name as well as the positive/negative markers that 

robots previously assigned to the subjects. 

 

B. Skeleton Tracking:  

 
Figure .8. The graphical demonstration of the different 

feature maps (FMs) for the high-level features delivered by 

the Social Perception System (SPS) 

 
Figure.9. the effect of sensor height on depth and 

eccentricity for the bottom limit of the feature map of full 

body tracking and horizontal plane depends also on the 

sensor point of view. Assuming the optical axis parallel to the 

ground, the boundaries of FM for full SkT can be expressed 

as function of Tkinect (Kinect Sensor height), D (shoulder- 

shoulder distance), Kinect horizontal HFOV (hHFOV), and 

Kinect vertical HFOV (vHFOV). Table IV reports the FM 

limits both for general condition and for experimental setup. 

The three different FMs are shown in Figure 8.b. For the Kinect 

placed at 1.55m in height, a full body tracking (shoulder-

shoulder + head feet) is possible only beyond 2.7 m for a 

FOV . Tkinect can be adjusted to fulfill the 

requirements of the specific application. This would lead to 

vary directly Zmin and indirectly max(Zmin), as reported in 

Figure 9. Gesture, posture and subject recognition need 

skeleton tracking (SkT), which is provided by body analysis 

module for up to six subjects. We distinguish among the 

horizontal plane (shoulder-shoulder) SkT, vertical plane (head-

feet) SkT, and full SkT. Each of them has a different FM and 

allows to recognize only those poses and/or gestures outlined 

by the available skeleton joints. For instance, without a whole 

vertical SkT (head to feet) it is difficult to discriminate 

between standing or seated person. SkT both for vertical 

  

D.Gesture and Posture Recognition: 

 

The tasks of gesture recognition (GestR) and posture 

recognition (PoR) require the tracking of all the joints involved 

in the specific gesture or related to the posture. For PoR, to 

discriminate between the implemented pose, seated or standing 

person, a full body tracking is required. Therefore, we can 

assume the FM for PoR coincides with Full body tracking FM. 

In the experiment, subjects were asked to stand near or seat on 

a chair for 20 times in one marker between [2.7 , 4.5] 
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M in distance within 30 of max. The system was able to 

discriminate the postures of the subjects in 100% of cases. On 

the other hand, for GestR, all the body joints are required. We 

have to consider that humans performing gestures move arms 

freely, and thus they require a larger area than the one 

considered for SkT. For this reason, we distinguish the 

gestures between macro-movement (involving the maximum 

possible extension of the arms) and medium-movement 

(involving a reduced portion of the possible extension of the 

arms). In this case, we adopted the same approach as for 

Horizontal SkT assuming a horizontal encumbrance given by 

2(D+F) for macro-movement and 2(D+F) for medium-

movement (D and F are reported in Table II). The value of D 

and F are reported in Table II. Instead, represents a fraction of 

lateral displacements of the arm used for medium-gesture and 

it is assumed 0.5. 

 

Among the implemented gesture” Yeah”‟ and”„raise-Hand”‟ 

are considered as macro-movements, and”„arm-Crossed”‟ 

and”„head Rubbing”‟ are classified as medium-movements. 

Figure 8.c reports the FM for both medium and macro gestures 

were tested by asking the subjects to perform different gestures 

looking directly to the camera 20 times, within different 

regions. The system was able to discriminate perfectly as long 

as the subject‟s skeleton is available. 

 

E. Speaker Localization 

The FM of speaker localization mainly depends on angular 

accuracy of sound detection. Since this data is not given by the 

Kinect sensor specification, we perform a specific experiment 

to estimate it. We compare the sound angle  direction  (!sound)  

and  the  speaker  head  position(!head). Each subject is 

associated to a speaking probability inversely proportional to 

the following equation 

           (5) 

The experiments have shown the factors that drastically com-

promise the localization of the speaker are the environmental 

sound noise, echo in indoor scenario, and multi-parties inter-

action with people speaking simultaneously. Here, we consider 

a scenario with no-echo, controlled environmental noise, and 

only one person speaking at the time. In order to estimate a FM 

for the speaker recognition, we asked subjects to move within 

the environment and stand on one of the ground marker. 

Alternatively, one of them started to talk for five second, while 

we recorded. All the position is sampled for five times. Figure 

8.d reports the FM for the speaker localization. This FM is 

obtained considering that two speakers could stand next to 

each other at the same distance and the system should be able 

to distinguish between them. 

