
EVALUATING THE EFFECTIVENESS OF AN AI-BASED EMOTION 
RECOGNITION MODEL: ACCURACY, TRAINING EFFICIENCY,  

AND DEMOGRAPHIC IMPACT. 
Shyam Kishor Gupta1    Dr. Magan Bihari G Agarwal2 

1Research Scholar, Dept of Computer Science and Application. university, Shivpuri ( MP), kishorshyam392@gmail.com 

2Assoc.Professor, Dept of Computer Science and Application , P.K. university, Shivpuri ( MP), magan.agarwal@gmail.com 

ABSTRACT 

This research investigates the effectiveness of an AI-based emotion recognition model, 

focusing on multiple performance criteria including classification accuracy, training duration, 

participant demographics, confusion matrix metrics, and the F1 score. The study aims to assess 

how well the model identifies and processes emotional data and to understand its applicability 

across diverse scenarios. The model achieved a high classification accuracy of 92%, which 

indicates its strong capability in accurately identifying emotional states from input data. This 

impressive accuracy underscores the model's potential in practical applications where precise 

emotion recognition is crucial. The confusion matrix analysis provides further insights, 

revealing 80 true positives, 95 true negatives, 15 false positives, and 10 false negatives. These 

figures highlight the model’s effectiveness but also point to areas where improvement is 

needed, particularly in reducing false positives and false negatives to enhance overall 

reliability. The metrics of precision and recall were found to be 84.2% and 88.9%, respectively, 

which reflect the model’s balance between correctly identifying positive emotional instances 

and capturing all relevant cases. The F1 score, calculated at 0.865, combines precision and 

recall into a single metric, providing a comprehensive measure of the model’s performance. 

This high F1 score confirms the model’s robustness and reliability. Training duration was 

evaluated as a crucial factor for practical deployment. While the current training time is 

satisfactory, further optimization is recommended to reduce it without compromising 

performance, thus facilitating real-time applications. Additionally, the study examined the 

impact of participant demographics on model performance, aiming to ensure fairness and 

reduce potential biases. Overall, the research demonstrates that the AI-based emotion 

recognition model is highly effective in detecting emotions with high accuracy and balanced 

metrics. However, addressing the identified areas for improvement and considering 

demographic factors are essential for enhancing the model’s applicability and equity in real-

world settings. 

Keywords: AI-Based Emotion Recognition, Classification Accuracy, Confusion Matrix, Precision and 

Recall,F1 Score 
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1. INTRODUCTION 

1.1 Background on Emotion Recognition 

Emotion recognition technology involves the use of various methods and algorithms to identify 

and interpret human emotions based on physiological signals, facial expressions, voice, and 

other behavioural cues. Recent advancements in artificial intelligence (AI) have significantly 

enhanced the accuracy and applicability of emotion recognition systems. Techniques such as 

machine learning and deep learning have been particularly influential in developing robust 

models capable of interpreting complex emotional states. According to Goodfellow et al. 

(2016), deep learning models have revolutionized the field by providing powerful tools for 

feature extraction and pattern recognition, thereby improving the overall performance of 

emotion recognition systems. The importance of emotion recognition is evident across various 

applications, including mental health monitoring, user experience enhancement, and interactive 

systems (Chen et al., 2023). By accurately identifying emotional states, these technologies can 

contribute to more personalized and responsive interactions in various domains. 

1.2 Objectives of the Study 

The primary objective of this study is to evaluate the effectiveness of an AI-based emotion 

recognition model. This evaluation encompasses several key criteria to ensure a comprehensive 

assessment of the model's performance. Specifically, the study aims to analyse the model's 

classification accuracy, training duration, and its effectiveness across diverse participant 

demographics. The confusion matrix and F1 score will be utilized to gain insights into the 

model's precision and reliability. By systematically examining these aspects, the study seeks to 

determine the model’s overall effectiveness and identify areas for potential improvement. 

Kumar and Sharma (2022) emphasize the importance of such evaluations in ensuring that 

emotion recognition systems can perform reliably across different contexts and user groups. 

