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Abstract—This paper proposes a real time sociometric system
to analyze social behavior from audio-visual recordings of two-
person face-to-face conversations in English. The novelty of the
proposed system lies in this automatic inference of ten social
indicators in real time. The system comprises of a Microsoft
kinect device that captures RGB and depth data to compute
visual cues and microphones to capture speech cues from an
on-going conversation. With these non-verbal cues as features,
machine learning algorithms are implemented in the system to
extract multiple indicators of social behavior including empathy,
confusion and politeness. The system is trained and tested on two
carefully annotated corpora that consist of two person dialogs.
Based on leave-one-out cross-validation test, the accuracy range
of developed algorithms to infer social behaviors is 50% - 86%
for audio corpus, and 62% - 92% for audio-visual corpus.

Index Terms—Machine Learning, Sociometrics, Dialog, audio-
visual Analysis, real-time

I. INTRODUCTION

In an era of human centered vision of computing, social

signal processing (SSP) is garnering greater interest to provide

machines with social intelligence. Social intelligence is a

significant component of human behavior and aids in accurate

perception, interpretation and display of social signals.

Non-verbal behavioral cues allow one to understand the social

signals (attitudes, emotions and relations) being exchanged

during conversations [1], [2]. SSP research employs sensors

such as microphones and cameras to detect these cues

resulting in signals (audio, visual or both) to automatically

infer social interaction.

Research associated with automatic analysis of social signals

includes modeling and automatic detection of personality

traits, social relations and social roles from speech recordings

[3] and short clips [4], [5]. In addition, automatic detection

of interest in multi-party dialogs have been studied [6].

Similarly, other studies explored the inference of emphasis

and interest in conversations from speech pitch [7] and the

detection of agreement in meeting scenarios such as broadcast

conversations [8]. Visual features were also investigated by

studies that aimed at detecting dominant people and emerging

leaders in group conversations [9]–[13]. It could be noted that

most of these studies inferred not more than one social signal

and most of the proposed algorithms have been evaluated on

the annotations from one single corpus - ICSI corpus [14].

Most importantly, these algorithms are not implemented in

real time.

In earlier work [15], we presented a novel approach towards

comprehensive real-time analysis of speech mannerism and

social behavior (interest, agreement, dominance). In this

paper, we extend our work by (i) incorporating visual data

along with audio data; (ii) by adding seven new sociometric

measures (politeness, friendliness, frustration, empathy,

respect, confusion and hostility) to further enhance our

analysis [1], [2].In contrast to studies that acquired visual

data using an RGB camera and determined dominance using

rank and score level analysis [9]–[13], Microsoft Kinect

device was employed to record RGB and depth data of the

face and body of each participant from which real-time visual

features were extracted. It was followed by the development

of real-time algorithms (rule-based supervised learning) to

automatically quantify the ten aspects of social behavior from

audio and audio-visual analysis (see Fig.1). Although several

corpora based on Kinect such as CAM3D and BAVCD [14],

[16], [17] are available, but these are not related to human

behavior. The algorithms were trained and tested on two

carefully annotated corpora, namely audio corpus (AC) and

audiovisual corpus (AVC) that consist of two person dialogs.

We performed multi-class classification as opposed to binary

classification on these corpora. Results indicate that majority

of the sociometric measures can be automatically determined

with reasonable accuracy (50% - 92%) in real-time, and that

the combination of visual data with audio data contribute

significantly to the determination of social signals. In contrast

to most existing studies in social signal processing which

focus on offline analysis, we are ultimately interested in

developing a system that operates in real-time under real-life

scenarios.

The paper is structured as follows: Section 2 focuses on data

acquisition and annotation. Section 3 explains the computation

of audio and video features. Section 4 presents the results

of sociometric inference for audio, visual and combined

modalities. Section 5 includes conclusion and future research.

II. DATASET ACQUISITION

In this study we generated two corpora viz AC and AVC.

The AC contains 150 two-person conversations, each lasting



Fig. 1. System Overview.

