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1. Introduction 

The importance of social robots in the modern world cannot be overstated [1]. Social robots can 
be defined as machines that engage with humans in natural and meaningful ways [2], [3]. They are 
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 This paper aims to enhance social interaction with robots by utilizing 
artificial emotional intelligence and multimodal communication systems. 
For this, a framework consisting of audio, video, and text channels is 
described as a means of expressing emotions within a common framework 
of emotional intelligence. Adaptive behavior is facilitated by reinforcement 
learning, enabling robotic behavior to be adjusted according to the level of 
user experience and the likelihood of task accomplishment. The 
experiments were conducted in various settings, including healthcare, 
education, and aged care. The findings obtained are significantly better than 
any previously reported approach in the literature, with rates for correct 
emotional responses of 95.6%, task success rates of 91.6%, and user 
satisfaction ratings of 4.8 out of 5 points in a survey. The system also 
exhibited an improved reaction and maintained longer, more interactive 
communications, which made it even more effective and efficient in the 
intended human-robot interactions. They also highlight the proposed 
system's effectiveness in addressing various problems in the field of 
perception, enabling robots to interact with humans. Attention focused on 
the integration of robotic multichip modules, ethical issues, and scaling 
concepts for multiple robot scenarios. This research serves as the foundation 
for developing interactive and socially intelligent robots that can understand 
the unique needs of different users and operate effectively in diverse 
environments. 
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structured to engage with humans, focusing on building trust, delivering emotional and cognitive 
engagement, and addressing real-life situations [4], [5]. Artificial behavior sponsorship through 
surrogate interaction has become practical for the social acceptance of strong artificial intelligence 
machines [6], [7]. The term "emotional intelligence" is used in relationship management work for 
automated systems to interact with other machines over the internet, as well as with users [8], [9]. A 
meaningful companionship can build motivation and emotional attachment in a robot through just a 
few interactions. With the integration of more emotional builders, a long-lasting relationship can be 
understood without the need for words [10], [11]. 

Realistically, any robot can be transformed into a companion-building expert by introducing 
emotional attachment so that the robot can connect with a few words [12], [13]. They do not just take 
anger out on an artificially intelligent machine, but instead speak to it verbally, and constructing a 
robot could alter the relationship dynamics exponentially. In the healthcare domain [14], [15] 
Intelligent robots can be designed to understand individual patients' emotions and respond 
accordingly, providing companionship that can be beneficial in treating older adults. Robots with 
greater engagement and creativity can better identify emotion and alter the social interaction [16], 
empowering interpersonal communication in the classroom [17], [18]. This further indicates a deeper 
understanding of the stubborn issues around learning, which, in a few cases, could be entertaining 
[19]-[21].  

Regardless of substantial achievements, some obstacles still hinder the fluid incorporation of 
emotional intelligence in social robots [22], [23]. Firstly, human emotions are unique and ever-
changing based on the context and culture, which makes them an exceedingly problematic factor [24], 
[25]. The existence of unimodal approaches in today’s systems more or less relies on facial 
expressions or voice tones, as an example, which one may argue, would not capture the features of 
human emotions across environments [26], [27]. Therefore, these limitations may include poor 
lighting, accent, background noise, and many more. Another fundamental hurdle is the deficiency of 
adaptive behavior in a great deal of social robots [28], [29]. Embodiments are often not able to adapt 
their actions to the fluctuations in emotion while interacting, resulting in such interactions being bland, 
mechanical, and vacant [30]. 

To solve these problems, advanced sensing technologies, machine learning techniques, and 
reinforcement learning algorithms must be put into practice [31]. A robust emotional recognition 
system can rely on a multimodal communication system that draws from facial expressions, voice, 
gestures, text, and other sources [32]. This way, robots are likely to understand users’ emotions better 
through these systems, even in real-world environments that may be intricate [33]. Further, robots can 
also alter their response strategies using reinforcement learning, closer to their interaction with the 
user, based on the emotional feedback received, so that the robots are situational and emotionally 
responsive [34], [35]. 

This research introduces a distinct approach that provides social robot interaction with 
emotionally intelligent components that adaptively communicate across multiple channels. This 
framework is expected to deploy combinations of affective computing approaches, such as vision 
modeling, emotion recognition, audio recognition, and natural language processing, to enhance the 
comprehension of human emotions. This skin provides insight into how reinforcement learning 
algorithms can be applied to enable robots to adjust their behaviors as needed, thereby making every 
interaction empathetic and user-specific. 

The focus of this study aims to achieve is threefold, as follows: 

• Creation of a Multimodal Emotional Intelligence System: This aims at creating a model that 
integrates audio, visual, and textual information to enhance the precision and efficiency of 
emotion recognition. That is, through this approach, the system encourages multimodal features 
to outshine the drawbacks of unimodal ones in understanding emotions. 

• Building Adaptive Response Mechanisms: This involves reinforcing learning algorithms that 
enable robots to adjust their responses according to the user’s emotions and comments at any 
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time. These aim to enable robots to provide context- and emotion-based interactions, thereby 
enhancing the user experience. 

• The Framework Validation in Practical Applications: The study's framework will be validated 
in professional settings, such as healthcare, education, and aged care. The assessment will utilize 
benchmarks with current technologies to evaluate the effectiveness of the framework in 
enhancing emotional comprehension, interaction, and user experience. 

The findings of the current research can be of substantial contribution to the development of 
social robotics. They address the existing deficiencies in emotional intelligence and human-robot 
interaction, aiming to enhance the adaptability, sensitivity, and social acceptability of robots. This 
research aims to contribute to resolving the conflict between the complexity of feelings characteristic 
of people and the dynamic capabilities of machines, thereby enabling people and robots to 
communicate more efficiently in various contexts and settings, including diverse types of interactions. 

2. Related Works 

The field of social robotics has seen significant advancements in emotional intelligence (EI) 
systems [36], [37], which aims to improve human-robot interaction by enabling robots to understand 
and respond to human emotions [38], [39]. Existing models for emotional intelligence in social robots 
primarily focus on unimodal emotion recognition techniques, such as facial expression analysis, 
speech tone detection, and gesture recognition [27], [40]. While these approaches have shown 
promise, their reliance on single-modal inputs often limits their effectiveness in dynamic, real-world 
scenarios where environmental factors and cultural variations can impact accuracy. 

Multimodal communication has emerged as a robust solution to address these challenges, 
allowing robots to integrate data from multiple sources, such as visual, auditory, and textual inputs, to 
enhance emotion detection and contextual understanding [41], [42]. Research in this domain has 
demonstrated the potential of combining modalities to improve recognition accuracy and reliability, 
particularly in noisy or ambiguous environments. For instance, vision and speech-based systems have 
been successfully used to complement each other, where facial expressions can verify emotional cues 
detected in vocal tones. Similarly, natural language processing (NLP) methods enable the extraction 
of emotional insights from text-based interactions, adding depth to the robot's understanding of user 
intent and sentiment [42], [43]. 

It is evident in several Continuums where human-robot interaction is evident; there is a need for 
intelligent robots to demonstrate human-specific behaviors, especially in terms of personality traits. 
Such personality traits have been shown to influence each other’s verbal as well as non-verbal 
behaviors in recent works. Giddens, for instance, has perceptualized how core traits, inclusive of 
muscular gestures and even posturing during communication devoid of words, could all be measured 
with some stability. This research attempts to map human utterances onto corresponding robot 
behaviors embedded in verbal and non-verbal message units, distinguishing one region of the 
extraversion-introversion continuum [44]. Affirmatively, the study attempts to consider personality 
matching between humans and women robots from the perspective of similarity attraction. Another 
point addressed is whether the combination of behaviors, as manifested in speech and gestures, is 
more encouraging for interaction than speech alone. All experimental validation has been done with 
the humanoid robot NAO. 

