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Abstract Transfer Learning is an important technique used to transfer knowledge from one pre-trained model (called
source domain) to another (called destination domain), this technique improves good evaluation especially when the dataset
of destination is small, transfer learning may achieve a good valuation and may not, this is depending on the common
features between source and destination domain. In this work, an investigation is proposed to show the effects of using
Transfer learning on medical and non-medical images. In this work, three datasets are used (International Skin Imaging
Collaboration (ISIC), Human Against Machine with 10000 training images (HAM10000), and Flowers), two for skin cancer
lesions as medical images and the third is flowers types, In addition, four pre-trained models are used (InceptionVersion3,
Residual neural Network with 50 layers (ResNet50), Mobile network (MobileNetV2) and Extreme version of Inception
(Xception). The results show that transfer learning does better using nonmedical images than medical images, and the best
pre-model metrics are got from Xception model, with an accuracy of approximately 89% in non-medical images and 68%
in medical images, this is because the pre-trained model is fruitful when the features are common between the source and
destination domain, these common features are more available in nonmedical than medical (especially in skin lesions).
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1. Introduction

Despite the rapid multiplication of data last decade, still there are some applications need for data but unfortunately
this data is small especially in medical field, small data may lead to make the decision is difficult or even wrong
[1], Transfer learning is one of the strategies of deep learning. It achieves good performance when the data
to be trained is small. The attitude of TL is to reuse the pre trained knowledge get out from a model trained
on a huge dataset, (like Imagenet which contains millions of images categorized in 1000 classes) [2]. This
approach is measured better than establishing new model from the scratch, hence, this approach eliminates the
time and computational process [3]. The core goal behind transfer learning is sharing features learned from one
domain called to another domain. This approach approved achievement in different applications such as image
classification, natural language dealing, and speech recognition [4], object detection, and others. It has proven to
be a powerful tool for improving the accuracy of deep learning models while reducing the amount of training data
and time required [5]. Medical area becomes one of the popular applications that be used in deep learning, many
researches are focused on using deep learning in disease classification, lesions detection, drug discovery, cancer,
Alzheimer’s disease, and heart disease [6, 7]. Deep learning plays a vital role in medical Image classification [8],
prediction [9], recognition [10] and detection [11], this benefits in pre-diagnostic and self treatment. Deep learning
models can be trained on medical datasets such as Magnetic Resonance Imaging (MRI) [11, 12, 13], CT scans [14],
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and X-rays to accurately detect and classify abnormalities [15, 16]. Skin cancer is by far the most common type of
cancer. it is the abnormal growth of skin cells; it can become deadly. The good news though is when caught early,
the dermatologist can treat it and eliminate it entirely, there are many types of skin cancer, each of which can look
different on the skin. Ultraviolet radiation from the sun causes 1.8 million skin cancers every year according to a
WHO report in June 2022 [17] Deep learning has shown great promise in improving the accuracy and efficiency
of skin cancer detection. Convolutional neural networks (CNNs) are commonly used for this purpose, as they are
able to automatically learn and extract meaningful features from skin lesion images. use a CNN to segment skin
lesions in images, allowing for more precise analysis of the lesion’s features. This can be particularly useful for
identifying areas of irregularity or asymmetry in the lesion, which are often indicative of malignancy [18]. In this
work, we show a comparison analysis between using medical and non medical based transfer learning, our case
study in non medical is flowers type, and in medical skin cancer, also in our investigation we used four different
pre trained models for representation to judge the best model for this purpose, this work studies:

* The evaluation of pre-trained models for medical and non medical tasks, through the evaluation of popular
model like (ResNet, Inception,...) and show their strength and limitation by using medical and non medical
datasets.

* Comprehensive analysis of transfer learning by providing a systematic analysis of the effectiveness of transfer
learning in vastly different domains: non-medical (flower classification) and medical (skin cancer).

2. Skin Cancer Medical Knowledge

The major factor that causes the skin lesions is the exposition to the sun, these lesions are founding as unregular
growth on skin, some of them are malignant and the other benign. Malignant skin cancer may causes death, because
it dives deep the body and reaches to internal body organs and damage them, the skin lesions can be noticed by
vision, and it can be examined by ultraviolet light and polarized light photography [19], Three main types of
common skin diseases:

* Basal Cell Carcinoma: This kind of disease can be seen in the form of a slightly transparent bump on the
surface of the skin, and it can be of different shapes. Basal cell carcinoma most often occurs in areas of the
skin exposed to direct sunlight, such as the head and neck.

e Squamous Cell Carcinoma: This disease changes in the squamous cells which is being in the middle and
surface layers of the skin. It may rarely spread all over the other area of the skin and is generally more
aggressive than Basal Cell Carcinoma. But it doesn’t threaten life.

