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Abstract— For social robots to effectively engage in Human-Robot 

Interaction (HRI) they need to be able to interpret human 

affective cues and to respond appropriately via display of their 

own emotional behavior. In this paper, we present a novel 

multimodal emotional HRI architecture to promote natural and 

engaging bi-directional emotional communications between a 

social robot and a human user. User affect is detected using a 

unique combination of body language and vocal intonation, and 

multi-modal classification is performed using a Bayesian 

Network. The Emotionally Expressive Robot utilizes the user’s 

affect to determine its own emotional behavior via an innovative 

two-layer emotional model consisting of deliberative (hidden 

Markov Model) and reactive (rule-based) layers.  

 The proposed architecture has been implemented via a small 

humanoid robot to perform diet and fitness counselling during 

HRI. In order to evaluate the Emotionally Expressive Robot’s 

effectiveness, a Neutral Robot that can detect user affects, but 

lacks emotional display, was also developed. A between-subjects 

HRI experiment was conducted with both types of robots. 

Extensive results have shown that both robots can effectively 

detect user affect during real-time HRI. However, the 

Emotionally Expressive Robot can appropriately determine its 

own emotional response based on the situation at hand and, 

therefore, induce more user positive valence and less negative 

arousal than the Neutral Robot.  

 
Index Terms— Human-Robot Interaction, Multimodal Affect 

Recognition, Robot Emotion Model, Social Robots 

I. INTRODUCTION 

MOTIONS are an essential part of human behavior that can 

influence how people communicate and make 

decisions [1]. In order for social robots to effectively interact 

with people and provide assistance with a number of everyday 

tasks, they need to intelligently recognize and classify human 

affective states and, in turn, respond appropriately using their 

own emotional assistive behaviors. Such interactions are more 

engaging and can enhance a robot’s ability to assist people [2]. 

Emotions are also important for long-term interactions, in order 

to maintain social-emotional relationships [3]. Such long-term 

interactions are imperative for users to obtain the benefits of 

interacting with robots during daily activities [4], and in turn for 

these robots to have impact on people’s lives in the near future 

[5]. Furthermore, it is important to consider the variety of 

cultural attitudes towards robots [6] and how they influence 

affective interactions, as people from diverse cultures may 

interpret robot emotions differently [7]. Therefore, emotion 

recognition is a key challenge for enabling robots to 

communicate with people [8]. 

Human affective cues can be inferred from natural 

communication modalities, such as facial expressions [9-18], 

vocal intonation [19-21], and body language [22-26]. These 

modes correlate strongly to a person’s affective state [27]. The 

use of multimodal affect recognition systems, which combine 

two or more modalities, has also been investigated for 

human-computer interactions (HCI) [28] and human-robot 

interactions (HRI) [2]. Multimodal inputs provide two key 

advantages [29]: a combination of modalities provides diverse 

complementary information, which increases robustness and 

performance; and, when one modality is unavailable, due to 

occlusion and/or noise, a multimodal recognition system can 

use the remaining modalities to estimate affect. 

Once the robot has estimated a user’s affect, it can use this 

information to determine its own emotional behavior via a 

(robot) emotional model. The incorporation of such a model 

would allow a social robot to create more natural and engaging 

interactions with users [24, 30]. It would also allow a robot to 

respond to different situations that can vary from light-hearted 

interactions to more serious interactions. 

The ability to both detect and express emotions promotes 

bi-directional interactions and, thus, allows robots to establish 

social relationships with people [31]. A two-layer emotional 

model can be utilized to improve the adaptive performance of a 

robot [24, 32]. Such a model allows the robot to determine its 

appropriate emotional behaviors based on user input and the 

current HRI scenario, as well as react to unexpected or 

potentially unsafe situations that may occur during HRI. In 

general, social robots communicate their emotions through the 

use of different modalities, including facial expressions [9, 33], 

vocal intonation [34], and gestures and body language [32], as 

well as by using a combination of these modes to create 

multimodal emotional displays [31, 38-40].  

In general, social robotics research has either focused on 
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multi-modal user affect detection [41-45] or on robot emotional 

models [24, 30, 32, 46-50]. Only a few have considered the use 

of multi-modal user affect to determine a robot’s multimodal 

emotional expressions using a robot emotional model [31, 

36-38]. However, the emotional models used by these robots do 

not consider unexpected situations that may occur during HRI. 

Developing robots that can detect human affect and respond 

with emotional expression themselves has many advantages. 

For instance, it allows a robot to directly focus on a person’s 

wellbeing [24] and promotes cooperation from potential users 

[51].  

Herein, we propose a novel multimodal emotional HRI 

architecture. It utilizes a multimodal affect recognition and 

classification system, as well as a robot emotional model that 

considers the user’s affective intent and the interaction scenario 

in order for a social robot to determine its own emotional 

behavior. Our main contributions are on the development of: 

(1) the multimodal affect recognition and classification system 

to determine user affect that uniquely considers the 

combination of body language and vocal intonation, modalities 

that have not yet been explored together for social human-robot 

interaction; and, (2) a two-layer robot emotional model that 

uniquely considers unpredictable robot emotion expressions. 

The two-layer robot model uses a Hidden Markov model 

(HMM) for the deliberative layer and a rule-based approach for 

the reactive layer.  

The proposed architecture was implemented and evaluated 

on a Nao humanoid robot platform. The robot engaged users in 

multimodal bi-directional HRI for the purpose of diet and 

fitness planning. To the authors’ knowledge, Autom [52] is the 

only other robot designed for this particular application, 

however interactions are purely through its tablet, and therefore 

it is unable to perform bi-directional affective HRI. 

II. RELATED WORK 

Social robots with either automated multimodal affect 

recognition systems have been reported in [43-45, 53-56], or 

with their own emotional response models have been presented 

in [9, 10, 24, 30, 32, 46-49]. However, only a few robots use 

multimodal human affect detection to determine their own 

emotional behavior during HRI [31, 36-38].  

A. Robot Emotional Models 

Robots with emotions can improve the overall interactive 

experience with users, as they tend to be perceived as more 

intelligent and natural to interact with [30]. Robot emotional 

models that determine these emotions have been classified into 

single-layer models, which consist of only deliberative 

emotions [9, 10, 30, 47, 48, 57], or two-layer models, which 

consider both deliberative and reactive emotions [29, 32, 49]. 

1) Single-Layer Emotional Models 

In [30], the Kismet robot used an emotion-inspired model to 

create life-like behaviors. Its emotion model used a continuous 

3D affect space comprising arousal, valence and stance. Kismet 

could recognize a user’s affective communications through 

tone of voice by classifying prosodic patterns. Its own affect 

would be communicated through a combination of facial 

expressions, body posture, and vocal intonation. 

In [47], the RWI B21 robot, with a virtual face, was used as a 

receptionist, displaying emotional responses to human visitors. 

The robot incorporated a set of short-lived basic emotions, 

longer lasting moods that made the robot feel positive or 

negative, as well as an attitude that was represented as a mood 

level and a familiarity rating associated with a specific person. 

Robot emotions were displayed via facial expressions, while 

mood was displayed as posture changes.  

In [48], an emotional model based on Gross’ process model 

of emotion regulation was developed for a robot with a virtual 

face. The model consisted of an HMM using hidden emotional 

states and observable expression states. The observable states 

were presented as facial expressions with varying intensities of 

emotion. A personality suppression of expression mechanism 

was added to the model, allowing for the robot’s observable 

states to be controlled by manipulating the likelihoods of higher 

or lower intensity expressions occurring.  