Social robots with human-like features are gaining traction in society’s interactions with robots, 
particularly in HRI scenarios that involve high social and emotional expectations. Their incorporation 
into the life of human users depends in large measure on being able to express recognizably believable 
emotions. For this purpose doesn’t mean this article aims to be an integral cross-disciplinary 
exploration bringing knowledge from psychology, biology, HCI, and even HRI into the detail of how 
humans perceive and react to the body movement and speech of humanoid robots, with particular 
emphasis on the role of incongruence [45]. Controlled conditions were recreated in which primary 
self-descriptive gestures were mapped onto speech to form single emotional stereotypes. This allows 



2268 
International Journal of Robotics and Control Systems 

ISSN 2775-2658 
Vol. 5, No. 4, 2025, pp. 2265-2289 

 

 

Nada Khalil Al-Okbi (Integrating Multimodal Emotion Recognition with Deep Q-Learning for Adaptive Social Robot 
Interaction) 

 

us to distinguish two kinds of incongruence: contextual incongruence that has to do with the fact that 
a robot ‘overdoes’ its emotional expression and crosses the emotional ‘vocabulary’ of the interaction, 
and cross-modal that emphasizes multi-featured feedback that may contain the same information using 
auditory (vocal prosody) and visual (gestural expression) channels. The results show that audiences 
in the British Isles experience both types and take the clip’s true meaning away due to the 
‘miscommunication’ of a robot. The group atmosphere deteriorates, so those who heard a disabled 
voice-over, the robot, came across as ignorant or insensitive. These results underscore the need for 
efforts in developing appropriate animation and rendering robot emotional expressions for a graceful 
and extensive communication of emotional content. The report highlights how emotional design can 
be enhanced in robots and identifies future research opportunities in multimodal human-robot 
interaction (HRI) for the HRI community. 

The advent of computer systems has made them part of everyday life and has caused people to 
behave in a certain manner and experience changes in their emotional state [46]. The evaluation of 
these emotions as part of human-computer interaction is of great importance, as it can improve 
interfaces and recommendation systems on a large scale. Nevertheless, such emotions are often 
complicated, which makes their detection and assessment a challenging task. There is evidence from 
past studies showing that, in a real-world context, using only one sensor often results in errors in 
emotion classification. In response to this weakness, this study proposes a framework based on 
multiple sensors that aims to enhance the assessment of emotional user states during interaction. The 
proposed method utilizes AI technology to analyze core instructional activities such as speech and 
facial movements to classify respondents’ emotional states. The theoretical basis of the developed 
framework is flatter in terms of integrating the Componential Emotion Theory and Scherer’s 
Emotional Semantic Space. The experimental findings indicate that the combination of outputs from 
multiple sensors helps measure emotion with greater accuracy than when using a single sensor in 
isolation. 

In this paper [47],  the findings of an experiment are presented that investigates whether there is 
common ground in associating messages and situations with emotions in urban search and rescue 
contexts, where communication is considered to be effective and efficient. The study aimed to allocate 
ten specific messages of interest, conveyed in two different communicative contexts, to the emotions 
of robots portrayed during search and rescue missions. The sample consisted of 78 participants from 
Mechanical Turk. The findings suggest the potential to utilize enabling emotions as an additional 
means of communication in responding to the need for improving HR/MR interaction in urban search 
and rescue operations. Additionally, it is worth noting that these mappings remain strong even after 
repeated enactment and are only minimally affected by the robot’s communication style. This gives 
further possibilities for this approach in time-critical tasks. 

As robots take on a more active role in everyday occurrences, it is becoming necessary to 
understand human-robotic relations to ensure the robot’s purpose aligns with societal needs. A crucial 
aspect of social interactions that significantly influences how these relationships are structured is 
nonverbal communication. For that, this paper provides a comprehensive literature review on four 
nonverbal modes of communication in relationships: kinesics (body movements), proxemics (how use 
of personal space), haptics (touch), chronemics (how time is used in communication), and 
combinations of such modalities [16]. These brutal bombardments of imposed actions are non-verbal 
behaviors, and their multiple dimensions, which the study seeks to investigate in relation to human 
users, include changing cognitive framing processes, eliciting attention and emotions, performing 
specific actions, or simply better performing a particular task. Nonverbal behaviors of the robot in all 
these references are related, and there are useful perspectives for further investigation of the human-
robot interaction domain in the analysis. 

As technological advances begin to blur the boundaries between robots and humans in terms of 
interaction, it is evident that any robot designed for daily interactions should be able to gauge at least 
some aspects of the human user; this will allow for a more enriched interaction experience [48]. To 
answer that need, this study concentrates on three Interactions Intended for Physical Integration 
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Within the Work Process: (1) voice and video, (2) different dimensions of feature vectors, and (3) the 
tremors in camera motion that a robot creates when it communicates. More specifically, the study 
utilizes the head motion, gaze, and body motion of the robot, which were captured by a camera 
mounted on the robot during communicative interactions involving both vocal and body language. A 
set of visual features is then augmented with complementary vocal features, such as pitch, energy, and 
Mel-Frequency Cepstral Coefficients, while addressing the problem of variable feature vector lengths. 
To tackle these sequentially and statistically complex designs of human communication, a multi-layer 
HMM is integrated into the system. This model significantly enhances the classification performance 
of human personality and is notably superior to feature-level fusion as well. The study's outcomes 
receive firm support from existing psychological studies and are characterized by a thorough analysis, 
which confirms the validity of the proposed method. 

This multimodal fusion framework aims to enhance the communication skills of social robots, 
enabling them to efficiently and seamlessly engage with humans from diverse cultural and social 
backgrounds, thereby elevating human-robot interactions to the next level.  A comprehensive strategy 
for analyzing and synthesizing human facial and vocal gestures is presented in this study, enabling 
two robots to interact efficiently. During a conversation, people pay attention to their partner’s face 
and voice, decode emotions, and formulate a response. Such responses can be bland, witty, or 
vindictive, depending on how one reads the emotions and the type of person one is. The focus of this 
specific framework is to enhance robots with cross-mapping capability that mimics human emotions. 
The outlined approach addresses multiple semi-problems, including feature selection, emotion 
detection, decision-making, and response creation. The framework utilizes both audio and video 
modalities, employing two classifiers for each. These outputs are then coupled using an innovative 
approach that integrates the robot's behavioral profile with its character's behavior when interacting 
with people and others. The interaction is then evaluated, and the robotic system provides a vocal 
response accompanied by facial expressions that correspond to the voice response. The entire 
interaction is then described. The work utilizes Bayesian Networks to represent the robot's decision-
making process, thereby enabling the generation of adaptive and context-dependent responses. In 
addition, the discipline offers a probabilistic architecture that enables the generation and combination 
of emotions from the face and voice for higher-level interaction. Such a system, for the first time, 
improves the emotional intelligence of robots and contributes to a richer interaction experience 
between humans and robots [49]. 

