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Abstract- Skin diseases have a significant impact on people’s life and health. Despite being common its identification is
very troublesome due to its complexities of skin tone, color and hair. This chapter analyses the feasibility for using
existing convolutional neural network architectures to diagnose such diseases at its earlier stages prior to consulting a
dermatologist. This chapter aims to compare the existing image recognition models like Inception v3, Inception Resnet v2
and VGG -19 for diagnosing skin diseases. The reason for comparing the above three models is to examine the impact of
the depth and architecture of a model on performance in this domain. These models were trained using different
strategies in order to determine the best one which suits the given problem for the available dataset. Also,
hyperparameter optimization is done to get the best results possible. The Dermnet dataset which contains about 23000
images belonging to 23 classes for training is used. The output of the trained models is the identified disease. Our system
can achieve as high as 68% test accuracy for Top-1 prediction.
Keywords – Skin disease diagnosis, Convolutional neural networks, transfer learning, Deep learning

I. INTRODUCTION
Every year, millions of people are diagnosed with several thousand classes of skin diseases. Most of these diseases
are temporary, but some are permanent and can also be fatal if left unnoticed. The most common cancer worldwide
is skin cancer. Melanoma, which is a type of skin cancer where the pigment producing cells mutate and begin to
divide uncontrollably, accounts for only 1% of skin cancers but is most fatal. The diagnosis and treatment of skin
diseases should be done as soon as possible.
Due to ignorance, these diseases are left untreated which might lead to serious effects. This ignorance has grown a
lot due to the indistinguishability between normal infections and several serious diseases. Thus, as a first step of
diagnosis, computer vision-based techniques can be used to preliminarily detect how serious an infection is, then
according to the results the patient can be either given medication or visit a doctor accordingly.
During traditional diagnosis of a skin disease by a doctor, the affected part of patient’s skin is examined for spots or
eruptions color and texture of the affected areas. This observation is often combined with other details such as
patient’s age, medical history or other symptoms reported to diagnose the disease. This method varies according to
the dermatologist’s level of expertise. Some uncommon skin conditions are difficult to diagnose even by highly
experienced dermatologists. Thus, it is necessary to build automated methods which preliminarily identifies the class
of skin disease and can also be used by the doctors to verify their diagnosis.
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Literature reveals that soft computing techniques are used in many applications such as image processing [21-32],
Anomaly detection [33], Prediction [34-39]. Therefore, a suitable soft computing technique can be used for this
application. Based on the skin symptoms, separate methods can be engineered for each disease. A set of features was
found, which primarily identifies a particular disease and try to separate such features from a given image to predict
the presence of that skin condition using techniques like segmentation. However, segmentation lacks scalability as
separate methods cannot be devised for each and every skin condition. To build a universal method to classify many
skin diseases, deep learning can be used.
Convolutional neural networks (CNN) is used to analyze visual imagery. With the help of a sufficiently large
dataset, CNN will able to train and classify a disease if the model is able to generalize properly. Instead of creating
our own CNN architecture, A well-known models like Inception v3, Inception Resnet v2 and VGG19 are used.
These networks were trained using the ImageNet dataset and the results show that these models can compete with
humans for object classification. This chapter analyses the feasibility for using existing convolutional neural
network architectures to diagnose such diseases at its earlier stages prior to consulting a dermatologist. Thus, a
comparative analysis on such image recognition models for skin disease diagnosis was performed.
II. RELATED WORK
Nisha Yadav Et al. [3] studied the possibility to apply image processing techniques like segmentation on plant
diseases and applies it to human skin disease recognition. The input is a picture or video, a photograph of the
pathologic skin and output is additionally another image having same characteristics as input image. Principally,