In [10], a robot used an Ortony, Clore and Colins (OCC) [58] 

-based emotion model. The robot updated the transition 

probabilities of the model through an active field state space, 

which modeled influences as field forces in the affective 

dimensions of valence, arousal and stance. The transition 

probabilities of the model were updated based on the user’s 

affect, determined through facial expressions. The robot’s 

emotional expressions were, then, displayed through facial 

expressions and body language.  

In [9], a human-like robotic head detected a user’s affect 

based on facial expressions and, in turn, displayed its own 

facial expressions based on its mood. The robotic head used the 

Circumplex Model [59] to represent its mood in terms of 

valence and arousal, and the Five Factor Model of personality 

to define its personality. User affect was transferred into robot 

mood variables using a linear relationship. Mood was, then, 

processed by a Fuzzy Kohonen clustering network for the robot 

to display via facial expressions. 

2) Multi-Layer Emotional Models 

In [24], a human-like robot, Brian, used a robot emotion 

architecture that introduced the concept of deliberative and 

reactive emotion layers. The deliberative layer used an online 

learning-based Markov model to determine the robot’s future 

emotional state based on the user’s affect (determined through 

body language), the robot’s drives, and the robot’s emotional 

state. The reactive layer was proposed for interactions that 

require an immediate response from the robot to ensure safety 

(e.g., when a user enters the workspace of the robot, Brian 

would trigger a reactive fear emotion and stop movements to 

prevent itself from hitting the user with its arms). This paper 

focused mainly on the design and implementation of the 

deliberative layer to determine the emotional behaviors of the 

robot during a user schedule making activity.  

In [32], a simulated mobile robot used emotions to improve 

its navigation performance in unknown environments. The 

robot deliberative layer employed a A* method to generate a 

path using an occupancy grid map. This layer used deliberative 



emotions to modify the type of path being generated by 

changing the parameters of the A* cost function. A reactive 

controller was used to generate the robot's heading and speed to 

follow the planned path. This controller used reactive emotions 

to modulate the directional and speed control parameters and to 

trigger re-planning if required. 

In [49], the robot KaMERo used a reactive-deliberative 

emotion architecture. The reactive emotion module generated 

immediate emotional responses to stimuli. The deliberative 

emotion module used the OCC model to appraise an external 

event to generate an emotional response. The Big-Five 

personality model was used to define the robot’s personality 

factors, which were integrated into the emotion- generation 

function to change the maximum intensity, rising/decaying 

slopes, and duration of the generated emotions. 

B. Multi-modal HRI 

The multimodal affect recognition systems that have been 

used for HRI have mainly utilized the following primary 

modes: facial and vocal expressions [41, 54-56, 60, 61], facial 

and gait [45], facial and eye gaze [53], or a combination of 

physiological signals, eye gaze, and hand gestures [44, 62]. 

However, the robots using these systems were not capable of 

displaying their own multimodal affect and, hence, did not 

engage in a bi-directional affective social interaction with the 

user. To-date, only a handful of robots that engage in 

multimodal emotional HRI, where both the user and robot 

engage in emotional behavior, have been the focus of recent 

research. These robots can be classified into those that mimic 

the emotions of users [36, 63], and those that determine their 

own emotions based on user affect [31, 37, 38]. 

In [36], a humanoid robotic head, Muecas, was used to 

mimic affect using a user’s facial and vocal expressions as 

inputs. Facial expression recognition was achieved through 

Gabor filtering and dynamic Bayesian network classification. 

Vocal features of speech rate, pitch, and energy were extracted 

and fed to a dynamic Bayesian network classifier to determine 

vocal expressions. A multimodal decision-level fusion, also 

based on a final dynamic Bayesian network, combined the two 

modalities to recognize happiness, sadness, anger, neutral, and 

fear. Experiments showed that Muecas could mimic the 

affective states through both facial expressions and body 

language using Action Unit (AU) reconstruction model. 

In [63], the Nao humanoid robot was used to recognize a 

user’s emotion, neutral, happy, anger, surprise, fear, disgust or 

sadness, from his/her vocal intonation, facial expression and 

gestures. Vocal features such as fundamental frequency, and 

Mel-frequency Cepstral Coefficients were extracted using 

correlation analysis. Facial expression features were extracted 

using a Gabor filter, and analyzed using an Extreme Learning 

Machine (ELM) model to recognize the user’s facial 

expression. Gesture recognition was achieved using the 

Angular Metric for Shape Similarity (AMSS) algorithm to 

calculate similarity between the gesture template and the 

gesture tracked in real time. All three modalities were classified 

using a Naïve Bayesian classifier, where the posterior was 

considered as the detected emotion. Finally, the robot was able 

to display its own emotional states by mimicking the user’s 

emotion through gestures and eye colors. 

In [31], a stuffed-animal-like robot, CuDDler, used vision 

and sound to detect the affective states. Interaction sounds were 

detected using sound signatures. Local binary pattern features 

were extracted from facial information and input into a linear 

support vector machine (SVM) classifier to determine facial 

affect. Experiments showed that the robot was able to recognize 

the affective acts of pat, hit, and stroke, and responded 

appropriately to these situations by blinking its eyes, and 

displaying gestures and sounds. 

In [37], the humanoid robot AMI could classify user facial 

and vocal expressions into the affective states of happy, sad, 

and angry. Facial AU features of lips, eyebrows, and the 

forehead, and vocal features of phonetic and prosodic 

properties were extracted and classified as affective states using 

neural networks. Multimodal affect recognition was 

accomplished using decision-level fusion based on weighted 

sum. The robot used this information to produce its own affect 

through a synthesizer that considered emotional drives, human 

emotional status, and a decaying term that restored the robot’s 

emotional status to neutral. It displayed its own appropriate 

affect through dialogue, facial, and gesture expressions. 

In [38], a mobile robot determined a user’s neutral, happy, 

sad, fear, or anger affective states by recognizing facial and 

vocal expressions. Facial AUs from the eyes, eyebrows, nose, 

and mouth were extracted using principal component analysis. 

Voice features of sampling frequency, pitch, and volume level 

were extracted using the Praat vocal toolkit. Both feature 

vectors, and the robot’s social profile (sympathetic, 

anti-sympathetic, and humorous) were input into a Bayesian 

network that determined the robot’s affect, which it displayed 

using facial and vocal expressions. Experiments consisted of 

participants rating the robot’s response as funny, neutral, or 

aggressive based on its social profile. 

C. Summary of Related Work 

Body language plays an important role in conveying changes 

in human emotions [64], as people communicate their affect 

through a dynamic range of body motions [42, 65]. Within our 

system, we consider both static and dynamic body language. 

Static body language is an important source of information for 

affect expression [66], as changes in static body language can 

induce changes in affective states [67]; while dynamic 

properties of emotional expressions (e.g., time and vigor) can 

represent emotional intensity [68]. Additionally, it has also 

been shown that vocal utterances strongly correlate to body 

language [42]. Vocal intonation plays an important role in 

conveying changes in emotion through pitch, tempo, and 

loudness [69].  

Current multimodal affect recognition systems for HRI have 

mainly used facial expressions and vocal intonation [2, 35, 37, 

38]. Although the face is an important source of emotional 

information, facial expressions can be more easily controlled 

and faked compared to body expressions [70, 71]. However, 

body language has been shown to provide more distinctive cues 

than facial expressions especially when discriminating between 



positive and negative emotions [70, 72]. Vocal intonation is 

also regarded to be more expressive and less controlled than the 

face [73], since the effort of controlling the voice can lead to 

either being overcontrolled and unnatural or totally lacking in 

control (i.e., emotion leakage) [74]. 