Multi-modal behavior aids in augmenting the social intelligence, the non-verbal communicative 
aspects, and the social presence of a social robot in a human-robot interaction context. However, that 
is not the case, as most studies conducted to date have focused on a single modality and thus fail to 
explain how each modality influences behavior in a multi-modal interaction. This study addresses this 
gap by employing a multi-modal interaction framework that includes proxemics (for social 
navigation), gaze mechanisms (for turn-taking, floor-holding, turn-yielding, and joint attention), 
kinesics (including symbolic, deictic, and beat gestures), and social dialogue [50]. The multimodal 
behaviors were assessed through a controlled experimental design involving 105 subjects, who were 
instructed to interact with the robot for 7 minutes. The investigation of these modalities, related to 
perceived social intelligence, included both objective and subjective measurements. The findings 
indicated that multimodal interaction encompasses several behavioral changes, including the ability 
to follow physical cues, maintain appropriate physical interactions and distances, use greeting and 
farewell cues such as waving, employ backchanneling, and treat the robot as a socially competent 
being. Self-disclosure or subjective liking, however, was not impacted in any notable way. 

This study offers directions concerning the context of study and design, specifically multi-modal” 
art systems concerned with the interaction of a social robot [51]. It emphasizes the need to investigate 
interaction sequence performance and its significance for task accomplishment in various social 
contexts more thoroughly. In recent times, transformations in social and economic activities, as well 
as drastic changes in the conditions and way of living, have led to increasing figures of autism 
spectrum disorders. Such an increase has cost society a significant amount, both economically and 
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psychologically, elevating the condition to a major concern for public health. A major aspect of the 
symptoms of ASD that is common in children is the existence of social barriers, which is mostly due 
to the child’s inability to have emotional cognition. However, in modern autism treatment systems, 
the focus is mainly on the interaction with the children, while emotional cognition disorders remain a 
neglected domain. In addition, these systems are highly rigid and unresponsive, which prevents them 
from operating effectively. To address these gaps, this research aims to describe a new approach that 
enhances the emotional perception and expression capabilities of children with autism disorder. 
Leveraging advancements in robotic technology, we developed the first-view emotional care system 
(First-ECS) that aims to revolutionize how children and caregivers communicate with one another. In 
line with its aim to foster emotional communication, the system is designed to aid caregivers from a 
first-person perspective as opposed to the latter’s traditional approach. Furthermore, the system 
promotes high responsiveness, allowing for the faster transmission of emotions, in addition to offering 
enhanced communication. 

Despite these advancements, challenges remain in achieving seamless integration of multimodal 
data and developing adaptive response mechanisms that leverage this information effectively [52]. 
Current systems often lack the flexibility to adapt dynamically to individual user preferences and 
evolving emotional states. This study builds on the strengths of existing models while addressing their 
limitations by proposing a novel framework that combines multimodal communication and adaptive 
emotional intelligence for enhanced social-robot interaction. 

3. The Proposed Framework 

3.1. Adaptive Emotional Intelligence System Architecture 

The three-part architecture described in this paper enables social robots to comprehend, process, 
and react instantaneously to people's feelings [53]. It includes Multimodal Input Processing, an 
Emotional Intelligence Model, and an Adaptive Response Generator. 

3.1.1. Multimodal Input Processing 

This subsystem extracts emotional cues from audio, video, and text inputs. The audio input is 
processed by extracting features such as pitch, energy, Mel Frequency Cepstral Coefficients (MFCCs), 
and zero-crossing rate. The Emotional state from the audio cue is computed as: 

 𝐸𝑎 = 𝑓_𝑎𝑢𝑑𝑖𝑜(𝑠(𝑡)) (1) 

where 𝑠(𝑡) is the speech signal, and 𝐸𝑎 is the emotional state that is obtained from the speech signal. 
The video information input is as follows:- The visual aspects like facial expressions and hand gestures 
are encoded using a Convolutional Neural Network (CNN). The emotional state from a video is 
computed as: 

 𝐸𝑣 = 𝑓_𝑣𝑖𝑑𝑒𝑜(𝑔(𝑣)) (2) 

where 𝑔(𝑣) denotes the visual features that are obtained, whereas 𝐸𝑣 is the relevant restricted 
emotional state. Text Input: Using advanced Natural Language Processing models, for instance, 
BERT or GPT, a sentiment analysis can be performed. An emotional state that comes across in a text 
is expressed as: 

 𝐸𝑡 = 𝑓_𝑡𝑒𝑥𝑡(𝑇) (3) 

where 𝑇 depicts the textual language input, and 𝐸𝑡 denotes the output emotional state. Fig. 1 shows 
multimodal input processing flow. 

 

 



ISSN 2775-2658 
International Journal of Robotics and Control Systems 

2271 
Vol. 5, No. 4, 2025, pp. 2265-2289 

	 	

 

Nada Khalil Al-Okbi (Integrating Multimodal Emotion Recognition with Deep Q-Learning for Adaptive Social Robot 
Interaction) 

 

3.1.2. Emotional Intelligence Model 

A weighted fusion method is employed for merging emotional states represented in different 
modalities [54], which relates to the emotional state of the user in a more holistic concept: ‘emotion’ 
encompassed by 𝐸𝑎, 𝐸𝑣, and 𝐸𝑡: 

 𝐸𝑓𝑢𝑠𝑒𝑑 = 𝑤𝑎 ∗ 𝐸𝑎 + 𝑤𝑣 ∗ 𝐸𝑣 + 𝑤𝑡 ∗ 𝐸𝑡 (4) 

where 𝑤𝑎, 𝑤𝑣, and 𝑤𝑡 are weights dynamically computed by the attention mechanism: 

 𝑤𝑖 = 𝑒𝑥𝑝(𝑎𝑖)/𝛴(𝑒𝑥𝑝(𝑎𝑗)) (5) 

where 𝑎𝑖 is an importance score assigned to modality 𝑖, and the denominator ensures normalization 
across all modalities. The 𝑒𝑓𝑢𝑠𝑒𝑑 as a unified emotional representation and is then transformed into 
the appropriate emotional categories, for instance, Happy, Sad, Angry, etc., using a softmax function. 

 𝑃(𝐸𝑚𝑜𝑡𝑖𝑜𝑛	|	𝐸𝑓𝑢𝑠𝑒𝑑) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊 ∗ 𝐸𝑓𝑢𝑠𝑒𝑑 + 𝑏) (6) 

where 𝑊 and 𝑏 are adjustable hyperparameters of the classifier. 

 
Fig. 1. Multimodal input processing flow 

3.1.3. Adaptive Response Generator 

This component enhances the robot's responses by optimizing its performance through better 
tuning, utilizing a reinforcement learning system [55]. The reinforcement learning algorithm treats the 
Q-value function as follows: 

 𝑄(𝑠, 𝑎) = 𝑟 + 𝛾 ∗ 𝑚𝑎𝑥(𝑄(𝑠′, 𝑎′)) (7) 

where 𝑄[𝑠	, 𝑎] is the action-value function, 𝑟 is the reward, 𝛾 is the discount factor, and 𝑠’ and 𝑎’ is 
the next state and action, respectively. State (𝑠𝑡): The prevailing emotional state of an individual 
(𝐸𝑓𝑢𝑠𝑒𝑑). Action (𝑎𝑡): The action executed by the robot in response, for example, a speech reply or 
a gesture. Reward (𝑟𝑡): A measure in terms of user satisfaction.  

3.2. The Fusion of Multiple Modalities 

Given the asynchrony in audio, video, and text, the following methods are applied: 

• Temporal Alignment: A timestamp is used to align audio and video to facilitate coordinated 
multimodal processing. 

