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Abstract

Emotion detection has become a pivotal technology in human-computer interaction, mental health
monitoring, and customer feedback analysis. This paper presents a comprehensive real-time emotion
detection system that leverages audio, video, and text inputs using JavaScript. The system integrates
multiple machine learning models to classify emotions from speech (audio), facial expressions (video),
and written content (text). Built on a modular architecture, the system employs TensorFlow.js for in-
browser model inference, ensuring low latency and privacy by processing data locally. Experimental
results demonstrate an average accuracy of 85% across modalities, with seamless integration into web
applications. The system’s scalability, cross-platform compatibility, and real-time performance make it
suitable for diverse applications, from telehealth to interactive marketing.
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1. INTRODUCTION

The ability to accurately detect human emotions has far-reaching implications across multiple domains.
In healthcare, emotion recognition systems can assist in mental health diagnostics by tracking patient
affect during telehealth sessions. Educational platforms can adapt content delivery based on student
engagement levels detected through facial expressions and speech patterns. Customer service centers can
monitor caller sentiment in real time to improve service quality.

However, existing emotion detection systems face several limitations. Traditional single-modality
approaches, such as those relying solely on facial recognition, often fail in suboptimal conditions like
poor lighting or occluded faces. Server-dependent architectures introduce privacy concerns and latency
issues, particularly for real-time applications. Furthermore, many state-of-the-art solutions require
specialized software or hardware, limiting their accessibility.

This research addresses these challenges through three key contributions. First, we develop a fully
client-side implementation using JavaScript and TensorFlow.js, eliminating server dependencies and
ensuring broad accessibility through standard web browsers. Second, we introduce a novel fusion
algorithm that dynamically weights contributions from audio, video, and text modalities based on input
quality and confidence scores. Third, we provide comprehensive performance benchmarks across
different computing environments, demonstrating the system's viability for real-world deployment. Our
client-side fusion approach reduces latency by 60% compared to server-dependent APIs [2] while
maintaining comparable accuracy (85% vs. 82% in [5]).

The remainder of this paper is organized as follows: Section 2 reviews related work in emotion detection
and JavaScript-based machine learning. Section 3 describes the problem definition. Section 4 details the
system architecture and fusion methodology. Section 5 describes the implementation process and

[JFMR250344113 Volume 7, Issue 3, May-June 2025 1



https://www.ijfmr.com/

i International Journal for Multidisciplinary Research (IJFMR)

IJFMR E-ISSN: 2582-2160 e Website: www.ijffmr.com o Email: editor@ijfmr.com

optimization techniques. Section 6 presents experimental results and user study findings. Finally,
Section 7 discusses conclusions and future research directions.

2. Literature Review

Prior work in emotion detection has explored:

o Facial Expression Analysis: OpenCV and Dlib-based models (e.g., Fer2013 dataset) achieve ~75%
accuracy but lack real-time browser compatibility [1].

e Speech Emotion Recognition: Librosa and MFCC features in Python yield 80% accuracy but
require server-side processing [2].

o Text Sentiment Analysis: BERT and LSTM models are accurate but computationally heavy [3].
Recent advances in TensorFlow.js enable in-browser ML inference, reducing latency and enhancing
privacy [4]. Our work unifies these modalities in a single JavaScript framework, addressing gaps in
accessibility and eal-time performance. While [1] achieves 75% accuracy for facial emotion
detection, their Python-based implementation lacks browser compatibility, a gap our JavaScript
system addresses.

3. Problem Definition

Current systems face:

1. Modality Limitations: Single-input systems (e.g., video-only) fail in low-light or noisy
environments.

2. Latency: Server-dependent APIs introduce delays (~500ms-2s).

3. Privacy Risks: Transmitting sensitive audio/video to servers raises data security concerns.

Objective: Design a client-side, multimodal emotion detection system that:

e Processes audio, video, and text in real time.

o Operates entirely in the browser using JavaScript.

e Achieves >80% accuracy per modality with <200ms latency on devices with >4GB RAM.

4. Proposed System Architecture

The system adopts a modular pipeline (Figure 1):

Components:

1. Input Modules:

e Video: Webcam stream analyzed via a TensorFlow.js facial emotion model (e.g., Face-APL.js).

e Audio: Web Audio API captures speech, converted to Mel spectrograms for emotion classification.

e Text: User-input text processed by a fine-tuned TensorFlow.js sentiment model.
Fusion Engine:

e Weighted averaging combines results from all modalities (e.g., video = 40%, audio = 30%, text =
30%).

3. Output:

¢ Real-time emotion visualization (e.g., "Happy: 85%") on a React.js dashboard.

4. Training Data:

Models were trained on:

e Video: FER-2013 (35,887 facial images, 7 emotions) [1].
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e Audio: CREMA-D (7,442 clips, 6 emotions) [2].
e Text: Sentiment140 (1.6M tweets) + legal domain corpus (10K entries).

e |
User Interface

| Audio Module | | Video Module | Text Module
I TEEEEEEE—————e———————

Figure 1. System architecture for multimodal emotion detection.

5. Implementation

The implementation of the emotion detection system prioritized three key objectives: cross-browser
compatibility, real-time performance, and privacy preservation. The frontend interface was built using
React.js with Material-Ul components, ensuring a responsive design that adapts to both desktop and
mobile browsers. This choice proved particularly valuable for field testing, where participants accessed
the system from various devices with screen sizes ranging from 4.7-inch smartphones to 27-inch desktop
monitors.

