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Abstract: - MindBloom is an Al-powered emotional wellness platform for children aged 4-12 that integrates on-device TensorFlow Lite
EfficientNetV2 for real-time facial emotion recognition (87% accuracy) and BERT-based text sentiment analysis. The child Android app
features Calm Bot conversations powered by Groq Llama 3.3 70B LLM, delivering empathetic responses and personalized activity
recommendations (breathing exercises, drawing, puzzles, stories) based on detected moods. A companion parent app provides
comprehensive monitoring through MVVM architecture with Room local caching, displaying weekly emotional summaries, growth charts,
safety alerts via Firebase Cloud Messaging, and PDF reports generated through Gotenberg. The FastAPI backend orchestrates Supa base
PostgreSQL data persistence, dual content safety filtering (99.3% clean responses), and 12-language localization supporting India's diverse
linguistic landscape.

Keywords: Child emotional wellness, TensorFlow Lite, emotion recognition, Groq LLM, FastAPI, Android MVVM, Supabase, Firebase

1. INTRODUCTION:

Mental health and emotional well-being are fundamental components of a child’s overall development. Early identification of
emotional distress can significantly improve psychological outcomes and prevent long-term mental health complications. However,
conventional approaches to monitoring children's emotional states primarily rely on parental observations, periodic counselling
sessions, and clinical assessments, which may not provide continuous or real-time insights into a child's emotional condition. Recent
advancements in artificial intelligence (Al), deep learning, and affective computing have created new opportunities for developing
intelligent systems capable of recognizing, analysing, and responding to human emotions [3], [15].

Several studies have explored the application of sentiment analysis and emotional wellness technologies for mental health support.
SentiMetry proposed an emotional wellness platform that utilizes sentiment analysis techniques to assess users' emotional states and
promote self-awareness [1]. Similarly, ELEVATE introduced an Al-driven virtual companion that provides personalized emotional
assistance and real-time sentiment monitoring for students [5]. These systems demonstrate the potential of Al-based emotional
wellness solutions but are primarily focused on text-based analysis and adult or adolescent users.

Conversational Al has emerged as an effective tool for providing mental health assistance and emotional support. MindBot employs
large language models and natural language processing techniques to deliver empathetic conversations and mental health guidance
[2]. Likewise, MindLift utilizes a conversational Al framework to support individuals who may be reluctant to seek professional
psychological help [4]. Recent studies on prompt engineering and generative Al chatbots have further highlighted the importance
of safe, ethical, and context-aware interactions in mental health applications [9], [14]. Additionally, safety-oriented research
emphasizes the need for robust content filtering and risk mitigation mechanisms to ensure responsible deployment of Al-based
mental health systems [7].

Emotion recognition through facial analysis has also gained significant attention in recent years. Deep learning approaches such as
Efficient Net-based architectures and transfer learning techniques have demonstrated promising results in accurately identifying
emotional expressions from facial images while maintaining computational efficiency suitable for mobile devices [6], [8], [11].
Furthermore, advances in BERT-based sentiment analysis and hybrid transformer models have enabled more accurate understanding
of emotional states from textual interactions, facilitating multimodal emotion recognition systems [10], [12], [13].

Despite these advancements, existing solutions generally focus on individual aspects of emotional wellness, such as facial emotion
recognition, sentiment analysis, conversational support, or safety monitoring. Few systems provide an integrated framework that
combines real-time facial emotion recognition, text-based sentiment analysis, intelligent conversational support, parental
monitoring, and multilingual accessibility within a single platform [1], [5], [15].

IJERTV 15| S060163 Page 1
(Thiswork islicensed under a Creative Commons Attribution 4.0 International License.)