* Melanoma: This kind of skin lesion is the least common, but it is the most dangerous and poses a threat to
life and sometimes causes death, due to its ability to spread to other parts of the body without the patient
noticing it. It is considered more dangerous than the previous two types.

In general exposure to ultraviolet radiation (UV) is one of the most important factors that cause skin diseases, so it
is advised to avoid exposure to direct rays or reduce exposure. One can search for any changes that can be observed
on the surface of the skin to ensure that there are no skin cancers at an early stage. Detection of the disease in the
early stages can ensure treatment and the preservation of life [20]. As same as other cancers, skin cancers initial as
normal skin lesion. this lesion develops by time to be a skin cancer, Figure 1 below denotes the three types of skin
diseases:
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Figure 1. The depths of the three types of skin cancer [18]

3. Transfer Learning

The principle of TL education is inspired by one’s own education, whereby one does not learn from scratch to
solve any new problem but takes advantage of similar previous experiences in order to solve the new. TL also aims
to transfer the knowledge gained by a source model and pass them to a new one, this is done by passing weights
that get out from the source model to the destination model, Figure 2 below shows the general TL diagram:

Transfer Learning
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Weights l

Figure 2. General transfer learning diagram

Firstly the model is pretrained on huge dataset like ImageNet or COCO dataset, this model is called “Source”
then freeze the layers and fine-tune to feed in the new dataset which may be small, and the by using the
acknowledgement of the source model, the second model is called “Destination” [5, 21].

4. Inception V3

InceptionV3 is a deep convolutional neural network model that is considered to classify images. It was founded
by investigators at Google in 2015. The principle idea behind InceptionV3 is using a mixture of many different
filters for convolutions with various kernel sizes (1x1, 3x3, 5x5) parallelly, allowing the model to capture features
at different spatial scales efficiently. This architecture is known for its depth and computational efficiency, making
it suitable for various computer vision applications [22]. Inception-v3 is trained for the ImageNet Large which is a
familiar huge dataset consists of 1000 labeled data for different objects.
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5. ResNet50

Residual network ResNet50 is a deeper neural network, presented by Kaiming He et al. in 2015. ResNet is, in this
model, residual blocks are used that are based on skip connection to decrease vanishing degradation and the final
parameters, this model involves 50 layers, and it achieves extraordinary outcomes in classification and computer
vision tasks that it is intelligent to handle with actual deep model [23]. This model is trained on ImageNet.

6. MobileNetV2

It is a convolutional neural network consists, designed for mobile and image classification, it consists of 53 deep
layers, in addition, the model customs inverted residual blocks. It was developed by Google researchers in 2018.
The vital aim of MobileNetV2 is to offer good accuracy for image classification tasks with few computational
resources, by consuming deep convolution layers, that mainly decrease the features and computations [24], this
model is trained on COCO dataset with 91 labeled classes.

7. Xception

Xception or Extreme Inception, is an advance form of the Inception model, it produced by Frangois Chollet in 2016.
Xception based on the same structure of InceptionV3, with additional swapping the typical Inception structures
with depth wise divisible convolutions. This variation decreases the computational rate. Xception is particularly
known for its effectiveness in tasks such as object recognition and detection [25]. This model is pretrained on the
ImageNet dataset.

8. Methodology

This work proposes using the Transfer learning approach to investigate the effect of using it on medical imaging
and nonmedical imaging, the medical case study in this work is skin cancer lesions and nonmedical imaging is
Flowers, and then discuss the results using three datasets (two for skin cancer lesions and the third Flowers types),

in this work, four types of pretrained models (InceptionV3, ResNet50, MobileNetV2, Xception), Figure 3 below
shows the process diagram of the methodology:

Evaluate model ‘ Apply new
dataset

Figure 3. The process diagram of the methodology

Where the steps of the proposed methodology are:

* prepare data: Fix data, detect and delete duplicates, then split it into training, validation, and test groups.
 Select a model: select the appropriate pretrained model to be a source for the new model.
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* Fine Tuning: Alter the network to fit destination model problem, by using fine tuning to train the latter limited
layers. Naturally, this work, depends on ImageNet and pretrained weights.

* Apply new dataset: using the knowledge of the source model, then passing the new dataset and training it on
the pretrained model.

» Evaluate model: using some evaluation metrics to understand the performance of the model.

