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ABSTRACT 
Background: 

Given the importance of early and accurate detection of skin cancer in preventing its risks and improving 

its treatment, the study aims to develop automated models based on deep learning to detect skin cancer 

and accurately classify skin lesions into benign and malignant and identify different types of lesions, 

which helps doctors in early diagnosis and decision-making. 

Materials and Methods: 

Relying on pre-trained convolutional neural networks, which makes it possible to train models using only 

a small amount of available training data. Two datasets of images of skin tumors were used, one to detect 

the presence of a tumor and the other to classify the tumor among different types of skin tumors. Both 

datasets underwent a set of initialization and processing steps and were then trained using two pre-trained 

convolutional neural network models. 

Results:  

The evaluation results of randomly selected images from the set of test images demonstrate the accuracy 

and high effectiveness of the models in prediction. DenseNet121 hybrid model achieved an impressive 

94% accuracy, with an average precision, recall, and F1 score of 0.94. The EfficientNet B0 model 

achieved a weighted accuracy of 93%, with a weighted average precision, recall, and F1 score of 0.93 

across nine classes. 

Conclusion: 

Pre-trained deep convolutional neural networks have made significant progress in improving the ability to 

detect skin cancers using dermoscopic images. This study showcases the capability of artificial 

intelligence in swiftly and precisely diagnosing skin cancer, as well as detecting (pre)malignant skin 

cancer. 

 

Key words: Convolutional Neural Networks; Dermoscopy Images; Deep Learning; Skin Cancer; Transfer 

Learning. 
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INTRODUCTION 

Skin cancer is the 19th most prevalent cancer worldwide and rising [1]. Both sexes of 

white individuals get skin cancer, especially in the United States, where incidence have 

skyrocketed [2].  Skin cancer is diverse, complex, and rapidly evolving, making it difficult to 

recognize. Despite Ultra-violet (UV) exposure regulations and screening efforts, global skin 

cancer rates are rising [3]. Early detection of skin cancer opens the door to a longer life and 

better treatment.  

Traditional diagnostic methods such as dermoscopy are time-consuming and require self-

diagnosis, which has limited their use and stimulated the development of alternative treatments 

[4]. Dual spectroscopic and imaging techniques, such as real-time Raman spectroscopy, have 

shown promising results. However, their ability to differentiate between malignant and benign 

lesions, especially those with overlapping characteristics such as malignant melanoma and 

seborrheic keratosis, still falls short of expectations [5]. Furthermore, changes in size, color and 

shape within the same category exacerbate the problem [6].  Machine learning has revolutionized 

skin cancer diagnosis by combining image classification techniques with deep learning models to 

produce fast, low-cost, and accurate results [7]. Recent advances in pre-trained deep learning 

algorithms provide a potentially transformative option for skin cancer detection. Due to their 

computational efficiency, these models are ideal for real-time applications, making them a 

promising route for rapid and cost-effective diagnosis.  

Some previous research studies have dealt with classification and segmentation of skin 

tumors through artificial intelligence models. In [8] three different mobile learning models were 

used using the ISIC2018 dataset. In [9] a deep learning algorithm of convolutional neural 

network (CNN) was used to detect the two basic categories of tumors: benign and malignant. A 

data augmentation model for successful diagnosis of melanoma skin cancer was presented in 

[10]. The trial results for the binary classification scenario indicate a significant improvement in 

skin cancer identification. In [11] an automated solution for skin cancer prediction, detection and 

diagnosis was presented that combines deep learning methods with non-invasive and non-

ionizing procedures for diagnosis. The study in [12] provided a description of the performance of 

four unified convolutional neural networks, specifically YOLOv3, YOLOv4, YOLOv5, and 

YOLOv7, in the categorization of skin lesions. The performance of each model was compared 

based on lesion localization, classification accuracy, and inference time after being trained on a 

reference dataset. A Deep convolutional neural networks (DCNN)-based model was created in 

[13] to precisely and automatically categorize various types of skin cancer as either melanoma or 

non-melanoma skin cancer. After analyzing the most important studies and works of literature 

and reviewing the results achieved through the proposed systems, we notice a decrease in the 

accuracy achieved through the performance experiments of each study. Each study relied on 

proposing a neural model and training it without delving into the idea of hybridizing the models 

and obtaining a hybrid model with better characteristics.  

