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Abstract: Skin Conditions: This is a major health problem in the utmost corridor of the globe,
especially in insulated and underserved regions where dermatologists are hardly available. To break
this, this paper suggests a smart result using the application of artificial intelligence and deep
literacy to screen and be apprehensive at the initial stage. The operation of the web ground can be
used to post an image or a videotape of the skin lesions, and this can be anatomized by a
convolutional neural network to identify the implicit conditions based on the visual attributes
learned. It is not a relief of clinical opinion, but it is employed as a primary assessment tool and
refers the stoner to professional care. It provides the information on the symptoms, forestallment,
and rudimentary operation. A timeline view and color-enciphered descriptions and structured
reports with about 80-85 delicacies are also included in the interface. This system provides in depth
information regarding the symptoms, prevention, and general management of the most prevalent
skin diseases, such as psoriasis, acne, eczema, and fungi and allows the user to have a more insight
into his or her condition. It also has an interface that includes a timeline view, the color-coded
explanations of which and structured reports have an overall accuracy of approximately 0.85 in
prediction

Keywords: Arttificial Intelligence, Deep Learning, Convolutional Neural Network, Teledermatology,
Computer Vision.

1 Introduction

The skin nuisances seem to be presently in the vanguard of the world in the extreme end, touching
upon an infinite number of lives and touching the way the personalities observe bodies and minds.
In commencing with rushes up to more aggressive growths like carcinoma, the subsequent bone, and
furthermore. is most likely to slow down the back problems as well as reduce harsh measures.
However, consulting a skin specialist is still a sensitive affair when done. lives not close to
metropolises or those that are full of conventions and outfits to act out the treatment. Sooner than
any bone, problems may lead out of hand. knows without the periodical examination, and hence
when treatment is eventually procured, it becomes fragile to heal. The skin problem observation is
mainly based on the observation of croakers in retrospect. Observe during examination. The
experience of a specialist is also taken into consideration. In other instances, such devices as dermo
scopes or laboratory examinations prove useful. These are good measures, which carry their face-
to-face bookings. That arrangement consists of costumed and drilled individuals. It is sensitive to
gain entry when the coffers are meager. It is also predisposed to the tendency of cost being an
interference. Time follow-up presupposes the frequent visits to conventions. In a few months, that is
monotonous. With the appearance of new advances in the sphere of artificial intelligence, the reuse
of images has changed. A cheaper price is now offered in smart software-driven vision systems.
Patterns in skin prints were learned by brain cells imitating networks. Such stratified models
improved the discovery of conditions. As textures were identified, delicacy also rose when machines
became fearful of nanosecond textures. Our conception was developed, based on the existing
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scenario, as a device that is powered by artificial intelligence and is not going to substitute for
croakers; rather, it detects skin issues but acts as a heads-up or first check.

In this configuration, prints are captured live or subsequently uploaded to a system in which they
are smartly processed with the aid of analysis and tutored with a neural network to recognize
patterns and trained with the TensorFlow software. Preemptive identification of skin problems is
even farther than most individuals think since it will prevent advancement of conditions and reduce
the disease burden, not to mention the higher recovery rates. Most of the rashes caused by eczema,
psoriasis, pustules, and even life threatening carcinoma initiate mildly enough to go undiagnosed in
cases. Croakers state that timely diagnosis improves the results of mending, and the overall cost is
lowered by the steps that are taken before the full-blooded cases develop; however, roadblocks to
early diagnosis are mostly caused by the fact that there are not enough skin specialists in the
neighborhood, but the best place to encounter them is where the people who have always been
overlooked have difficulty reaching the point of acceptable care. Late in sickness, people do not
visit a croaker since their symptoms become worse as often as possible, and thus the process of
treatment does become more prolonged.

There is a reason for this tacit condition becoming more vulnerable manage. The allowance of
machines would facilitate the problem detection at the initial stage without the desirable visits.
These biases permit the checks to be made outside the hospitals, where instead smart software is
applied.

In picture one, data had been washed beforehand before tutoring those machines. Skin spots are
multitudinous, and each one of them causes a certain ailment. There is redness and scaling of the
rash; there is making of bitsy swelling in others. Eczema and psoriasis are distinctive since there are
spots of textures along with sliding off layers. The acne is introduced in the form of localized
bumps that are filled. When the color of colors is not irregularly distributed or the edges are not
really, then it raises red flags. Unstable forms or non-centered patterns are likely to be linked with
serious bumps or carcinoma issues.

