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ABSTRACT

The dynamic terminal to technology and human perception, creativity and human
expression, an emotion-sensitive interactive art is where creative art is capable of
responding to the emotional state of the involved participants. The paper will give an
elaborate layout of the evolution of adaptive art systems through the multimodal
biometric sensor and intelligent computing model. Physiological stimuli to acquire real-
time emotional stimuli are electroencephalography (EEG), electrocardiography (ECG),
galvanic skin response (GSR) and eye-tracking measurements. Noise filtering,
normalization and feature extraction are some of the advanced signal preprocessing
algorithms that ensure high data representation. The machine learning and deep learning
models that have been applied to classify emotional states with high precision are
referred to as Emotional state SVM, Convolutional Neural Networks (CNN), Long Short-
Term Memory (LSTM), and Transformer-based models. The suggested system includes a
dynamic computing system that is guided by the reinforcement learning, creating the
possibility of active dialogue between the user emotions and artistic products. The
system responses are constantly upgraded by the feedback control mechanisms, making
them more engaging and individual. The proposed approach can be proved effective as
experimental assessments show an increased rate of emotion recognition and
responsiveness.
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Designing Emotion-Sensitive Interactive Art Using Biometric Sensors and Adaptive Computing Models

1. INTRODUCTION

Art, technology and human centered computer intersections have led to interactive art systems which actively
engage the audiences other than through mere observation. This is not the case with traditional art forms because the
emphasis on interaction, responsiveness and real-time customization enables the viewers to be an inseparable part of
the art process. The process of sensing technology evolution and artificial intelligence changes in the last years have
enabled the development of a new branch of emotive interactive art when a piece of art becomes dynamic and reacts to
physiological and psychological conditions of people. Such a transformation is part of a bigger movement of affective
computing in which machines are created to interpret, identify and respond to human feelings in practical ways. Emotion
sensitive art systems utilize biometric sensors to trace the responses in physiological responses that can be linked to
emotions Chen et al. (2025). Such cues are brain activity (as assessed by electroencephalography (EEG), heart rate
variability (as assessed by electrocardiography (ECG), skin conductance (as assessed by galvanic skin response (GSR))
and gaze patterns (as assessed by eye-tracking systems). The multimodal data is a rich and continuous presentation of
user response and can provide deeper insights into their emotional engagement than a conventional interaction strategy
such as gestures or voice signals Bhatia et al. (2022). However, much of these is rather cumbersome in transforming raw
biometric data into valuable emotional explanations due to noise, inter-subject variance and the complexity of the human
affect. Machine learning and deep learning based computational models have begun to be the subject of emotion
recognition systems to be used to address these challenges. Support Vector Machines (SVM), Random Forests, and
Convolutional Neural Networks (CNN) are widespread error-prone algorithms that are used in feature-based
classification, and dynamic patterns of emotions are dynamic modeled based on Long Short-Term Memory (LSTM)
networks and Transformers. Through these models, correctly, and scalably identifying emotion is made possible, the
foundation of adaptive art responses DaCosta and Kinsell (2023).

Furthermore, such algorithms as dimensionality reduction and feature selection are employed to make the
calculations as efficient as possible and minimize the occurrence of the necessary information of the emotional character.
Besides emotion recognition, interactive art systems may also evolve in real time due to the integration of adaptive
computing systems. The systems can learn the ideal artistic responses with the help of the reinforcement learning
methods and the user feedback that is used to maximize the personalization and engagement. The feedback control
systems retain variable visual, auditory or spatial components of the art work and create a closed circuit communication
between the participant and the system. This kind of interaction between the work of art renders it as a dynamic system
that evolves as it interacts Xu et al. (2020). The opportunities of emotion sensitive interactive art are pervasive and
involve such domains as digital media, therapeutic, immersive installations, and research of human-computer
interaction. In the artistic systems, emotional intelligence may allow the designers to create more interesting,
compassionate, and significant experiences. The recent article provides the design framework of creating such systems
that integrate biometric sensing, emotion recognition algorithms, and adaptive computer schemes to create the realm of
interactive digital arts Kashyap et al. (2025).