Consequently, we conducted a performance comparison of two methods. One of these 

methods operates on the same principle as the studies that were presented, which is to develop an 

architecture that is based on a deep learning model (EfficientNetB0) that has not been previously 
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proposed for skin disease classification tasks. The second approach involves the development of 

a deep learning model that utilizes both the algorithmic architecture and the (DenseNet121) and 

additional layers from recurrent neural network (RNN) algorithm. This study evaluates the 

DenseNet121 and EfficientNetB0 algorithms in terms of performance and efficiency to 

investigate the efficacy of potent pre-trained deep learning methods for the detection of skin 

cancer. 

MATERIALS AND METHODS 

Transfer learning is a type of deep learning where a model trained for one task is used for 

another similar task where the model is pre-trained and its weights are stored, so there is no need 

to retrain the entire model. There are different ways to implement transfer learning, including 

fine-tuning the model or using the model as a fixed feature extractor. This results in faster 

training times and higher accuracy using a smaller data set. There are a number of well-known 

and popular pre-trained models that are widely used in various applications due to their robust 

architecture and high performance in feature detection and extraction. DenseNets, which stands 

for “densely connected convolutional networks”, are characterized by a large number of fully 

connected layers. The numbers assigned usually reflect the number of layers in the network, 

including convolutional and translational layers. DenseNet-121 was pre-trained on the ImageNet 

dataset, which includes 1.2 million color images belonging to 1,000 categories. The initialization 

of the DenseNet-121 weights comes from the pre-trained model, and uses the SoftMax function 

to predict the probability of each class as output [14]. A comprehensive balance between model 

size and performance was sought when developing the EfficientNet B0 core model in the 

EfficientNet series so it is well-suited for resource-constrained applications, such as those 

involving mobile devices or edge devices [15].  

The proposed system aims to use transfer learning to support clinical decision making in 

skin cancer diagnosis through binary classification (benign (or malignant) and multiple 

classification of different types of skin lesions. Figure 1 describes the basic stages of building the 

model for skin cancer detection.  

mailto:info@journalofbabylon.com
mailto:jub@itnet.uobabylon.edu.iq
mailto:jub@itnet.uobabylon.edu.iq
https://www.journalofbabylon.com/index.php/JUB/issue/archive
https://www.journalofbabylon.com/index.php/JUB/issue/archive


Article  
JOURNAL OF UNIVERSITY OF BABYLON 

For Pure and Applied Sciences (JUBPAS)  

Vol.32; No.4.| 2024 
 

 

Page | 202 

ــم
ج

جلــة 
ــــ

امعة ب
ـ

ل للعلــ
ـابــ

ــــــ
ص

وم ال
ـــ

ط
رفــة والت

ــ
بيقي

ــ
 ة

ــم
ج

جلــة 
ـــــ

امعة بـ
ــ

ل للعلـ
ـابــ

ـ
ص

وم ال
ـــ

ط
رفــة والت

ــ
بيقي

ــ
 ة

ـم
جلــة 

ج
ـــ

امعة بـ
ـ

ل للعلـ
ـابــ

ــ
ص

وم ال
ـ

ط
رفــة والت

ـــــــ
بيقي

ــ
 ة

 in
fo

@
jo

u
rn

al
o

fb
ab

yl
o

n
.c

o
m

   
|  

 ju
b

@
it

n
e

t.
u

o
b

ab
yl

o
n

.e
d

u
.iq

 | 
w

w
w

.jo
u

rn
al

o
fb

ab
yl

o
n

.c
o

m
   

   
IS

S
N

: 2
31

2-
8

13
5 

 | 
 P

ri
n

t 
IS

S
N

: 1
9

9
2-

0
6

52
 

 

Figure 1. Basic stages of building the proposed model for skin cancer detection in the 

current study 

The system begins by collecting skin lesion images as inputs and applying pre-processing 

steps, including quality enhancement, color adjustment, and dimension normalization, which 

help reduce noise and standardize data for easier pattern recognition. The system utilizes two 

CNN models: one for binary classification and the other for multi-class classification. In binary 

classification, the model determines whether a lesion is benign or malignant, while the other 

model identifies multiple types of lesions. To achieve higher accuracy in binary classification, 

the system integrates CNN with a recurrent neural network (RNN) to analyze repetitive patterns, 

improving the classification of benign and malignant lesions. The model is then trained on a 80% 

of data and evaluated using metrics such as accuracy, precision, recall, and F1-score. Finally, the 

system provides a report containing the final classification for each lesion, assisting doctors in 

making accurate diagnostic decisions. 

