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I. Introduction 
Artificial Intelligence (AI) has significantly reshaped the landscape of entrepreneurship and business by 

enhancing operational effectiveness, supporting data-driven decision-making, and elevating customer 

experience. As AI technology continues to evolve rapidly, its utilization becomes essential for increasing 

productivity, maintaining competitiveness, and fostering innovation in numerous industry sectors. Despite these 

advantages, several challenges accompany AI adoption, including algorithmic bias, workforce displacement, and 

potential regulatory violations (Md Firoz & Md Atiqur, 2025). Beyond its role in mobile devices, AI is steadily 

becoming a strategic asset in the business domain, adopted by both large corporations and small to 

medium-sized enterprises (SMEs). It is now widely implemented in modern business environments, 

continuously developed by IT experts and business professionals. Nevertheless, in countries such as Ukraine, 

many businesses still encounter significant barriers to accessing and deploying intelligent technologies, often 

perceiving them as costly or complex (Kraus et al., 2022). 

In the academic literature, efforts have been made to categorize emotional concepts such as emotion, affect, 

feeling, and mood: 

• Emotion is described as an immediate and intense reaction to stimuli. 

• Affect refers to the outcome of ongoing emotional and social interactions. 

• Feelings are subjective emotional experiences linked to specific events or memories. 

• Mood denotes a more subtle, prolonged emotional state that influences general disposition. 

With the ongoing progress in smart technologies and industry, there is a growing demand for systems that can 

interpret human emotional states. Automated Emotion Evaluation (AEE) has become a valuable component in 

Abstract 

Customer emotion detection is a critical aspect in improving customer experience and happiness in the 

digital era. This study examines several experiments on the Customer Emotion Detecting Device (CEDD), 

an AI-based system that uses multimodal sensors—such as facial expressions, vocal tone, and 

physiological signals—for real-time emotion recognition. CEDD increases accuracy and contextual 

relevance by combining Convolutional Neural Networks (CNN) with Recurrent Neural Networks (RNN). 

Its applications are many, including retail, healthcare, and education. However, issues like as data 

privacy, algorithmic bias, and high implementation costs remain important to its ethical and effective 

application. 

Keywords: emotion detection, artificial intelligence (ai), customer experience, real-time analysis, 

physiological sensors. 

 



A Systematic Study of Multimodal Emotion Detection in Customer System 

| IJMER | ISSN: 2249–6645 |             www.ijmer.com         | Vol. 15 | Iss. 3 | May.-June.2025| 170 | 

fields like robotics, advertising, education, and entertainment (Dzedzickis et al., 2020) The strategy of 

emotion-based marketing seeks to create emotional resonance with consumers, strengthening their connection 

with a brand and ultimately boosting sales performance. 

Although notable progress has been achieved in emotion recognition via multimodal inputs such as 

facial cues, speech tone, and bodily gestures, emotion detection from textual sources remains a complex 

challenge. High-performing text-based emotion recognition systems still face limitations, especially in detecting 

emotion without relying on the text’s length while also accounting for context and expression variability. 

Generally, there are four primary methods for identifying emotions in text: 1) keyword-based techniques, 2) 

machine learning approaches, 3) lexical affinity models, and 4) hybrid frameworks. Each has its own strengths 

and limitations. Among them, hybrid models show great promise due to their ability to merge multiple 

approaches, though selecting the optimal combination remains a key challenge (Ramalingam et al., 2018). 

The task of emotion recognition through images is another area of research with promising applications 

in social communication but also considerable complexity. Deep learning (DL)-based techniques have 

demonstrated superior outcomes compared to conventional image processing approaches (Palash & Bhargava, 

n.d.). This paper introduces an AI-powered system designed to identify human emotions using facial expressions. 

The method includes three primary phases: detecting facial regions, extracting facial features, and classifying 

the corresponding emotion. The architecture is based on Convolutional Neural Networks (CNNs), a deep 

learning model tailored for image analysis tasks. Its effectiveness is evaluated using two datasets: the Facial 

Emotion Recognition Challenge (FERC-2013) and the Japanese Female Facial Expression (JAFFE) dataset. 