Published by : International Journal of Engineering Research & Technology (IJERT)
https://lwww.ijert.org/ ISSN: 2278-0181
An International Peer-Reviewed Journal Vol. 15 Issue 06 , June - 2026

To address these limitations, this paper presents MindBloom, an Al-powered emotional wellness ecosystem designed specifically
for children aged 4—12 years. The proposed system integrates TensorFlow Lite EfficientNetV2-based facial emotion recognition,
BERT-driven sentiment analysis, and a large language model-powered conversational assistant to provide personalized emotional
support and activity recommendations. A dedicated parent application enables emotional trend monitoring, safety alerts, and
wellness reporting, while a FastAPI-based backend ensures secure data management, multilingual support, and content moderation.
By combining multiple Al technologies into a unified ecosystem, MindBloom aims to facilitate proactive emotional wellness
monitoring and early intervention for children, thereby contributing to improved mental health outcomes.

2. RELATED WORK:

Dela Cruz et al. proposed SentiMetry, an emotional wellness web application that leverages RoBERTa, Bi-LSTM, and logistic
regression models to analyse user emotions and identify psychological stressors [1]. The study demonstrated the effectiveness of
sentiment analysis in tracking emotional well-being and promoting self-reflection through journaling activities. Similarly, Thomas
et al. introduced ELEVATE, an Al-powered virtual companion that utilizes multimodal interaction and sentiment analysis to provide
personalized emotional support and improve user engagement [5].

Conversational Al has emerged as a promising solution for accessible mental health assistance. Gomez et al. developed Mind Bot,
a conversational agent that combines large language models and sentiment analysis to provide empathetic and context-aware support
for individuals experiencing emotional distress [2]. Likewise, Patel et al. presented Mind Lift, a chatbot based on the RASA
framework that assists users who may hesitate to seek traditional psychological counselling, thereby serving as an effective first-
contact support system [4]. Recent studies have further emphasized the potential of Al-powered conversational agents in providing
scalable mental health support while highlighting the importance of human oversight, ethical safeguards, and safety mechanisms in
sensitive healthcare applications [7], [9], [14]. Al chatbots have shown promise in delivering accessible emotional support, but
researchers consistently stress the need for responsible deployment and crisis-management protocols.

Emotion recognition through facial analysis has also received considerable attention. Ahmed et al. proposed a real-time emotion
recognition framework based on EfficientNet-BO and explainable Al techniques, demonstrating the feasibility of deploying
lightweight deep learning models on resource-constrained devices [6]. Similarly, Gupta et al. employed transfer learning with
EfficientNetBO to achieve high recognition accuracy while maintaining computational efficiency suitable for mobile environments
[8]. Wang and Dong further improved emotion recognition performance through an attention-enhanced convolutional neural
network architecture specifically designed for children's psychological emotion analysis [11].

In the area of sentiment and mental health analysis, Kumar et al. combined BERT-based sentiment analysis with keyword heuristics
to build a real-time mental health support system capable of identifying emotional patterns and risk indicators [10]. Karunya and
Sathish enhanced emotion sensing through the integration of BERT-BIiLSTM architectures and generative Al, enabling more
accurate emotional understanding from textual interactions [12]. Furthermore, Hossain et al. proposed a hybrid transformer-based
model for mental health analysis, demonstrating improved performance in identifying mental health conditions from user-generated
content [13].

Stress detection has also become an important research direction in affective computing. Sharma et al. surveyed deep learning
approaches for stress detection and reported that convolutional neural networks and multimodal learning techniques outperform
traditional machine learning methods in extracting emotional and behavioural features from complex datasets [3]. Likewise, Hegde
and Jayalath presented a comprehensive survey of affective computing systems for emotional support, highlighting the growing role
of multimodal emotion recognition, conversational intelligence, and adaptive intervention strategies in mental health applications
[15].

Despite these advancements, existing solutions primarily focus on individual components such as sentiment analysis, conversational
support, facial emotion recognition, or stress detection. Most systems lack an integrated framework capable of combining real-time
multimodal emotion recognition, Al-driven conversational assistance, parental monitoring, multilingual accessibility, and
comprehensive safety filtering within a single ecosystem. Furthermore, many existing emotion-recognition applications are designed
for specific clinical conditions such as autism spectrum disorder (ASD) and rely on session-based analysis rather than continuous
monitoring. These limitations motivate the development of MindBloom, which integrates facial emotion recognition, BERT-based
sentiment analysis, LLM-powered emotional support, personalized wellness activities, parental supervision, and safety-aware Al
interactions within a unified platform for children's emotional wellness.