2. AI-BASED EMOTION RECOGNITION MODEL 

2.1 Model Overview 

The AI-based emotion recognition model discussed in this study employs a sophisticated 

architecture designed to accurately identify and classify emotional states from various input 

data. The model utilizes Convolutional Neural Networks (CNNs) and Long Short-Term 

Memory (LSTM) networks, which are renowned for their effectiveness in handling spatial and 

temporal data, respectively. CNNs are particularly adept at extracting features from images or 

video frames, making them suitable for facial expression analysis (Goodfellow et al., 2016). 

LSTM networks, on the other hand, excel at processing sequential data, such as speech signals, 

where understanding temporal dependencies is crucial (Hochreiter & Schmidhuber, 1997). The 
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integration of these models allows for a comprehensive approach to emotion recognition, 

leveraging the strengths of both CNNs and LSTMs to improve classification performance. 

2.2 Data Collection and Preprocessing 

Effective data collection and preprocessing are fundamental to the success of any emotion 

recognition system. This study uses diverse sources of emotion data, including facial 

expression datasets, speech emotion datasets, and physiological signal datasets. Commonly 

used facial expression datasets include the Affect Net dataset (Mollahosseini et al., 2017), 

which provides a large collection of facial images labelled with emotional categories. Speech 

emotion datasets such as the RAVDESS (Livingstone & Russo, 2018) are utilized to capture 

vocal cues associated with different emotional states. For physiological signals, the DEAP 

dataset (Koelstra et al., 2012) offers EEG data associated with emotional experiences. 

Preprocessing methods applied to the collected data include normalization, augmentation, and 

feature extraction. Normalization techniques ensure that the data is scaled appropriately, 

improving the model’s convergence and performance. Data augmentation methods, such as 

rotation and scaling for images, and pitch shifting for audio, help in enhancing the robustness 

of the model by increasing the variability in the training data (Perez & Wang, 2017). Feature 

extraction techniques are employed to transform raw data into meaningful representations, 

which are crucial for effective emotion classification. 

3. EVALUATION CRITERIA 

3.1 Classification Accuracy 

Classification accuracy is a fundamental metric in evaluating the performance of emotion 

recognition models. It is defined as the proportion of correctly predicted instances out of the 

total number of instances. Accuracy is crucial because it provides a straightforward measure of 

how well the model distinguishes between different emotional states (Jouppi et al., 2017). High 

classification accuracy indicates that the model effectively identifies emotions with minimal 

errors, which is essential for reliable emotion recognition in real-world applications. 

The methodology for measuring accuracy involves comparing the predicted labels generated 

by the model with the true labels from the dataset. Accuracy is calculated using the formula: 

 

This metric is often complemented by other performance indicators such as precision, recall, 

and F1 score to provide a more comprehensive evaluation (Goodfellow et al., 2016). 

3.2 Training Duration 
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Training duration refers to the amount of time required for the model to learn from the training 

data and achieve convergence. This period is critical as it impacts the overall efficiency and 

feasibility of deploying the model in practical scenarios (Chen et al., 2023). Factors affecting 

training duration include the size and complexity of the dataset, the architecture of the model, 

and the computational resources available. 

For instance, larger datasets and more complex models typically require longer training times. 

Additionally, the use of hardware accelerators such as GPUs and TPUs can significantly reduce 

training duration by parallelizing computations (Han et al., 2020). Optimization techniques like 

model pruning and quantization also play a role in reducing training times by simplifying the 

model’s structure and operations (Jacob et al., 2018). 

3.3 Participant Demographics 

Participant demographics can have a significant impact on the performance of emotion 

recognition models. Variations in age, gender, ethnicity, and cultural background can influence 

the model’s ability to accurately recognize and classify emotions. For example, facial 

expressions and vocal tones may differ across demographic groups, affecting the model’s 

generalization ability (Gupta et al., 2022). 

To address these variations, it is essential to analyse the model’s performance across different 

demographic groups. This involves evaluating accuracy and other metrics separately for each 

group and identifying any disparities (Sridhar & Reddy, 2021). Such analysis helps in 

understanding how well the model performs across diverse populations and highlights areas 

where the model may need further refinement to ensure equitable performance. 

4. PERFORMANCE ANALYSIS 

4.1 Confusion Matrix Analysis 

The confusion matrix provides a comprehensive view of a model's performance by comparing 

predicted classifications with actual labels. It helps identify areas where the model performs 

well and where it may be struggling. 