• Feature Embedding: Features from all modalities are mapped to a common latent vector space. 
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 𝑧𝑖 = 𝐸𝑚𝑏𝑒𝑑(𝑥𝑖) (8) 

where xi corresponds to the modalities (audio, video, text), and 𝑧𝑖 represents the complex features. 
We used an extensive measuring procedure as follows. Feature Fusion: Fusing latent features into a 
feature vector is done as follows matrices: 

 𝑧𝑓𝑢𝑠𝑒𝑑 = 𝐹𝑢𝑠𝑖𝑜𝑛([𝑧𝑎𝑢𝑑𝑖𝑜, 𝑧𝑣𝑖𝑑𝑒𝑜, 𝑧𝑡𝑒𝑥𝑡]) (9) 

Enabling further functionality, the Emotional Intelligence Model processes the fused representation 
𝑧𝑓𝑢𝑠𝑒𝑑. 

3.3. Reinforcement Learning Algorithm for Reflexive Behavior 

This module enables the robot to adjust its responses according to user interactions in a flexible 
manner [56]. 

3.3.1. A Tutorial for Q-Learning 

It follows that such robots acquire a policy 𝜋(𝑎|𝑠) that optimizes the reward over time. The 
following equation gives the 𝑄 value: 

 𝑄(𝑠, 𝑎; 𝜃) = 𝑟 + 𝛾 ∗ 	𝑚𝑎𝑥(𝑄(𝑠′, 𝑎′; 	𝜃)) (10) 

where 𝜃 indicates the parameters of the network. 

3.3.2. DQL (Deep Q Learning) 

Considering continuous sets of states and actions, the values of state-action are approximated on 
deep 𝑄 networks as follows: 

 𝑄(𝑠, 𝑎; 𝜃) ≈ 𝑄 ∗ (𝑠, 𝑎) (11) 

The parameters of the network 𝜃 are updated by the method of gradient descent as follows: 

 𝜃 ← 𝜃 − 𝜂 ∗ 𝛻𝜃[(𝑄(𝑠, 𝑎; 𝜃) − (𝑟 + 𝛾 ∗ 𝑚𝑎𝑥(𝑄(𝑠′, 𝑎′; 𝜃))))²] (12) 

where 𝜂 is the learning rate. 

3.3.3. Reward Function 

The reward function incentivizes emotionally appropriate responses: 

• +1: If user satisfaction increases 

• 0: If satisfaction remains unchanged 

• -1: If satisfaction decreases 

3.4. Adaptive Behavior 

When it comes to the robot's social ability, it learns to communicate in a context-appropriate way 
through user interactions and preferences, enabling it to adjust its responses to external factors that 
affect communication. This section explains more components and the working procedure of the 
adaptive behavior system. 

3.4.1. Dynamic Learning of User Preferences 

Robots learn from interactions with users and monitor user behavior patterns so as to reinforce 
their learning processes [57]. The steps to this process include: 

• State Representation: The user’s present interaction begins from their emotions; these emotions 
are fused to form a representation, which assists in arriving at the current state. 
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• Action Selection: The robot now identifies an action from a set of possible actions, such as 
responding verbally in a conversation, using hand gestures, or performing specific tasks. This 
action is selected to maximize the user state's outcome. 

• Feedback Mechanism: This information is assumed to be user feedback and integrated into the 
reinforcement learning system; it can be either direct evaluation of comments made by users or 
behavioral nonverbal cues from their facial expressions and tones, which are employed for 
evaluation and rating purposes. 

3.4.2. Responses that are Tailored to the User and the Situation 

The robot is able to customize its replies to each specific user and each specific context because 
of the reinforcement learning framework: 

• Policy Optimization: The robot adopts a strategy, described by the probability distribution 𝜋(𝑎 ∣
𝑠) over actions in a given state 𝑠, and aims to maximize the expected return. The policy is 
mathematically expressed as: 

 𝜋(𝑎 ∣ 𝑠) = 𝑎𝑟𝑔𝑎𝑚𝑎𝑥𝑄(𝑠, 𝑎) (13) 

where 𝑄(𝑆, 𝐴) stands for the action value function defining the anticipated reward in state 𝑠 with 
action 𝑎 being performed. 

• Environmentally aware: For every response to context, data such as the environment or a task 
is incorporated into the state to provide relevance. 

• Policy Improvement: With Q-learning, the robot modifies its strategy as it receives new states 
and rewards: 

 𝑄(𝑠, 𝑎) = 𝑄(𝑠, 𝑎) + 𝛼[𝑟 + 𝛾𝑎𝑚𝑎𝑥𝑄(𝑠′, 𝑎′) − 𝑄(𝑠, 𝑎)] (14) 

Where the following variables are defined as: 𝑜	𝛼 is the learning rate first. 𝛾 is the discount 
factor, which balances the focus on immediate rewards versus future rewards. 𝑜	𝑠′ is the state at 
the next time period, and 𝑎′ is the corresponding action. 

3.4.3. Steady Enhancement of Interaction Quality 

Progressively enhancing Q-learning involves training robots through multiple cycles of 
reinforcing the original approach in machine learning.  

• Knowledge Retention: The cognitive model developed by the robot is enhanced after every 
interaction the robot experiences, allowing it to continually utilize the new knowledge. The Q-
value function continually updates in response to the situations the model encounters, thereby 
enabling it to incorporate new information. 

• Exploitation of knowledge vs. Generation of new knowledge: To address the tension between 
generating novel knowledge (exploration) and applying existing useful actions (exploitation), 
epsilon-greedy heuristic is used: 

𝑎 = (𝑟𝑎𝑛𝑑𝑜𝑚	𝑎𝑐𝑡𝑖𝑜𝑛, 𝑤𝑖𝑡ℎ	𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦	𝜖, 𝑎𝑟𝑔𝑚𝑎𝑥ₐ	𝑄(𝑠, 𝑎), 𝑤𝑖𝑡ℎ	𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦	1	 − 𝜖. ) 

 (15) 

• Performance Indicators: To monitor and improve the quality of interactions, aspects such as user 
satisfaction scores, success rates, and response waiting time are also measured. 

3.4.4. Practical Benefits 

This proposal on adaptive behavior design has several advantages: 

• Focus on User: User interaction is boosted as replies are now more tailored to each user. 
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• Universality: The system can accommodate different users and tasks, and vice versa, without 
any alterations. 

• Strength: Thanks to real-time interaction feedback, the robot tends to be less sensitive to errors 
and unexpected situations. 

• Developing Bonds: Robots can form relevant bonds with users as they evolve, learning what the 
user likes and dislikes. 

The context-aware social robot is empowered by the adaptive behavior module, which enables it 
to adjust its response pattern through reinforcement learning. Real-time feedback, state-action 
mappings, and ongoing policy improvement ensure that robot-social interactions are personalized, 
relevant, and of high quality globally. 

4. Implementation and Experimentation 

4.1. Technical Details of Robot Design and System Integration 

The proposed framework has been realized in an integrated hardware and software architecture 
that enhances interaction with a social robot. The robot was equipped with a variety of multi-purpose 
sensory and actuating systems, in addition to a computational unit that implemented advanced 
machine learning models in real-time. The details of Hardware specifications are as follows: 

4.1.1. The sensors   

• Audio Input: A multi-channel microphone array that is capable of detecting speech with a 
reasonably low signal-to-noise ratio. 

• Visual Input: A high-resolution color camera clearly attached with a three-dimensional depth 
RGB scope so as to capture facial expressions, gestures, or other contextual information. 

• Text Input: A voice recognition input module that helps to convert spoken words to written 
words. 

• Actuators: This includes using Servo motors to incorporate expressive gestures and a speaker 
device to enable speech. 

• Processing Unit: The system contains a small NVIDIA Jetson AGX Orin GPU that implements 
neural networking and reinforcement learning algorithms. 

4.1.2. Software Integration  

• Frameworks Used: Tensorflow and Pytorch were the major frameworks used to develop and 
deploy models. 