Image processing models take input samples as 2-D signals and at that time they apply fastened signal process
strategies to them. the total project had the below major components. Image segmentation and have extraction,
disease declaration and medical recommendation. a picture is taken and noise is removed by applying filters. Then
the image is metameric to extract important info and so the unwellness is assessed by mistreatment applicable
classifier.
Delia-Maria and Adriana proposed a diagnosis system having two distinct parts:
1. Network development which comprises of determining the input features, data collection,
preprocessing and finalizing architecture. Architecture refers to the number of layers, weights, transfer
functions etc. The learning algorithm is established and the network is trained. Finally, the accuracy is
determined. This step is performed at the beginning and only once.
2. Diagnosis for a new patient – it is made each time a patient should be diagnosed. Here, the required
features of the patient are selected and passed to the neural network. Once the diagnosis is done, it is
evaluated by a human physician.
This paper used simple neural networks (ANN with 33 input units and one hidden layer) which predicts the skin
disease only using the symptoms and not the image of the disease. But the accuracies achieved are fairly high.
Andre Esteva Et al. [2] proposed a CNN solution to diagnose carcinoma employing a dataset of 129,450 clinical
images. It additionally tested its performance against twenty-one board-certified dermatologists on biopsy-proven
clinical pictures with 2 essential binary classification use cases. The performance of CNN is on par with all tested
specialists across each task. This shows that neural networks are capable of classifying skin cancerwith tier of
competency equivalent to dermatologists. Thus, Inception v3 used in this paper seems to suit skin disease
classification problems.
Brinker used CNN for both types of skin disease classifications such as lesion and disease targeted. For the diseasetargeted diagnosis, a multi-class CNN classifier was trained, and multi-label CNN classifier was trained for the later.
A new fully connected layer was replaced instead of the existing one. The model was trained using both strategies
such as fine tuning and training from scratch. It is found that, for this scenario, fine-tuned works better than those
trained from scratch. As investigated in this paper, this chapter will also perform all three strategies to train
Inception models.
H.Liao [5] took dataset from OLE and Dermnet. In transfer learning, this paper took a pretrained network and finetuned its , instead of training from randomly initialization. This paper used Caffe framework to effectively train the
models. VGG16, VGG19 and GoogleNet are the pretrained models used here. These CNN models can achieve high
Top-5 accuracy when testing on the Dermnet dataset. This chapter will seek to improve on these models for
accuracy.
Doaa A. Shoieb Et al. [4] modelled this problem in three stages. The image is first captured and segmented to locate
the infection. This is then inputted to the feature extractor. These features are finally fed to a classifier. The
segmentation methods used were region-based segmentation and texture segmentation for locating skin lesion.
High-Level Intuitive Feature extraction was also used for feature extraction.
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III. DATASET
The dataset used here is Dermnet. Dermnet provides information on a wide variety of skin conditions through
innovative media. It has about 23,000 images on various skin conditions labelled in two hierarchical levels. It has 23
broad classes and more than 600 bottom level skin conditions. The dataset was downloaded from internet via a
python script which raised HTTP requests as suggested in [5]. The server often stopped responding as continuous
requests were given (DOS attack was detected). Thus, the requests were separated by considerable time intervals.
The images were watermarked as it is the free version. Figure 1 represents the distribution of number of images per
top level disease. To keep the experiment simple, the bottom level diseases were not considered for classification
and only the top level 23 diseases were taken into consideration. Also, the distribution of images among these 23
classes are uneven. In order to normalize, the images were duplicated by distorting and rotating randomly for
diseases with lesser images. The available dataset Dermnet, is fairly large but not large enough to train a model from
scratch. So, transfer learning is used. We take pretrained CNNs like Inception v3, Inception Resnet v2 and vgg19
which were trained on ImageNet dataset and perform feature extraction and fine tuning which are two strategies and
in the third, the entire model is trained from scratch.