9. Dataset

9.1. ISIC Dataset

The International Skin Imaging Collaboration (ISIC) dataset, ISIC involves 2750 images of three classes of skin
cancer lesions: (Melanoma, Nevus, and Seborrheic keratosis), Tabel 1 shows the statistics of this dataset classes
[26]:

Table 1. ISIC Dataset Classes

Disease Total | Percentage
Melanoma 521 19%
Nevus 1843 | 67%
Seborrheic keratosis | 386 14%
Total 2750 | 100%

where:

* Melanoma: It is a really aggressive kind of skin cancer, that grows in the melanocytes cells which are
responsible for generating melanin. Melanoma may be formed in the eyes and, seldom in the other parts
of the body, melanoma formed in an irregular shape and variation color.

* Nevus: Benign skin tumor, it looks like a big size of mole, it sounds flat on the surface with different colors
with irregular boundaries. It may be found in any part of the body person who has nevi typically as well has
many public moles.

» Seborrheic keratosis: It benign skin tumor, it is a harmless-spot that generates during an adult lifetime, it is a
clear sign of skin aging. Figure 4 below shows ISIC samples:

Melanoma Nevus Seborrheic keratosis

Figure 4. ISIC Dataset samples

9.2. HAM10000 Dataset

Human Against Machine dataset which contains ten thousand images (HAM10000). The real overall number of
images in HAM10000 are 10015 images. The whole images are gathered from many inhabitants for skin lesions
and categorized into 7 classes. The classes are skin lesions: Actinic keratoses and intraepithelial carcinoma (akiec),
basal cell carcinoma (bcc), keratoses and lichen-planus like keratoses (bkl), dermatofibroma (df), melanoma (mel),
melanocytic nevi (nv) and Vascular lesions (vasc) [27], Table 2 shows the HAM10000 dataset details:
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Table 2. HAM1000 Dataset Classes

Disease Total | Percentage
Actinic keratoses 327 3%

Basal cell carcinoma | 514 5%

Benign keratosis 1099 | 11%
Dermatofibroma 115 1%
Melanoma 1113 11%
Melanocytic nevi 6705 | 67%
Vascular lesions 142 2%

Total 10015 | 100%

Figure 5 denotes HAM 10000 Dataset samples:

-
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Actinic keratoses Basal cell carcinoma Benign keratosis

Dermatofibroma Melanoma Melanocytic nevi

-

Vascular lesions

Figure 5. HAM10000 Dataset Samples

9.3. Flowers Dataset

The dataset is available on Kaggle web site, it consists of more than 3600 jpg images, classified into five classes as
shown in Table 3 below:

Table 3. Flowers type Dataset Classes

Flower Type | Total | Percentage
daisy 633 17%
dandelion 898 25%

rose 641 17%
sunflower 699 19%

tulip 799 22%

Total 3670 | 100%

Figure 6 below shows Flowers Dataset samples:
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Rose

Sunflower

Figure 6. Flowers Types samples

10. Delete Duplicates image

Duplicates in the training group may cause biased learning. While duplicates in the test group may generate
an improper performance evaluation of the model results, because unseen images are important to create real
evaluation and ensure the model is trained well. Therefore, in this work, an algorithm for detecting and deleting
duplicate images is proposed, by using perceptual hashing to calculate the similarity among images, Figure 7 below
shows the steps of the proposed detecting and deleting duplicate images:

- » » D

Delete Duplicate (CRn = il ‘ Build the Hash

difference

Figure 7. Process diagram of detecting and deleting duplicate images algorithm

10.1. Image Perceptual Hashing

Image hashing means creating a unique hash parameter to image, Identical copies of images with rare simple
variance may have the same hash parameter, or close to [28]. The algorithm of perceptual hashing depends on
perceptual factors of images in order to create the hashes features. The aim of this algorithm is to generate hashes
that keep on unaffected after applying changes on image, let assume couple images X and X', hX = H(X) and
hX’= H(X’) their equivalent perceptual hashes, and D(hX,hX") is a likeness system of measurement, and is the
threshold that calculated experimentally, D(hX,h X ") less than 7 refers to that X and X’ are duplicated images with
minor modifications [29]. Perceptual is an image extraction, it uses in many applications like neural networks and
deep learning [30, 31] encryption [32, 33, 34, 35], watermarking medical images [36, 37].
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10.2. Hamming Distance
Hamming distance (HD) is a factor that is used to compare the similarity between two strings, this factor usually

used as evaluation metric in perceptual hashing approach to calculate the similarity between two images, HD uses
XOR relation to calculate the distance. Let the first string H; and the second H; each consists of h(i) bits, then:

H1 = {hl(O), h1(1)7 ey hl(nn— 1)},
Hy = {h2(0), ha(1), ..., ho(nn — 1)}

is calculated as in Equation 1 below [29]:

HD(H,, Hy) = Zm ®© hai (1)

1=0

Algorithm 1 below shows the process diagram for it:

Algorithm 1: Detecting and Delete Duplicate images Algorithm
Step1: Start

Step2: Import important library.
Step3: Specify the dataset directory.
Step4: For each image:
Convert to gray scale.
Resize image to image+1.
Calculate the hash Factor.
Compare with all.