2 Literature Survey

The latest developments in skin diseases detection have revealed a considerable shift towards
automated diagnostics based on deep learning methods. Initial research focused mainly on using
Convolutional Neural Networks (CNNs) in the classification of dermoscopic images. Early results
of Romero Lopez et al. [11] showed that CNNs could work in dermatology, with moderate accuracy
and serving as a basis to further studies. Another historic study by Esteva et al. [12] further
demonstrated that deep neural networks can reach dermatologist level performance when trained
with large-scale data. Further studies aimed to enhance accuracy and strength. Shahin and Arun [1]
used CNNs along with conventional machine learning classifiers with an accuracy of over 90 percent
and a simple implementation pipeline. On the same note, Nishat et al. [5] noted that preprocessing
methods like noise removal and contrast enhancement are important in enhancing classification
outcomes. The use of deep CNNs with data augmentation to further improve the performance by
Malik et al. [4] yielded an accuracy of nearly 97 percent, thus confirming the power of deep learning
in clinical dermatology.

Data augmentation and synthetic data generation methods were proposed by the researchers to
overcome the issues of a small dataset and overfitting. Abbas et al. [7] have shown that aggressive
augmentation techniques can greatly enhance the robustness of models. Further, Ghosal et al. [3]
used Generative Adversarial Networks (GANs) to produce synthetic dermoscopic images, which
enhanced the classification accuracy by 5-10% and overcame the problem of data imbalance.
Recent research has investigated more hi-tech methods like transfer learning and hybrid models.
Haqu et al. [2] have introduced a hybrid deep transfer learning model based on pretrained CNN
models, which demonstrated more than 95% accuracy with less training. Jaiyeoba et al. [6] and Li et
al. [10] review studies that demonstrate how deep learning models have evolved (EfficientNet and
MobileNet) and outline several challenges like bias in data sets, inability to interpret the model, and
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inability to apply it to real-life scenarios.

Moreover, multimodal methods are also implemented to enhance the level of diagnosis. Using
dermoscopic images with patient metadata, Muhaba et al. [9] showed better accuracy and
representation of clinical situations in the field. Multi-class classification of skin diseases was also
the topic of Patel [8], which reached the accuracy of 90-93% and provided a practical diagnosis of a
range of diseases. In spite of such advancements, there are a number of limitations. Most of the
models are demanding in both size and computational resources, which restrict their usability in low
resource settings. Moreover, the majority of systems are limited to single image predictions and do
not have features like longitudinal tracking, automatic reporting, and user interactive interfaces.
Problems like lack of generalization, restriction of data sets, and lack of multimodal integration, as
pointed out in the comparison analysis of current methods, still exist. Thus, more efficient, scalable,
and user-friendly systems are required that are capable of not only delivering accurate predictions
but also enable continuous monitoring, interpretability, and clinical application in the real world.

3 Proposed System

To counteract the sins of the existing skin complaint discovery systems, such as reliance on one
image processing and the lack of monitoring and interpretability, the present design proposes an
intelligent system of skin complaint discovery and monitoring based on deep literacy styles. The
proposed system will repurpose the images of skin, with an addition of image preprocessing, lesion
segmentation and CNN-grounded bracketing, and other related properties like timeline shadowing,
explainability, and report generation. Such a frame is better suited to the script of a real-life
healthcare operation than the traditional systems where only a single vaticination is provided and no
additional business can be conducted with the system.

3.1 Preprocessing Stage

The system starts with carrying images of skin via camera or training uploading. The images are
also preprocessed in order to eliminate noise, sharpen the discrepancy of the images, and
homogenize the input images to ensure that the quality does not change. In addition, the methods of
color-space analysis (HSV and YCrCb) are used to reward the areas of the skin of interest and tally
noise sources. This enhances the delicacy in posterior analysis.

3.2 Data Preparation and Processing of Input.

The pictures are preprocessed and made standardized and sequenced to be passed through the
models. The system ensures that there is uniformity in the confines and quality of every sample.
The visual aspects such as color and texture and patterns are memorized by the relevant attributes in
order to learn effectively. The set dataset is then trained and tested, and the images are labeled
based on the colorful skin conditions (eczema, psoriasis, acne, and fungal infections).