Our proposed HRI architecture incorporates a multimodal 

human affect recognition and classification system that 

uniquely utilizes both these important modes to determine user 

affect in order for a social robot to respond appropriately during 

HRI using its own emotional behavior.  

With respect to the existing robot emotional models, the 

majority have only a deliberative layer. The concept of using a 

two-layer emotional model that also considers reactive 

emotions has been proposed [24, 32, 49], but has not been 

implemented for social HRI. Furthermore, the proposed 

deliberative layers work separately from the reactive layers.  

Our proposed two-layer deliberative and reactive robot 

emotional model determines the robot’s emotions by uniquely 

considering the uncertainty in HRI scenarios. Namely, we 

introduce a novel emotion observation feedback system that 

allows observations of the emotional expressions that the robot 

physically implements during HRI to impact how its 

deliberative emotions are chosen. The reactive layer allows the 

robot to respond to unexpected or unsafe situations during 

interactions, while the deliberative layer is used to determine 

the robot’s emotions based on the task at hand, the user’s affect 

and the robot’s own previous emotional expression.  

III. PROPOSED MULTIMODAL HRI ARCHITECTURE 

Our proposed multimodal emotional HRI system 

architecture, Fig. 1, comprises three main subsystems: the 

multimodal affect recognition sub-system (MARS), the robot 

emotion model (REM), and the interaction activity sub-system 

(IAS). 3D data from the Kinect sensor and vocal signals from 

the microphone are used by the MARS to first determine and 

classify body language and vocal intonation each in terms of 

valence and arousal. These outputs are combined into an affect 

vector for multimodal affect classification of the user. The 

REM determines the robot’s emotions based on the deliberative 

or reactive layer. The deliberative layer uses the classified 

affect of the user, the robot's desires and drives, and the robot’s 

previously displayed emotion to determine the robot’s current 

deliberative emotion. Whereas, the reactive layer uses input 

from the robot’s touch sensors and 2D camera to determine the 

robot’s reactive emotion. The emotion with the highest priority 

is, then, chosen to be expressed by the robot via multi-modal 

outputs using the robot’s low-level controller. Observations of 

the emotional expression are used as feedback to the 

deliberative layer to identify whether deliberative or reactive 

emotional expressions were successfully implemented. The 

IAS is used to determine the robot’s appropriate behavior based 

on the activity at hand. This behavior is displayed using the 

chosen emotion. IAS also provides user compliance and 

activity progression for REM to verify whether the robot’s 

desires and drives are met. Each of the modules is discussed in 

more details below. 

A. Multimodal Affect Recognition System (MARS) 

MARS is used to classify a person’s affect based on a 2D 

valence-arousal scale. Valence is used to define a user’s level of 

pleasure, and arousal is used to define his/her excitation level 

[59]. We chose the valence-arousal scale as it encompasses all 

possible affective states and their variations [75]. In addition, 

valence and arousal better represent experimental and clinical 

findings compared to categorical emotional models (e.g., 

happy, angry, sad) [76]. We utilize decision-level fusion to 

effectively estimate a user’s multimodal affect during HRI 

based on both body language and vocal intonation. Namely, 

affect from each of the two modalities is determined first and, 

then, combined to determine overall affect. 

1) Body Language 

Postures and body movements have been shown to be 

directly correlated to a person’s affect [42, 65] and be used 

effectively to communicate affect during social interactions [2]. 

Body language has been defined as an interaction of at least two 

seconds long [42]. Our previous work focused on identifying 

body language features and validating these features for 

automated recognition and classification by a robot [77, 78]. 

Herein, we utilize these for the body language mode for our 

multimodal affect classification. Namely, we utilize the body 

language descriptors of bowing/stretching trunk, 

opening/closing of the arms, vertical head position and motion 

 

 
Fig. 1.  Proposed Multimodal Emotional HRI Architecture. 



of the body, forward/backwards head position and motion of 

the body, expansiveness of the body, and speed of the body. 

The details of the features and their descriptors are provided in 

Table A in the supplementary material.  

Real-time identification and tracking of these features are 

achieved by using 3D information of the user’s body provided 

by a KinectTM 3D sensor. Namely, 20 position coordinates of 

the body are identified and tracked using the Kinect Skeleton 

[79], including on the head, shoulder center, spine, hip center, 

both left and right hands, wrists, elbows, shoulders, hips, knees, 

ankles, and feet. Dynamic body language features are, then, 

calculated using the tracked points, forming a feature vector at a 

sampling rate of 30 frames per second. Once the feature vector 

is obtained, affect classification takes place. Random forest 

decision trees are used to classify both valence and arousal.  

2) Vocal Intonation 

Audio signal patterns in vocal intonation, exclusive of 

speech content, are used to estimate vocal intonation of the 

user. Vocal intonation features are identified based on the local 

extrema and flatness in amplitude of vocal signals [80]. These 

are based on the peaks and plateaus of the signal. In order to 

extract vocal intonation features in real-time HRI scenarios, a 

noise-cancelling microphone array is needed, such as the 

XMOS Vocalfusion Speaker Circular Array (XVF3100) used 

herein. These features are directly extracted from the vocal 

signals using the Nemesysco QA5 SDK software [81]. The 

extracted features and their descriptors are provided in Table B 

in the supplementary material. Vocal intonation is, then, 

classified as valence and arousal using model trees. 

3) Multimodal Affect Fusion 

Decision-level fusion combines the classified valence, 𝑣𝑏 , 

and arousal, 𝑎𝑏, values from body language, and the valence, 

𝑣𝑣, and arousal, 𝑎𝑣, values from vocal intonation, forming an 

affect feature vector for decision-level affect classification. 

Both body language and vocal intonation affective values have 

a one-to-one correspondence as they are taken from the same 

interaction time interval for decision-level fusion. 

In order to classify the affect feature vector, a Bayesian 

network is used for multimodal valence and arousal 

classification. For the multimodal affect vector, 𝐜𝑚 =  [
𝑣𝑚

𝑎𝑚
], 

containing multimodal valence value, 𝑣𝑚 , and multimodal 

arousal value, 𝑎𝑚, the joint probability function is defined as: 

𝑃(𝐜𝑚 , 𝑣𝑏 , 𝑎𝑏 , 𝑣𝑣 , 𝑎𝑣) = 

𝑃(𝑣𝑏  | 𝐜𝑚)𝑃(𝑎𝑏 | 𝐜𝑚)𝑃(𝑣𝑣 | 𝐜𝑚)𝑃(𝑎𝑣  | 𝐜𝑚)𝑃(𝐜𝑚). 
(1) 

From the joint distribution, the posterior probability of 𝐜𝑚 

can be obtained by applying Bayes’ Theorem: 

𝑃(𝐜𝑚  | 𝑣𝑏 , 𝑎𝑏 , 𝑣𝑣 , 𝑎𝑣) = 

𝑃(𝑣𝑏| 𝐜𝑚) 𝑃(𝑎𝑏| 𝐜𝑚) 𝑃( 𝑣𝑣| 𝐜𝑚) 𝑃( 𝑎𝑣| 𝐜𝑚)

𝑃( 𝑣𝑏 , 𝑎𝑏 , 𝑣𝑣 , 𝑎𝑣)
. 

(2) 

The multimodal class, 𝐜𝑚 , with the highest probability is 

chosen as the output of the multimodal affect recognition 

system, and the corresponding valence and arousal values are 

passed to REM. 