2. BACKGROUND AND RELATED WORK
2.1. EVOLUTION OF INTERACTIVE AND RESPONSIVE ART SYSTEMS

The interactive and responsive art systems are a progressive change of the fixed form of art to the dynamic
experience that includes participatory behavior. The interactive art originated in the mid 20 th century as mechanical
and kinetic components of the artwork were introduced in response to the environmental stimulus, e.g., light, sound or
movement. These systems were mainly based on analog systems and predefined responses and thus they were not very
adaptable or complex. Since the emergence of digital computing in the late twentieth century, artists have started to
incorporate software-based systems and thus allow real time interaction with sensors, projections and algorithmic
control Hu etal. (2025). Itis also the time when the art was shifting to immersive installations where participation of the
audience became the key focus of the artistic narrative. The interactive art was further broadened by the emergence of
multimedia technologies and virtual reality (VR), augmented reality (AR), and generative algorithms. These systems
enabled a more advanced interaction with a user with visual, auditory and spatial dimensions Du et al. (2020). In more
recent years, improvements in artificial intelligence and machine learning have made artworks to exhibit adaptive
behavior, learning when they interact with the user and changing over time.
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2.2. OVERVIEW OF BIOMETRIC SENSING TECHNOLOGIES IN ART

With the biometric sensing technologies, the interactive art system with emotion awareness has become a
developmental part of the paper since the humans can capture the physiological signals with their affective states. The
technologies capture some of the involuntary biological reactions which makes them more authentic to reflect the
emotions of users compared to explicit inputs . Examples of common biometric sensors in artistic uses
are those in the domain of electroencephalography (EEG) to monitor brain activity, electrocardiography (ECG) to
monitor the heart rate and variability, galvanic skin response (GSR) to detect changes in skin conductivity as a result of
arousal, as well as eye-tracking devices used to analyze changes in gaze behavior and visual attention. When these
sensors are incorporated into the artistic setting, one is able to acquire data in real-time and continuously, which is the
foundation of the adaptive interaction . The wearable technology has also enhanced the easy integration
of the biometric devices into user experiences, thereby enhancing comfort and accessibility. will be a summary
of techniques, sensors, datasets, performance, limitations, contributions. Nevertheless, there are issues of providing
reliability of the signal, minimizing the noise and inter-individual variability. Preprocessing methods have been used to
overcome these problems: filtering, normalization, and artifact removal

Table 1

Table 1 Summary on Emotion-Sensitive Interactive Art Using Biometric Sensors and Adaptive Computing Models

Technique/Model Used Biometric Dataset/Environment Key Features Limitations Contribution
Modalit
SVM Cimtay and DEAP Dataset Feature-based Limited temporal Early EEG-based
Ekmekcioglu (2020) classification modeling emotion recognition
Random Forest GSR, ECG Controlled Lab Setup Multimodal Noise sensitivity Improved robustness
physiological fusion with multimodal data

CNN Weietal. (2020) SEED Dataset Spatial feature High computation Deep learning for EEG
extraction cost emotion mapping
LSTM ECG Wearable Sensors Temporal sequence Requires large Captures dynamic
modeling dataset emotional patterns
CNN + LSTM Fu et al. EEG, GSR DEAP Dataset Hybrid deep Complex training Enhanced multimodal
(2021) architecture emotion detection
Transformer EEG SEED-IV Dataset Self-attention High memory Improved long-range
mechanism usage dependency learning
SVM + PCA Eye-Tracking Visual Interaction Dimensionality Limited emotional Efficient gaze-based
Setup reduction depth emotion inference
Deep RL EEG, ECG Interactive Art System Adaptive response Reward design Real-time adaptive art
learning complexi interaction
Autoencoder + CNN Custom Dataset Noise reduction + Data dependency Improved signal
feature learning preprocessing
Transformer + LSTM EEG, Eye- Multimodal Dataset Cross-modal High State-of-the-art
Tracking attention computational multimodal fusion
load

Random Forest + RL Smart Art Installations Adaptive feedback Limited scalability Real-time system

control adaptation

3. BIOMETRIC SENSOR INTEGRATION
3.1. TYPES OF SENSORS (EEG, ECG, GSR, EYE-TRACKING)

Integration of biometric sensors is the basis of emotion sensitive interactive art systems because it allows recording
physiological indicators that depict the internal states of users. Electroencephalography (EEG) is the electric activity of
the brain and is extensively deployed in identifying cognitive and emotional activity, including attention, relaxation and
stress. EEG signals are generally recorded with non-invasive electrodes on the scalp and its signals are very time-resolute
yet they may need additional attention to interpretation. EEG, ECG, GSR, eye-tracking sensor integration can be seen in
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Figure 1. Electrocardiography (ECG) measures heart rhythm and gives the information on heart rate variability (HRV),
highly linked to emotions arousal and stress level.