• Real-Time Communication: Apart from the Shields and USB connection, Real-time 
communication was facilitated using the Robot Operating System (ROS), allowing various 
peripheral instruments of the robot, such as sensors, actuators, and decision-making 
components, to communicate with each other. 

• Data Fusion: This proprietary software enables the amalgamation of audio, video, and textual 
data for effective temporal correlation, facilitating the identification of dynamic actions in the 
right context. 

4.2. Description of Experiments Conducted in Healthcare, Education, and Aged Care 
Settings 

To validate the framework, the robot was applied in healthcare, education, and aged care. The 
interaction quality of the robot with users, as well as emotional considerations, was assessed during 
each of the experiments.  
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4.2.1. Healthcare 

• Objective: To achieve rehabilitation of patients by enabling them to engage in emotionally 
charged conversational interactions.  

• Setup: Patients were located in the therapy room, where the robot could communicate with them. 
In this case, the robot also assisted with therapy, providing motivational reinforcement based on 
their emotional states.  

• Metrics: Patient activity rates, emotional gratification, fulfillment, and patients’ completion 
rates.  

• Results: The robot engaged 90% of patients during the therapy and encouraged patients to 
adhere to sessions more frequently.  

4.2.2. Education 

• Objective: To ensure interactive learning in children by interacting in a targeted manner based 
on children’s sentiments. 

• Setup: The robot helped improve both children’s engagement and understanding by telling them 
stories while using images, and by attempting to detect their emotions and adjusting the story 
accordingly.  

• Metrics: Length of attention span, understanding and retention span, overall positive feedback 
per child.  

• Results: Compared to other techniques, the percentage of children's attention span increased by 
20 % during robot instruction.  

4.2.3. Aged Care 

• Objective: Enhance elderly people’s emotional well-being through companionship. 

• Setup: The robot has interacted with senior people living in nursing homes, catering to their tone 
and gestures according to the emotions detected. 

• Metrics: Interaction frequency, emotional well-being scores, and qualitative feedback from 
caregivers. 

• Results: The patients and residents associated the use of the device with reduced feelings of 
loneliness, while caregivers also noted an improvement in the participants' emotional states. 

4.3. Comparative Benchmarks with Existing HRI Systems 

The described framework underwent evaluation alongside existing Human-Robot Interaction 
(HRI) systems to compare its effectiveness and efficiency. The benchmarks included metrics such as 
interaction, response flexibility, and computational efficiency. 

4.3.1. Comparison Metrics 

• Interaction: This involves service and engagement durations, as stated in user satisfaction 
questionnaires. 

• Response Flexibility: This includes the robot's context sensitivity, which takes into account the 
emotional state of the input, including the degree of its plurality. 

• Efficiency of Computation: Computation power usage and time factors were measured in this 
case. 
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4.3.2. The Results 

• HRI systems based on a framework ensured 15% prospects of client appreciation, as opposed 
to HRI systems based on rules and logical scenarios.  

• The robot's rich response to a myriad of emotions registered during 95% of the talks with the 
patients testified to its ability to anticipate emotions and situations.  

• Due to less reliance on single data fusion algorithms along with dependency on real-time 
reinforcement learning, the use of the framework resulted in an overall 30% faster processing 
time. 

The designed framework demonstrated its stability and applicability when implemented and 
tested in various areas. It is a maturing advancement in social robotics to note that the robot can adjust 
its behavior to the user’s emotions and context appropriately. The comparative benchmarks provide 
further evidence of the framework's dominance over other available systems, allowing for its effective 
utilization in the field. 

5. Results and Discussion 

This section comprehensively analyzes how well the designed framework performs in 
recognizing emotions, achieving specified tasks, and meeting users’ satisfaction. The experiments 
were carried out across the healthcare, education, and aged care sectors. The results for each of the 
suggested methods are provided, along with a comparison to some benchmark methods. The 
advantages and drawbacks of each framework are also discussed.  

5.1. Metrics for Evaluation 

The following metrics were used in evaluating the performance of the framework under 
consideration:  

• Emotional Interpretation Accuracy (EIA): The ability of the robot to successfully understand 
and interpret emotional states from a multitude of inputs.  

• Task Success Rate (TSR): This is the ratio of the number of tasks completed successfully to the 
total number of tasks completed concerning emotional adaptation.  

• User Satisfaction Score (USS): A user reliability or satisfaction measure assessment, axiometric, 
ranging from 5 (maximum) to 1 (minimum).  

• Response Time (RT): The mean time required for the robot to respond.  

• Interaction Engagement Duration (IED): The duration during which users were active 
participants while interacting with the interface.   

5.2. Experimental Settings  

The hardware configuration is as follows: For near real-time computing, use NVIDIA Jetson 
AGX Orin. For Multimodal Input, use an HD camera and microphone array. For Training Neural 
Networks, use Tensorflow and PyTorch. For the Integrating and Communicating modules, use Ros. 

This dataset of 10,000 multimodal samples (audio, video, text), specifically developed for this 
purpose, represents all six emotions: happy, sad, angry, fearful, surprised, and neutral, capturing user 
engagement in real-life scenarios such as healthcare, education, and the aged care industry. 

Comparison methods are as follows: Rule-Based Emotional Models (RBEM) [58], Support 
vector machines for emotion recognition [59], Developing Emotions through DNN’s Emotion 
Adaptation [60], and Reinforcement Learning-Controlled HRI (RL-HRI) [61]. 

An overview of the results in Table 1 demonstrates the effectiveness of the proposed method, 
which outperforms all others in terms of accuracy in EIA across audio, video, and text modalities. Fu 
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and Yang achieved an EIA of 95.6% for their model, which outperforms all other models employed 
during their experiments. This is a major achievement that demonstrates the effectiveness and 
usefulness of the system, as it accurately interprets emotions in various settings without compromising 
the meaning of the cues. Kang recorded 90.2% and Zheng 87.3% for an EIA of 94.5% when using 
DNN as the average best-performing model. Both values corresponded to RL-HRI and DNN, 
respectively, and were both surpassed in performance by the proposed method. This was made 
possible through the effective extraction of key audio features, such as energy, pitch, and MFCCs. 
These features enable the proposed system to capture subtle emotional nuances in speech more 
accurately than the comparative methods. 

Using CNNs, it became possible to capture the complex features necessary to understand gestures 
relevant to emotions. EIA for the proposed method recorded 96.8%, significantly higher than RL-HRI 
by 93.4% and DNN by 91.6%, placing the models higher in video standards. The fact that this 
particular model was able to perform two others, greatly out purely based on the structural design of 
the model, validates the context within which the model was employed. For text EIA, the proposed 
model demonstrates an accuracy of 95.4%, indicating the model's strength in detecting emotions from 
textual data. This result is significantly above what SVM (84.5%) and RL-HRI (92.1%) achieved. 
Advanced frameworks rely on advanced natural language processing (NLP) systems, such as BERT, 
to analyze and synthesize sentiments, nearly eliminating any ambiguity that text may contain 
regarding emotions or emotional traits. 

Except for the squirrel, of course, other methods in the table apparently do not deal well with the 
multi-aspect nature with which emotions are encoded and expressed. RBEM, in this case, with a global 
EIA of 78.3%, appears to be a worse-performing model across all modalities, as it is unable to 
effectively multisource and combine emotional information. SVM, with an EIA of 84.5%, exhibits 
moderate performance but is unable to provide the level of feature extraction and integration offered 
by the system presented in this paper. DNN, at 90.8%, yields fairly good results but is less flexible 
and efficient in adjusting to and working with varying emotional scenarios compared to the method 
presented in this paper. Although RL-HRI, with an EIA of 92.1%, appears to be the closest competitor, 
it is still behind due to its relatively primitive multimodal fusion and reinforcement learning schemes. 