B. Robot Emotional Model (REM) 

REM utilizes a user’s affect levels (from MARS) and 

interaction responses as inputs in order to generate appropriate 

emotional states and expressions for the robot. The model 

utilizes discrete emotions, with associated dynamic emotional 

expressions. REM encompasses a novel two-layer model 

approach comprising deliberative and reactive layers. To the 

authors’ knowledge, this is the first use of such an approach for 

social robots engaging in HRI. We chose to use this two-layer 

system as it can provide an adaptive emotional model that can 

both (i) respond to unpredictable situations, and (ii) improve 

user engagement in the activity. 

Deliberative emotions are aimed at keeping the user engaged 

during HRI, and are determined based on the user’s affect, the 

robot’s own previous emotional state, and the interaction 

scenario at hand. Reactive emotions are activity-independent 

emotions, and are used as emotional responses to stimuli 

associated with potentially dangerous and unpredictable 

scenarios during HRI in order to mitigate risk and communicate 

the robot’s safety concerns to the user. 

1) Robot Deliberative Emotions 

The deliberative emotion layer is the main decision-making 

layer in charge of determining the emotional state of the robot 

based on user affect and interaction input, and its own desires 

and drives. The deliberative emotional model utilizes a hidden 

Markov model (HMM). An HMM was chosen since it can 

create human-like emotional agents, through the use of only 

small sets of discrete emotions [10, 48]. 

Herein, we implement a novel observation feedback system, 

which allows observations of the emotional expressions that the 

robot physically implements during HRI to impact how its 

deliberative emotions are chosen. Namely, the observations 

identify whether deliberative or reactive emotional expressions 

were successfully implemented, and provide this as direct 

feedback to the deliberative emotion layer. 

The deliberative emotional model is represented as: 

𝑋𝑡+1 = 𝐴𝑡𝑋𝑡, (3) 

𝑌𝑡+1 = 𝐵𝑋𝑡+1, (4) 

where 𝑋𝑡+1 and 𝑋𝑡 represent the robot emotional state vector at 

time 𝑡 + 1 and the current time 𝑡, respectively. 𝐴𝑡 is the 𝑁 × 𝑁 

emotional state transition matrix. 𝑌𝑡+1 represents the emotional 

expression display at time 𝑡 + 1, and 𝐵  is the 𝑀 × 𝑁  block 

diagonal matrix representing the robot emotional expression 

probability distribution. 

The emotional transition matrix, 𝐴𝑡, describes the emotional 

state probability distribution, where a transition from state 𝑋𝑡 to 

𝑋𝑡+1 occurs with probability: 

𝑃(𝑋𝑡+1 = 𝑒𝑖  | 𝑋𝑡 = 𝑒𝑗) = 𝑎𝑡
𝑖,𝑗

𝑃(𝑋𝑡 = 𝑒𝑗). (5) 

where 𝑒𝑖 and 𝑒𝑗 represent single emotional states in the set of 

possible emotional states 𝐸 = [𝑒1 … 𝑒𝑁] . 𝐵  determines the 

likelihoods of the various emotional expressions occurring. An 

expression 𝑌𝑡+1 occurs with probability: 

𝑃(𝑌𝑡+1 = 𝑒𝑑𝑖  | 𝑋𝑡+1 = 𝑒𝑗) =  𝑏𝑖,𝑗𝑃(𝑋𝑡+1 = 𝑒𝑗), (6) 

where 𝑒𝑑𝑖  represents a single emotional display in the set of 



available expressions  𝐸𝐷 = [𝑒𝑑1 … 𝑒𝑑𝑀]. 𝑎𝑡
𝑖,𝑗

 and  𝑏𝑖,𝑗 are the 

elements of matrices 𝐴𝑡  and 𝐵 , respectively, and have the 

following property: 

0 ≤ 𝑎𝑡
𝑖,𝑗

, 𝑏𝑖,𝑗 ≤ 1 and ∑ 𝑎𝑡
𝑖,𝑗𝑁

𝑖=1 , ∑ 𝑏𝑖,𝑗
𝑀
𝑖=1 = 1. (7) 

2) Deliberative Emotion Influences 

The robot’s emotional states are influenced by the robot’s 

previous emotional expression, the user’s affect and interaction 

inputs. The influences of the inputs from the user are 

determined through an emotional appraisal procedure that 

incorporates the robot’s desires and drives. 

Robot desires are outcomes that the robot wishes to occur 

with respect to the user’s affect and behavior: (i) the desire for 

the affect of the user to be positive, and (ii) the desire for the 

user to comply with the robot’s suggestions. Robot drives are 

outcomes directly related to the robot that it wishes to incur 

including its own emotions and the progression of a 

bi-directional interaction: (i) a drive to complete the activity 

interaction, and (ii) a drive to be in a positive emotional state.  

Emotional appraisal is achieved using the Ortony, Clore, and 

Collins (OCC) model, which describes how emotions arise as 

positive or negative responses to events, actions and objects 

[58]. The appraisal influence used by desires and drives is 

determined via the emotion generator defined in [82]. 

Observations of the robot’s previous emotional expressions 

are used to determine whether a chosen deliberative emotional 

expression is displayed by the robot as expected or whether a 

reactive emotion is displayed instead. These observations 

influence the choice of future deliberative emotions.   

The appraisal process is used to generate an appraised 

emotional vector 𝑈𝐸 = [𝑎𝑒1 … 𝑎𝑒𝑁]𝑇 ,  which represents the 

impact of the user’s affect and their interaction speech; and an 

observation feedback vector 𝑈𝑂 = [𝑜𝑒1 … 𝑜𝑒𝑁]𝑇 ,  which 

represents the influence of the robot’s own observed 

expressions. Together, these vectors update the emotional 

transition matrix, 𝐴𝑡. An initial transition matrix 𝐴0 is updated 

by the new emotion transition matrix 𝐴𝑡′ as: 

𝐴𝑡
′  = (A0

T UE UO)
T
, (8) 

where 𝑎𝑒𝑖  represents the appraisal influence, and 𝑜𝑒𝑖 

represents the observation feedback influence on emotion 𝑖, 
respectively. 𝐴𝑡′  is normalized to produce the emotional 

transition matrix 𝐴𝑡 as follows: 

𝐴𝑡 = 𝐴𝑡
′  [

1

∑ 𝑎𝑡
𝑖,1′𝑖

1

∑ 𝑎𝑡
𝑖,2′𝑖

…
1

∑ 𝑎𝑡
𝑖,𝑁′𝑖

]

𝑇

. (9) 

Appraisal influence: Appraisal influence 𝑎𝑒𝑖 is determined 

using the emotion generators in [82]. It focuses on determining 

the intensities of emotions associated with the robot’s desires 

and drives. Desires and drives consist of a status, a level of 

priority and a likelihood of success, which are combined to 

determine these intensities. The status can be either active, 

succeeded or failed. Priority defines the level of importance of a 

desire or drive relative to others. Likelihood of success 

represents how likely an event or outcome is to occur based on 

previous knowledge about the event and the current sensory 

information. The appraisal influence for an emotion is 

described as: 

𝑎𝑒𝑖 = ∑ 𝑓𝑖(𝑠𝑆
𝑙 , 𝑝𝑆

𝑙  , ℒ𝑆
𝑙  )𝐷𝑆, + ∑ 𝑔𝑖(𝑠𝑅

ℎ, 𝑝𝑅
ℎ  , ℒ𝑅

ℎ )𝐷𝑅
,  (10) 

where 𝐷𝑆 is the set of desires 𝐷𝑆 = [𝑑𝑠1 … 𝑑𝑠𝐾], and 𝐷𝑅 is the 

set of drives 𝐷𝑅 = [𝑑𝑟1 … 𝑑𝑟𝐺] . 𝑓𝑖  and 𝑔𝑖  are the emotion 

generator functions for desires and drives, respectively. 𝑠𝑆
𝑙  is 

the status in the set 𝑆 = [𝐴𝑐𝑡𝑖𝑣𝑒, 𝑆𝑢𝑐𝑐𝑒𝑒𝑑𝑒𝑑, 𝐹𝑎𝑖𝑙𝑒𝑑] of desire 

𝑙, and 𝑠𝑅
ℎ is the status in the set 𝑆 of drive ℎ. 𝑝𝑆

𝑙  and ℒ𝑆
𝑙 are the 

priority and likelihood of the desire 𝑙, respectively, with 𝑙 =

1 … 𝐾. 𝑝𝑅
ℎ and ℒ𝑅

ℎ are the priority and likelihood of the drive ℎ 

respectively, with ℎ = 1 … 𝐺. 