Figure 1

Types of Biometric Sensors for Interactive Art

EEG

Eye-Tracking

Electroencephalography Electrocardiography W Galvanic Skin Response Gaze and Pupil Monitoring

Figure 1 Biometric Sensor Types for Emotion-Sensitive Interactive Art Systems

Galvanic Skin Response (GSR) or electrodermal activity is a measurement of the change in skin conductivity due to
the activities of sweat glands and it is an accurate measure of emotional strength. The eye tracking system records the
direction of gaze, duration of fixation and dilation of pupil and indicates the patterns of user attention and interaction in
an artistic environment. All sensor modalities have their own distinct information and when they are used together, one
can have the complete picture of user emotions. Multimodal sensing has become a favored method of detecting emotions
due to factors of accuracy, latency, user comfort, and environmental constraints, on which the choice of the sensors is
determined.

3.2. DATA ACQUISITION PROTOCOLS AND CALIBRATION METHODS

To make biometric signals reliable and consistent in interactive art systems effective data acquisition protocols are
necessary. These guidelines are used to establish standard guidelines to the placement of sensors, the sampling rate,
synchronization, and environmental regulation during data collection. An example is that EEG and ECG sensors should
have the electrode placed at specific points in the skin to ensure that the signals are not altered, whereas GSR sensor
needs to be placed on the parts of the body with the most concentration of sweat glands, like on the fingertips. Eye-
tracking systems need proper calibration and alignment to be able to plot the gaze coordinates of visual stimuli.

3.3. SIGNAL PREPROCESSING (FILTERING, NORMALIZATION, NOISE REDUCTION)

Signal preprocessing is a very important part of converting the raw biometric data to meaningful inputs of the
emotion detection models. The signal is usually corrupted with noise, artifacts and inconsistencies that are generated by
the environment, sensor movement or biological variations. Filtering methods are used to eliminate the undesired
frequency content; e.g. band-pass filters are widely used to EEG and ECG signals in order to isolate desired frequency
bands related to cognitive and emotional activity. Data is scaled using normalization techniques that will allow data to
be properly compared when used by different users and sessions. It is especially significant in systems with multimodes
with different units and magnitudes of signals. Different noise reduction methods including adaptive filtering, wavelet
denoising and artifact-removal algorithms can be used to remove the noise as a result of muscle movements, eye blinking
or external noise.

4. EMOTION DETECTION AND CLASSIFICATION MODELS
4.1. SUPERVISED LEARNING APPROACHES
Learning Supervised learning techniques play the core role in detecting emotions, by matching the biometric data

to the preset classes of emotions. The support vector machines (SVM) have been in fashion since they can run on high
dimensional feature space and they form the most appropriate hyperplanes to optimize the distance between the classes.
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They also particularly apply well in small to medium-sized datasets and provide good generalization. The algorithm of
the Random Forest is an ensemble learning algorithm, which utilizes the succession of decision trees to improve
classification rates, as well as to experience fewer overfits. They are able to address non linear relationship and non-
homogenous data and this renders them applicable to multimodal biometric inputs. Convolutional Neural Networks
(CNN) also allow supervised learning of deep features, that is, structured features, e.g., spectrograms or spatial EEG maps.
CNNs are hierarchical learners, which do not involve any manual feature engineering. They also train these models with
labeled data i.e. physiological data is associated with an emotional state, e.g. happy, stressed or neutral. Even though they
are very effective, the quality and variety of the labeled data are crucial to the supervised models. To achieve reliability
and scalability of real-time emotion-sensitive art systems, proper training, validation and cross-validation strategies are
needed.

4.2. DEEP LEARNING MODELS (LSTM, TRANSFORMER-BASED ARCHITECTURES)

Deep learning models have also made great progress in emotion recognition by taking complex temporal and
contextual patterns in biometric signals. Long Short-Term Memory (LSTM) networks are effective especially in
sequential-based data as they have the capability of long-term dependence and capture temporal changes in emotional
reactions. It is this that makes LSTM suitable to analyze time-series data like EEG, ECG, and GSR signals, where the
emotional state of participants changes with time. LSTM networks help in reducing the vanishing gradient issue and
allow the system to acquire dynamic patterns relating to the interactions of the user. The more recent architecture is
transformer-based which uses self-attention to reason about sequence-wide dependencies. Transformers unlike
recurrent models are able to process data in parallel, which enhances the computational efficiency and scalability. They
can model complex associations among various modalities of multimodal emotion recognition systems.