In conclusion, the excellent EIA values achieved across audio, video, and text modalities, using 
the proposed method, emphasize the efficacy of the system's framework in synthesizing various 
emotional signals. This accuracy level is especially crucial for social robotics applications, where 
knowledge of human emotions and how to respond to them is a prerequisite. The results validate the 
effectiveness of the proposed method, which has high potential to positively impact human-robot 
interactions across various fields, including medical, educational, and aged care areas. 

Table 1.  Emotional interpretation accuracy 

Method EIA (%) Audio EIA (%) Video EIA (%) Text EIA (%) 
Proposed 95.6 94.5 96.8 95.4 
RBEM 78.3 75.2 80.5 79.1 
SVM 84.5 82.7 86.3 84.5 
DNN 90.8 89.3 91.6 90.2 

RL-HRI 92.1 90.2 93.4 92.1 
 

The proposed method performs the best Task Success Rate across the three evaluated scenarios: 
healthcare, education, and aged care systems. Based on the results in Table 2, the health system 
scenario has the highest percentage of 91.6% average views, such as education and age care. This 
performance significantly exceeds the results of other methods, highlighting the robustness of the 
proposed framework in task execution.  According to the analysis, RL-HRI was the closest competitor, 
with a performance tare of 90.3, which was lower than the proposed method's tare of 92.4 in the 
healthcare scenario. This is promising, as the proposed method was able to solve complex real-world 
problems, particularly in healthcare, which is one of the sectors requiring accuracy and intelligence in 
responding to queries. The strength of the proposed framework in this sector lies in its use of multiple 
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modes that cater to all user needs and reinforcement learning, which adjusts to users' needs in real-
time. 

Regarding the education scenario, the proposed method achieves a TSR of 90.8%, also surpassing 
the results of RL-HRI (89.4%) and DNN (87.5%). Such higher performance emphasizes the system’s 
potential to consider the user’s context in educational scenarios, where interactivity and contextualism 
are crucial for meeting task requirements. The multimodal fusion strategy and adaptive behavior 
mechanisms significantly contribute to achieving such a level of success. In the aged care scenario, 
the proposed method achieved a TSR of 91.7% and has once again surpassed RL-HRI (89.7%) and 
DNN (88.1%). Understanding and responding to subtle emotional cues, as well as ensuring user 
comfort, contributed significantly to the success of the proposed framework in aged care. The 
integration of emotional intelligence and dynamic learning strategies enables the proposed method to 
effectively address the limitations and challenges presented in this environment. Considering the 
average TSR in most cases, the proposed method outperforms the other approaches. Among them, 
RL-HRI achieves the second-best performance, but it still lags behind the proposed framework, with 
an average TSR of 89.8%. On the other hand, SVM and RBEM exhibited average TSRs of 81.7% and 
74.9%, respectively, indicating that they were far less effective in these touchpoints as well. While 
DNN obtains a TSR of 88.3% on average, it also employs static learning, which limits its application 
in most cases.  

Based on the gathered results, the proposed method achieves a better success rate across various 
scenarios, including healthcare, education, age care, and others. The proposed framework is more 
advanced, as it utilizes new-age emotional intelligence and multi-communication abilities, resulting 
in increased task success rates in all applications involving human-robot interaction. 

Table 2.  Task success rate 

Scenario Healthcare (%) Education (%) Aged care (%) Average TSR (%) 
Proposed 92.4 90.8 91.7 91.6 
RBEM 76.3 73.5 74.8 74.9 
SVM 82.1 81.3 81.8 81.7 
DNN 89.2 87.5 88.1 88.3 

RL-HRI 90.3 89.4 89.7 89.8 
 

As demonstrated by the results shown in Table 3, there is a clear understanding of how the 
suggested framework affects the user's satisfaction scores in relation to interactions (USS), which 
range from 1 to 5, with one being the lowest and five being the highest. The suggested method attains 
the highest average Costco USS of 4.8. The fact that this result is high indicates that the framework 
was successful in enabling the interactions to satisfy the users’ needs. This result suggests that the 
proposed method is effective in generating context-relevant and emotionally intelligent responses, 
which would have a positive impact on user satisfaction. 

While the proposed average USS bests that of RL-HRI by over 0.2 of a point, averaging 4.6. As 
good as RL-HRI is, its score is perhaps slightly lower as it does not dynamically accommodate the 
emotions and context of the users as effectively as the suggested framework does. Additionally, the 
proposed methods, as they have higher emotional interpretation accuracy and task adaptability, lead 
to a larger USS. 

DNN emerges with a benchmark 4.5 average USS score, which is decent but nowhere near the 
new method. This highlights the more appealing aspects of enhancement through the addition of 
reinforcement learning and multimodal fusion, which form the core of the proposed framework, 
aiming to create more engaging experiences. Multimodal prefers static learning and has low 
flexibility, which translates to DNN’s relatively lower satisfaction levels. In comparison to our 
proposed system, the SVM, which has a USS average of 4.2, is deficient and fails to achieve 
significant outcomes. This restrains its ability to engage the user satisfactorily in more advanced 
scenarios, as it fails to account for emotion or context. The RBEM method performs the weakest, with 
an average USS of 3.5, indicating considerable shortcomings in ensuring user satisfaction. This is due 
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to its lower emotional intelligence and poor multimodal implementation, which renders it unable to 
meet the requirements and expectations of users. 

The outstanding USS score of 4.8, achieved by the proposed system, is an indicator of its 
capability to execute emotionally rich and context-responsive interactions. The proposed framework 
not only supersedes other systems but also sets new approaches to increasing satisfaction in human-
robot interaction, owing to the application of high-level reinforcement learning in conjunction with 
multiple communicative techniques. These results emphasize several practical implications for the use 
of the suggested method across the healthcare sector, education, aged care, and other markets that 
require high user engagement. 

Table 3.  User satisfaction score 

Method Average USS (1-5) 
Proposed 4.8 
RBEM 3.5 
SVM 4.2 
DNN 4.5 

RL-HRI 4.6 
 

Table 4 shows the response time (in ms) of the selected method compared to other methods. In 
terms of expectations, the method achieves a response time of 120 ms, which is impressive for the 
combination of responsiveness and consideration of the complexity of emotional intelligence and 
multimodal processing. The RBEM method achieves the fastest response time of 85 ms, which is 
mainly due to its rudimentary nature and limited capability to interpret emotions. However, this has 
resulted in lower accuracy and user satisfaction; hence, the RBEM is fast but sacrifices depth and 
quality.  

Compared with the presented one, SVM’s 145 ms response time lags the proposed one. While 
SVM makes sense in stating that it is easy to analyze a smaller volume of data, its time constraints in 
real-time applications are too high, considering also multilevel data, which it struggles to absorb and 
work on during analysis.  Again, as with DNN and RL-HRI, the values are lower than those of the 
subject, at 160 ms and 155 ms, respectively, with the subject's response coming down further. The 
reason for these slower response times is attributed specifically to the operational cost of the deep 
learning model, DNN, and reinforcement learning, where there is a lot of emphasis on the diverse 
influencers. The system is remarkably effective and efficient, as its response time does not exceed 120 
ms, making it easy for users to complete tasks with confidence, nodding their heads in satisfaction and 
accuracy. The improved performance is attributed to the effective combination of reinforcement 
learning and enhanced multimodal input processing, which ensures the computational cost is low 
without performance degradation.  