Observation-feedback influence: The concurrence between 

deliberative and reactive emotions produces unpredictable 

robot emotion expression, hence, an observation module is 

required to verify if a chosen deliberative emotional expression 

is displayed by the robot as expected. Observation feedback 

influence, 𝑜𝑒𝑖, is linked to these observations. If an expression 

is observed not to have been implemented as expected, the 

feedback biases the future emotional state towards repeating 

the emotion. 𝑜𝑒𝑖 for emotion 𝑖, is determined as: 

𝑜𝑒𝑖 = {
𝑤,    where 𝑤 > 1 

1                               
, (11) 

where it is equal to 1 (i.e., no influence) when the observed 

expression of the robot is the expected expression; and, it is 

equal to the influence weighting, 𝑤 , when an observed 

expression is not implemented by the robot as expected. All 

other feedback influences are set to 1 in both cases. 

3) Robot Reactive Emotions and Emotion Priority 

The reactive emotions are determined as direct responses to 

unexpected situations and robot safety concerns during HRI. 

Namely, they allow the robot to respond to stimulus associated 

with potentially dangerous circumstances during HRI (e.g., 

injury, falling). 

A rule-based reasoning approach is used to activate reactive 

emotions and their corresponding expressions: 

if (𝑆𝑖) then:  𝑋𝑡+1 = 𝑟𝑖 , 𝑌𝑡+1 = 𝑟𝑑𝑐 , (12) 

where 𝑆𝑖 represents the stimulus that activates reactive emotion 

𝑖 , 𝑟𝑖  represents the reactive emotion 𝑖  in the set of reactive 

emotions 𝑅 = [𝑟1 … 𝑟𝑄]  and 𝑟𝑑𝑐  represents the reactive 

expression 𝑖  in the set of reactive expressions 𝑅𝐷 =
[𝑟𝑑1 … 𝑟𝑑𝐶]. 

A priority module in the REM is used to determine the final 

emotional expression that will be displayed based on the 

prevalence of robot safety concerns. Namely, priority is given 

to reactive emotions if the robot is in situations in which it may 

be harmed. This final emotion expression is, then, sent to the 

low-level controllers to be implemented with its bi-directional 

interaction behavior. 

IV. AN INTERACTION ACTIVITY 

The proposed multimodal emotional HRI architecture can be 

applied to a number of different bi-directional HRI scenarios. 

One such HRI is presented in this paper. The objective of the 

IAS, considered herein, is to determine the appropriate robot 



behavior to motivate a user to live a healthy lifestyle through 

meal and exercise planning. This is achieved by offering 

suggestions of meals and exercises each day. There exists a 

large body of evidence stating that healthy eating and regular 

exercises can help reduce the risk of chronic diseases in all 

stages of life [83]. However, it is not always easy for people to 

make this change on their own [84], therefore, a critical factor 

for change can be direct motivation [85]. We propose the use of 

a socially assistive robot to provide this motivation. In previous 

studies, the use of a person’s affect to determine appropriate 

emotional behaviors for an assistant has resulted in the assistant 

being perceived as more empathetic and trustworthy [86]. 

A one-on-one multimodal HRI scenario is designed herein 

where a robot provides social assistance with this task. Autom 

is the only robot that has been designed to provide and monitor 

meal and exercise plans [52]. However, it utilizes user input 

provided through its tablet PC and does not engage in 

bi-directional affective communication. 

In our experiments, interactions between the robot and users 

took place twice a day: once in the morning, where the robot 

makes recommendations for the rest of the day, and once in the 

evening, where the robot checks-in with the user. The behavior 

of the robot was designed using a finite-state machine for the 

morning and evening interactions. Examples of the robot’s 

behaviors are shown in Table I. 

Morning Interaction: At the start of the day, the robot greets 

the user and introduces itself, enquires about the weather and 

the user’s dietary restrictions, and provides healthy-lifestyle 

meal and exercise suggestions. 

Evening Interaction: At the end of the day, the robot carries 

out a social exchange, such as asking about the user’s day and, 

then, enquires whether the suggested meals and exercise 

activities were complied with. The robot provides positive 

feedback if the user has eaten the suggested meals or healthy 

alternatives, and completed the suggested exercise plan and has 

been active. Otherwise, the robot encourages the user to follow 

the suggestions in the future.  

V. THE SOCIAL ROBOT, LUKE 

Our proposed HRI architecture was tested through a NAO robot 

platform, “Luke”, developed by Aldebaran Robotics, Fig. 2. 

This robot has 25 degrees of freedom mobility, 8 RGB LEDs 

around each eye that are used to display multimodal emotional 

behavior, a synthesized voice that can be controlled via the 

pitch, speed and volume, touch sensors on its hands, feet and 

top of the head, and two cameras in its head. 

A. Robot Emotions 

The deliberative emotions we designed for our robot, Luke, 

included happy, interested, sad, worried, and angry. The 

reactive emotions were based on three types of scared that the 

robot would display in response to being picked up or touched 

by the user while providing assistance, or when it detected it 

was close to an edge that it could fall off. Due to the small form 

factor of the robot, Luke was placed on top of a table and the 

reactive emotions were used to ensure safe operation of the 

robot around an unpredictable user and table edges. 

Each emotion had a set of expressions (high intensity and 

low intensity) defined by a unique combination of eye color, 

body language and vocal intonation. Body language was 

adapted from [87, 88], which also used a NAO robot. The eye 

color for each emotion was adapted from [89], and chosen to be 

unique for each emotion as in [89-91]. Example expressions are 

described in Table II and shown in Fig. 2.  

It has been shown that vocal intonation [92], body language 

[93] and color [94] can provide distinct emotional information 

when used for basic emotions. We, thus, take advantage of 

these three modes and combine them in our robot emotional 

display to minimize ambiguity and the influence of such 

external factors such as ambient lighting and activation patterns 

[87, 89, 91]. Previous research has utilized the combination of 

body motion, color and sound together in robotic emotional 

display for both humanoid and non-humanoid robots [87, 90, 

95]. User studies have shown that using such a combination of 

communication modes has improved emotion recognition and 

user confidence of an emotion when compared to unimodal 

emotion displays, as the combination minimizes classification 

errors and disambiguates resulting from single modes [90, 95]. 

For example, a specific eye color does not on its own represent 

a single emotion, since users can perceive different emotions 

from a given eye color [87, 91], with the exception being red for 

anger. Therefore, no single mode can effectively represent all 
TABLE I 

EXAMPLE ROBOT BEHAVIORS FOR THE DIET AND FITNESS ACTIVITY 

Behavior Type Example 

Social 
Exchange 

Morning Greet the user 
“Hello Bob, how has your 

morning been so far?” 

