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Abstract: In this research, 1 want to improve deep convolution neural networks that have been successful with the ImageNet
dataset at categorizing seven different types of skin lesions using the HAM10000 dataset, which has 10,000 dermatoscopic
pictures. With VGG186, Inception V3, Inception ResNet V2, and Dense Net 201, the top layers were fine-tuned.

L. INTRODUCTION

The several processing layers are used in the deep learning approach to teach data representation in hierarchies. With just a few
people working on it, it provides a method to harness a lot of data. Beginning with the development of AlexNet in 2012, the Deep
Learning approach has made tremendous strides and evolution in computer vision in recent years.ldentifying differences between
photographs of various entities is a fairly generic skill that may be used to a variety of challenges.
Since the very final layers of the network learn the semantics and high-level features, Deep CNN has the unique property that its
initial levels often learn highly generic and "low-level™ properties of pictures.
The following are the project's works:
1) Fine-tune DCNNs for 10000 dermoscopic images of 7 different types of skin lesions.
2) Inception V3, Dense Net 201, is used to fine-tune all of the layers.
3) Evaluate the performance of the following DCNNs: Dense Net 201, Inception ResNet V2, and VGG16. Every DCNN is

adjusted from the top layers down.
4) Construct a seamless ensemble of Inception V3 and Dense Net 201.

1. PROBLEM STATEMENT
The purpose of our system is to make predictions for the general and more commonly occurring disorder that when unchecked can
become fatal diseases. The system applies data mining techniques, does pre-processing on the data and then implements the Deep
Learning algorithms.
This system will forecast the prospective ailment based on the symptoms provided and the preventative steps needed to prevent the
condition from getting worse. It will also help doctors study the trends of currently prevalent diseases.

1. RESEARCH OBJECTIVE
The goal of this project is to forecast diseases in advance in order to save lives, lower treatment costs, and prevent diseases from
developing in the first place.
The non-manual medical method, which is excellent for enhancing and comprehending human health, should be adopted in India as
well.
The major goal is to improve patient care by applying the theory of machine learning to the healthcare industry.
Various diseases may now be identified and predicted considerably more easily because to machine learning. Numerous machine
learning algorithms are used in predictive disease analysis, which aids in both disease prediction and patient treatment.

V. RESEARCH CHALLENGE
Infrastructure Requirements for Testing & Experimentation
1) Time-Consuming Implementation
2) Affordability
3) Clutter in the Background
4) Requires large dataset
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VI. PROPOSED SYSTEM
The data are explored and made ready for neural network training.The dataset contains seven skin lesions: melanocytic nevi,
melanoma, benign keratosis-like lesions, basal cell carcinoma, actinic keratoses, vascular lesions, and dermatofibroma. The majority
of skin lesions are benign, with the exception of melanoma, which is exceedingly dangerous, and basal cell carcinoma and actinic
keratoses, both of which can be cancerous. The dataset contains 8000 benign samples and 2000 malignant cases. Melanocytic nevi,
which include about 7000 cases, are also overrepresented in the sample. Therefore, our neural network model should achieve
accuracy of more than 60% even in the worst-case situation.

Counts for each type of Lesions

7000

melanoma
Actinic keratoses
Vascular lesions
Dermatofibroma

Melanocytic nevi
Basal cell carcinoma

Benign keratosis-like lesions

The original photos are 450 x 600 pixels in size, which is far too large. | thus scale the images to 64 x 64 RGB images for the
baseline model and 192 x 256 pixels for fine-tuning models.
Divided into 7210 training examples, 1803 validation examples, and 1002 test examples, the dataset has been normalized by
dividing by 255.

ITERATE FOR THE BEST ALGORITHM

—> | TRAINING DATA

RESULTS IN VISUAL REPRESENTATION - ~———————— |CHOSEN ALGORITHN

Baseline Model: | develop a tiny CNN to gauge how tough it will be to classify skin lesions before fine-tuning DCNNs.VGG16:
Despite the fact that many DCNNs models perform better on ImageNet than VGG16.VGG16 was fine-tuned.Inception:The
Inception modules, which are essentially little versions of the larger model, are what give the third version of Inception its name.
The idea that you must choose what kind of convolution you want to make at each layer.Densenet:Dense Net, a newly released
DCNN architecture, ranks among the best on ImageNet with a top-1 ranking of 0.936 and a top-5 ranking of 0.773. Although Dense
Net performs similarly to Inception V3 in terms of performance.