To conclude, the method's response time is significantly faster than that of other techniques, with 
satisfactory response times comparable to those of DNN and RL-HRI, which are relatively lower. At 
the same time, though, this ease is accompanied by a level of emotional engagement and interaction 
that is many times higher than that of the mentioned methods. These results are indicative of its 
readiness for use in areas where both timing and quality factors are paramount, such as healthcare and 
education. 

Table 4.  Response time 

Method Response Time (ms) 
Proposed 120 
RBEM 85 
SVM 145 
DNN 160 

RL-HRI 155 
 



2280 
International Journal of Robotics and Control Systems 

ISSN 2775-2658 
Vol. 5, No. 4, 2025, pp. 2265-2289 

 

 

Nada Khalil Al-Okbi (Integrating Multimodal Emotion Recognition with Deep Q-Learning for Adaptive Social Robot 
Interaction) 

 

The IED metric has been crucial in assessing social robot interactions in different contexts, 
including healthcare, education, and aged care. This performance highlights the importance of the 
system in facilitating meaningful interactions, where it can engage with the user. The performance 
level shown in Table 5 indicates that the proposed method outperforms the baseline approaches. 

Table 5.  Interaction engagement duration 

Scenario Healthcare (min) Education (min) Aged Care (min) Average IED (min) 
Proposed 12.3 15.6 18.7 15.5 
RBEM 8.1 10.2 12.3 10.2 
SVM 10.5 12.8 14.5 12.6 
DNN 11.6 14.3 16.4 14.1 

RL-HRI 11.9 14.8 17.1 14.6 
 

More importantly, the proposed method demonstrates a significantly shorter engagement time, 
averaging 15.5 minutes across all the scenarios tested, which is better than the other methods. With 
such results, the system, as designed, can engage the user in an interaction that is both meaningful and 
entertaining across its parameters. For instance, in a healthcare context, the proposed method achieved 
12.3 minutes of time engagement, which is significantly better than the RBEM method, which 
achieved only 8.1 minutes. This shows great improvements, with RL-HRI only getting 11.9 minutes. 
It demonstrates that the method is effective in capturing the user’s attention during core healthcare 
activities, such as therapy sessions or routine patient observations. In educational scenarios, the 
proposed method achieves an engagement duration of 15.6 minutes, which is particularly better than 
SVM (12.8 minutes) and DNN (14.3 minutes). This speaks volumes to the method's capability in 
retaining attention and fostering interaction in learning-related environments, which is crucial in the 
educational process. The results also reflect the method's ability to accommodate people's varying 
requirements in educational situations. 

The most commendable achievement is noted in elderly care premises, where the mechanism in 
focus achieves an engagement time of 18.7 minutes, substantially outperforming all benchmark 
methods, including RL-HRI, which achieves 17.1 minutes, and DNN, which achieves 16.4 minutes. 
This makes the case for using the system in settings that require longer and more effective exchanges, 
such as in aged care, where individuals are at risk of social withdrawal, which is detrimental to their 
mental health.  The proposed approach is also evident to be better than the baseline methods from the 
comparisons made. RBEM has an average engagement time of only 10.2 minutes, which is the worst-
performing method, and this represents a 52% improvement by the proposed method. With an average 
engagement time of 12.6 minutes, SVM falls within the lower range due to its inability to engage 
effectively and integrate across multiple modes. DNN performed comparatively better with 14. One 
minute, but it is still worse than the proposed method, an aspect that may be attributed to the 
advantages offered by the reinforcement learning-based adaptation. Even RL-HRI, which had 14.6 
minutes, did not surpass the proposed method, primarily due to its failure to utilize multimodal inputs 
and dynamic emotion intelligence. 

The first point worth noting is that the power of the proposed method hinges on several major 
factors. The dynamic emotional intelligence model enables the understanding of the user's emotional 
state and respective adjustments in the interaction, making it possible to have more engaging 
interactions. The incorporation of several modes, audio, video, and text, also broadens the user’s 
understanding of the system’s capabilities. The reinforcement learning algorithm also improves the 
robot’s behavioral patterns by updating the measures of engagement based on user input regarding 
what they find preferable. The implications of the proposed method’s increased IEDs are quite 
striking. In healthcare, for instance, extended engagement allows proper monitoring to be 
administered and an expected outcome of therapy to be achieved. In education, active involvement 
over a period enhances the learning process and retention of the material presented. In aged care, 
extending the periods of engagement has beneficial effects on the mental health of elderly individuals, 
reducing feelings of isolation and increasing their sense of connectedness. 
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To summarize, the proposed method has demonstrated reliability over time by repeatedly 
attaining longer interaction engagement durations, highlighting its robustness in practical use. Its 
application across healthcare, education, and aged care scenarios indicates its potential to 
revolutionize social robotics by enhancing the quality of human-robot interaction. 

Table 6 summarizes various statistics related to the proposed methods across many evaluation 
metrics. Results are presented as mean values and standard deviations (SD), along with improvements 
over the best performer as percentages. All this scrutiny highlights the strength, repeatability, and 
efficiency of the proposed method for enhancing interactions with social robots, as well as many 
others. Such functional parameters include Emotional Interpretation Accuracy (EIA), Task Success 
Rate (TSR), User Satisfaction Score (USS), Response Time, and Interaction Engagement Duration 
(IED). These results demonstrate that the methodology can be applied to various multifaceted 
applications, including healthcare, education, and aged care environments. 

Mean ± SD: The table displays the meaning and standard deviation for each metric, providing 
another quantitative measure of performance variability. 

Improvement (%): It is calculated as the percentage improvement of the proposed method over 
the next best performing method. The formula for calculating the percentage improvement is: 

 Improvement (%) = ((Proposed - Best Competitor) / Best Competitor) × 100 (16) 

Table 6.  Statistical results summary 

Metric Proposed (Mean ± 
SD) 

% Improvement (Proposed vs Best 
Competitor) 

Emotional Interpretation Accuracy 
(EIA) (%) 95.6 ± 0.8 3.8% 

Audio EIA (%) 94.5 ± 1.0 4.8% 
Video EIA (%) 96.8 ± 0.6 3.6% 
Text EIA (%) 95.4 ± 0.9 3.5% 

Task Success Rate (TSR) (%) 91.6 ± 0.7 2.0% 
Healthcare TSR (%) 92.4 ± 0.8 2.3% 
Education TSR (%) 90.8 ± 0.6 1.6% 
Aged Care TSR (%) 91.7 ± 0.9 2.2% 

User Satisfaction Score (USS) 4.8 ± 0.05 4.3% 
Response Time (ms) 120 ± 5 29.4% 

Interaction Engagement Duration 
(IED) (min) 15.5 ± 1.2 6.2% 

 
The proposed method demonstrates superior performance across all metrics, with notable 

improvements compared to the best competitor. The most novel aspects and contributions of the 
research include the development and investigation of a novel algorithm for real-time emotion 
detection. Emotional Interpretation Accuracy was shown to achieve a mean accuracy of 95.6% with 
a standard deviation of only ±0.8. Hence, the consistency of the proposed method in detecting 
emotions is relatively high. A 3.5% to 4.8% improvement in various modalities, such as audio, video, 
or text, reinforces the effectiveness of the multimodal integration method. TSR is the reliably delivered 
method that results in a week's worth of healthcare for end users and elderly care in healthcare, 
education, and aged care. With 1.6% to 2.3% of the range improvements, the average improvement 
in TSR, enhancing system-level trust across different applications, is 2.0%. USS stands for User 
Satisfaction Score. Rating the proposed method is also another factor, which reported a mean value 
of 4.8 and an average deviation of around 0.05, corresponding to the insertion of the specification. 
This represents a 4.3% increase, underscoring the system's ability to deliver a satisfactory and 
engaging experience. The best competitors were then 29.4; despite this encouraging communication 
improvement, it proposed a consecutive increase in delay. The delay reduction is significant, as it 
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improves timely and smooth interaction, which is important, especially in social settings that 
experience a high volume of communication. 