Evening Greet the user 
“Hello again Bob, how has the 

rest of your day?” 

Healthy-Life

style 

Suggestions 

Morning 

Suggest a meal 

“For breakfast, I suggest an 

apple and two slices of toast 
with strawberry jam.” 

Suggest an exercise 

“Since the weather is nice 

outside, you should take a 

walk; try walking five blocks 
one way, and back again.” 

Determine dietary 

requirements 

“Are you able to eat products 

containing gluten?” 

Information 

Inquiries 

Morning 
Check-in regarding 
meals 

“Did you eat the chicken on 

brown rice, with vegetables, 

for lunch today?” 

Evening 
Check-in regarding 
exercise 

“Did you walk the ten blocks 
outside today?” 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

Fig 2. Luke’s body-language expressions: (a) low-intensity happiness, 
(b) low-intensity interested, (c) high-intensity sadness, (d) high-intensity 

worried, (e) high-intensity anger, and (f) scared when touched. 

 



emotions equally [95]. The utilization of the three modes of 

body motion, color and sound can increase recognition rates 

and user confidence in different robot emotions [90]. 

VI. SYSTEM TRAINING 

Before conducting the experiments, we trained both the 

MARS and REM modules. 

A. Training of the Multimodal Affect Recognition Classifier 

A multimodal dataset with corresponding body language and 

vocal intonation samples was created for training the MARS 

using an approach similar to [96]. Namely, actors were asked to 

display eight emotional states (i.e., happy, sad, angry, fearful, 

surprise, disgust, calm, and neutral) while uttering two 

context-neutral statements (“kids are talking by the door” and 

“dogs are barking by the door”). We recruited seven student 

actors (five males and two females) to display these emotions 

while speaking the aforementioned statements. The body 

language classes used are adapted from [42, 65] and the vocal 

intonation rules for speech rate, prosody, fluency are from [97, 

98]. Details of these body language and vocal intonation 

classes/rules are provided in Tables C and D in the 

supplementary material. Each actor recorded one session per 

emotion (total of eight sessions per actor). They performed the 

emotional display in front of the Kinect sensor and the 

microphone. After all recordings, each emotion display was 

segmented into 2-minute intervals to be coded by two expert 

coders. The expert coders rated both valence and arousal as (-2, 

-1, 0, 1, 2). Each segment in the database consisted of the coded 

valence and arousal values with the corresponding extracted 

features defined in Section III.A for body language and vocal 

intonation. In total, 929 samples were obtained. The class 

distribution for valence ranged from 15% (for both v=-1 and 

v=1) to 31% (for v=0), and for arousal ranged from 11% (for 

a=-1) to 32% (for a=0), with all other valence and arousal 

values within these ranges. A sample of the dataset is presented 

in Fig. A in the supplementary material.  

The Bayesian network classifier, used within the multimodal 

affect recognition module, was trained using the database we 

created. We used ten-fold cross-validation, and achieved a 

classification rate of 86.8% for valence and 88.9% for arousal. 

The details of this validation test are presented in Section B of 

the supplementary material. 

Our classification results are comparably higher than other 

multimodal emotion recognition systems. Namely, with respect 

to existing systems that use valence-arousal, their accuracy 

ranges from 52%-85% for valence and 71%-80% for arousal 

[99, 100]. For those using categorical emotions, the accuracy 

ranges from 43% to 83% [41, 100]. A detailed comparison table 

is provided in Table H in the supplementary material. 

In order to further evaluate our emotion classification 

system, we trained our system using CreativeIT [101], a public 

dataset that provides multimodal (skeleton tracking and audio) 

human emotion displays coded using valence, arousal and 

dominance. Our system achieved an accuracy of 68.5% for 

valence and 70.4% for arousal, as well as a correlation of 0.528 

for valence and 0.659 for arousal, which is compatible with 

results found in literature [102-104]. We provide more 

information in Section C of the supplementary material. 

B. Training the REM 

An initial learning stage using ten participants (ages 22-37, 

six males, four females) was performed to determine the initial 

values of 𝐴0  and 𝐵 . This learning stage was similar to the 

experiments, but with different participants. To minimize 

repetition during the compliance gaining behaviors, the robot 

would make a specific suggestion up to three times while 

rephrasing its speech. Initially, the deliberative emotions and 

their corresponding emotional expressions have the same 

probability of being chosen (uniform probability). Matrices 𝐴′ 
and 𝐵′ update the distribution probabilities as follows:  

𝑎𝑥,𝑦
′ =  𝑎𝑥,𝑦

′ + 1 (13) 

𝑏𝑦,𝑧
′ =  𝑏𝑦,𝑧

′ + 1 , (14) 

where the robot transitions from Emotion 𝑥 to Emotion 𝑦, and 

then uses an emotional Expression 𝑧  associated with 𝑦  to 

provide a suggestion to the user. If the user accepts the 

suggestion, 𝐴′ and 𝐵′ are updated by (13) and (14). Otherwise, 

𝐴′ and 𝐵′ are instead updated as follows: 

𝑎𝑥,𝑖
′ =  𝑎𝑥,𝑖

′ +
1

𝑁−1
, 𝑖 ∈ {1 … 𝑁}\{𝑦}  (15) 

𝑏𝑦,𝑗
′ =  𝑏𝑦,𝑗

′ +
1

𝑤−1
, 𝑗 ∈ {1 … 𝑞}\{𝑧}, (16) 

where 𝑁 is the number of deliberative emotions and 𝑞 is the 

size of the block for the emotion 𝑦. The matrix elements of 𝐴0 

and 𝐵 are, then, updated by: 

𝐴0 =
𝐴′

𝐶
  (17) 

𝐵 =
𝐵′

𝐶
 , (18) 

where 𝐶 is the total number of suggestions given by the robot.  

VII. EXPERIMENTS  

The proposed multimodal HRI architecture was evaluated 

through extensive experiments. The primary objective was to 

investigate the robot’s ability to recognize user affect and adapt 

its own emotions based on the activity interaction. 

A. Multimodal HRI Experiments 

The goal of the social HRI experiments was to investigate the 

users’ affect during an assistive interaction with Luke and 

evaluate how the users rated their experience with the robot. In 

 
Fig. 3.  Interaction Setup. 



order to investigate the influence of the robot’s emotions on the 

interaction, we conducted a between-subjects experiment, with 

half of the users interacting with Luke using the emotion model 

(Emotionally Expressive Robot), and the other half with the 

robot not displaying any emotions (Neutral Robot). We also 

investigated which robot modality the users rated as more 

expressive after interacting with the robot. 

The HRI experiments were conducted for the diet and fitness 

planning HRI application. In total, 18 university students 

between the ages of 20 to 42 participated in the experiments. 

The post-study questionnaire showed that participants were 

familiar with robots, but the majority had not interacted directly 

with a social robot before. 

Luke was placed on top of a table at 0.75 m from the user for 

one-to-one standing interactions, Fig. 3. The microphone was 

placed in front of the robot on the table to capture a user’s voice 

and the Kinect sensor was placed behind Luke to capture user 

body movements and poses during interaction. The touch 

sensors in the robot’s arms are used to detect if the user is 

touching the robot, whereas the force sensitive resistors in the 

feet are used to detect if it was picked up. During the 

interaction, the embedded camera in the robot’s mouth was 

used to track the user’s face for feedback for robot gaze control 

(i.e., eye contact) during HRI.  

