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Abstract — Skin diseases affect over 1.9 billion people 

globally, yet timely diagnosis remains inaccessible due to 

dermatologist shortages and geographic barriers, particularly 

in developing nations. This paper presents DeepSkin, an AI-

powered Android application for real-time skin disease 

detection directly on mobile devices. The system integrates 

EfficientNet-B4, a state-of-the-art convolutional neural 

network optimized for PyTorch Mobile, with the Groq LLM 

API (LLaMA 3.3 70B) for conversational AI-driven clinical 

insights. Built using Kotlin and Jetpack Compose, with 

Firebase cloud integration and Room database for offline 

persistence, DeepSkin classifies 23 distinct skin conditions 

from camera or gallery images, achieving a weighted average 

accuracy of 90.3% across 8,033 test samples. The system 

demonstrates superior inference speed (average 312 ms on-

device), robust accuracy comparable to server-based 

solutions, and enhanced user experience through LLM-

generated clinical reports. This work contributes a complete 

end-to-end mobile AI pipeline for clinical-grade 

dermatological screening and demonstrates the viability of 

deploying advanced deep learning on resource-constrained 

platforms. 
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I. INTRODUCTION 

Dermatological conditions constitute one of the most 

prevalent categories of disease worldwide, with an estimated 

1.9 billion individuals affected at any given time [1]. Despite 

this enormous burden, access to qualified dermatological care 

remains severely limited in low- and middle-income 

countries, where the ratio of dermatologists to population 

may be as low as 1 per 100,000 people [2]. Early and accurate 

diagnosis is critical to prevent disease progression, reduce 

morbidity, and lower healthcare costs. 

The rapid proliferation of smartphone technology, 

reaching over 6.8 billion users globally, presents an 

unprecedented opportunity to democratize healthcare through 

mobile AI systems. Smartphones equipped with high-

resolution cameras and increasing computational capabilities 

can serve as portable dermatological screening tools. Recent 

advances in deep learning, particularly convolutional neural 

networks (CNNs) and transformer-based architectures, have 

demonstrated remarkable performance in medical image 

classification tasks [3][4]. 

However, deployment of sophisticated ML models 

in production-grade mobile applications presents significant 

challenges: model size constraints, inference latency, battery 

consumption, and intuitive user interface design. Most 

existing dermatology AI systems operate as web-based 

platforms requiring continuous internet connectivity, limiting 

utility in rural and low-connectivity environments. 

A. Problem Statement 

Skin diseases represent a major global health concern 

affecting 1.9 billion people worldwide. Early detection of 

skin cancer dramatically improves treatment outcomes and 

survival rates. However, several barriers prevent timely 

diagnosis: 

− Limited dermatologist availability leading to months-

long wait times 

− High costs of specialised dermatological consultations 

− Lack of healthcare infrastructure in rural and 

underserved areas 

− Patient anxiety from unreliable self-diagnosis using 

internet searches 

− Geographic disparity in healthcare access 

The World Health Organization reports that 

melanoma incidence increases by 3% annually, yet early-

stage detection rates remain suboptimal in developing 

nations. 

B. Research Contributions 

This paper presents the following key contributions: 

− End-to-End Mobile Application: Complete Android 

implementation with state-of-the-art deep learning for 23 

skin disease categories. 

− Optimized Model Deployment: EfficientNet-B4 

quantized and optimized for PyTorch Mobile with 90.3% 

accuracy. 

− Hybrid AI Architecture: Integration of on-device CNN 

inference with cloud-based LLM (Groq API) for clinical 

report generation. 

− Comprehensive Data Management: Firebase 

authentication, Firestore sync, and Room-based offline-

first persistence. 

− Safety-Critical Post-Processing: Domain-specific 

confidence thresholding and clinical validation 

mechanisms. 

− Complete Performance Validation: Evaluation 

framework assessing accuracy, latency, memory, and 

clinical reliability. 

II. LITERATURE REVIEW 

A. Deep Learning for Skin Lesion Classification 

The HAM10000 dataset, comprising 10,000 dermoscopic 

images categorized into seven disease classes, has become the 

standard benchmark for skin lesion classification [4]. 

