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Abstract—SKkin cancer and dermatological disorders
constitute a growing global health concern due to their
high prevalence and potential severity. Timely and
accurate diagnosis remains challenging, particularly in
regions where specialist access is limited. This paper
presents Dermal Al an intelligent web-based platform
integrating deep learning image -classification with
generative conversational Al for automated skin disease
analysis and personalized guidance. The system employs
a DenseNet-based Convolutional Neural Network (CNN)
trained on a HAM10000-derived dataset spanning nine
clinically significant skin conditions melanoma, basal cell
carcinoma, squamous cell carcinoma, actinic keratosis,
nevus, dermatofibroma, seborrheic keratosis, pigmented
benign keratosis, and vascular lesions. The model
achieves 99.53% classification accuracy with precision,
recall, and F1l-score values of 0.9953, and a Cohen's
Kappa of 0.9948, substantially surpassing existing
approaches. An Ollama-powered large language model
(LLM) chatbot provides context-aware guidance on
symptoms, skincare, diet, and medication. Implemented
using the Flask framework, the system delivers real-time
image analysis and interactive dermatological support in
a user-friendly interface.

Index Terms—skin disease classification, DenseNet, deep
learning, conversational Al, dermatological guidance,
HAM10000

I. INTRODUCTION

Skin cancers such as melanoma and basal cell
carcinoma can be life-threatening if not detected early.
Artificial intelligence (AI) has significantly
transformed healthcare delivery, enabling systems that
support  diagnosis, monitoring, and patient
engagement. Dermatology is particularly well-suited
to computer vision applications, as many skin
conditions exhibit distinctive visual features amenable
to image analysis. Despite technological progress,
access to timely dermatological care remains unequal,
especially in rural and resource-constrained regions.
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Traditional diagnostic workflows rely on expert
thermoscopic examination and histopathological
confirmation resources that many patients cannot
readily access.

Existing automated solutions often focus narrowly on
classification, without providing interpretable or
actionable guidance to users. At the same time, large
language models (LLMs) have introduced dynamic,
context-aware conversational support that surpasses
the capabilities of rule-based chatbots.

This paper introduces Dermal Al a unified web
platform that integrates a DenseNet convolutional
neural network (CNN) classifier with an
LLM-powered chatbot. The system bridges the gap
between automated diagnosis and user-centric
healthcare by delivering not only high-accuracy
predictions but also personalized dermatological
guidance. In doing so, Dermal AI fosters early
awareness, informed decision-making, and equitable
access to dermatological expertise.

II. RELATED WORK

Early skin lesion classification relied on handcrafted
features color histograms; texture descriptors
combined with classifiers such as Support Vector
Machines. These methods showed limited
generalizability across diverse imaging conditions
[10]. Esteva et al. [1] demonstrated CNN-based skin
cancer  classification at  dermatologist-level
performance (AUC = 0.96), though restricted to binary
classification. Haenssle et al. [2] benchmarked CNN
performance against 58 dermatologists, showing
superior sensitivity (86.6%) but moderate specificity
(71.3%).

Lightweight architectures such as MobileNetV2 [3]
achieved ~84.5% accuracy on multi-class datasets,
while ensemble methods on HAM10000 reached
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82.49% [4]. ResNet50 and InceptionV3 plateaued
below 90% F1-score [5]. Yang et al. [6] demonstrated
DenseNet's advantages in medical imaging via
superior gradient flow and feature reuse.
Conversational Al in healthcare has primarily
employed rule-based systems lacking contextual
flexibility [8]. No existing work successfully
combines high-accuracy visual classification with
generative conversational Al—a gap directly
addressed by Dermal Al

Table 1. Comparison Of Existing Methods

Study Architecture | Accuracy | Chatbot
Esteva et al. [1] CNN ~96% AUC No
Kassem et al. [3] [ MobileNetV2|  84.5% No
Tschandl et al. [4]] Ensemble 82.49% No
Goyal et al. [5] ResNet50 ~87% No
Dermal Al DenseNet 99.53% Yes

III. METHODOLOGY AND SYSTEM DESIGN

Dermal Al employs a hybrid methodology combining
DenseNet-based image classification with a generative
LLM conversational agent, deployed as a full-stack
Flask web application with

endpoints /predict, /chat, and /recommendations.

A. Dataset and Preprocessing

Training data is sourced from the HAM10000
repository [4], comprising thermoscopic images
across nine classes: melanoma (MEL), basal cell
carcinoma (BCC), squamous cell carcinoma (SCC),
actinic  keratosis  (AKIEC), nevus (NV),
dermatofibroma (DF), seborrheic keratosis (SK),
pigmented benign keratosis (BKL), and vascular
lesion (VASC). Preprocessing includes: resizing
images to 100x75 pixels; normalizing pixel values to
[0, 1]; applying augmentation (flips, rotations,
brightness adjustments, zoom); and balancing class
distributions through oversampling and weighted loss
functions.

B. DenseNet Architecture

DenseNet [6] was selected for its densely connected
architecture: each layer receives feature maps from all
preceding layers, enabling feature reuse and mitigating
vanishing gradient issues. The model includes
bottleneck 1x1 convolution layers for dimensionality
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reduction, global average pooling to reduce
overfitting, batch normalization, dropout for
regularization, and a softmax output layer over nine
classes.  Final = weights are exported as
skinDiseaseDetectionUsningCNN.h5  for ~ Flask
deployment.