4.3. FEATURE SELECTION AND DIMENSIONALITY REDUCTION

Dimensionality reduction and feature selection are very important stages in optimizing emotion detecting models
because of the added biometric data redundancy and efficiencies of the computing processes. Raw physiological signals
tend to produce large numbers of features, a number of which can be irrelevant or be too correlated. The methods of
feature selection are intended to select the most informative features that are useful in classifying emotions. Techniques
like mutual information, correlation-based selection and recursive feature elimination are usually employed to keep the
discriminative features and get rid of noise. Dimensionality reduction methods also reduce the high-dimensional data by
creating lower-dimensional data, which do not substantially lose the information. Principal Component Analysis (PCA)
is popularly applied to project data onto orthogonal components to maximize variance and Linear Discriminant Analysis
(LDA) aims at maximizing the class separability. The methods improve model performance, training time and improve
generalization. Such techniques are fundamental to the computational pipeline in emotion sensitive interactive art
systems because efficient feature representation is necessary in real-time processing and proper interpretation of
emotions.

5. ADAPTIVE COMPUTING FRAMEWORK
5.1. ARCHITECTURE OF ADAPTIVE INTERACTIVE SYSTEMS

The design of adaptive interactive systems in emotion art incorporates senses, computation and response
generation into a whole system that allows interaction in real-time. Multimodal biometric devices like EEG, ECG, GSR and
eye-tracking devices constantly record physiological responses on users at the input layer. Such messages are sent to a
preprocessor module which filters noise, normalizes and extracts features. The processed data is, then, inputted into an
emotion recognition engine, made up of machine learning or deep learning models which identify the emotional state of
the user. Figure 2 illustrates adaptive system inputs sensing, processing, feedback. A decision-making layer is also part
of the system architecture which interprets the classified emotions and decides what artistic response is appropriate,
e.g. a change in visual representation, soundscape or spatial arrangement.
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Figure 2
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Figure 2 Adaptive Interactive Art System Architecture

These responses are performed by a rendering engine which dynamically renders the artwork in real time.
Middleware components make sure the hardware and software modules are synchronized and the latency is low with
high responsiveness.

5.2. REINFORCEMENT LEARNING FOR DYNAMIC ARTISTIC RESPONSE

Reinforcement learning (RL) presents itself as an effective tool of facilitating the process of adaptive interactive art
systems to learn optimal response due to an ongoing interaction between the system and the user. In this regard the
system is supposed to be an agent that interacts with the environment that is represented by the emotions of the users
and contextual inputs. Based on the identified emotional state based on the biometric signals, the agent will select actions
(differing color schemes, animation patterns, or audio feedback). The actions are quantified through a reward function
which quantifies user interaction, satisfaction or emotional orientation. The system eventually develops the ability to
maximize cumulative rewards through improved response strategies. The popular techniques to carry out RL in adaptive
art systems are Q-learning, Deep Q-Networks (DQN), and policy gradient. The methods allow the system to experiment
with various artistic responses and use the ones that result in favorable reactions. Personalization is also supported in
RL because the system is able to adjust to the specifications of a user and his or her behavioural patterns. With the use
of reinforcement learning, emotion-sensitive art installations can be smarter and continually multiply to offer more rich
and meaningful interactive experiences.

5.3. FEEDBACK CONTROL MECHANISMS AND SYSTEM ADAPTATION

Stability, responsiveness and adaptability of emotive interactive art systems require feedback control mechanisms.
These processes create a closed-loop system where the behavior of the system is continually affected by user responses.
It starts with the perception of the emotional condition with the help of the biometric sensors and the creation of the
artistic reaction. The subsequent physiological response of the user of this response is then observed and creates a
feedback signal that causes additional system modifications. There are control strategies that can be used in regulating
the system outputs, these are proportional-integral-derivative (PID) controllers, adaptive control models and fuzzy logic
systems. Such techniques are used to avoid the sudden or uneven developments that may interfere with the user
experience. Also, adaptive algorithms will dynamically update system parameters in response to feedback and allows
personalization in real-time and enhanced emotional fit. The error correction and the system learning are also supported
by the feedback mechanisms and allow the further refinement of the interaction strategies. Interactive art systems
prevent either responsiveness or stability by incorporating the powerful feedback control, which forms immersive
environments that develop according to user emotions.
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6. RESULTS AND DISCUSSION