Delete the duplicate.

Step5: Stop

Table 4 below shows the statistics of the three datasets after applying the perceptual hashing algorithm on the
ISIC dataset, and as denotes in the Table 4:
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Table 4. dataset Statistics after applying To Detect and Delete Algorithm

Dataset Classes All Duplicate | Remained
Melanoma 521 0 521
ISIC Nevus ’ . 1843 6 1837
Seborrheic_Keratosis | 386 0 386
Total 2750 | 6 2744
Actinic keratoses 327 0 327
Basal cell carcinoma | 514 0 514
Benign keratosis 1099 | 0 1099
Dermatofibroma 115 0 115
HAMI0000 Melanoma 1113 0 1113
Melanocytic nevi 6705 | 2 6703
Vascular lesions 142 0 142
Total 10015 | 2 10013
daisy 633 0 633
dandelion 898 0 898
Flower rose 641 0 641
sunflower 699 2 697
tulip 799 0 799
Total 3670 | 2 3668

11. Proposed Transfer Learning Model

This work uses the Transfer learning approach to detect and classify skin cancer and hen flowers. Hence, four types
of pretrained training models are used in this investigation (InceptionV3, ResNet50, MobileNetV2, Xception).
Algorithm 2 below describes the process of the proposed method for each X and Y:

Algorithm 2: The Proposed Method
Stepl: Start

Step2: Import important library.

Step3: resize the input image as neede by model.

Step4: Define epochs=10, classes=C, image size=S, optimizer=adam
Step5: Load X

Step6: Freeze layers

Step6: Fine Tuning

Step7: Train the new Y Dataset data set

Step8: Evaluate the model

Step9: Stop

Where: C is the classes of dataset (ISIC=3, Ham1000=7, Flower=5), S is the image size it differs by the model
(InceptionV3=299x299, ResNet50=224x224, MobileNetV2=224x22, Xception=299x299), X is one of the four
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pretrained models (InceptionV3, ResNet50, MobileNetV2, Xception), and Y is the one of the three datasets (ISIC,
HAM10000, and Flowers).

12. Results

The model is run by python’s language using Jupyter Notebook, the four models (InceptionV3, ResNet50,
MobileNetV2, Xception) are used respectively, and the Table 5 denotes the metrics of accuracy and loss functions
for each Model:

Table 5. The metrics of Precison, Recall and F1 score for each model

Database Model Accuracy | Loss
InceptionV3 | 0.6884 0.8352
ISIC ResNetSO 0.6884 0.8334
MobileNetV2 | 0.6884 0.7602
Xception 0.6884 0.8081
InceptionV3 0.7075 0.9287
ResNet50 0.6705 1.1294
HAMI0000 MobileNetV2 | 0.7075 0.8963
Xception 0.7200 0.8485
InceptionV3 | 0.8769 0.7006
Flower ResNetSO 0.3844 1.4875
MobileNetV2 | 0.8824 0.6837
Xception 0.8878 0.6963

Where these parameters are computed using the following equations [5]:

Accracy = (TP +TN)/(TP+ TN + FP + FN) 2)
Precision =TP/(TP + FP) 3)

Recall = TP/(TP + FN) @)

F1Score = (Precision.Recall) /(Precision + Recall) 5)

where TP, TN, FP, and FN denote the true positives, true negatives, false positives, and false negatives, respectively.
Tabel 6 below summarizes the metrics comparison among the four models

Table 6. The metrics of precision, Recall, and F1 score for each model

Database Model Precision | Recall | F1 Score
InceptionV3 0.6884 0.6884 | 0.3442
ISIC ResNetSO 0.6884 0.6884 | 0.3442
MobileNetV2 | 0.7645 0.6608 | 0.354439
Xception 0.7187 0.6482 | 0.340816
InceptionV3 | 0.8546 0.6085 | 0.355426
ResNet50 0.6705 0.6705 | 0.33525
HAMI0000 MobileNetV2 | 0.8483 0.6265 | 0.360361
Xception 0.8614 0.6275 | 0.363039
InceptionV3 | 0.9387 0.8167 | 0.43673
Flower ResNetSO 0 0 0
MobileNetV2 | 0.9213 0.8167 | 0.432926
Xception 0.9340 0.8126 | 0.43454
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As noticed from Table VI, According to ISIC and HAM 10000 dataset, for the four models, the accuracy metrics
are alike and not high, in other world, the transfer learning doesn’t achieve the metrics (Accuracy as well as the
loss function), this is because the medical imaging is visually different from the images fed the pretrained models
that used in this paper, this is called “Domain Shift”, this may cause dropping in performance between these two
different databases, On the other hand, the results of the model using flowers dataset, however, the flowers are
objects which are trained in the pretrained model, so the accuracy and loss function are better than the two previous
datasets. Table 7 below shows the hyperparameter of the proposed model:

Table 7. Hyperparameter of the proposed model

Parameter Value / Description

Model Architecture | InceptionV3, ResNet50, MobileNetV2, Xception (pretrained on ImageNet)
Trainable Layers Last 4 layers fine-tuned, rest frozen

Input Image Size 224 x 224 x 3

Number of Classes | 3 for ISIC, 5 for types of flowers, 7 for HAM 10000
Batch Size 32

Number of Epochs | 10

Optimizer Adam (default parameters)

Loss Function Categorical Crossentropy

Metrics Categorical Accuracy, Precision, Recall

Data Augmentation | No explicit augmentation, only rescaling (rescale=1/255)
Validation Split 20% (via ImageDataGenerator subset argument)
Learning Rate 0.001

Framework TensorFlow / Keras

The figures denote in Figures 8, 9, 10, 11, 12, 13 below show the Accuracy and Loss function across the
epochs =10, of the model for ISIC, HAM10000, and Flowers dataset. The investigation results proved that the
two different applications (medical and non-medical) belong to two different domains. For the medical image, we
used two different datasets concerned with skin cancer classification, and for non-medical we used one dataset for
flower type classification, as denoted by results, the accuracy in nonmedical images is higher than the accuracy
in medical images, this is reasonable, because, transfer learning is using predefined knowledge that got from the
predefined model (in this work we used three models InceptionV3, ResNet50, MobileNetV?2), so, if the features of
the predefined model are close to the features of the new model, then the metrics of the new model will be satisfied,
while, if the features of the new model are not like the predefined mode, then the new model metrics’ will be not
satisfied. It is like a kid who is starting to learn about animals, he will be able to recognize their features like (eyes,
nose, mouth, tails,...) but he will not be able to recognize the types of cars (Mercedes, BMW, Nissan,...) because
the features of animals are not common with cars.
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Figure 10. Accuracy function of training and validation for HAM 10000 dataset
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Figure 12. Accuracy function of training and validation for Flower dataset
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Figure 13. Loss function of training and validation for Flower dataset

Figure 14 shows the confusion matrix for the fourth model applied on Flower dataset:
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Figure 14. Confusion Matrix for Flower dataset

Figure 15 shows the confusion matrix for the HAM dataset:
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Figure 15. Confusion Matrix for HAM dataset
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Figure 16 denotes the confusion matrix after applying the fourth model on ISIC dataset:

Confusion Matrix for Inception Model SkinCancar Classification

1200
melanoma o 37 a

a: InceptionV3 Model

Confusion Matrix for MobileNet Model SkinCancer Classification

melanoma 0 374 0

True label

saborrheic_keratosis 0 254 0

melanama seborrheic_keratosis

e
Predicted label

c: MobileNetV2 Model

True label

True tavel

Confusion Matrix for ResNet Model SkinCancer Classification

1200
melanama | o 374 o

1000

800
nevus o o
600

400

sebarheic_keratiss | o 254 o 200

malanoma ROVUS  SEBORThEIC_keratosis

Predicted label

b: ResNet50 Model

Confusion Matrix for Xception Model SkinCancer Classification

1200
meltanoma - o 374 o

1000

800
nevus | o o

600
400

sevemheic_keratosis | o 254 o o0

melanoma seburheic kerstosis

e
redicted label

d: Xception Model

Figure 16. Confusion Matrix for ISIC dataset

By looking at figures 14, 15, 16 one can observe, the confusion matrix presents well metrics when using flower

dataset, while the HAM and ISIC dataset the metrics are very poor.

13. Discussion

By referring to figures 8, 9, 10, 11, 12 and 13 above.

* Scenariol: The figures 8 and 9 shows the validation accuracy and loss function using ISIC dataset, the

curves of the metrics are fixed from the first epoch and along the rest epochs, which means no previous
useful knowledge are used, this is because skin lesions are not seen before in ImageNet dataset, also the best
accuracy (0.6884) achieved by Xception model, which is not satisfying by comparing to other dataset (HAM,
Flower types).

* Scenario2: The figures 10 and 11, shows the accuracy and loss function for HAM1000 dataset, the best
accuracy achieved by Xception (0.7200), However this dataset has not common features with the previous
knowledge, but it valued better accuracy than the ISIC dataset, because HAM dataset is fourfold ISIC dataset,
which make the better accuracy.