VII. IMPLEMENTATIONAND OUTPUT
1) Train/Test-Time Data Augmentation:

B A6GG

1.vertical 2.horizontal 3. flips, brightness shift 4.saturation 5.contrast 6.boost used at train-time to broaden the In order to provide a
complete forecast from the classifier that is unaffected by the orientation or illumination circumstances of the scan, data
representation beyond constrained pre-existing samples, and test-time are required.Predictions from all 6 variations [including the
original 1] are averaged to obtain the final prediction per sample.
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2) Multi Scale Input:

Original RGB Image Center Cropped RGB Image

Further Center
Cropped RGB Image

— N 224

224

600 448

Original RGB image (left), center cropped 448 x 448 x 3 image used to train 3 CNN member models and the A 224 x 224 x 3
picture that has been centre cropped further was utilised to train 2 additional CNN member models. According to the theory that the
collective ensemble benefits from a multi-scale input, each model learns to categorise at a separate scale.

3) Feature Maps:

Features maps produced by the second block of expanded convolutional layers in a previously trained Once the network has
processed an input image of a skin lesion using Efficient Net-B6, ImageNet weights.

4) Gradient Class Activation Maps:

Gradient-Class Activation Maps (Grad-CAM) from adjusted Efficient Net-B6 - using the nevus class gradients flowing into the final
convolutional layer - create a coarse localization map emphasizing key areas in the image for nevus prediction.

5) Efficient Net-B6:

Validation Performance

ﬁ —— AUC (Training) = 0.98813

ion) = 0.97338

oo 02 04 3 10
False Positive Rate

True Positive Rate

—— Auc (validat:

o's

6) Inception-V3:

Validation Performance

o8
os
oa
oz
—— AUC (Training) = 0.98990
oo o
oo oz °a 3
False Positive Rate

True Positive Rate

—— AUC (Validation) = 0.97032

o8 10
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VIIl.  RESULTS AND DISCUSSIONS
Fine-tuning the top layers:

Model Validation Test | Test Loss Depth # Params
Baseline 77.48% 76.54% | 0.646671 11 layers 2124839
Model
VGG16 79.82% 79.64% (.708 23 layers 14,980,935
Inception V3 | 79.935% 79.94% (.7482 315 layers 22,855,463
Inception 80.82% 82.53% 0.6691 784 layers 55,121,271
ResNet V2
DenseNet 85.8% 83.9% 0.691 711 layers 19,309,127
201

Fine-tuning all layers

Model Validation Test Test Loss
Inception V3 86.92% 86.820% 0.6241
DenseNet 201 86.696% 87.125% 0.5587
Ensemble (Inception V3 and 88.8% 88.52% 0.41156
DenseNet 201)

The outcomes of fine-tuning all layers are superior to those of fine-tuning simply the top layers, and it takes less time to do so as
well. This is due to the fact that | only performed for 20 epochs when fine-tuning all layers, whereas | perform for 30 epochs when
fine-tuning the top layers.The results wouldn't be as good if I merely fine-tuned the top layers for a few epochs. According to this
finding, fine-tuning the entire model leads to better final results and speeds up convergence of the model compared to just the top
layers.Dense Net 201 provides the best single outcome in both scenarios, which is amazing considering that this model has even less
parameters than Inception V3. thick Net is a very thick, deep model with few parameters, as stated in [5]. The effectiveness of
DenseNet 201 in this experiment confirms the validity of employing DenseNet 201 for transfer learning on a dataset from a totally
new domain that was pre trained on ImageNet. | used ensemble learning to generate an ensemble of the previously fully-tuned
Inception V3 and DenseNet 201 models,and | got the best results with 88.8% accuracy on the validation set and 88.52% accuracy on
the test set.

IX. CONCLUSION

By using the techniques of transfer learning and ensemble learning, | was able to assemble a fine-tuned version of Inception V3 with
DenseNet 201 that produced accuracy for HAM10000 of 88.52% on the test set and 88.8% on the validation set. Through testing,
I've discovered that fine-tuning the entire model for this dataset not only produces better results overall but also hastens the model's
convergence.

Overfitting is one severe issue that has been noted throughout training. All of my experiments have a 10-13% overfit to the training
set. There are numerous techniques to reduce overfitting, but | was unable to reduce it any further.The models will improve when
future efforts are made to avoid overfitting and develop better training strategies.
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