3.3 Core Processing Modules

The system consists of multiple processing units that work together:

a) Segmentation Module of Lesions.

The module identifies and isolates the areas of the skin affected. It identifies the edges of lesions in
terms of color change, irregular edges, and texture disparities. The process of segmentation helps to
reduce the diseased areas to further improve a better classification.
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Fig. 1: System Architecture of the Proposed CNN-Based Skin Lesion Analysis and Classification
Framework
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b) Feature Extraction and Classification Module.

A Convolutional Neural Network (CNN) is used to extract the automatic features based on the
objectives of extracting shape, color distribution, texture, and lesion patterns. Various types of skin
diseases on the input image are determined using the learned patterns on the model.

ayers  Feature map by later convolutional layers

Original image

Fig. 3: CNN Feature Map Visualization for Skin Lesion Image

¢) Explainability Module

The system is used to generate heatmaps (attention maps) to indicate areas that led to the prediction.
This enhances transparency and assists the users to comprehend the logic of the output. Tests the
decision and also the level of confidence of the decision maker.

A CNN model provides the likelihood of different skin diseases. The system not only picks the
highest confidence class but also uses a confidence threshold to minimize false predictions. As the
confidence is low, the system fails to make uncertain predictions and, therefore, improves reliability
and safety in the use of the system in healthcare.
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Fig. 4: Heat maps for Skin Lesion Analysis (CAM, Grad-CAM, CTI, EI)

3.4 Decision-Level Fusion

The decision-making in the proposed system is carried out through a confidence-based mechanism,
instead of an independent trainable model. The result of the various models, such as preprocessing
quality, lesion segmentation, and CNN classification are merged to yield the final prediction. The
CNN classification confidence mostly defines the final prediction score, with assistance of the
segmentation accuracy and consistency of the preprocessing. A confidence threshold is used to
make sure that predictions are reliable and low-confidence is filtered to minimize misclassification.
FinalScore=ClassificationScore+SegmentationConfidence+PreprocessingWeight

Using this overall score, the system will determine the input image as a particular skin disease. When
the confidence is less than a specified threshold, the system does not make uncertain predictions,
and recommends additional medical consultation. The system also supports visual output, like
heatmaps, to indicate the areas of concern and develops structured reports that can be interpreted by
the user. The results of the prediction are also saved into a time view that allows users to follow the
changes in skin conditions over time.
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Fig 7: Visualization of Model Predictions Across Different Representations. (Fake) (a),(b),(c) Result
of No Skin

4. Results and Discussion
4.1 Accuracy Performance
Table 1. Accuracy Performance of the Model

Model / Component Accuracy of
Validation

CNN Classification Model | 0.85

Lesion Segmentation | 0.88
Module

Preprocessing 0.83
Enhancement

The CNN-based classification model has an overall accuracy of about 85%, which means that it is a
reliable model in classifying common skin diseases. The segmentation module also enhances
detection by precisely isolating affected regions, and preprocessing ensures uniformity in the
quality of input.

4.2 AUC Comparison
Table 2. AUC Comparison of Model Performance.

Model / Component Validation
AUC

CNN Classification Model 0.91

Segmentation Module 0.89

Combined System 0.93

The hybrid system has better performance than the single components with a good ability to
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differentiate among various skin conditions.
4.3 Confusion Matrix (Final Prediction Result)

Table 3. Prediction Outcome Analysis

True Label Predicted Correct [Incorrect
Disease Present 172 28
Healthy / Other 21 179

The confusion matrix shows that the system has a balanced performance with comparatively low
misclassification rates. The model is found to be highly powerful in the proper detection of diseased
cases with the acceptable level of false prediction.

The findings indicate that the suggested system is a reliable way to detect skin disease with CNN-
based frameworks, which are capable of capturing such features as texture, color, and lesion edges.
Performance, however, can be affected by image quality and lighting as well as differences in skin
tone. Segmentation enhances accuracy by targeting the affected areas, and preprocessing guarantees
enhanced input consistency. Heatmap features explainability, which makes users more interested in
the results since they can see the areas of decision-making. Moreover, the system is more practical,
since the timeline-based monitoring system allows one to monitor the progression of the disease
over time. Regardless of these benefits, constraints like reliance on the quality of images and
unavailability of multimodal data are aspects that can be improved in future.