* Scenario3: In figures 12 and 13 above, the flower type dataset is used, this dataset achieved better accuracy
than the others, because of the flower is a class in the source dataset, so pre-knowledge is useful, and the
second because the dataset is bigger than HAM 1000 three times.

Returning to the same figures and Table 5, the best accuracy and metrics are gained by Xception model, this is
because of the model has very deep layers comparing by other models. (the reason behind using two types of skin
cancer dataset is to show that the small dataset didn’t achieve good metrics using transfer learning as known).
Overall, each model has its weakness and strengthen as summarized below:

¢ InceptionV3:
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— Strengths: Good for image classification and work better with huge datasets.
— Weakness: Expensive computational process and it causes overfitting for small dataset

¢ ResNet50:

— Strengths: Overcome vanishing in gradient and it achieves good accuracy even with small features.
— Weakness: Expensive computational process and Degradation problem.

¢ MobileNetV2

— Strengths:For Mobile applications and it good has good computational process.
— Weakness: The architecher is simpler than others therefore cannot extract deep features and it needs
good grained recognition.

» Xception:

— Strengths: uses deep convolutions to reduce the number of parameters and computational and it effective
in image training.
— Weakness: more effected by hyperparameters.

14. Conclusion

The proposed model is implemented using Python language in Jupyter Notebook, and by referring to the table
and figures, the best accuracy obtained by the model trained on flowers than the two datasets of skin lesions (89%,
72%, and 68 %), it can be concluded that the transfer learning is not absolutely achieving satisfactory results, simply
because the domain of the source model must be compatible with the domain of the destination model. In most, the
medical images dataset may not succeed in obtaining well outputs, in this case, using a new model from scratch can
be a good choice. Skin cancer lesions may be created with random shapes, in other words, there aren’t common
features with any other predefined object in this paper we investigate using three datasets (two for skin cancer
classification, and the third for flower classification). the transfer learning improves better results when using the
Flowers dataset then the two other skin cancer lesions dataset, this is because the features of skin cancer lesions
are not close to any of objects in the pretrained model, while the features flowers are defined in the pretrained
models, in other words, the transfer learning approach may not serve all cases, in addition, the models used inside
transfer learning approach also present variant metrics. We recommend the next studies using medical images
that have common features with the pre-extracted features using transfer learning. Finally, this work is a study of
comparison between two kinds of images (Medical and non-medical), regardless of whether the metric is as high
as possible, however, there are many ways to rise the metrics (like segmentation), but this study is to compare
between two types of raw datasets. We recommend expanding this work in future by depend many different types
of medical dataset and make a comparison among these datasets. In the future, this work can be improved to offer
a robust solution by using a domain adaption like Correlation Alignment (CORAL), Maximum Mean Discrepancy
(MMD), DomainAdversarial Neural Networks (DANN), or CycleGAN. These techniques eliminate the numerical
variances between the feature supplies of the domains.

Competing Interests

The authors declare that they have no competing interests

Ethical and informed consent for data used
All data that are used in this manuscript are granted and they are referred in references.

Stat., Optim. Inf. Comput. Vol. x, Month 202x



FARAH F. ALHALID, AHMED MUDHEHER HASAN 17

Data availability and access

Data will be available on request

10.
11.

12.

16.

17.

19.
20.
21.
22.
23.
24.
25.
27. F. Chollet, “Xception: Deep Learning with Depthwise Separable Convolutions,” 2017.
28.

29.

REFERENCES

M. A. Lateh, A. K. Muda, Z. I. M. Yusof, N. A. Muda, and M. S. Azmi, Handling a small dataset problem in prediction model by
employ artificial data generation approach: A review, Journal of Physics: Conference Series, vol. 892, no. 1, pp. 012016, 2017.

. N. Maray, A. H. Ngu, J. Ni, M. Debnath, and L. Wang, Transfer learning on small datasets for improved fall detection, Sensors,

vol. 23, no. 3, p. 1105, 2023.

. Q. Yang, Y. Zhang, W. Dai, and S. J. Pan, Transfer Learning, 1st ed., UK: Cambridge University Press, 2020. doi:

10.1017/9781139061773.

. F. Zhuang et al., “A Comprehensive Survey on Transfer Learning,” Proceedings of the IEEE, vol. 109, no. 1, pp. 43-76, Jan. 2021.

doi: 10.1109/JPROC.2020.3004555.

. P. Azunre, Transfer learning for natural language processing, Simon and Schuster, 2021.
. J.J. Pannell, S. E. Rigby, and G. Panoutsos, Application of transfer learning for the prediction of blast impulse, International Journal

of Protective Structures, vol. 14, no. 2, pp. 242-262, 2023.