 

VI. DISCUSSION 

 

This section summarizes some important remarks regarding 

SPS and the evaluation results. Each FM reports the capability 

of SPS to detect and analyze specific kind of information 

delivered by humans from a given location within the sensor 

FOV. We define the interaction space, where the SPS detects 

100% of human-relevant features required in the HRI scenario 

and used in building the meta-scene. For instance, a coaching 

robot assisting one or more elders in performing body 

exercises [45] needs all the features delivered by SPS. Face 

detection and skeleton tracking are needed for the purpose of 

subject recognition, gesture and pose recognition help to detect 

human activities, and speaker localization is required to 

discriminate the source of voice commands. In such a case, the 

interaction space is given by merely overlapping all FMs. 

Despite of the specific application, FM of face detection/ 

analysis and FM for skeleton tracking in horizontal plane have 

to be included in the interaction space, since SPS exploits such 

information to discriminate a human subject when delivering 

the meta-scene. The interaction space can be described using 

two main parameters: minimal distance of interaction (mDI) 

and total interaction area (TIA) (see Figure 11). The former 

enables a specific kind of HRI interaction according to the 

Proxemics theory. The latter parameter is linked to number of 

subjects and their activity within the interaction. For instance, 

a seating or standing adult in a rest position requires only 0.27 

m2, but this area increases up to 2.63 m2 when performing 

activity with upper limbs [44]. The ultimate constraints of the 

perception system are given by the sensor. For Kinect ONE is 

possible to track up to 6 subjects in the distance range from 50 

cm to 4.5 m. So the minimal distance of interaction is within 

personal space of Proxemics spaces (mDIlimit = 0:5m) and T 

IAlimit is equal to 14 m2. We evaluated the SPS working 

space for a scenario simulating a seated robot interacting with 

adult subjects. The overall working space of the perception 

system is shown in Figure 10 where the red region shows the 

interaction space. According to Proxemics theory, a robot in 

this scenario could fully interact with humans in their social 

and public spaces m (mDI equals to 3 m). In addition, a TIA of 

2,72 m2 allows the robot to interact with one adult subject who 

is free to perform body activity or alternatively, with 4-5 

subjects resting and located in a way to avoid body occlusion. 

Examples of 

 

 
Figure 10. The graphical demonstration of the different 

FMs and corresponding high-level features. Left side of the 

figure shows the Proxemics spaces including intimate, 

personal, social, and public spaces 

 

Suitable HRI applications are an assistive  robot  for coaching 

elders in performing physical and psychological exercises or a 

synthetic tutor for children/young adults. Within the analyzed 

scenario, a robot cannot physically assist humans or interact 

with them in personal and intimate space (e.g., bartender or 

nursery robot). Such a limitation could be faced by reducing 

the perception capability of the SPS (i.e., de-activating some of 

the modules) and/or modifying the Kinect height. The first 

solution is not always practical since it drastically reduces 

performance with the risk of making the robotic system unable 

to perform tasks within the interaction. Figure 11.A shows the 

change on mDI and TIA adopting this approach for the 

considered experimental setup. The second solution is feasible 

by adequate robot design. For a humanoid robot, the most 
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natural solution for the sensor location is to integrate it within 

or above the head but if necessary; in any case, it could be 

integrated into other part of the body or placed remotely. 

Figure 11.B shows the effect of different Kinect heights for 

both mDI and TIA, when all the modules of SPS are active. 

Placing Tkinect lower than 1.25 m allows a closer interaction 

with the larger interaction area. Instead, placing the sensor 

above 2.25 m the interaction area cannot be found since mDI 

exceeds sensor depth limit (4.5 m). In general, exploiting a 

hybrid solution is preferable and it can be easily found using 

proposed equations in this work and the MATLAB code 

provided as complementary material. 

 

VII. INTEGRATION OF SPS IN TWO REAL 

ROBOTS: PRACTICAL NOTE 

 

We describe our experience of integrating SPS with two real 

robots i.e., FACE and ZENO. In both cases, SPS en-trusted 

with doing perception task to enable fluent HRIs. In these 

scenarios, SPS collected the perceptual information as 

instances of meta- scene and delivered them to the social agent 

control machines using YARP middleware. We ran SPS on a 

machine with Intel CPU Core (TM) i7 - 3.4 GHz, 16 GB RAM 

with Windows 8.1 Enterprise operating system. As shown in 

Figure 12, FACE robot [49], [50] is a humanlike robot with 

female appearance able to express realistic facial expressions 

Figure.11. Total interaction area (TIA), and minimal distance 

of interaction (mDI) are reported for several conditions: (A) 

Shows the effect of selecting a subset of available features. 

The parameters F1-F6 refer to the name of features reported in 

Figure 10. (B) reports the effect of changing Kinect height. 