Figure 1. Dataset with 23 classes of diseases

IV. DEEP LEARNING MODELS
4.1. Inception V3
The first model used for training is the Inception v3. Before training all the models, we should finalize the strategy
(Fine tuning, feature extraction or end to end training) which will be used and the configuration for training. So, we
test the first model with all three strategies and different configurations to determine the best. This will be applied on
all models.
4.1.1. Feature Extraction
In this part of training, we use the existing weights of the Inception model, add a dense layer at the top which predicts
the class label of the disease, and train the top layer only leaving the rest of the weights frozen. This actually makes
use of the weights learnt by it while trained with ImageNet dataset. Thus, feature extraction process is effectively
retraining the model to classify skin diseases purely based on its understanding of extracting features from images it
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was trained earlier with. This feature extraction will be fully efficient only when the domain of the images it was
trained with is similar to the domain of the dataset we are using. But ImageNet is not a dataset which has various
classes based on recognizing skin patterns. Thus, the accuracy of this phase of training is expected to be very low as
seen in Figures 2 and 3. We did hyperparameter optimization and the best possible accuracy was achieved at a
learning rate of 0.001 and 50 epochs.

Figure 2. Accuracy comparison for feature extraction.

Figure 3. Loss comparison for feature extraction.

4.1.2. Fine Tune
To improve performance even more, we repurpose the top-level layers by fine-tuning with Dermnet dataset. That is,
we tune our weights such that we learn high-level features like skin texture, tone etcspecific to our dataset. The
Inception v3 model has a total of 311 layers, in which we will train the layers 250-311. This fine tuning will improve
feature selection based on our dataset.
Even though some of the inner layers were trained again, the validation accuracy did not see any improvement. This
is because of the fact that the first 100-150 layers have weights adjusted to identify real world objects only and not
texture and patterns in skin. Thus, the model overfits the data by memorizing the features of training data. This
implies the high training accuracy (93%) but very low validation accuracy (~25%) at the end of 25 epochs.
The only solution to this problem will be training the same Inception model without initializing the weights it learnt
from ImageNet dataset. By training from scratch, there is a high possibility of improvement of the model’s ability to
generalize.
4.1.3. Training from Scratch
The entire model is made trainable not by initializing the model with the weights learnt from ImageNet rather by
giving random weights and unfreezing the entire model. The model is now trained for 38 epochs to get a training
accuracy of 78% and a validation accuracy of ~68%. It is evident that the model has generalized well since it is
trained from scratch as evident from the accuracy and loss curves in figure 4.
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Figure 4. Training and validation accuracy and loss for training from scratch.

4.1.4. Inference
The first strategy has a very low accuracy because the weights of Inception v3 was reused and only the top layer was
trained. Since ImageNet and DermNet are datasets of two different domains, a very low accuracy is obtained as
expected.
The second strategy involved unfreezing some layers and the weights were modified according to Dermnet dataset.
Since the lower layers’ weight were untouched, the model overfitted to the available training data. This explains the
comparatively low validation accuracy.
The third strategy involved training the entire model from scratch. This resulted in better results because the weights
of ImageNet weren’t used as it was from a different domain. Thus, this strategy proves to be the best possible one
which can give the best accuracy possible.
Table -1 Comparison of accuracies for three strategies.

Feature extraction
Fine tuning
Training from scratch

Volume XII, Issue XI, 2020

Training accuracy
(%)
43
94
80

Validation Accuracy
(%)
14
23
68
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Figure 5. Comparison of Training and Validation accuracy for 3 strategies.

4.2. VGG19
According to the previous observations from InceptionV3, the weights from ImageNet dataset has no correspondence
to dermnet. Thus, results will be very low when feature extraction or fine tuning is performed. So, we directly train
the entire model from scratch and observe the accuracy. For testing purposes, we stop after 50 epochs. The learning
rate used was 0.01. But at the end of 50 epochs, the maximum accuracy achieved was 25%.
The growth rate is reduced to almost zero after 40 epochs and there is no improvement in accuracy after that. This is
because the architecture of VGG19 is less deep, thus only suitable for identifying objects (and not textures) belonging
to lesser no. of classes.
4.3. INCEPTION RESNET V2
The Inception Resnet v2 showed a slow but steady increase in accuracy given its deep layers as seen in figure 10. The
improvement in validation accuracy considerably slows down after a point from figure 11. This is due to the lower
resolution of the images. The only possible way to improve it is to have a larger dataset with image of higher
resolution.
V. RESULT ANALYSIS
The three models which were trained are tested using the same validation dataset and the results are compared below.
We use a 4500-image dataset, use the models to predict the disease and visualize the predictions using a confusion
matrix in heat map.
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Figure 6. Confusion matrix for Inception V3.

Figure 7. Confusion matrix for Inception Resnet v2.
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Figure 8. Confusion matrix for VGG-19.

Figure 9. Training Accuracy.

Figure 10. Validation Accuracy.
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Table -2 Comparison of accuracies for three strategies.

Feature extraction
Fine tuning
Training from scratch

Training accuracy
(%)
43
94
80

Validation Accuracy
(%)
14
23
68

Comparing the three models with respect to their improvement in accuracies, the inception v3, Resnet v2 are better
suited for our problem than VGG-19. But we did not achieve 100% accuracy in either. By observing the confusion
matrices, the errors in both models are in different diseases. The former has problems in classifying hair related
diseases correctly, but the latter has better accuracies in that particular disease. Thus, we can build a new system by
using the outputs of both models to improve the accuracies. We get an accuracy of 61% Top-1 accuracy after
combining the results. Though this is not a big improvement from inception v3, if more models are included, the
results can improve.
VI.CONCLUSION
The possibility of using a CNN to diagnose skin diseases was extensively explored and it is found that it can do very
good predictions based on the quality of dataset used. But for the same to replace or assist actual dermatologists, it
needs to be trained on a larger and diverse dataset on more granular classes of skin diseases and if it is cross verified
by a dermatologist during training, we might be able to achieve a model which has the ability to correctly identify
diseases. All the CNN models available today is very capable of doing any task. The only big deciding factor is the
dataset it is trained on and the resources available. Our future improvements to this proposal will be the acquirement
of such diverse and large dataset. Also, we will be trying to rebuild the architectures of the pretrained models and
examine ways to improve the capacity. The classification accuracies for different diseases in each model is observed
and predictions of different models can be combined to improve this accuracy.
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