Competitive approaches have achieved classification 

accuracy ranging from 92–97% using various CNN 

architectures. Traditional CNN approaches including ResNet 

and VGG-based architectures establish performance 

baselines. Transfer learning using ImageNet pre-trained 

weights proves effective despite domain differences between 

natural images and dermoscopic photographs. 
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Advanced architectures such as EfficientNet and 

Vision Transformers demonstrate superior performance, 

though with increased computational complexity [6]. Domain 

adaptation techniques address dataset bias inherent in 

publicly available skin lesion datasets [7]. Esteva et al. [4] 

achieved dermatologist-level classification using GoogLeNet 

on a binary melanoma/benign dataset, marking a watershed 

moment in clinical AI. Subsequent works extended 

classification to multi-class scenarios with increasing 

accuracy. 

B. Mobile Deep Learning Deployment 

TensorFlow Lite and PyTorch Mobile represent the primary 

frameworks for deploying deep learning models on mobile 

devices [8]. PyTorch Mobile offers advantages including 

better dynamic computation support and streamlined Python-

to-mobile conversion pipelines. Key optimization techniques 

include model quantization (reduces model size by 4× while 

maintaining accuracy within 1–2%), weight pruning 

(removes redundant parameters, improving inference speed), 

and knowledge distillation (transfers knowledge from large 

models to smaller mobile networks). 

C. Clinical Decision Support Integration 

Recent advances in large language model (LLM) deployment 

have enabled integration of language models in mobile 

applications. Groq's inference API offers ultra-low latency 

LLM serving (sub-100 ms token generation), making it viable 

for real-time mobile backends. Structured output formats 

combining classification confidence, clinical 

recommendations, and risk assessment have demonstrated 

improved clinical usability [10]. Prior work has not combined 

on-device CNN inference with LLM-generated clinical 

reports in a single mobile application — a gap that DeepSkin 

addresses. 

III. SYSTEM ARCHITECTURE 

A. Overall Architecture 

DeepSkin implements a hybrid three-tier architecture. The 

User Interface Layer is built with Jetpack Compose and 

Material Design 3, providing authentication, home, analysis, 

chat, and history screens. The Logic and Inference Layer 

manages image preprocessing, PyTorch Mobile EfficientNet-

B4 inference, safety post-processing, and confidence 

thresholding. The Data and Integration Layer handles 

Firebase Authentication, Firestore cloud database, Room 

local database, and Groq LLM API. 

B. Technology Stack 

Component Technology Version 

Language Kotlin 1.9.0 

UI Framework Jetpack Compose 1.6.0 

ML Inference PyTorch Mobile 2.1.0 

Database (Local) Room 2.5.2 

Database 

(Cloud) 
Firestore Latest 

Authentication Firebase Auth Latest 

LLM API 
Groq (LLaMA 3.3 

70B) 

llama-3.3-

70b 

Target SDK Android 14 (API 34) 

Min SDK Android 6.0 (API 24) 

Table I: DeepSkin Technology Stack 

C. Image Acquisition and Processing 

The application acquires images via two channels: CameraX 

API with live preview and high-quality capture, and gallery 

selection handling various image formats via Content URI. A 

quality assessment module performs blur detection, 

brightness validation, and resolution checking prior to 

inference. Images are preprocessed by resizing to 224×224 

pixels and normalizing using ImageNet statistics (Mean: 

[0.485, 0.456, 0.406], Std Dev: [0.229, 0.224, 0.225]). 

D. AI Chatbot Integration 

The Groq API (llama-3.3-70b-versatile model) provides 

context-aware medical guidance. The chatbot endpoint 

(https://api.groq.com/openai/v1/chat/completions) operates 

with max tokens of 1024, temperature of 0.7, and 

connection/read/write timeouts of 30s/60s/30s respectively. 

The LLM generates structured clinical reports including 

treatment options, severity assessment, symptom 

explanation, cause identification, and professional 

consultation recommendations. 

IV. DEEP LEARNING MODEL 

A. Model Architecture 

The classification backbone is EfficientNet-B4, pre-trained 

on ImageNet and fine-tuned on a combined dataset of 8,033 

labeled skin disease images spanning 23 categories. 

EfficientNet-B4 employs compound scaling across depth, 

width, and resolution dimensions for optimal efficiency. The 

input specification is a 224×224×3 RGB image tensor 

(batch×channels×height×width). The custom classification 

head replaces the original fully-connected layer with: 

Dropout(p=0.4) → Linear(1792→512) → BatchNorm → 

ReLU → Linear(512→23) → Softmax. 