2.5-3 minutes long. These conversations were derived from

22 students, (17 males, 5 females) who are aged between

18 and 30 years old. On the other hand, the AVC contains

100 two-person conversations, each lasting 1 minute. The total

number of individuals participating in this corpus is 21, (16

males, 5 females). The participants were students of Nanyang

Technological University (NTU). The topics of conversations

ranged from discussion of assignments, projects of students,

to social and political views. In some of the dialogs, there

were scenarios such as conflicts and disagreements, periods of

boredom, aggressive behavior and excessive talking. During

the conversation recording procedure, the participants were

seated about 1.5m apart. We saved the speech in separate

channels in order to allow precise computation of overlap-

related features. Kinect devices were employed to record

video/depth data for each participant in AVC.

A. Annotation Protocol

Each recording was annotated by multiple judges to get

consistent ratings for each sociometric. For each recording, the

judges completed a brief questionnaire related to behavioral

aspects of each participant. In order to annotate conversations

from AC we asked the annotators to listen to the conversations,

whereas for AVC they watched the video recordings and filled

the questionnaire. We used a likert scale from 1 (low) to 3

(high). In the video recordings the participants could see the

front profile of each speaker and could hear the audio of the

left speaker on left headphone channel and vice versa. The

annotators were asked to rate each clip for the sociometrics

of interest, dominance, politeness, friendliness, frustration,

empathy, respect, confusion, hostility and agreement. Some

sample questions from the questionnaire are shown in Table

1. To assess the variability among the different annotators, we

TABLE I
QUESTIONNAIRE FOR SOCIOMETRIC ASSESSMENT.

Assessment of Social Behavior

This person seemed to be actively engaged in the conversation.

Please rate the politeness of this speaker during the conversation.

This person seemed to be the dominant of the two.

computed the standard deviation of the annotations. In Table 2

we list the minimum, maximum, mean, and median standard

deviation across the 10 different sociometrics. As can be seen

from Table 2, the standard deviation values are relatively low,

and therefore, the annotations are reasonably consistent among

the different annotators.

TABLE II
STANDARD DEVIATION VALUES FOR EACH DATASET.

Dataset Maximum Value Minimum Value Mean Value Median Value

NVAC 0.55 0.24 0.45 0.47
NVAVC 0.51 0.24 0.41 0.43

III. FEATURE EXTRACTION

In this paper, we used two different modalities of features,

i.e., speech and visual. The features that we used for this

analysis are shown in Table 3. In this section, we briefly review

the speech and visual cues that we considered in this study.

TABLE III
LIST OF CONVERSATIONAL, PROSODIC AND VISUAL FEATURES.

Category Features

Conversational

Speaking Duration
Speaking % , Mutual Silence

Difference in speaking %, Overlap, Response Time

Speaking Turns Natural Turns, Turn Duration

Interruption Interruptions, Failed Interruptions

Interjection Interjection, Speaking Interjection

Prosodic

Frequencies Larynx Frequency (F0), Formant (F1, F2, F3)

MFCC Mel-Frequency Cepstral Coefficients

Amplitude Mean vol, max vol, min Vol, Entropy

Visual

Postures
Upright, Hunched Forward

Leaned Back, Posture Changes

Head Movement
Nodding

Sum of Vertical/horizontal Head Movements

Gestures Gesture Count, % of Gestures as compared to other speaker.

Head Pose Straight, downward, sideward

A. Non-Verbal Speech Cues

Non-verbal speech cues play a significant role in group

conversations. We briefly describe the conversational and

prosodic cues as follows.

1) Conversational and Prosodic Cues: In order to compute

the conversational features, we first performed speech detec-

tion by means of a hidden Markov model (HMM) that uses

energy-independent features [18]. We segmented the audio

signals in periods of speech and without speech, after which

we computed the following conversational cues: the number of

natural turns, speaking percentage, mutual silence percentage,

turn duration, interjections, interruptions, failed interruptions,

and response time (see Fig.2).

We considered prosodic cues such as amplitude, larynx fre-

quency (F0), formants(F1, F2, F3) and mel-frequency cepstral

coefficients (MFCCs); those cues were extracted from 30ms



segments at a fixed interval of 10ms [15]. These cues fluctuate

rapidly in time. Therefore, we computed various statistics of

those cues over a time period of several seconds, including

minimum, maximum, mean and entropy.

B. Visual Cues

We have incorporated posture, nodding, head pose and

hand gesture usage in our analysis of visual cues. The

pre-processing step in evaluating the visual cues involved

automatic detection of the speakers face and body as shown

in Fig.2; subsequently we track them in real-time to extract

visual cues.