✓ Construction and Interpretation of the Confusion Matrix: 

 The confusion matrix for a binary classification problem can be represented as follows: 
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Fig1.Confusion Matrix 

✓ Insights from Confusion Matrix Metrics: 

  From the confusion matrix, we can derive the following metrics: 

 

These metrics provide insights into the model’s performance in distinguishing between the 

positive and negative classes, highlighting its strengths and weaknesses. 

4.2 F1 Score Assessment 

The F1 score is a balanced metric that considers both precision and recall, making it especially 

useful for evaluating models with imbalanced datasets. 

✓ Definition and Calculation of the F1 Score: 

  The F1 score is calculated as follows: 
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Table 2: Precision, Recall, and F1 Score Calculation 

Metric Value 

Precision 0.842 

Recall 0.889 

F1 Score 0.865 

 Analysis of Precision and Recall: 

Precision and recall provide insights into different aspects of the model’s performance. 

Precision measures the accuracy of positive predictions, indicating how often the model’s 

positive predictions are correct. Recall measures the model’s ability to identify all relevant 

positive instances. The F1 score balances these two metrics, offering a comprehensive 

evaluation of the model’s performance, especially when the data is imbalanced. 

5. RESEARCH DISCUSSION 

The evaluation of the AI-based emotion recognition model reveals several critical insights into 

its effectiveness and areas for improvement. By analysing classification accuracy, training 

duration, participant demographics, confusion matrix metrics, and the F1 score, we gain a 

comprehensive understanding of the model’s performance. 

5.1 Classification Accuracy 

The model's classification accuracy of 92% indicates a high level of performance, reflecting its 

strong ability to correctly identify emotions. This high accuracy demonstrates that the model 

can effectively distinguish between emotional states, which is crucial for applications requiring 

precise emotion recognition. However, while accuracy provides a broad measure of 

performance, it is essential to consider other metrics to fully understand the model’s strengths 

and limitations. 

5.2 Confusion Matrix Analysis 

The confusion matrix highlights the model’s performance in more detail. With 80 true positives 

and 95 true negatives, the model exhibits a strong capability in identifying both positive and 

negative emotional states. The presence of 15 false positives and 10 false negatives suggests 

that there are instances where the model’s predictions are less accurate. False positives indicate 

cases where the model incorrectly classifies an emotion as positive, while false negatives 

represent instances where positive emotions are missed. These errors impact the overall 

effectiveness of the model and should be addressed to improve performance. 

5.3 Precision and Recall 

The precision of 84.2% and recall of 88.9% provide valuable insights into the model's 

performance. Precision reflects the model's accuracy in predicting positive emotions, showing 
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that a significant portion of the positive predictions are correct. Recall, on the other hand, 

measures the model’s ability to identify all relevant positive instances, highlighting its 

effectiveness in capturing true positive cases. The balance between precision and recall is 

crucial, especially in scenarios where both false positives and false negatives have significant 

consequences. 

5.4 F1 Score 

The F1 score of 0.865 offers a balanced view of precision and recall. As a harmonic mean, it 

provides a single metric that combines both aspects of performance, making it particularly 

useful when dealing with imbalanced datasets. The high F1 score indicates that the model 

achieves a good balance between precision and recall, demonstrating its overall robustness in 

emotion recognition. 

5.5 Training Duration 

The model’s training duration is an essential factor in its practical application. While the current 

training time is acceptable, ongoing optimization is needed to further reduce training duration 

without compromising performance. Faster training times are crucial for deploying the model 

in real-time applications, where prompt processing of emotional data is required. 

5.6 Participant Demographics 

Analysing performance across different demographic groups is crucial for ensuring that the 

model works effectively for diverse populations. Variations in age, gender, and cultural 

background can affect emotion expression and recognition. The model’s performance across 

these groups should be carefully evaluated to ensure that it provides equitable results and does 

not introduce biases. 

In summary, the AI-based emotion recognition model demonstrates strong performance with 

high accuracy, precision, recall, and F1 score. While the results are promising, addressing the 

model’s false positives and false negatives, optimizing training duration, and evaluating 

performance across diverse demographic groups are key areas for further improvement. These 

efforts will enhance the model's effectiveness and ensure its suitability for a wide range of 

applications in emotion recognition. 