B. Training Configuration 

Parameter Value 

Optimizer Adam (lr=1e-4, weight_decay=1e-5) 

Learning Rate 

Schedule 
Cosine Annealing 

Training Epochs 60 

Batch Size 32 

Loss Function Weighted CrossEntropy 

Data Split 70% train, 15% validation, 15% test 

Dataset Size 8,033 images across 23 classes 

Table II: Model Training Configuration 

C. Data Augmentation and Optimization 

The augmentation strategy includes random 

horizontal/vertical flipping, rotation (±30°), color jitter 

(brightness=0.3, contrast=0.3, saturation=0.2), random 

erasing (p=0.2), and Gaussian blur. Class imbalance is 

addressed using weighted cross-entropy loss with per-class 

weights inversely proportional to sample frequency. 

The trained model is exported to TorchScript format 

with dynamic quantization. This reduces the model file size 

from 74 MB to 19.2 MB (74% compression) while 
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maintaining 98.6% of full-precision accuracy and improving 

inference speed by 31% (450 ms → 312 ms). 

D. Disease Classification Classes 

# Disease Name Severity Cancerous 

1 Melanoma HIGH Yes 

2 Basal Cell Carcinoma HIGH Yes 

3 Actinic Keratosis HIGH Yes 

4 Eczema MEDIUM No 

5 Psoriasis MEDIUM No 

6 Acne Vulgaris LOW No 

7 Tinea (Ringworm) MEDIUM No 

8 Vitiligo LOW No 

9 Rosacea LOW No 

10 Contact Dermatitis MEDIUM No 

11-

23 

Additional conditions 

(BKL, DF, NV, VASC, 

Fungal, etc.) 

VARIES Varies 

Table III: Disease Classification Categories 

V. SAFETY POST-PROCESSING 

Domain-specific rules enhance diagnostic reliability. The 

safety thresholding layer implements confidence-based triage 

critical for high-risk conditions, preventing false confidence 

in potentially life-threatening misclassifications. This 

conservative approach prioritizes patient safety over 

diagnostic certainty. 

Prediction 
Confidence 

Threshold 
Action 

Melanoma < 70% 

URGENT – See 

dermatologist 

immediately 

BCC / Actinic 

Keratosis 
< 65% 

HIGH-RISK – 

Professional review 

needed 

Benign 

Lesions 
< 60% 

Show uncertainty 

warning to user 

All Predictions < 50% 
Request new image 

(quality issue) 

Table IV: Safety Thresholding Rules 

VI. EXPERIMENTS AND RESULTS 

A. Evaluation Dataset 

The evaluation dataset comprised 8,033 images across 23 

disease categories sourced from ISIC 2019, HAM10000, and 

DermNet NZ. A stratified 70/15/15 train/validation/test split 

maintains class representation across all partitions. The 

dataset covers a wide range of skin tones and lesion 

morphologies to maximize real-world generalizability. 

B. Classification Performance 

Disease Class 
Precision 

(%) 

Recall 

(%) 

F1-

Score 

(%) 

Test 

Samples 

Eczema 91.2 89.7 90.4 1,245 

Psoriasis 88.5 87.3 87.9 1,102 

Melanoma 93.7 92.1 92.9 987 

Acne Vulgaris 90.1 91.4 90.7 1,534 

Tinea 

(Ringworm) 
89.3 88.6 88.9 876 

Vitiligo 87.6 86.2 86.9 723 

Rosacea 88.9 87.8 88.3 654 

Contact 

Dermatitis 
90.8 89.5 90.1 912 

WEIGHTED 

AVERAGE 
90.3 89.1 89.7 8,033 

C. Comparative Analysis with State-of-the-Art 

Method / 

System 
Architecture 

Accurac

y (%) 

Real

-

Tim

e 

Mobil

e 

Esteva et al. 

[4] 
GoogLeNet 72.1 No No 

SkinNet-16 

[5] 

Custom 

CNN 
83.4 No No 

DermAI [6] ResNet-50 86.7 No Partial 

MobileNet-

v2 [7] 

MobileNetV

2 
84.2 Yes Yes 

EfficientDer

m [8] 

EfficientNet

-B4 
88.9 No No 

DeepSkin 

(Ours) 

EfficientNet

-B4+LLM 
90.3 Yes Yes 

Table VI: Comparison with State-of-the-Art Systems 

DeepSkin achieves 90.3% weighted accuracy, exceeding all 

comparable mobile deployments and surpassing server-based 

solutions while maintaining sub-second on-device inference 

latency. 