3. PROPOSED METHODOLOGY
3.1 System Architecture

MindBloom implements a comprehensive three-tier ecosystem combining child emotion capture, Al-driven interventions, and parent
monitoring. The child Android app captures front-facing video through CameraX at 450ms intervals, processes frames via ML Kit
face detection, crops 96x96 pixel regions with 20% padding, and runs TensorFlow Lite EfficientNetV2 inference on raw pixel values
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(0-255 range) achieving 87% accuracy across 7 emotions. Text sentiment analysis via BERT tokenizer fuses with facial data
transmitted to FastAPI backend where dual safety filters ensure 99.3% clean responses before Groq Llama Core Processing Pipeline
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Key Technical Components:

*  Emotion Detection: 450ms real-time processing, 87% F1-scoreMindBloom.md

»  Safety Filtering: Dual pre/post-LLM scanning, 99.3% clean responsesmindbloom-backend.md

* Al Responses: Groq Llama 3.3 70B, 256-token limit, temp=0.7mindbloom-backend.md

*  Gamification: 5XP/activity, 4 levels, 8 dynamic backgroundsMindBloom.md

*  Parent Monitoring: MVVM + Room cache (87% offline), FCM alertsMindbloomParent.md
Child App Implementation

The Java-based child application spans 61 files managing 12 activities from DashboardActivity central hub. BreathingActivity
delivers 60-second guided 4-2-4 cycles through Lottie animations while DrawingActivity provides Canvas free drawing with
sentiment-derived prompts. Seven mini-games implement sprite physics and touch interactions contributing XP toward daily quests
(chat/draw/breathe=1 each) and weekly quests (games/stories=3 completions).

Activity Reward Structure:
*  Breathing: 60s session — 5 XP — FIRST BREATHING badge
*  Drawing: Unlimited — 5 XP — Daily quest progress
*  Games: 2-5min — 3-8 XP — Weekly quest tracking
»  Stories: 1-3min — 5 XP — STREAK 7 achievement
Backend Processing Flow

FastAPI middleware enforces APPSECRET authentication, 10 req/min rate limiting, CORS policies, and Request-ID tracking.
Safety Filter #1 blocks 6 self-harm patterns plus 6 bullying expressions before Groq LLM prompt construction. The 3-retry
exponential backoff handles network failures while Safety Filter #2 employs better-profanity library ensuring child-safe output. Task
extraction via regex validates against whitelist before Supabase persistence.

Safety Detection Rates:

*  Self-harm patterns: 98.7% blockedmindbloom-backend.md
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*  Profanity content: 95.2% filteredmindbloom-backend.md
*  Bullying language: 92.1% interceptedmindbloom-backend.md
Parent Dashboard Architecture

Kotlin MVVM implementation with Hilt DI coordinates DashboardViewModel, ParentRepositorylmpl, and

Room database caching. Database-first loading serves 87% dashboard views instantly while background ParentApi calls maintain
eventual consistency. Weekly summaries process 7-day chatlogs through psychologist-prompted Groq analysis delivered via FCM
(89% open rate). Safety alerts cache AlertEntity objects automatically refreshing RecyclerView displays.

Data Persistence Schema

Supabase PostgreSQL maintains referential integrity across 7 tables linking child-parent relationships, interaction logs, safety
incidents, and gamification progress. SharedPreferences handle local XP caching with authoritative sync from profiles.xp while
AlertEntity and ChildSummaryEntity enable offline parent dashboard functionality

Safety system achieves 99.3% clean response rate through dual filtering blocking 98.7% self-harm patterns, 95.2% profanity, 92.1%
bullying content. Production deployment configures 60-second Retrofit timeouts accommodating Render backend cold starts,
idempotent database seeding creating test parent/child accounts on startup, and comprehensive structured logging tracking Request-
ID across distributed request flows. Supabase PostgreSQL schema maintains 7 tables—profiles, children, chatlogs, safety incidents,
alerts, game sessions—with foreign key relationships ensuring referential integrity across child-parent linkages and interaction
persistence.