During interactions with the Emotionally Expressive Luke 

and users, the robot autonomously detected a user’s affect in 

real-time, determined its own emotional states and expressions, 

and implemented its appropriate emotional behavior based on 

the activity. The Neutral Luke used the same speech for the 

activity, however, without any body language or eye colors. 

Although the robot asked only closed-ended questions, the 

users might still give complex answers. Thus, an operator was 

utilized only for user speech recognition during the 

experiments to minimize reliability issues of current speech 

recognition and parsing software. The microphone was used to 

provide audio output to the operator who was located outside of 

the interaction environment and not visible to the participants.  

At the end of each interaction, participants were asked to 

evaluate the application and their experience. The questionnaire 

was based on the Almere Model [54], and included seven 

questions on a 5-point Likert scale (1- strongly disagree to 5- 

strongly agree) to assess how users perceived the robot 

regarding (i) its ability to have sociable behavior, (ii) it being a 

social entity they are interacting with, (iii) its usefulness as a 

diet and fitness companion, and (iv) users trusting its advice. 

Finally, the questionnaire asked users to rank the robot’s three 

emotional display modalities (eye color, body language, and 

vocal intonation) in terms of their ability to convey emotions 

effectively. This last question allows us to verify which 

modalities are considered crucial for an emotion-expressive 

socially assistive robot.  

A video highlighting the interaction of our Emotionally 

Expressive Robot with different users is presented here1 on our 

YouTube channel. When interacting with the user, the robot’s 

emotions are displayed as a blended cue of body language, eye 

colors and emotionally intonated speech. Speech is generated 

using Nao’s text-to-speech engine provided by Nuance.  

B. Experimental Results 

1) Emotionally Expressive and Neutral Robot Comparison 

Valence and arousal were detected during the interactions in 

order to investigate whether Luke’s emotional behavior had a 

positive influence on user affect. Fig. 4 shows the distribution 

of detected valence 𝑣 and arousal 𝑎 across participants during 

the interactions for both the Emotionally Expressive and 

Neutral robot. Both valence and arousal were recorded based 

on a scale of −2 (high negative) to +2 (high positive). In 

general, the participants had higher frequencies of neutral and 

positive valence (99%) and arousal (89%) than the Neutral 

robot (63% and 70% for valence and arousal, respectively). A 

Mann-Whitney U test showed that the differences between the 

valence and arousal distributions are statistically significant: 

Valence (U = 20505.5, p < 0.001, given α=0.001); and Arousal 

(U = 16598.5, p = 0.011, given α=0.05). 

We performed an ensemble-average analysis, similar to 

[105], to investigate how the robot and user influenced each 

other’s valence. We calculated the average valence displayed 

by the users and robot during each interaction stage in the 

morning and evening sessions. The robot emotions were 

converted to valence levels using the Circumplex Model [106].  

On average, the users had higher valence when interacting 

 
1 https://youtu.be/COx1GxPV3_M  

TABLE II 

ROBOT MULTIMODAL AFFECTIVE DISPLAY 

Affective State Eye Color 
Vocal 

Intonation 
Body Language 

Low-Intensity Happiness 
Green 

High pitch 

Fast tempo 

The robot slowly looks upwards and raises its right arm and brings it down quickly (fist pump), Fig. 2a. 

High-Intensity Happiness The robot dances by swiftly swinging its hips from side to side, and moving its arms back and forth. 

Low-Intensity Interested 
Yellow Fast tempo 

The robot leans forward, looks up, and brings its hands together, Fig. 2b. 

High-Intensity Interested The robot leans forward, looks up, nods quickly and stretches both arms forwards.  

Low-Intensity Sadness 
Blue 

Low pitch 
Slow tempo 

The robot bends forward slowly and looks down.  

High-Intensity Sadness The robot slowly weeps into its forearm, Fig. 2c. 

Low-Intensity Worried 
Violet High pitch 

The robot crouches down, covers both of its eyes with its hands, and shakes its head slowly. 

High-Intensity Worried The robot puts the back of its hand on its forehead and shakes its head, Fig. 2d. 

Low-Intensity Anger 
Red 

High pitch 

Fast tempo 

The robot leans forward slightly with both hands on its hip and, then, shakes its head rapidly. 

High-Intensity Anger The robot waves its arms furiously in the air, Fig. 2e. 

Scared, P, (Picked up) 

Orange 
High pitch 

Fast tempo 

The robot  freezes in place and remains stationary when being picked up by a user. 

Scared, T, (Touched) The robot quickly takes one step back leaning backwards and raises both hands to protect its face, Fig. 2f. 

Scared, E (Edges) The robot cover is eyes quickly with both hands. 

 

https://youtu.be/COx1GxPV3_M
https://youtu.be/COx1GxPV3_M


with the Emotionally Expressive Robot during both the 

morning and evening interactions (Fig. 5). For the majority of 

the interactions, their valence was positive while the robot’s 

valence was also positive. When interacting with the Neutral 

Robot, on average, user valence was negative. The results show 

that the robot’s positive emotions influenced the users’ affect. 

During the morning interactions, Fig. 5(a), the instances of 

higher average user valence for the Emotionally Expressive 

Robot were observed at the meal suggestion stage. Users 

displayed more positive valence when they were asked about 

their dietary requirements and when the robot was suggesting 

meals for lunch and dinner. Their body language was either 

neutral (i.e., with hands in pockets or down) or positive 

(nodding at the robot), and their vocal intonation had higher 

pitch, with some users laughing at the robot behavior. 

During the evening interactions, Fig. 5(b), the decrease in 

user valence when interacting with the Emotionally Expressive 

Robot was a result of the users not eating dinner and not 

exercising. When giving the negative responses, users usually 

displayed neutral body language and vocal intonation. 

The robot’s positive emotions were determined using our 

proposed emotion model that directly considers user affect. As 

can be seen in Fig. 5, directly after the average user valence 

decreased, the emotionally expressive robot’s valence 

increased in an attempt to improve user valence. 

2) Questionnaire Results  

The questionnaire results for the overall interaction 

experience with the Emotionally Expressive and Neutral robots 

are in Table III. In general, the participants who interacted with 

the emotional robot found the interaction more pleasant and the 

emotions real and understandable. Based on their responses, it 

was clear that they were aware of the robot’s emotions.  

The questionnaire also evaluated how users perceived the 

usefulness of the Emotionally Expressive and Neutral robots as 

a diet and fitness companion. The results indicate that both the 

Emotionally Expressive and Neutral Robots achieved similar 

usefulness rates. This is expected, as both robots used the same 

interaction stages and speech. In general, the users were neutral 

after the use of either robot for the day with respect to their 

intent to use the robot again and listen to its advice. They 

mentioned that they wanted the robot to provide more 

individualized exercise suggestions, with the option to follow a 

long-term plan to improve their overall lifestyle.  

The ranking for the emotional display modes that the 

Emotionally Expressive robot used is presented in Table IV, 

where “1” is the highest rank. Participants were allowed to use 

the same rank for multiple modes. Vocal intonation was the 

dominant modality for displaying the robot’s affect (77.8% 

participant agreement), followed by body language (33.3% 

participant agreement), and eye colors (33.3% participant 

agreement). As shown in Table IV, body language had a 

slightly lower (three units) rank sum than eye color, which is 

why the participant agreement for both was the same. 