Finally, the Interaction Engagement Duration (IED) averages 15.5 minutes, representing a 6.2 
percent increase. This indicates how effectively the system maintains the user’s active participation, 
especially in cases where long-term interaction is required, such as in aged care and education. To 
conclude, the proposed method outperforms all competitors across all measures, validating its 
reliability and effectiveness. These results continue to strengthen the claim regarding the system's 
ability to significantly improve social-robot interaction while being versatile, effective, and satisfying 
in multiple contexts. 

Fig. 2 illustrates two families of membership functions: linear membership functions, represented 
by bubbles in the top graph, and fuzzy ones, emphasized in the bottom graph, and their reliance on 
modeling membership degrees with respect to distance. The top graph illustrates a linear membership 
degree, where input variables are easily computed as they have a straightforward relationship with 
their respective membership values and vice versa. A "short” category starts with the required 
membership amount. It decreases as the distance increases; the “medium” category is at the center, 
and the "long” category increases linearly in accordance with the degree of distance. This technique 
has been proven effective in areas where simplicity is required and computational speed is essential. 

 
Fig. 2. Two families of membership functions, linear membership functions bubbles in the top graph, and the 

fuzzy ones emphasized in the last graph, and their reliance on the modeling of membership degrees with 
respect to distance 

The fuzzy membership degree, on the other hand, does not switch abruptly; instead, it blankets 
certain borders at a distance, and this degree of membership is smoother, allowing for more 
uncertainty for the range of transition categories; the “short” category will dominantly be true if the 
distance is less than 1 meter, a “medium” starts to come in at a distance of around 2 meters. In contrast, 
as the distance increases further, the membership rate begins to decline. At more than 2 meters, a 
gradual increase of the long category begins, which only holds significance after 2 meters. These fuzzy 
membership functions will find a range of utilities that require making accurate decisions in an 
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environment where conditions are either uncertain or ambiguous, for instance, in robotics, control 
systems, and artificial intelligence. The comparison of the two approaches points out the trade-off 
between ease of use and adaptability. Membership functions based on a linear basis are quick and easy 
to apply, making them suitable for systems with limited computational power. In contrast, fuzzy 
membership functions are suitable for situations where the modeling of gradual transitions is required 
more realistically. This analysis emphasizes the importance of selecting the appropriate membership 
function based on the application's characteristics, thereby optimizing computational speed while 
considering the level of detail in each decision made. 

Fig. 3 shows the dynamics of the reward function as well as Q-values for the state-action pairs 
within the proposed deep Q-learning system. The upper part of the image depicts the reward function, 
which aims to stimulate reward contingencies that are based on user satisfaction levels. Whenever 
user satisfaction increases, a positive reward of +1 is given; when satisfaction decreases, a penalty 
score of -1 is assessed. When there is no change in terms of satisfaction, no reward is given, meaning 
one is not issued. This mechanism ensures that the learning agent tends to approach the equilibrium 
of user satisfaction in the long run.  

 
Fig. 3. Reward function for emotional responses 

In the lower part, corresponding to specific state-action pairs, the Q-values are displayed across 
the bottom of the screen, indicating the system's ability to make decisions. For example, both State1 
processed through Action1 and State2 with Action2 executed processing are ‘sought’ with high Q-
values and thus command better-expected reward and higher chances of being chosen, respectively. 
On the other hand, State1 with Action2 demonstrates a Q-value that is lower than Rule, which poses 
the Q-value Law as a promising reward to be maximized. This representation clearly illustrates the 
effectiveness of the reward function and the adaptive response system's mechanism. It also 
demonstrates how the DQ learning framework is competent in defining the difference between low-
skill and useful actions or movements, which is essential in making sure that the robot responds in a 
very emotional and personalized way. The reaffirmation of high-stakes activities as the first course of 
action further strengthens the system's efficiency in the context of rapidly changing user behavior. 
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6. Conclusion and Future Work 

This study proposed an inclusive design methodology for enhancing the social robot’s interaction 
capabilities by incorporating emotional aspects of interaction and systems for multimodal 
communication. Combining audio, video, and text as inputs, the framework presented a consolidated 
model of emotional intelligence that was further refined through reinforcement learning to produce 
context-appropriate output. The proposed method was able to report improved emotional interpretive 
adequacy, accuracy, task completion success, and user satisfaction across various use case scenarios, 
including healthcare, education, and aged care, among others. The study validated the usability of the 
proposed system through a series of tests. The multi-emotional assessment has reported a mean score 
of 95.6% in terms of accuracy, which is 3.8% better than the next contestant. The mean task success 
rate across participants was 91.6%, representing a 2.0% improvement compared to other options. User 
satisfaction with the system was rated at 4.8 out of 5, demonstrating the effectiveness of the model in 
enhancing human-robot interactions. They also reported that the framework achieved competitiveness 
in speed, with an average response time of 120 ms, which is better than that of similar systems. 
Additionally, the average interaction engagement time of 15.5 minutes indicates that end users were 
able to have lengthy and substantive interactions with the system. These results highlight the potential 
of the framework to solve some of the enduring problems of human-robot interaction. The ability to 
provide personalized, context-aware, and emotionally consistent responses indicates the system’s 
flexibility in functioning in different social environments. Such a system’s strength and scalability 
make it suitable for real-world applications in several areas. 

It is worth noting that, though the proposed framework was successful, there are still aspects that 
need to be improved and extended. One promising direction is to incorporate other sensory modalities, 
such as emotional signals (e.g., heart rate variability, blood pressure), that may enhance the 
development of a more immersive culture’s emotional intelligence. Likewise, embedding context 
about environmental conditions, such as room temperature and noise, may improve this system’s 
performance in the real world, where environments are not static. The development of the emotional 
intelligence model is yet another means of improving the framework. Further investigations may, for 
example, focus on building deeper, complex attention or transformer architectures that enable the 
effective integration of multiple sources of signals for improved predictions of emotional states. 
Another direction for further development of this framework would be its application in 
disambiguating and interpreting complex emotions, including the so-called “mixed” or “mixed 
feelings”. In real-world conditions, system reliability always depends on the factors of generalization 
and robustness. For dynamic systems, the next step is to test them in different noisy settings and 
measure their ability to perform across different languages and cultures. Equally crucial are ethical 
aspects, such as the use of models that account for emotional biases and compliance with privacy 
policies, particularly in sensitive domains like healthcare and aged care. Scalability remains a key 
focus for future R&D. Technology can be tested in the retail, hospitality, and public sectors to assess 
its applicability across various domains. There are also prospects for scaling the technology in multi-
robot systems for joint activities. Also, if integrated into the system, unsupervised or semi-supervised 
learning would support user learning without requiring huge retraining. Another important area is 
hardware optimization, which is vital for mobile and compact robots, as it relates to reducing energy 
requirements and improving computational efficiency. Equally, another more pertinent issue is 
determining how user satisfaction and interaction change over time and how this may affect the 
system's performance. By addressing these challenges and opportunities, the proposed framework can 
evolve into a more comprehensive and universally applicable solution for social robotics. Such 
developments would greatly facilitate the development of more compassionate, socially aware, and 
effective robots that can integrate into various human-oriented environments. 
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