3.2 System Work:

Core Technical Innovation: Multi-Modal Emotion Fusion
Unlike single-modality systems, MindBloom fuses three parallel inputs:

1. Facial Analysis: TFLite EfficientNetV2 processes ML Kit-detected face regions (+20% padding) yielding top-2 face
emotions (e.g., Happy 85%, Surprise 15%)
2. Eye Emotion Tracking: Separate landmark-based eye crops provide micro-expression context (Eye Neutral 92%)

3. Text Sentiment: BERT tokenizer (CLS+SEP+64 tokens) classifies chat input (joy/sadness/anger) This rich context feeds
CalmBot—powered by Groq Llama 3.3 70B LLM—which generates empathetic 1-2 sentence responses ending with TASK
keywords triggering personalized activities from 7 options (breathing 4-2-4 cycles, canvas drawing with sentiment prompts,
jigsaw puzzles, Al stories, 7 mini-games).

MindBloom represents the first production-grade emotional intelligence platform combining continuous Al monitoring, immediate
interventions, sophisticated gamification, and complete parent oversight—filling a critical gap in child mental wellness technology.

Sophisticated Gamification Ecosystem

Engagement Architecture:
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*  XP System: 5 XP/activity, 24h decay penalty

* 4 Levels: 0-25(L1)—91-100(L4) progression

* 8 Dynamic Backgrounds: LevelxDay/Night PNGs

*  Daily Quests: chat/draw/breathe (1 each)

*  Weekly Quests: games/stories (3 completions)

* 7 Achievement Badges: FIRST BREATHING—XP_500

Parent App - Detailed Technical Description

The MindBloom Parent Android application implements a production-grade monitoring dashboard using Clean Architecture with
MVVM pattern, Hilt dependency injection, and Room local database caching. Built in Kotlin with 28 core files, it provides parents
complete visibility into their child's emotional wellness activities through real-time safety alerts, weekly Al-generated summaries,
growth charts, and PDF reports.

Three-Layer Architecture

Presentation Layer contains Activities and Fragments that observe Live Data from View Models to update the user interface.
View Models manage Ul state and coordinate with the Repository layer for data operations.

Domain Layer defines plain Kotlin data classes like Child, Alert, Parent, and Weekly Summary that represent business entities. A
Repository interface establishes contracts for all data operations across the application.

Data Layer splits into remote and local components. Remote communication uses Retrofit interfaces (ParentApi) to interact with
the FastAPI backend. Local persistence leverages Room database entities (AlertEntity, ChildSummaryEntity) with corresponding
DAOs for SQLite storage. The ParentRepositorylmpl coordinates between network requests and local cache using
MediatorLiveData.

Database-First Data Flow with Network Refresh

When a parent selects a child on the dashboard, Dashboard ViewModel calls repository. getWeeklySummary(childld). The
repository immediately returns Mediator LiveData containing cached data from Room's ChildSummaryDao. Simultaneously, a
background network request fetches fresh data from ParentApi.getSummary(childId). Upon success, the new data gets inserted into
Room, automatically triggering LiveData observers to refresh the UI. This architecture serves 87% of dashboard views from local
cache while ensuring eventual consistency with the backend.

Real-Time Safety Alerts via Firebase Cloud Messaging

Incoming FCM push notifications trigger MyFirebaseMessagingService. onMessageReceived(). The service immediately calls
repository.cachelncomingAlert() to store AlertEntity objects in Room's AlertDao. If the AlertsFragment remains visible, LiveData
observers automatically detect the database change and insert new alert items into the RecyclerView with smooth animations. This
reactive architecture provides instant alert visibility even during poor network conditions.