Posture: The posture of each participant was classified into

three categories: hunch forward, upright, and lean backward.

We evaluated the percentage of time each participant remained

in a particular posture along with total number of posture

changes. Postures contribute strongly towards understanding

the body language of the speaker. Since the skeleton acquired

from Kinect SDK allowed us to track several points on the

face and body of the speaker, we selected relevant points on

the head (Xhead, Yhead, Zhead) and neck (Xneck, Yneck, Yneck).

By means of the angle θ between these points we detected

the posture.

θ = tan
−1

Yhead − Yneck

Zhead − Zneck

. (1)

Nodding: Nodding is intuitively a good indicator of agree-

ment/disagreement between the speakers. Nodding is com-

monly of two types: Yes and No. We registered consecutive

head movements as nodding in the algorithm. Vertical head

movement corresponded to Yes and horizontal head movement

to No.

Hand Gesture Detection: Instead of identifying specific hand

gestures, we focused on quantifying the general hand gesture

usage of the speaker. We used the number of such gestures

over the course of the conversation and also the relative

percentage of hand gesture usage by both speakers as features.

If right hand coordinates are (Xrh, Yrh, Zrh) and left hand

coordinates are (Xlh, Ylh, Zlh), we calculated the distance

between these two points:

Distance =
√

(Xlh −Xrh)
2 + (Ylh − Yrh)

2 + (Zlh − Zrh)
2. (2)

If a change in this distance was above an experimentally

determined threshold the algorithm recognized it as a gesture.

Head Pose: Face detection through Kinect SDK provides

head position in right hand coordinates, and also provides

yaw, pitch and roll angles to determine head pose. In our

algorithm we identified the head pose using the yaw and pitch

angles of the detected face. Head pose of each participant was

classified as straight, sidewards and downwards. We evaluated

the percentage of time each participant remained in a particular

head pose.

IV. SOCIOMETRICS

This section explains how we quantify social behavior in

dialogs. We explain both feature selection and the inference

of sociometrics for AC and AVC.

(a) Illustration of turn-taking, interruption, failed
interruption, and interjection.

(b) Detected face and skeleton.

Fig. 2. Speech features and extracted user face and skeleton from RGB-Depth
data.

A. Feature Selection

We applied two feature selection algorithms, i.e., Informa-

tion Gain (IG) and ReliefF [19], [20], to determine the most

relevant features for inferring the sociometrics.

B. Audio Corpus

We trained multi-class classifiers in a supervised manner.

The average (rounded) score provided by the judges served

as labels for supervised learning and the extracted non-

verbal cues were utilized as input features. In this work,

we considered eight kinds of multi-class classifiers: Support

Vector Machine (SVM), Support Vector Ordinal Regression,

Artificial Neural Network (ANN), k-nearest neighbor, Naive

Bayes, Adaptive Boosting, Bagging, Random subspace ensem-

bles and Least squares Boosting, where the last four were

ensemble classification methods [21], [22]. The classification

performance was computed by leave-one-person-out cross-

validation, i.e., for each participant the classifier was tested

on the instances of that participant and trained on all the

remaining instances. We tested both linear and RBF kernels

for the SVM classifier, with parameters C for linear, C and

σ for RBF. These parameters were optimized using cross-

validation on training part of the data. We used the parameter

values which provided the best results. Similarly for kNN

the number of nearest neighbors was chosen using cross-

validation. For all other classifiers we used default values from

Matlab documentation. The best accuracies achieved for all

the sociometrics are listed in Table 4, along with the root

mean square error (RMSE) of the classifiers. Moreover, Table

4 includes the RMSE of a trivial classifier that always has the

value 2 (medium) as output, which serves as a baseline for

our assessment. The RMSE is each time computed between

the average annotation value and the classifier output.

The numerical results in Table 4 show that agreement, dom-

inance, interest, politeness, confusion and hostility can be

detected with good accuracies from non-verbal audio features.

This is not the case for friendliness, frustration, empathy and



respect, where the accuracies are quite low. The objective

of this study is to determine multiple social indicators and

infer human behavior based on these indicators. The results

suggest that inference can be done from most of the social

indicators. The low accuracies of friendliness, respect, em-

pathy and frustration could be attributed to the absence of

social hierarchy during dialogs. Since the annotators viewed

both participants on the same social status, indicators such as

friendliness, respect, empathy, and frustration are considered

mutual. Moreover, non-verbal cues alone might not suffice to

reliably infer these indicators. As expected, the RMSE values

are substantially smaller than baseline for classifiers with good

classification performance.