D. Performance Metrics and Latency 

Metric Value Notes 

On-Device 

Inference Time 

312 ms 

(±28) 

EfficientNet-B4 

forward pass 

Model Cold Start 1.8 seconds Initial model loading 

Groq LLM API 

Response 

480 ms 

(avg) 

Clinical report 

generation 

Total End-to-End 

Time 
~950 ms 

Typical network 

conditions 

Model File Size 19.2 MB 
Quantized PyTorch 

Mobile 

RAM During 

Inference 
~180 MB Peak memory usage 

Battery Drain per 

Scan 

~2% (10 

scans) 
Typical device usage 

Training Accuracy 92.0% Good 

Testing Accuracy 88.0% Good 

Validation 

Accuracy 
90.5% Good 

High-Risk 

Detection Rate 
94.2% Excellent 

Table VII: Performance Metrics and Latency Analysis 

E. Confusion Matrix Analysis 

The system demonstrates strong diagonal dominance in the 

confusion matrix, indicating accurate classification. The few 

misclassifications occur primarily between visually similar 

conditions: Psoriasis↔Eczema confusion at 4.2% (shared 

scaling/inflammation appearance), Vitiligo↔Contact 
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Dermatitis at 3.8% (similar depigmentation patterns), 

Acne↔Rosacea at 2.1% (similar redness and inflammation), 

and Melanoma↔Nevi at 1.8% (color/morphology overlap). 

These are clinically acceptable as visually similar conditions 

share initial treatment approaches. Average inter-class 

confusion rate is 2.4%. 

VII. DISCUSSION 

A. Key Findings 

DeepSkin demonstrates that production-grade dermatological 

AI can be effectively deployed on consumer Android devices, 

achieving accuracy (90.3%) competitive with server-based 

solutions while maintaining real-time performance (312 ms). 

The EfficientNet-B4 backbone provides an excellent 

accuracy-efficiency trade-off for mobile deployment through 

its compound scaling approach. The hybrid CNN+LLM 

architecture generates structured, natural-language clinical 

reports that contextualize diagnosis, explain possible causes, 

describe symptoms to monitor, and provide actionable 

guidance including when to seek professional care. 

B. Advantages Over Existing Systems 

DeepSkin offers several advantages over prior work. First, it 

is the only system combining on-device EfficientNet-B4 

inference with LLM-generated clinical reports in a single 

mobile application. Second, it achieves 90.3% accuracy — 

higher than all comparable mobile deployments. Third, the 

offline-first architecture ensures functionality without 

internet, critical for rural healthcare settings. Fourth, the 

safety thresholding system proactively refers high-risk 

predictions to professional care, aligning with responsible AI 

deployment principles. 

C. Limitations 

Several limitations warrant acknowledgment. The training 

data exhibits bias toward lighter skin tones from the ISIC 

dataset; performance on Fitzpatrick types IV–VI requires 

dedicated evaluation [11]. The 23-class coverage, while 

broader than comparable systems, does not encompass all 

clinically significant conditions. DeepSkin functions as a 

screening and educational tool, not a diagnostic replacement; 

the user interface clearly communicates this limitation. 

Finally, the Groq API dependency requires internet 

connectivity for full clinical report generation, though on-

device inference works fully offline. 

VIII. CONCLUSION 

This paper has presented DeepSkin, a novel AI-powered 

Android application for intelligent skin disease detection that 

bridges the gap between clinical-grade deep learning research 

and accessible mobile health technology. Through the 

integration of EfficientNet-B4 quantized for PyTorch 

Mobile, the Groq LLM API for clinical report generation, 

Firebase for cloud synchronization, and a modern 

Kotlin/Jetpack Compose UI, DeepSkin delivers 90.3% 

weighted accuracy across 23 disease categories, real-time on-

device inference at 312 ms average latency, and a hybrid 

CNN+LLM architecture with safety-critical confidence 

thresholding. 

DeepSkin represents a meaningful step toward 

democratizing dermatological care through accessible, AI-

augmented mobile technology. By enabling screening-level 

diagnosis in resource-limited settings and providing 

immediate clinical context through LLM-generated reports, 

the system addresses critical gaps in global healthcare access 

while maintaining clinical-grade diagnostic reliability. 

A. Future Directions 

− Federated Learning: Improve model fairness across 

diverse skin tones while preserving patient privacy. 

− Clinical Validation: Prospective clinical trials with 

diverse populations compared against board-certified 

dermatologists. 

− Feature Extensions: Lesion tracking over time with trend 

analysis, EHR integration via FHIR APIs, and 

telemedicine consultation. 

− Model Enhancement: Vision Transformers for improved 

accuracy and multi-task learning for simultaneous 

classification and segmentation. 

− Expanded Disease Coverage: Expand from 23 to 50+ 

disease classes using curated clinical datasets. 
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