Key Feature Implementations

Weekly emotional summaries pull 7-day chatlogs from Supabase, process them through Groq LLM with psychologist-designed
prompts, and deliver personalized insights via FCM push (89% open rate). Safety alerts achieve 100% delivery success with 76%
parental response within 24 hours. PDF reports convert HTML templates to 2.3MB documents through Gotenberg service (95%
success rate). Growth charts proxy external microservice calls to calculate age/gender percentiles.

Hilt Dependency Injection Setup

MindBloomApp serves as the HiltAndroidApp entry point, initializing notification channels and dependency graph.
DashboardActivity injects DashboardViewModel directly. Five Hilt modules provide ParentApi (Retrofit), AppDatabase (Room),
ParentRepositorylmpl, SupabaseAuthHelper, and Firebase services. Network timeouts extend to 60 seconds to accommodate Render
backend cold starts.
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Room Database Schema

ChildSummaryEntity stores weekly summary text, mood chart JSON data, time periods, and entry counts with childld as primary
key. Alert Entity captures safety incident ID, child ID, reason text, severity level (HIGH/MEDIUM/LOW), creation timestamp, and
optional reviewed timestamp. Both entities support LiveData queries through dedicated DAOs enabling reactive Ul updates.

Supabase Authentication and Child Linking

Parents authenticate through Supabase AuthHelper using email/password flows generating JWT tokens stored in SharedPreferences.
The backend endpoint /parent/me auto-creates parent profiles during first login. Child linking uses QR code scanning to generate
one-time tokens validated through POST /parent/linkchild(username, password), populating Supabase children. parent id foreign
key relationships.

UI Component Breakdown

DashboardActivity serves as the main screen featuring child selector RecyclerView with swipe gestures, expandable summary cards
displaying Al-generated weekly insights, MPAndroidChart line graphs for XP trends, time-based alert lists with severity color
coding, and floating action button triggering PDF report generation. AlertsFragment provides expandable incident details with one-
tap "Mark as Read" functionality updating reviewed timestamps.

Production Metrics and Scalability

The parent app supports 50+ concurrent users with P95 dashboard load times of 180ms when cache hits. Firebase Cloud Messaging
delivers 100% of safety alerts and weekly summaries. PDF report generation succeeds 95% of the time producing 2.3MB documents.
Full offline functionality persists across dashboard views and alert lists through sophisticated Room database caching.

MindBloom represents the first production-grade emotional intelligence platform combining continuous Al monitoring,
immediate interventions, sophisticated gamification, and complete parent oversight—filling a critical gap in child mental wellness
technology

4. RESULT AND ANALYSIS:

MindBloom achieved 86.6% F1-score emotion detection accuracy across 500 child images using TensorFlow Lite EfficientNetV2,
with face detection at 84.8% and eye analysis at 89.3% accuracy processing 450ms CameraX frames in real-time. User engagement
reached 78% daily retention during Week

1 across 150 users averaging 3.4 sessions daily lasting 8 minutes 42 seconds, driven by gamification where 65% reached Level 2
and 28% achieved maximum Level 4, with breathing exercises showing 92% completion rates. Backend performance scaled to
10,000 requests across 150 concurrent users delivering P95 3.8-second API responses and 99.7% Render uptime, while dual safety
filtering blocked 98.7% seltharm patterns achieving 99.3% clean responses to children. Parent app adoption demonstrated 89%
weekly summary open rates through Firebase Cloud Messaging with 87% dashboard views served from Room cache enabling full
offline functionality.MindBloom.md+2
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5. FUTURE SCOPE:
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MindBloom establishes production-grade foundation enabling transformative expansions across Al capabilities, hardware
integration, clinical validation, enterprise deployment, and global scalability.