Datasets 

Two skin cancer datasets were selected. The first dataset the "Skin Cancer: Malignant vs. 

Benign" dataset from Kaggle [16], sourced from the ISIC (International Skin Imaging 

Collaboration) Archive, contains balanced and preprocessed images for binary classification of 

skin lesions into benign and malignant categories. It comprises of 1,800 images for each class. 

Figure 2 shows the graphical analysis of the Malignant vs. Benign dataset. The hybrid 

DenseNet121 model will be trained on this dataset.  

Binary Classification                        

Malignant vs Benign  dataset

Preprocessing

Splite Data 

(80% Train, 20% Test)

Hybrid DenseNet121 Model

Training

Evaluation

Multiple Classification

Skin Cancer ISIC 2020 dataset

Preprocessing

Splite Data 

(80% Train, 20% Test)

EfficientNet B0 Model

Training

Evaluation
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Figure 2. Samples from the Malignant vs. Benign dataset [16] 

For the purpose of detecting multiple skin cancer lesions, Skin Cancer ISIC 2020 dataset 

was used. This collection includes 2357 photos of malignant and benign oncological illnesses 

gathered from ISIC. All photographs were sorted according on the ISIC categorization, and each 

subset was divided into the equal number of images, with the exception of melanomas and 

moles, of which images are slightly dominant. The dataset includes the following diseases: 

possible skin conditions including actinic keratosis, basal cell carcinoma, dermatofibroma, 

melanoma, nevus, pigmented benign keratosis, seborrheic keratosis, squamous cell carcinoma, 

and vascular lesions. The dataset is available on the Kaggle [17]. Figure 3 shows some samples 

from the dataset on which the EfficientNetB0 model will be trained. 
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Figure 3. Samples from the Skin Cancer ISIC 2020 dataset [17] 

Preprocessing 

The data was scaled and converted to images with sizes (150, 150, 3). The data size was 

increased by creating an image set (frame) for each image using Image Data Generator 

technology, which is an image set (5 images) in different directions and scales, such as rotated at 

40 degrees, width shifted, height shifted, cropped, and zoomed at 0.2 degrees. The data was 

normalized and then split so that 20% of the data was used for testing and 80% for training.  

After preprocessing, the two datasets were significantly expanded to enhance model 

training performance and improve classification accuracy. In the ISIC 2020 dataset the number 

of images for each lesion type has been increased. Likewise, in the binary dataset, the malignant 

and benign categories were balanced and expanded to 4647 and 4950 images, respectively. 
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Hybrid DenseNet121 Model 

A pre-trained DenseNet121 model was prepared and tuned for the binary classification 

task, and the document parameters were adjusted to improve the training process. During the 

model training phase, validation accuracy was monitored to determine when the learning rate 

decreased, which decreased by 30% if performance did not improve over two periods. The 

improvement in performance must be greater than 0.001 to be taken into account. The actual 

model training phase begins over 20 epochs with 32 batch sizes. Model performance was 

validated using 10% of the training data. Figure 4 shows the 20 epochs for training the 

DenseNet121 hybrid model. 

 

Figure 4. Training the hybrid DenseNet121 model in the current study 

 

After training the model, the model behavior was analyzed as shown in Figure 5, where 

the DenseNet121 hybrid model recorded a high training accuracy of 99.5% and a validation 

accuracy of 95.57%. 
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Figure 5. Training curve for the hybrid DenseNet121 model in the current study 

EfficientNet B0 Model 

EfficientNet B0 model used the ISIC 2020 dataset for multiple classification .The 

network parameters were set during the training phase to the same values and weights used for 

the DenseNet121 model. Figure 6 shows the training phase of the EfficientNet B0 model over 20 

epochs. The model reached a high training accuracy of 99.84% and validation of 92.42%. The 

difference between training accuracy and validation accuracy is due to the small size of the 

validation data, which constitutes 10% of the training data. 