For video processing, the system leveraged Face-APl.js, which provided pre-trained models for face
detection and emotion classification. The implementation included a frame-rate optimization algorithm
that dynamically adjusted processing resolution based on available hardware resources. On modern
laptops with dedicated GPUs, the system maintained full HD (1080p) processing at 30 frames per
second, while gracefully degrading to 720p on lower-end devices to preserve real-time performance. The
video pipeline also incorporated face tracking to reduce computational load, only performing full
analysis when significant facial movement was detected.

Audio processing presented unique challenges due to browser security restrictions and variable
microphone quality across devices. The system implemented a Web Audio API pipeline that included
noise suppression using spectral subtraction, followed by Mel-frequency cepstral coefficient (MFCC)
extraction. A custom TensorFlow.js model converted these features into emotion predictions, with
special attention given to handling overlapping speech and background noise. Testing revealed that the
audio pipeline prioritizes sample rates >16kHz, degrading gracefully to 8kHz with a 5% accuracy drop.
Text analysis was implemented using a quantized DistilBERT model converted to TensorFlow.js format.
To address the computational constraints of browser environments, the system employed a streaming
tokenization approach that processed text in chunks while maintaining contextual awareness through
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attention mechanisms. The model was fine-tuned on a combination of Sentiment140 and domain-
specific legal texts, achieving 90% accuracy while keeping inference times below 50ms for typical
inputs.

Security considerations permeated every aspect of the implementation. All processing occurred client-
side, with optional data persistence using indexed Database for temporary storage. The system included
a privacy dashboard that clearly indicated when cameras or microphones were active and provided
granular control over data sharing. For enterprise deployments requiring analytics, the system supported
anonymized metadata export with differential privacy guarantees.

Ethical Approval: User studies were conducted under IRB protocol #XYZ, with informed consent.

6. Results and Discussion
Evaluation Metrics:

Modality Accuracy(+2%o) Latency(ms) Improvement vs Unimodal
Video 82% 120 +7% over [1]
Audio 78% 200 -2% vs [2] (server)
Text 90% 50 +12% over [3]
Fused 85% 150 +15% robustness

Table 1. Performance metrics across modalities (2% confidence)

These results demonstrate tangible benefits. For example, end-to-end filing (from form fill to docket
generation) was on average ~40% faster than a manual process. Remote hearings handled 65% of
routine motions, eliminating the need for most in-person court visits. Crucially, 72% of common user
questions (e.g. “How to check my case status?”’) were answered by the Al chatbot, freeing up staff time.
In user surveys, 91% of respondents (across roles) rated the system “satisfactory” or above for ease of
use and efficiency.

The fused system’s 85% accuracy outperforms unimodal baselines in suboptimal conditions (e.g., low-
light: video-only drops to 60%o, fused stays at 75%). Latency remains stable (<150ms) across devices,
though low-end mobiles (<2GB RAM) saw 20% slower processing.

The platform also showed strong engagement from rural test users. Stakeholders noted that mobile
access allowed them to participate without travel. The digital docket and SMS alerts kept litigants better
informed of their case progress. From a judicial standpoint, having documents pre-uploaded and indexed
saved clerk’s hours per week. Overall, stakeholders agreed that such a system could help democratize
access to justice by removing logistical hurdles.

However, certain challenges were noted. Reliable internet connectivity remains an issue in some remote
areas; offline data caching and low-bandwidth modes will be needed. User training is also crucial —
some elderly litigants required assistance to use the online forms. Data security is paramount: users
emphasized the importance of strong encryption and privacy guarantees, given the sensitivity of legal
records.

Future versions will aim to address these gaps. For instance, integrating an offline-capable Progressive
Web App (PWA) could allow case filings via sparse connections. We also plan to incorporate multi-
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language support in the chatbot, covering major Indian languages. Importantly, analytics on the collected
data could provide predictive insights: for example, flagging cases that are likely to become aged or
suggesting optimal scheduling to judges Such predictive analytics could be invaluable for case-load
management.

7. Conclusion

This research demonstrates that modern web technologies can support sophisticated multimodal emotion
detection without compromising accessibility or privacy. By leveraging TensorFlow.js and carefully
optimized algorithms, the system delivers professional-grade emotion recognition capabilities through
standard web browsers, achieving 85% accuracy with real-time performance. The client-side
architecture addresses growing concerns about data privacy while eliminating server dependencies that
often introduce latency and reliability issues.

The success of the fusion algorithm particularly underscores the value of multimodal approaches in real-
world conditions. Unlike single-modality systems that fail catastrophically in suboptimal environments,
the weighted fusion approach gracefully degrades while maintaining usable accuracy. This robustness
makes the system suitable for deployment in diverse settings, from well-controlled telehealth
applications to noisy classroom environments.

Future work will focus on three key areas. First, the integration of Progressive Web App (PWA)
capabilities will enable offline functionality—particularly valuable in regions with unreliable internet
connectivity. Second, the expansion to multilingual support will involve retraining the text model on
non-English corpora and incorporating culture-specific emotion expression patterns into the fusion logic.
Finally, the team plans to explore federated learning techniques that could allow continuous model
improvement while preserving user privacy through distributed, on-device training.

The implications of this research extend beyond technical achievements. By demonstrating that complex
Al workflows can run efficiently in web browsers, this work challenges the prevailing assumption that
advanced machine learning requires specialized infrastructure. As web standards continue evolving—
with improvements to WebGPU and WebAssembly performance—JavaScript-based Al solutions may
become increasingly viable for a wide range of applications, potentially democratizing access to
advanced analytical tools.

Next Steps: 1) Deploy Progressive Web App (PWA) for offline use; 2) Expand non-English text support
(Hindi, Spanish); 3) Federated learning for privacy-preserving model updates.
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