TABLE IV
THE BEST CLASSIFICATION RESULTS ACHIEVED FOR EACH SOCIOMETRIC.

THE LAST TWO COLUMNS CONTAIN THE RMSE VALUES FOR ACTUAL

AND BASELINE CLASSIFICATION.

Sociometrics Audio Features RMSE RMSE (baseline)

Agreement 84% 0.4465 1.6503

Dominance 86% 0.3211 1.5212

Interest 85% 0.3833 1.5328

Politeness 81% 0.4920 0.8626

Friendliness 51% 0.6668 0.7280

Frustration 50% 0.7050 0.7682

Empathy 59% 0.6147 0.6460

Respect 59% 0.5939 0.7455

Confusion 81% 0.4301 0.8712

Hostility 77% 0.4935 0.9084

C. Audio-Visual Corpus

The numerical results in Table 5 suggest that the audio

modality is crucial for sociometric prediction, and generally

leads to better results when compared to the visual modality.

In addition, combining the visual modality with audio

modality significantly enhances the classification. The

improvement in accuracy by including visual information is

4% for dominance, 1% for agreement, 3% for interest, 1% for

politeness, 9% for friendliness, 14% for empathy and 9% for

respect. For AVC data the accuracies follow a trend similar

to AC. The accuracies for agreement, dominance, interest,

politeness, confusion and hostility are the highest followed

by the detection rates for frustration, empathy, friendliness

and respect. An interesting observation from Table 5 is the

considerable increase in accuracy for friendliness, empathy

and respect when only visual features are used. These results

indicate the significance of visual features for the inference

of various social indicators.

As mentioned earlier, the best results are obtained when

both audio and visual information is available, in which case

the classifier trained on audio-visual data can be applied. In

scenarios like call center training, where visual data is either

unavailable or only occasionally available, the audio serves

as the only source of information. In such cases audio-based

classifiers can still provide accurate sociometric predictions,

as can be seen from Table 4 and Table 5.

Our experiments show that processing time increases linearly

with the duration of the conversation (see Fig.3), which

TABLE V
THE CLASSIFICATION RESULTS ACHIEVED FOR EACH SOCIOMETRIC USING

AUDIO, VIDEO AND AUDIO-VISUAL FEATURE SETS. THE LAST TWO

COLUMNS CONTAIN THE RMSE VALUES FOR ACTUAL AND BASELINE

CLASSIFICATION.

Sociometrics Audio Video Audio-Visual RMSE RMSE (baseline)

Agreement 80% 72% 81% 0.4128 0.8504

Dominance 86% 88% 90% 0.3538 0.9715

Interest 89% 86% 92% 0.3193 0.9722

Politeness 75% 71% 76% 0.7093 0.7141

Friendliness 54% 63% 63% 0.5944 0.7689

Frustration 67% 69% 67% 0.5737 0.8915

Empathy 53% 63% 67% 0.5553 0.7168

Respect 54% 60% 62% 0.6573 0.7508

Confusion 89% 88% 89% 0.3051 0.9211

Hostility 72% 74% 72% 0.4912 0.8852
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Fig. 3. This plot shows the analysis time for conversations of different
durations.

makes the system scalable and feasible for real time feedback

in an ongoing conversation.

V. CONCLUSION

This paper presented a novel approach towards comprehen-

sive real-time analysis of sociometrics. Our ultimate aim is to

design a real-time system that can infer social behavior during

real-life conversations. We used multi-modal information (i.e.

speech and video) to determine social behavior of the speaker.

We collected two diverse speech corpora consisting of two-

person conversations; it allowed us to train machine learning

algorithms for reliable 3-level classification of the sociometrics

with speech and visual cues as input features. We presented

the analysis results for audio corpus (AC) and audio-visual

corpus (AVC) in this paper. Results indicate that most of the

social indicators can be detected with high accuracy. It also

highlights the role of visual cues in enhancing the sociometric

analysis. The sociometric computation is quick and reliable,

enabling real-time sociofeedback. We intend to collect a much

larger, diverse dataset, in order to generalize the findings.
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