Results show that the system achieved an accuracy of 70.14% on FERC-2013 and 98.65% on JAFFE. (2020 

International Conference for Emerging Technology (INCET), 2020). 

In this regard, the Customer Emotion Detecting Device (CEDD) stands out as a technological 

innovation aimed at delivering real-time emotional analysis of consumers with high precision while embedding 

ethical safeguards to mitigate risks related to privacy and algorithmic bias (Bui, 2021). A practical response to 

these issues is the integration of Emotional Intelligence (EI) into AI systems, enabling them to recognize 

emotions through multimodal machine learning methods like CNN and Recurrent Neural Networks (RNN). 

Nonetheless, challenges remain due to cultural differences, complex data handling, and ethical concerns 

involving potential biases and privacy threats (Narimisaei et al., 2024). 

 

II. Method 
This study applies a systematic framework to explore the potential use of a Customer Emotion 

Detecting Device (CEDD) in diverse industrial sectors. The CEDD system is developed using Artificial 

Intelligence (AI) technologies, focusing on deep learning methods, particularly Convolutional Neural Networks 

(CNN) and Recurrent Neural Networks (RNN). CNN is a type of neural network engineered for pattern 

recognition and is highly efficient for analyzing visual data (Transformer, 2023). Its structure consists of several 

core layers: an input layer to receive raw imagery, convolutional layers to extract features through filter 

operations, activation layers for introducing non-linearity, pooling layers to reduce dimensionality and 

computational load, and fully connected layers that output predictions in vector form. CNNs are widely utilized 

in areas such as visual surveillance, object detection, and image-based classification. The accuracy of feature 

extraction and decision-making can be enhanced by integrating CNN with approaches like YOLO and Gaussian 

Mixture Models (GMM) (Jogin et al., 2018). Meanwhile, RNNs are designed to process sequential data by 

forming directed cycles in their architecture, enabling them to maintain context over time. Unlike standard 

feedforward networks, RNNs can store and reuse information from earlier steps in a sequence, making them 

particularly effective for tasks such as continuous speech and handwriting recognition (Murugan, 2018). By 

combining CNN and RNN, the CEDD system is able to conduct more precise and context-aware emotion 

analysis. The upcoming sections will describe the system’s architecture, data flow, and model design in greater 

depth. 

 

III. Results 
3.1 How CEDD Works 

The Customer Emotion Detecting Device (CEDD) operates by identifying and analyzing users' 

emotional states in real time, utilizing multiple sensors to capture emotional cues from customer interactions 

(Almulla, 2024). The process initiates with the data acquisition phase, during which tools like cameras (for 

facial expression detection), microphones (for analyzing voice tone), and physiological sensors (such as heart 

rate monitors or galvanic skin response detectors) gather raw data from the user.  Once the input is collected, it 

proceeds to the pre-processing stage, where raw signals are cleaned, normalized, and transformed for analysis. 

For instance, facial images are cropped and resized, and audio inputs are filtered to remove ambient 

noise—ensuring that only emotion-relevant features remain. The refined data is then processed through two core 
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pathways within the AI model: Convolutional Neural Networks (CNNs) and Recurrent Neural Networks 

(RNNs). 

CNNs are responsible for analyzing static visual elements of the face, such as smiling patterns, forehead 

muscle tension, or wrinkles around the eyes (Ouyang, 2023). These networks automatically extract spatial 

features that correlate with basic emotional expressions like happiness, anger, or surprise (Lian et al., 2023). 

Meanwhile, RNNs handle temporal or sequential data, such as changes in voice pitch or speech flow. Their 

design allows the system to interpret emotional context over time by following the sequence of vocal and facial 

changes. 

The final stage involves classification and emotion inference, where outputs from the CNN and RNN 

models are processed either independently or in a hybrid structure (Kim et al., 2023). The system calculates a 

confidence score to determine the most probable emotional state of the user—such as joy, sadness, fear, or 

neutrality (Pan & Wu, 2023). These insights can then be applied in practical domains such as customized 

customer service, intelligent product recommendation systems, or automated decision-making processes (Ullah 

et al., 2023).  