3) Accuracy of Affect Detection 

To evaluate the affect recognition rate, two expert coders 

(one male, one female) independently coded the valence and 

arousal levels of all the participants using body language and 

vocal intonation information. Both coders were presented with 

videos of the interactions for independent coding. The coders, 

then, met to discuss their results to obtain inter-coder consensus 

in order to reduce coder bias [107]. The videos were 

synchronized with the inputs used for affect classification by 
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Fig. 4.  Histogram of participants’ (a) valence and (b) arousal, detected when 
interacting with the emotionally expressive robot and the neutral robot. 
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Fig. 5.  Ensemble Average Analysis for both Emotionally Expressive Robot 

and Neutral Robot during (a) morning and (b) evening interactions.  
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ROBOT PERFORMANCE QUESTIONS 

Question 
Neutral Emotional 

Mean SD Mean SD 

I feel that I understood the emotions that Luke displayed 2.8 1.2 4.1 0.3 

Sometimes Luke seems to have real feelings 2.3 1.0 3.4 1.0 

I find Luke pleasant to interact with 3.4 1.3 4.0 0.7 

I think Luke is nice 4.0 0.9 4.6 0.5 

I feel like Luke understands me 3.0 1.2 2.9 1.0 

I would follow the advice Luke gives me 3.0 1.2 3.0 1.2 

I would use Luke as a diet and fitness companion 3.0 1.3 3.0 1.2 

SD: Standard Deviation 

 

TABLE IV 

RANKING OF EMOTIONAL DISPLAYS 

Robot Modality Rank Rank Sum 
Participant 

agreement 

Vocal Intonation  1 11 77.8% 

Body Language 2 18 33.3% 

Eye Color 3 21 33.3% 
 



the robot that were performed during the experiments to obtain 

the corresponding valence and arousal values.  

The accuracy rate of the system was determined to be 76.0% 

for valence and 60.4% for arousal, respectively. Our system 

had lower performance with the experimental data due to the 

inaccuracy of the OpenNI/NITE in detecting the skeleton 

joints, since it could not properly detect small movements (e.g., 

“feet stamping” or “subtle nodding”) or poses with occlusion 

(e.g., “arms crossed in front of the torso”, “legs crossed” or 

“arms behind the trunk”). This, particularly, affected the 

arousal classification, which required the detection of subtle 

movements to detect positive arousal. 

The REM coped with inaccuracies due to affect detection by 

also considering additional knowledge about the interaction 

(i.e., user compliance, and completing the activity interaction) 

and its own previous emotional states through its other desires 

and drives. It did not solely rely on the desire for the user to be 

positive when determining its current emotional state.  

4) Robot Emotions 

For the Emotionally Expressive Robot, we also investigated 

the relationship between the user affect and the robot emotional 

display. Fig. 6 shows the affect levels of the participants and the 

robot’s corresponding emotions during both morning and 

evening interactions. In particular, in Fig. 6, we highlighted the 

interactions of Users 1 to 5 in different colors, with the 

remaining users’ interactions in gray. 

Regarding the general transitions of robot emotional states 

during the morning interaction, Fig. 6(a), the majority of 

changes occurred while greeting users and suggesting meals 

and exercises. These changes were in accordance with the 

robot’s desire to (i) improve the user affect and (ii) to obtain 

user compliance. For example, the robot transitioned from the 

interested state to the happy state when User 4 accepted the 

suggested lunch. Since most users agreed to the robot’s 

suggestions, it mostly displayed happy and interested emotions. 

The robot transitioned from interested to the sad state when 

User 2 did not agree with a meal suggestion, but transitioned 

back to interested once User 2 agreed to eat an alternative meal. 

The robot displayed one of the reactive scared states to User 2 

when its onboard camera detected that it was close to the edge 

of the table. The robot asked that the user assist it by moving it 

back away from the edge. Once the robot identified it was away 

from the edge, it was no longer scared and transitioned back to 

the interested state. 

Regarding the transitions of robot emotional states during the 

afternoon interaction, Fig. 6(b), most changes in the robot’s 

states occurred while the robot was checking if the users ate the 

suggested meals or completed the suggested exercises. This is 

consistent with the robot’s desire to achieve compliance with its 

suggestions. The robot entered the happy or the interested state 

when users complied (i.e., the desire for user compliance 

succeeded), and the sad or worried state when users did not 

comply (i.e., the desire failed). To highlight the influence user 

compliance had on the robot’s emotional states, it can be noted 

that the robot became worried after User 2 said that he/she 

skipped lunch. For Users 3 and 5, the robot transitioned to a 

happy state when they did the suggested exercise.  

In order to highlight the robot behavior, when interacting 

with a specific user, we analyze herein the interaction with User 

1. During the morning interaction, the robot greeted User 1 in a 

low-intensity happy state, then, transitioned to a high-intensity 

interested state when the user responded that the weather was 

nice outside. The robot became sad when the user stated that 

he/she did not have breakfast and, then, suggested to the user a 

breakfast option. The robot was in an interested state for the 

lunch and dinner suggestions, and transitioned to a happy state 

for the exercise suggestion, since the user agreed to all of the 

robot’s suggestions. Regarding user affect during the first half 

of the morning interaction, the user was in a more neutral state 

and appeared to be focused on the information being provided 

by the robot. However, the user showed more high-energy body 

gestures and voice (positive arousal), and open and stretched 

body movements and high level of content in the voice 

(positive valence) during the second half of the interaction.  

During the evening interaction, for the same User 1, the robot 

greeted him/her in a low-intensity happy state and transitioned 

to the high-intensity interested state when the user responded 

that the day was going great. Then, the robot transitioned to a 

low-intensity sad state when it found out the user did not eat the 

suggested breakfast, and became worried when user responded 

that he/she decided to not have breakfast. However, the robot 

transitioned back to an interested state when the user responded 

that he/she ate the suggested lunch. When checking-in about 

dinner, the robot was in a high-intensity happy state by 

displaying its dance. By doing so it approached the edge of the 

table, activating the reactive scared emotion. After the user 

 

 
(a) 

 
(b) 

 

 
Robot Emotional State:    Low-intensity (Dashed)    High-intensity (Solid) 

 

Fig. 6.  User affect and robot emotional expressions during (a) morning, and 

(b) evening interactions for all participants. 



helped move Luke to the center of the table, the robot 

transitioned to the interested emotional state and performed the 

exercise check-in. With respect to user affect, similar to the 

morning interaction, the user displayed neutral valence and 

arousal during the first half of the interaction. During the 

second half of the interaction, the user displayed positive 

valence and high positive arousal when discussing his/her 

lunch and dinner meals. Positive arousal and valence were also 

detected during the exercise checking-in stage when the user 

laughed at the robot when it told an exercise joke. 

VIII. CONCLUSIONS 

In this paper, a novel multimodal emotional HRI architecture 

is presented for effective bi-directional communication 

between a user and a robot. It allows a robot to both determine a 

user’s affect using the unique combination of body language 

and vocal intonation and, in turn, determine its own appropriate 

emotional behavior using a two-layer robot emotional model.  

We verified our architecture with a small humanoid robot to 

investigate its ability to detect affect, and adapt its emotion to 

changes in user affect and the progression of the interaction at 

hand during a diet and fitness counselling HRI scenario. 

Experimental results clearly verified that the Emotionally 

Expressive Robot can induce more positive valence and less 

negative arousal in users when compared to the Neutral Robot. 

Questionnaires also indicated that users considered the 

Emotionally Expressive Robot to be more enjoyable to interact 

with, which was also evident by their more positive valence. 

As future work, we will study how a social robot can 

influence people’s diet and exercise routines during long-term 

interactions and how this can impact their overall lifestyle.  
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