5. Conclusion

The article discusses a deep learning-based Al-based skin disease detection and monitoring system
to diagnose the disease early and accurately. To analyze the skin conditions, the system combines
image preprocessing, lesion segmentation, and CNN-based classification. It also features
explainability and timeline-based monitoring, enhancing transparency and allowing users to see
disease development over time. It offers a more interactive and realistic solution to real-world
healthcare, unlike the traditional approaches. Findings demonstrate that the combination of
preprocessing, segmentation, and classification leads to better accuracy and reliability. The system
is easy to use and can be used in resource-constrained settings. Multimodal data like patient history
and bigger datasets can be incorporated into future work to make further improvements.

References

[1] M. Shahin and M. Arun, “Skin disease detection using machine learning and convolutional
neural networks,” International Journal of Research Publication and Reviews, vol. 6, no. 1, pp. 1-8,
Jan. 2025.

2] L Ul Haq, S. M. Anwar, and M. Majid, “Next-generation approach to skin disorder prediction
employing hybrid deep transfer learning,” Frontiers in Big Data, 2025.

[3] S. Ghosal, S. Murugan, N. Bharadwaj, and R. N. Sai, “Enhancing skin disease classification
through GAN-generated synthetic images for improved CNN training and generalization,”
International Journal of Future Medical Research, May 2025.

[4] S. G. Malik, S. S. Jamil, A. Aziz, S. Ullah, 1. Ullah, and M. Abohashrh, “High-precision skin
disease diagnosis through deep learning on dermoscopic images,” Journal of Medical Imaging,
2024.

[5] N. H. Nishat, P. Paul, F. Akther, T. Akter, and M. A. Azim, “Skin lesion prediction from

@2026, JETMS | Impact Factor Value: 5.672 | Page 305



™
w International Journal of Engineering Technology and Management Sciences

Website: ijetms.in Issue:3 Volume No.10 May - June — 2026
DOI:10.46647/ijetms.2026.v10i03.044 ISSN: 2581-4621

dermoscopic images using deep learning,” International Journal of Computer Applications, vol. 186,
no. 18, Apr. 2024.

[6] O. Jaiyeoba, O. Jaiyeoba, E. Ogbuju, and F. Oladipo, “A review of deep learning approaches in
image-based skin disease detection systems,” International Journal of Creative Research Thoughts,
2024.

[7] M. Abbas, M. Arslan, R. A. Bhatty, F. Yousaf, A. A. Khan, and A. Rafay, “Enhanced skin
disease diagnosis through convolutional neural networks and data augmentation techniques,” Jun.
2024.

[8] M. Patel, “Multi-class skin diseases classification based on dermoscopic skin images using
deep learning,” International Journal of Next-Generation Computing, 2022.

[9] K. A. Muhaba, K. Dese, T. M. Aga, F. T. Zewdu, and G. L. Simegn, “Automatic skin disease
diagnosis using deep learning from clinical image and patient information,” 2022.

[10] L. F. Li, X. Wang, W. J. Hu, N. N. Xiong, Y. X. Du, and B. S. Li, “Deep learning in skin
disease image recognition: A review,” Jan. 2020.

[11] A. R. Lopez, X. Giro-i-Nieto, J. Burdick, and O. Marques, “Skin lesion classification from
dermoscopic images using deep learning techniques,” 2017.

[12] A. Esteva, B. Kuprel, R. A. Novoa, et al., “Dermatologistlevel classification of skin cancer with
deep neural networks,” Nature, vol. 542, pp. 115-118, 2017.

[13] H. Li, X. Shen, and Y. Chen, “Deep learning-based automated skin disease classification using
dermoscopic images,” IEEE Access, vol. 9, pp. 123456123465, 2021.

[14] P. Tschandl, C. Rosendahl, and H. Kittler, “The HAM10000 dataset: A large collection of
multi-source dermatoscopic images of common pigmented skin lesions,” Scientific Data, vol. 5, pp.
1-9, 2018.

[15] N. Codella, D. Gutman, M. Celebi, et al., “Skin lesion analysis toward melanoma detection: A
challenge at the International Symposium on Biomedical Imaging,” in Proc. IEEE Int. Symp.
Biomed. Imaging (ISBI), 2018, pp. 168—172.

@2026, JETMS | Impact Factor Value: 5.672 | Page 306