 
3.2 The Potential of CEDD 

The Customer Emotion Detecting Device (CEDD) holds significant potential across various industries due to its 

ability to assess and interpret human emotions in real-time using advanced sensors and artificial intelligence 

algorithms (Rajapakshe et al., n.d.). This technology enables businesses to improve consumer interactions, tailor 

offerings, and provide more personalized experiences. 

1. Retail Industry 

Emotion detection technology has revolutionized customer experience, particularly in the retail sector. By 

utilizing a combination of machine learning algorithms, sensors, and biometric analysis—based on facial 

expressions, voice intonation, and other physiological cues—these systems can accurately identify human 

emotions. This not only improves direct customer interactions but also contributes to increased sales and 

long-term strategic planning in the market (Van Thanh, n.d.). 

2. Health Sector 

In the healthcare industry, emotion recognition technologies have gained substantial attention, particularly in 

three areas: application scenarios, multimodal approaches, and clinical applications. Key implications include: 

(i) Healthcare professionals can now detect and manage emotions remotely, thanks to the advancement of 

emotion identification technologies. 

(ii) The use of a multimodal approach based on objective physiological signals is expected to improve the 

accuracy of medical diagnoses, replacing the traditional reliance on subjective emotional assessments. 

(iii) Real-time emotion monitoring has proven especially valuable in clinical practice, given the increasing 

recognition of the connection between emotional states and health conditions during diagnosis, treatment, and 

recovery (Guo et al., 2024). 

3. Academy 

For instance, Khuntia and Kale (2024) developed a system capable of recognizing and converting facial 

expressions into emojis to offer immediate feedback in online learning environments. The system employs 

image processing algorithms and deep neural networks to accurately classify facial expressions, which are then 

used to personalize learning content in real-time. This approach highlights how incorporating CEDD technology 

into e-learning platforms can enhance student interaction and engagement by providing timely and meaningful 

emotional feedback (Khuntia & Kale, 2024). 
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IV. Discussion 
While the Customer Emotion Detecting Device (CEDD) holds vast potential across various industries, 

its implementation faces several significant challenges (Geng et al., 2023). A primary concern is the accuracy of 

emotion detection, which can be affected by factors such as environmental conditions, individual differences, 

and the quality of input data, such as facial expressions or vocal tone (Latif et al., 2022). These variables can 

make emotion recognition systems prone to errors, especially in complex, dynamic real-world situations. 

In addition, the cost of implementing CEDD—particularly those involving advanced sensors and 

AI-driven processing infrastructure—remains high, posing a barrier to widespread adoption, particularly in areas 

with limited resources (Häuselmann et al., n.d.). Ethical concerns also play a major role, especially regarding 

user privacy. The collection of biometric data, including facial features, voice, and gestures, raises serious 

privacy risks, especially if collected without clear consent or adequate data protection measures (Mattioli & 

Cabitza, 2024). 

Moreover, ethical concerns regarding privacy remain a critical issue. The gathering of sensitive 

biometric data, such as facial recognition, voice recordings, and gestures, can lead to potential privacy breaches 

if done without explicit consent or proper safeguards (Latif et al., 2022).  Consequently, there is a pressing 

need for stringent regulations and a transparent, participatory approach in the development and deployment of 

these technologies to ensure their fair and ethical use across various industries and society as a whole. 

CEDD is a deep learning-driven innovation that uses a contextual and multimodal approach to detect 

human emotions more accurately and flexibly. By combining Convolutional Neural Networks (CNNs) and 

Recurrent Neural Networks (RNNs), CEDD can simultaneously process facial expressions, voice cues, and 

conversational context, making it a promising tool for industries such as retail, healthcare, education, and 

entertainment. 

This cross-industry potential highlights that emotions are not merely subjective elements; they can be 

seen as valuable strategic data for enhancing service personalization, predicting user behavior, and enabling 

more human-centered decision-making. However, issues like privacy concerns, algorithmic bias, and the need 

for ethical oversight remain essential challenges that must be addressed before CEDD can be widely and 

responsibly adopted. With continued development and an inclusive approach, CEDD has the potential to 

become a pivotal technology in driving future digital transformation through empathy and a deeper 

understanding of human emotions. 
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