C. Performance Metrics

The model is evaluated using accuracy (Eq. 1),
precision (Eq. 2), recall (Eq. 3), F1-score (Eq. 4), and
Cohen's Kappa (Eq. 5):

Accuracy = (TP +TN) /(TP + TN + FP + FN)
Precision = TP / (TP + FP)

Recall =TP /(TP + FN)

F1 =2 x (Precision x Recall) / (Precision + Recall)

D. System Architecture
The system follows a modular client-server model: a
Frontend Layer (HTMLS, CSS3, JavaScript) for image
upload and chatbot interaction; a Backend Layer
(Flask) managing routing and inference; a Deep
Learning Module with cached DenseNet for efficient
prediction; a Chatbot Module (Ollama LLM) for
personalized guidance; and a Fallback
Recommendation System using a condition-specific
dictionary. Uploaded images are deleted post-
inference for privacy compliance.
Dermal Al System Architecture
Fronen Layer
(©) Browser

Upload Image;
View Predictions;
4 ‘Interact with Chatbot;

// ‘\
/

/ |
{ HTTP Request (mage Upload / Chat) |/SON Response (Predictions & Guidance)
| /

\(Backend Layer (Flask) /

(©) Fasisener

:AP| Endpoint /predict;
_ *API Endpoint /chat, .
| | :API Endpoint recommendations;
P Preprocessing & Normalization; ~.

P S
A "

7 ( \ \ N
"/Pvepmoassed Image // Top Predictions. ‘\_P'eﬂ»::ed Condtion + Query |Personalized Response ‘\ji LLM fads \Retum Recommendations
\ \ \

| | \ \
Deep Learning Modul Chatbot Modul / R |
eep eammg\‘o ue\ E‘a odule) Fallback ! \

1 -

thode!
@ DenseNethiode! @ Osmalhl @ RecommendationDict
Load Mode! skinDiseaseDetectionUsningCNN.h5; Receive Predicted Condition: Predefined Guidznce per Conditon;

FredictSin Condion; doousd Los s, Used fChabot Unavaiable
“Retum Softmax Scares; Provide Personalized Guidance; g s

Fig. 1. Dermal Al System Architecture

E. Conversational Al Module

The Dermal AI chatbot leverages an Ollama-hosted
LLM [16] with the predicted condition passed as
contextual metadata. A  system-level persona
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constrains responses to be concise, medically oriented,
and to consistently recommend professional
consultation. When LLM connectivity fails, the
hardcoded recommendation dictionary ensures
uninterrupted guidance [8].

Dermal Al Sequence Diagram
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Fig. 2. UML Sequence Diagram — User Interaction
Flow
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Fig. 3. Activity Diagram — Classification Workflow

IV. RESULTS AND DISCUSSION

The DenseNet classifier was evaluated on a held-out
test split of the HAM10000-derived dataset. As shown
in Table II, the model achieved 99.53% accuracy with
precision, recall, and Fl-score each at 0.9953. A
Cohen's Kappa of 0.9948 confirms near-perfect label
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agreement, substantially outperforming the 83-92%
range typical of comparable multi-class systems [3]—
[5]. ROC analysis confirmed AUC > 0.99 across all
nine classes.

Table II. Densenet Classification Performance

Metric Value
Accuracy 99.53%
Precision 0.9953

Recall 0.9953
F1-Score 0.9953

Cohen's Kappa (k) 0.9948
AUC (all classes) >0.99

Table III. Per-Class F1-Score Summary

Condition Precision | Recall F1
Melanoma 0.994 0.996 0.995
Basal Cell Carcinoma 0.997 0.995 0.996
Squamous Cell 0.993 0.994 0.993

Carcinoma

Actinic Keratosis 0.996 0.997 0.996
Nevus 0.998 0.997 0.997
Dermatofibroma 0.995 0.996 0.995
Seborrheic Keratosis 0.994 0.993 0.993
Plgmég;:fogzmgn 0.996 | 0.995 | 0.995
Vascular Lesion 0.997 0.998 0.997

A. Prediction and Confidence Scores

The system returns top-3 predictions with confidence
scores, with average image processing time of 1-2
seconds demonstrating real-time usability. Confidence
visualization aids users in understanding prediction
certainty, particularly in ambiguous cases such as
melanoma versus pigmented benign keratosis [4].
Confusion matrix analysis revealed minimal
misclassifications, concentrated among visually
similar conditions.

B. Chatbot and Usability

For high-risk conditions like melanoma, the chatbot
appropriately emphasized immediate consultation,
lesion monitoring, and sun protection. For benign
conditions  like nevus, responses covered
observational strategies and photoprotection. Average
response latency remained below 2 seconds. The
fallback recommendation mechanism engaged
reliably when LLM connectivity was unavailable.
Usability testing confirmed that users of varying
technical proficiency could navigate the interface and
obtain actionable guidance effectively.
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V. CONCLUSION AND FUTURE WORK

This paper presented Dermal Al an integrated deep
learning and conversational Al system for skin disease
classification and personalized dermatological
guidance. The DenseNet CNN achieved 99.53%
accuracy across nine skin conditions, substantially
surpassing prior multi-class benchmarks, while the
Ollama-powered chatbot extended utility beyond
prediction to context-aware guidance. The Flask-based
web application ensures accessibility, real-time
responsiveness, and privacy-conscious operation,
establishing Dermal Al as a scalable tool for early skin
condition awareness in underserved communities.
Future directions include: (1) expanding the dataset
with additional conditions and diverse skin tones; (2)
developing i0S/Android mobile applications; (3)
integrating secure tele dermatology channels; (4)
implementing continual learning frameworks; (5)
incorporating Grad-CAM explainability heatmaps;
and (6) extending chatbot support to multiple
languages [8], [13].
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