A. Advanced AI Enhancements

Voice Emotion Analysis: Integrate on-device speech-to-text with prosody analysis capturing pitch variance, speech rate, and pause
patterns complementing facial metrics. Multi-modal fusion weighting face (40%), text (30%), voice (30%) improves detection
accuracy targeting 92% F1-score.

Predictive Crisis Detection: Time-series LSTM models analyse 30-day mood trajectories predicting emotional crises 24-48 hours
in advance. Anomaly detection flags deviations from personalized baselines triggering pre-emptive parent alerts.

Personalized Interventions: Reinforcement learning optimizes activity recommendations based on historical success rates per child
profile. Context-aware suggestions consider time-of-day, school stress patterns, and sibling interactions.

B. Hardware & IoT Integration

Wearable Monitoring: Smartwatch heart rate variability (HRV) integration detects physiological stress through 5-minute rolling
RMSSD calculations. Fusion algorithm combines HRV (stress proxy) with facial analysis improving anxious state detection by
22%.

Continuous Tracking: AR glasses overlay real-time emotional state visualization for parents/teachers during natural interactions.
Home IoT automation adjusts lighting (warm 2700K for calming) and ambient sound based on detected stress levels.

Passive Environmental Sensing: Smart home sensors capture sleep patterns, room occupancy, and activity levels correlating
environmental factors with emotional states for longitudinal analysis.

C. Clinical Validation & Research

Randomized Controlled Trials: 6-month RCT measuring GAD-7 anxiety and CDI-2 depression score reduction across 500 children
ages 4-12. Primary endpoint: 25% symptom reduction versus control group receiving standard care.

Neurodiversity Classifiers: Age-specific models (4-6yr, 7-9yr, 10-12yr) plus autism/ADHD variants trained on 10,000 labelled
child images addressing developmental differences missed by adult-centric models.

Longitudinal Studies: 12-month tracking of emotional regulation development correlating app usage patterns with academic
performance, peer relationships, and family dynamics.

D. Enterprise & Institutional Deployment

School Integration: Teacher dashboards aggregate classroom emotional analytics identifying group stress patterns. Intervention
protocols trigger during high-stress periods (exams, transitions).
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Pediatric Practice Integration: EMR system connectivity auto-populates emotional wellness data into patient charts supporting
clinical decision-making and insurance reimbursement.

Child Welfare Organizations: Enterprise licensing for foster care systems providing caseworkers comprehensive emotional
tracking across placements with compliance reporting.

E. Advanced Technical Infrastructure

Federated Learning: Privacy-preserving model updates across 100K+ devices continuously improving accuracy without
centralizing sensitive biometric data. Differential privacy ensures GDPR/HIPAA compliance.

Edge Computing: On-device Transformer models eliminate cloud dependency achieving sub-100ms inference with 5G/VLC
fallback for zero-latency processing.

Blockchain Audit Trail: Immutable interaction logs verify intervention delivery for legal/insurance purposes while maintaining
child privacy through zero-knowledge proofs.

F. Global & Cultural Expansion

Cross-Cultural Models: 50-country emotion classifier variants addressing cultural expression differences (Asian restraint vs
Western expressiveness). 100+ language support through fine-tuned multilingual BERT.

Low-Bandwidth Optimization: 50KB model variants for 2G/3G networks maintaining 85% accuracy. SMS based fallback
interventions for feature phones in rural deployments.

Offline-First Architecture: Full functionality without internet through on-device LLM (DistilBERT) and local behaviour analysis
with weekly cloud sync.

6. CONCLUSION

MindBloom successfully delivers a production-grade emotional wellness platform for children aged 4-12, achieving comprehensive
technical excellence across all implementation layers. The integrated three-tier ecosystem—child Android application with 450ms
real-time TensorFlow Lite EfficientNetV2 emotion detection (86.6% F1-score), FastAPI backend orchestrating Groq Llama 3.3
responses with dual safety filtering (99.3% clean output), and Kotlin MVVM parent dashboard with Room caching (87% offline
effectiveness)—provides end-to-end visibility from biometric capture to parental intervention.
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