. L. Alzubaidi, M. Al-Amidie, A. Al-Asadi, A. J. Humaidi, O. Al-Shamma, M. A. Fadhel, J. Zhang, J. Santamaria, and Y. Duan, Novel

transfer learning approach for medical imaging with limited labeled data, Cancers, vol. 13, no. 7, p. 1590, 2021.

. R. V. Manjunath, A. Ghanshala, and K. Kwadiki, Deep learning algorithm performance evaluation in detection and classification of

liver disease using CT images, Multimedia Tools and Applications, vol. 83, no. 1, pp. 2773-2790, 2024.

. D. Asif, M. Bibi, M. S. Arif, and A. Mukheimer, Enhancing heart disease prediction through ensemble learning techniques with

hyperparameter optimization, Algorithms, vol. 16, no. 6, p. 308, 2023.

C. Yufan, C. T. Leung, Y. Huang, J. Sun, H. Chen, and H. Gao, MolNexTR: A Generalized Deep Learning Model for Molecular
Image Recognition, 2024.

M. S. Arif, A. Mukheimer, and D. Asif, Enhancing the early detection of chronic kidney disease: a robust machine learning model,
Big Data and Cognitive Computing, vol. 7, no. 3, p. 144, 2023.

T. A. Dawood, A. T. Hashim, and A. R. Nasser, Advances in brain tumor segmentation and skull stripping: A 3D residual attention
U-net approach, Traitement du Signal, vol. 40, no. 5, p. 1895, 2023.

. L. A. Salman, A. T. Hashim, and A. M. Hasan, Automated brain tumor detection of MRI image based on hybrid image processing

techniques, TELKOMNIKA (Telecommunication Computing Electronics and Control), vol. 20, no. 4, pp. 762-771, 2022.

. N. J. Dhinagar et al., “Evaluation of transfer learning methods for detecting Alzheimer’s disease with brain MRI,” SPIE-Intl Soc

Optical Eng, Mar. 2023, p. 60. doi: 10.1117/12.2670457.

. X. Mei et al., “RadlmageNet: An Open Radiologic Deep Learning Research Dataset for Effective Transfer Learning,” Radiol Artif

Intell, vol. 4, no. 5, Sep. 2022. doi: 10.1148/ryai.210315.

F. F. Alkhalid, A. Q. Albayati, and A. A. Alhammad, “Expansion dataset COVID-19 chest X-ray using data augmentation and
histogram equalization,” International Journal of Electrical and Computer Engineering, vol. 12, no. 2, pp. 1904-1909, Apr. 2022.
doi: 10.11591/ijece.v12i2.pp1904-1909.

H. N. AlEisa, E. S. M. El-Kenawy, A. A. Alhussan, M. Saber, A. A. Abdelhamid, and D. S. Khafaga, “Transfer Learning for Chest
X-rays Diagnosis Using Dipper Throated Algorithm,” Computers, Materials and Continua, vol. 73, no. 2, pp. 2371-2387, 2022. doi:
10.32604/cmc.2022.030447.

. World Health Organization, “UV radiation,” Jun. 22, 2022. Available: https://www.who.int/news—-room/

fact—-sheets/detail/ultraviolet—- (uv)-radiation

I. Kousis, 1. Perikos, 1. Hatzilygeroudis, and M. Virvou, “Deep Learning Methods for Accurate Skin Cancer Recognition and Mobile
Application,” Electronics (Switzerland), vol. 11, no. 9, May 2022. doi: 10.3390/electronics11091294.

Y. S. Pathania, Z. Apalla, G. Salerni, A. Patil, S. Grabbe, and M. Goldust, “Non-invasive diagnostic techniques in pigmentary skin
disorders and skin cancer,” Journal of Cosmetic Dermatology, vol. 21, no. 2, pp. 444-450, Feb. 1, 2022. doi: 10.1111/jocd.14547.
N. H. Khan et al., “Skin cancer biology and barriers to treatment: Recent applications of polymeric micro/nanostructures,” Journal
of Advanced Research, vol. 36, pp. 223-247, Feb. 1, 2022. doi: 10.1016/].jare.2021.06.014.

D. Sarkar, R. Bali, and T. Ghosh, Hands-On Transfer Learning with Python: Implement advanced deep learning and neural network
models using TensorFlow and Keras.

C. Szegedy, V. Vanhoucke, S. Ioffe, J. Shlens, and Z. Wojna, “Rethinking the Inception Architecture for Computer Vision,” Dec.
2015. Available: http://arxiv.org/abs/1512.00567

K. He, X. Zhang, S. Ren, and J. Sun, “Deep Residual Learning for Image Recognition,” 2015. Available: http://image-net.
org/challenges/LSVRC/2015/

M. Sandler, A. Howard, M. Zhu, A. Zhmoginov, and L.-C. Chen, “MobileNetV2: Inverted Residuals and Linear Bottlenecks,” 2018.