 

Figure 6. Training the EfficientNet B0 model in the current study 

Figure 7 shows an increase in accuracy during the training phase, which indicates the 

success of the model in training and learning with high accuracy from the training data. 
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Figure 7. Training curve for the EfficientNet B0 model in the current study 

 

RESULTS AND DISCUSSION 

DenseNet121 model's performance was evaluated based on the metrics for classification 

tasks. Figure 8 displays the results of the rating metrics in the rating report. 

 

Figure 8. Classification report for hybrid DenseNet121 model in the current study 

Figure 9 compares the evaluation results of two random images with their real 

classification. Testing and evaluating the performance of the proposed model shows high 

detection accuracy, which qualifies the system to work with real-world data. 
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Figure 9. Comparison of actual versus predicted samples for the hybrid DenseNet121 

model in the current study 

The ISIC 2020 dataset was used to conduct experimental tests of multiple classification 

tasks. This group consists of nine types of skin lesions and tumors. EfficientNet B0 was tested 

and evaluated for performance prediction of these types and gave the results shown in Figure 10. 

There is a difference in evaluation accuracy between the nine types. This is due to the difference 

in the number of images between one category and another, which confirms the necessity of 

providing a sufficient number of images in the data sets. 

 

Figure 10. Classification report for the EfficientNet B0 model in the current study 

Figure 11 shows three images randomly taken from the test data where the actual class is 

compared with the class predicted by the model. 
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Figure 11. Comparison of actual versus predicted samples for the EfficientNet B0 model in 

the current study 

The models show strong performance in skin cancer detection across binary and multi-

class classification tasks making them valuable tools in supporting clinical decision making for 

skin cancer diagnosis. 

CONCLUSION 

The study indicates how deep learning may be used to automatically diagnose skin cancer 

from thermoscopic images. Important preprocessing steps like hyperparameter tuning, data 

augmentation, and normalization enhanced model accuracy and decreased overfitting. Future 

studies could improve usability by extending datasets, investigating sophisticated model 

architectures, and adding real-time diagnostic features for real-world use. 
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 الخلاصة
 مقدمة:ال

مد لية تعتآونظراً لأهمية الكشف المبكر والدقيق لسرطان الجلد في الوقاية من مخاطره وتحسين علاجه، تهدف الدراسة إلى تطوير نماذج 
فة من على التعلم العميق للكشف عن سرطان الجلد وتصنيف الآفات الجلدية بدقة إلى مجموعات حميدة وخبيثة وتحديد الأنواع المختل

 .، مما يساعد الأطباء في التشخيص المبكر واتخاذ القرارالآفات
 طرق العمل:

يانات قط من بفتم الاعتماد على الشبكات العصبية التلافيفية المدربة مسبقًا، مما يجعل من الممكن تدريب النماذج باستخدام كمية صغيرة 
 ختلفة منمللكشف عن وجود ورم والأخرى لتصنيف الورم بين أنواع التدريب المتاحة. تم استخدام مجموعتين من صور أورام الجلد، واحدة 

لشبكات أورام الجلد. خضعت كلتا مجموعتي البيانات لمجموعة من خطوات التهيئة والمعالجة، ثم تم تدريبهما باستخدام نموذجين من ا
 العصبية التلافيفية المدربين مسبقًا.

 :الاستنتاجات
موذج نحقق . رة عشوائياً من مجموعة صور الاختبار مدى دقة النماذج وفعاليتها العالية في التنبؤتبين نتائج تقييم الصور المختا

DenseNet121  ودرجة واستدعاء دقة، مع متوسط %94الهجين دقة مذهلة تبلغ F1  حقق نموذج . 0.94تبلغEfficientNet B0  دقة
فية حققت الشبكات العصبية التلافي .عبر تسع فئات 0.93قدرها  F1 ودرجة والاستدعاء للدقة مرجح، مع متوسط %93مرجحة بنسبة 

ة الضوء الدراس العميقة المدربة مسبقًا تقدمًا كبيرًا في تحسين القدرة على اكتشاف سرطانات الجلد باستخدام صور تنظير الجلد. تسلط هذه
 الذكاء الاصطناعي على تشخيص سرطان الجلد بسرعة ودقة، وكذلك الكشف عن سرطان الجلد )ما قبل( الخبيث. على قدرة

 
 الشبكات العصبية التلافيفية، صور تنظير الجلد، التعلم العميق، سرطان الجلد، نقل التعلم. الكلمات المفتاحية:
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