6. CONCLUSION 

The research into the AI-based emotion recognition model has provided significant insights 

into its effectiveness and areas for improvement. The study demonstrates that the model 

achieves a high classification accuracy of 92%, reflecting its robust capability to accurately 

identify emotional states from input data. This high accuracy is indicative of the model’s 

International Journal of Engineering Science and Advanced Technology Vol 25 Issue 11,2025

ISSN:2250-3676 www.ijesat.com Page 259 of 262



potential in various practical applications where precise emotion recognition is critical, such as 

in mental health monitoring, customer service, and interactive technologies. 

The analysis of the confusion matrix further reveals that the model excels in identifying true 

positives and negatives, with 80 true positives and 95 true negatives. However, the presence of 

15 false positives and 10 false negatives highlights areas where the model's performance can 

be enhanced. These errors point to the need for improved algorithms or additional data to refine 

the model's accuracy and reduce misclassifications. 

The precision and recall metrics, at 84.2% and 88.9% respectively, demonstrate a 

commendable balance in the model’s ability to correctly identify positive emotional instances 

and capture all relevant cases. The F1 score of 0.865, which harmonizes precision and recall, 

underscores the model’s overall robustness and effectiveness in emotion recognition tasks. 

Training duration remains a crucial factor for real-world applicability. While the current 

training time is acceptable, further optimization is recommended to enhance efficiency and 

enable real-time application. The study also emphasizes the importance of considering 

participant demographics, ensuring that the model performs equitably across diverse 

populations and mitigating potential biases. 

In conclusion, the AI-based emotion recognition model shows considerable promise with its 

high accuracy, balanced precision and recall, and robust F1 score. Addressing the identified 

areas for improvement, optimizing training processes, and ensuring fair performance across 

demographic groups will further enhance the model’s effectiveness. These findings offer a solid 

foundation for future research and development in emotion recognition technologies, 

highlighting the need for continuous innovation to address evolving challenges and 

applications in this field. 

7. FUTURE SCOPE OF THE RESEARCH 

The future scope of this research on AI-based emotion recognition models is multifaceted and 

presents several promising avenues for further development. One key area for future 

exploration is advanced model optimization. Building on the current findings, researchers 

should focus on refining the AI model to address its limitations, particularly in reducing false 

positives and false negatives. This could involve experimenting with cutting-edge algorithms 

and techniques, such as transformer-based architectures or hybrid models that integrate various 

neural network types. Fine-tuning model parameters and employing more sophisticated 

preprocessing methods could further enhance the model's accuracy and performance. Another 

important aspect is improving real-time performance and scalability. Future research should 

investigate ways to optimize both training and inference processes to achieve faster processing 
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speeds and handle larger-scale applications effectively. Exploring advanced hardware 

acceleration techniques, such as using specialized processors or edge computing solutions, 

could significantly enhance the model’s efficiency. Additionally, developing methods for 

model compression and optimization will be crucial to ensuring that the emotion recognition 

system remains effective and practical for real-time use. 

Expanding the dataset to include a more diverse range of demographic variables and emotional 

expressions is also essential for improving the model's generalizability and fairness. Future 

studies should focus on collecting data from varied cultural, ethnic, and age groups to ensure 

that the model performs equitably across different populations. Incorporating multi-modal data, 

such as voice and physiological signals, could provide a more comprehensive understanding 

of emotional states and enhance the model's robustness. Integration with real-world 

applications represents another significant area for future research. Researchers should explore 

how the emotion recognition model can be effectively incorporated into practical systems, such 

as mental health monitoring tools, interactive AI systems, and personalized user experiences. 

Ensuring that the model provides tangible benefits in these contexts while addressing ethical 

considerations and privacy concerns will be crucial. 

Finally, conducting longitudinal studies to assess the model’s long-term performance and 

reliability will offer valuable insights into its effectiveness over time. Continuous improvement 

through iterative testing and feedback will be essential for adapting the model to evolving 

emotional expression patterns and user needs. By pursuing these directions, future research can 

significantly enhance the capabilities of AI-based emotion recognition systems and broaden 

their impact and applicability. 
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