Boundaries of Proxemics spaces are shown for both the graphs 

and head-eye movements. Its control system was running on 

Windows platform; ZENO robot is a humanoid robot with full 

head and body moving capabilities, which runs Ubuntu Linux 

on board, with an Intel Atom processor and 1 Gb RAM. In 

latter case, due to the robot‟s hardware specification, 

processing was done on another machine and all commands 

were sent to the robot via the API. In both cases, the SPS 

successfully created and delivered meta-scene irrespective of 

the robots‟ OS, and allowed acceptable HRIs. In the first 

scenario, the developer used meta-scene provided by SPS to 

design and control an” „I-CLIPS Brain: A Hybrid Cognitive 

System for Social Robots”‟, and thus the SPS has been 

employed as the perception unit of the robot‟s brain. In the 

second scenario, SPS was used as the perception unit to enable 

the robot to have a set of context- aware behaviors. As the 

result, ZENO behaved differently when it perceived positive 

and negative emotions of users. The following section 

summarizes some practical note about integrating SPS as 

perception unit of real robots used for real-time HRI as well as 

some issues, which can affect the performance of SPS. 

• Platform independence: SPS composed of four layers 

that can be run in either one machine or two different 

machines. In the latter case, the perception machine that 

provides meta-scene has to be run on Windows platform 

while the robot controller machine, which receives meta-scene 

can be run in different operation systems such as Linux, Mac, 

etc. The performance of perception machine: is the most 

important factor, which affects the SPS performance. Running 

the perception system on a high-performance machine results 

in a fluent perception and data communication. However, with 

nowadays machines we do not expect any incompatibility. The 

overall computational time:  SPS aims at enabling real-time 

HRI and thus, its computational time in delivering meta-scene 

is important. As shown, SPS composed of four layers, in which 

feature extraction layer has six parallel perceptual modules: 

body analysis, facial feature analysis, salience detection, sound 

analysis, identity assignment, and environment analysis. The 

body analysis module and the meta-scene layer are always 

needed to be activated in SPS. Instead, the other two modules 

(i.e., facial analysis and salience detection) can be deactivated 

according to scenario requirements. The overall computational 

time depends on the number of running modules. As we tested, 

body analysis module that process the data stream of Kinect, 

works at 33 ms (30 fps) of computational time. It is not 

affected by the number of people in the Kinect‟s field of view. 

Facial feature analysis module can analyze a whole image in 

less than 22 ms although, for technical and methodological 

reasons, we decided to slow down the reading process through 

YARP to 200 ms. Salience detection module can deliver data 

in less than 100 ms according to software setting although, for 

the same methodological and technological reasons, we read 

this data every 200 ms. Since the aforementioned modules 

have different computational time, employing all the modules 

together requires the longest computational time that is 200 

ms. In summary, SPS can deliver a meta- scene with full list of 

features in every 200 ms. Sending and receiving threads: in 

addition to the machine performance and SPS‟s  inherent 

computational time on delivering data, due to the processing 

time, SPS has two internal adjustable timers for sending and 

receiving meta-scene. The quality of network connection: since 

the SPS deliver meta-scene wirelessly through YARP to a 

specific Inter- net Protocol address, the quality of network 

connection is an important factor for data communication 

performance. Visualization: SPS can be run with the user 

interface that shows on display all the extracted features which 

are important for system initialization and calibration. 

Delivering meta-scene in the visualization mode is a little bit 

slower than running it without visualization however, the delay 

is negligible. The last important feature of SPS is the capability 

of doing partial perception. For example, if an application 

requires only the face position of users, we can easily adjust 

SPS in partial detection mode that delivers meta- scene with 

the same structure while only it assigns the values to the users 

face positions. 

  

 
Figure 12.  Two humanoid robots FACE and ZENO. 

 

VIII. CONCLUSION 

 

We performed an analysis of the state-of-the art technology of 

perception systems, which often are used in the context of 

social robotics. We noticed that many of these perception 

systems are not able to gather simultaneously a wide range of 
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both human and environment relevant features guiding a 

human-robot social interaction, and all of these systems have 

been built for specific robotics platforms making hard to be 

used in different robots. Moreover, usually the data delivered 

by these perception systems are a mere list of features and they 

are not fully exploited for a real perpetration the surrounding, 

moving from data to meta-data. To overcome such limitations, 

we proposed and tested a novel social perception system that 

has been designed to meet the important technical 

requirements of a standard perception system. The proposed 

system has the features that have been fully described in 

SectionI: modularity, interconnectivity, extendibility, 

communication capability. We performed an extensive 

analysis and experiments on human-relevant features that SPS 

can detect from environment. Such results allow detecting the 

interaction space that is subsection of the visual sensor FOV, 

where humans can stay to fully exploit the perception 

capability of SPS. We tested SPS communication capability by 

integrating it into two different humanoid robots i.e., FACE 

and ZENO. As demonstrated, SPS was able to detect and 

deliver to different robots, a wide range of human-relevant 

social features, which shows the promising capability of the 

system to be used as a unique social perception system for 

social HRI. 
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