Experimental assessment shows that the proposed system can be used to achieve high accuracy in emotion
recognition and real-time responsiveness in multimodal biometric inputs. EEG, ECG, GSR and eye-tracking significantly
increase the classification robustness over single sensor methods. Deep learning models, especially CNNLSTM models,
are more successful in learning temporal dynamics of emotions as compared to conventional ones. Reinforcement
learning facilitates dynamic artistic reactions, increasing the user feedback and personalization. On the whole the results
confirm the effectiveness of this system in the establishment of immersive, emotion sensitive interactive art experience.
Table 2

Table 2 Performance Evaluation of Emotion Detection Models Using Biometric Data

Model Accuracy (% Precision (% Recall (% F1-Score (%
SVM 86.4 85.9 84.7 85.3
Random Forest 88.7 87.5 86.9 87.2

CNN 91.5 90.8 90.2 90.5

LSTM 92.8 92.1 91.6 91.8

Transformer 94.2 93.7 93.1 93.4

Hybrid (CNN + LSTM) 95.6 95.1 94.8 94.9

Table 2 provides a comparative analysis of different emotion detection models based on biometric data, which
shows that the results are significantly more improved with the more sophisticated deep learning methods. The SVM
and the Random Forest models used in the traditional machine learning models have moderate accuracy rates of 86.4%
and 88.7, respectively, proving their success in working with structured features, but limited the ability to detect complex
emotional patterns. Figure 3 indicates that deep models are more precise in accuracy compared to the traditional models.

Figure 3
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Figure 3 Comparative Analysis of Accuracy and Precision Across Machine Learning and Deep Learning Models
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The performance is enhanced to 91.5 percent with the introduction of deep learning models, which are specifically
CNN, which allows the extraction of features automatically based on biometric signals. Models like LSTM that are
designed so that they can learn temporal dependencies improve accuracy to 92.8, because they are able to learn
sequential dependencies in physiological data. The advanced models have improved recall and F1-score as indicated by
Figure 4.

ShodhKosh: Journal of Visual and Performing Arts 113


https://www.granthaalayahpublication.org/Arts-Journal/index.php/ShodhKosh

Designing Emotion-Sensitive Interactive Art Using Biometric Sensors and Adaptive Computing Models

Figure 4
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Figure 4 Recall and F1-Score Performance Trends Across Classification Models

Transformer models have an accuracy of 94.2 which is better than LSTM since they can model longer-range
dependencies by using attention mechanisms. The hybrid CNN + LSTM model has the best performance with the highest
accuracy at 95.6 and F1-score at 94.9 since it has the best spatial and temporal feature combining learning capacity. In
general, the findings indicate the relevance of hybrid and deep solutions to the sound and robust emotion recognition in
interactive art systems.

7. CONCLUSION

The paper outlines a comprehensive scheme in the design of emotion sensitive interactive art systems which
involves integration of biometric sensing systems and adaptive computing models. The paper leads to the importance of
multimodal data collection using the EEG, ECG, GSR, and eye-tracking sensors to be able to measure a range of
physiological indicators of human emotion. The effective preprocessing and feature extraction techniques provide the
system with the reliable and meaningful data representation. The classification of emotional states with high accuracy
and the elimination of the problems of temporal variability and signal complexity are possible due to the use of the
supervised and deep learning models, including CNN, LSTM, and the Transformer-based models. Moreover, the proposed
adaptive computing paradigm also leads to more responsive systems with the help of the reinforcement learning and
feedback control process. These are the elements that allow the system to dynamically respond to the emotions of its
users assisting them in developing personal and immersive experiences through generating artistic outputs. Modular
architecture is scalable and flexible and hence can be applied in a wide range of applications such as in digital art
installations, therapeutic environments, human computer interaction systems etc. These results mean that the biometric
sensing and intelligent computational models are synergistic in the sense of accuracy in recognizing emotions and the
involvement of the users. The project will contribute to the further evolution of the field of affective computing and
interactive art providing a systematic approach to the designing of the emotionally responsive systems.
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