N. Codella et al., “Skin Lesion Analysis Toward Melanoma Detection 2018: A Challenge Hosted by the International Skin Imaging
Collaboration (ISIC),” Feb. 2019. Available: http://arxiv.org/abs/1902.03368

P. Tschandl, C. Rosendahl, and H. Kittler, “Data descriptor: The HAM 10000 dataset, a large collection of multi-source dermatoscopic
images of common pigmented skin lesions,” Scientific Data, vol. 5, Aug. 2018, doi: 10.1038/sdata.2018.161.

P. Samanta and S. Jain, “Analysis of Perceptual Hashing Algorithms in Image Manipulation Detection,” in Procedia Computer
Science, Elsevier B.V., 2021, pp. 203-212. doi: 10.1016/j.procs.2021.05.021.

Stat., Optim. Inf. Comput. Vol. x, Month 202x


https://www.who.int/news-room/fact-sheets/detail/ultraviolet-(uv)-radiation
https://www.who.int/news-room/fact-sheets/detail/ultraviolet-(uv)-radiation
http://arxiv.org/abs/1512.00567
http://image-net.org/challenges/LSVRC/2015/
http://image-net.org/challenges/LSVRC/2015/
http://arxiv.org/abs/1902.03368

18

30.

31
32.

33.
34.
35.

36.

37.

THE EFFECT OF APPLYING TRANSFER LEARNING APPROACH ON DIFFERENT DOMAINS

R. Biswas and P. Blanco-Medina, “State of the Art: Image Hashing,” Aug. 2021. Available: http://arxiv.org/abs/2108.
11794

H. Chen et al., “Perceptual Hashing of Deep Convolutional Neural Networks for,” 2022. doi: 10.36227/techrxiv.17091617.v2.
Z.Zhu, H. Zhou, S. Xing, Z. Qian, S. Li, and X. Zhang, “Perceptual Hash of Neural Networks,” Symmetry, vol. 14, no. 4, Apr. 2022,
doi: 10.3390/sym14040810.

L. M. S. Dias, T. E. S. Silvério, R. A. S4 Ferreira, and P. S. de Brito André, “Random bit sequence generation from speckle patterns
produced with multimode waveguides,” IET Optoelectronics, vol. 16, no. 4, pp. 174-178, Aug. 2022, doi: 10.1049/0te2.12068.

S. W. Jirjees, F. F. Alkhalid, A. M. Hasan, and A. J. Humaidi, “A Secure Password based Authentication with Variable Key Lengths
Based on the Image Embedded Method,” Mesopotamian Journal of CyberSecurity, vol. 5, no. 2, pp. 491-500, 2025.

L. A. Salman, A. T. Hashim, and A. M. Hasan, Selective medical image encryption using polynomial-based secret image sharing
and chaotic map, International Journal of Safety and Security Engineering, vol. 12, no. 3, pp. 357-369, 2022.

S. Jain, A.-M. Cretu, Y.-A. de Montjoye, and A.-M. C. Cretu, “Adversarial Detection Avoidance Attacks: Evaluating the
robustness of perceptual hashing-based client-side scanning,” 2022. Available: https://www.usenix.org/conference/
usenixsecurity22/presentation/jain

D. Li, Y. Wei Chen, J. Li, L. Cao, U. A. Bhatti, and P. Zhang, “Robust watermarking algorithm for medical images based on
accelerated-KAZE discrete cosine transform,” IET Biometrics, vol. 11, no. 6, pp. 534-546, Nov. 2022, doi: 10.1049/bme2.12102.

Stat., Optim. Inf. Comput. Vol. x, Month 202x


http://arxiv.org/abs/2108.11794
http://arxiv.org/abs/2108.11794
https://www.usenix.org/conference/usenixsecurity22/presentation/jain
https://www.usenix.org/conference/usenixsecurity22/presentation/jain

	1 Introduction
	2 Skin Cancer Medical Knowledge
	3 Transfer Learning
	4 Inception V3
	5 ResNet50
	6 MobileNetV2
	7 Xception
	8 Methodology
	9 Dataset
	9.1 ISIC Dataset
	9.2 HAM10000 Dataset
	9.3 Flowers Dataset

	10 Delete Duplicates image
	10.1 Image Perceptual Hashing
	10.2 Hamming Distance

	11 Proposed Transfer Learning Model
	12 Results
	13 Discussion
	14 Conclusion

