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Abstract  

Skin cancer is a significant healthcare problem with a high mortality rate worldwide. Skin lesions occur 

due to the abnormal growth of skin cells in humans. Failure of early prediction and proper lesion 

diagnosis may lead to a malignant stage. In recent times, different skin lesion images have appeared 

with high similarity. Hence, classification is a more challenging task with imbalances in the dataset. 

The proposed work is implemented as a hybrid model with a dynamic salp swarm algorithm (DSSA) 

with a weighted extreme learning machine (DSSA-WELM) that addresses the imbalances in the dataset 

and performs the classification with higher accuracy. GoogleNet is a pre-trained network model used 

with the hybrid model, which helps converge faster with the optimization process. The extreme 

learning machine (ELM) is a multiclass classifier for accurate dermoscopic image classification. The 

DSSA, the best feature selection algorithm enhances the classification accuracy of the WELM. Image 

classification is accomplished with the International Skin Imaging Collaboration 2019 benchmark 

dataset. The proposed solution classifies images into eight classes: melanoma, melanocytic nevus, basal 

cell carcinoma, actinic keratosis, dermatofibroma, vascular lesion, squamous cell carcinoma and 

unknown lesion. The efficiency of the proposed solution is proved by comparing it with various state-

of-the-art approaches such as support vector machine (SVM), ELM, and particle swarm optimization 

(PSO) methods. Results are evaluated using standard metrics of sensitivity, specificity and precision. 

The proposed solution outperforms all these older approaches. 

Keywords 

Skin cancer classification; Convolution neural network; Transfer learning; Extreme learning machine; 

Swarm algorithm; Metaheuristics. 

 

 

 

https://doi.org/10.18267/j.aip.211
https://www.vse.cz/english/
https://orcid.org/0000-0001-7913-5845
https://orcid.org/0000-0001-5862-499X


Acta Informatica Pragensia  Volume 12, 2023 

https://doi.org/10.18267/j.aip.211  142 

1 Introduction 

In recent years, skin cancer has outspreads broadly due to the uncontrollable and abnormal growth of 

cells in the epidermis. The outer layer of the skin triggers transmutation with deoxyribonucleic acid 

(DNA) damage that leads to skin cells multiplying rapidly and transforming into malignant tumours. 

The major reasons for the cause of skin cancer are harmful ultraviolet rays and ultraviolet (UV) tanning 

beds, and occupational hazards such as very long exposure to the sun. In general, skin cancer is broadly 

classified as basal cell carcinoma (BCC), melanoma and squamous cell carcinoma (SCC), which are the 

most common skin cancer types that put many people’s lives at risk. Among various cancers that occurs 

in human beings, skin cancer is the fifth most common cancer in females and the sixth most common in 

males. Among these, melanoma is the deadliest cancer that leads to numerous deaths every year in the 

USA and India. 

Various types of cancers affect individuals all over the world. One among those is skin cancer, a common 

human malignancy, which occurs due to overexposure to UV rays and sun. Skin cancers are seriously 

viewed in the USA and India; about 2 in 10 people there are suffering from this deadliest disease. Early 

prediction of skin cancer would certainly save people’s lives by up to 50% (Hossin et al., 2020). However, 

the existing method of diagnosis involves detection by dermatologists or self-examination by 

individuals, or certain techniques such as biopsy, which is considered an invasive technique that only 

determines abnormal cells in a proliferated region.  

This traditional approach to classifying the type of skin disease is a time-consuming process. Therefore, 

to overcome these clinical processes and to assist them, much research is done with machine learning 

techniques, which are used more effectively and intensively in the analysis of medical information to 

detect and predict disease automatically (Zhang et al., 2021). The results obtained prove to be an authentic 

and reliable tool that reduces human errors and certainly improves the quality of medical care, which 

provides more safety and comfort to patients at all, levels. 

The BCC would pop up as a pinkish patch on the skin due to UV exposure, (Teng et al., 2021), which is 

mostly found on the face, head, neck, arms, legs, and abdomen. Moreover, it can spread over the body 

and grow in bones and nerves. The SCC usually occurs on the outer surface of the skin and appears as 

red firm bumps or scaly patches. It is due to over exposure to sun and is mostly found in people with 

pale light skin. It does not spread across the human body and is a slow-growing cancer cell, found in 

regions such as the ear, face, neck, and chest. The BCC and SCC carry UV rays and damage the DNA 

directly.  

The death rate of the SCC is higher than that of the BCC but lesser than that of melanoma skin cancer 

(Hossin et al., 2020). As mentioned earlier, if these lesions are detected early, they can be treated e.g., by 

photodynamic therapy, chemotherapy, and electrodessication. The SCC is considered the second most 

common cancer disease in the world. Malignant melanoma is the most dangerous and deadliest skin 

cancer in the world. In 2020, the American Society of Clinical Oncology found that around 57,043 people 

worldwide died due to melanoma (ASCO, 2022). These cancers usually start or emerge from moles and 

are observed as dark spots on the outer layer of the skin. This fast-growing skin disease can spread easily 

over the body. Malignant melanoma is also due to UV rays but damages the DNA indirectly. 

Dermatofibroma is a type of eczema skin cancer, which is found to be inflamed and it is one of the most 

common diseases. Actinic keratosis is a scaly bump, caused due to exposure to the sun. Actinic keratosis 

progresses to cancer. The SCC is a common form of skin cancer that begins as an ulcer, which is due to 

abnormal growth of cells. It usually develops in sun-exposed areas.  

Cancer transforms the life of both the patients and their loved ones, bringing about physical, 

psychological, social, and spiritual anguish (De Tejada et al., 2016). The threat of receiving a cancer 

diagnosis to one's sense of security is compounded by the sentiments and emotions the disease causes, 
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which disrupt daily life. Cancer sufferers must manage the stress brought on by the diagnosis as well as 

the physical side effects of the disease and its treatment as well as ongoing health issues, disabilities, 

weariness, and pain. Daily struggles brought on by emotional stress and mental health issues may 

include inability to work, financial challenges, and a lack of social support. This greatly influenced our 

decision to undertake our research and create a more accurate and economical model for disease 

prediction. Likewise, we intend to assist medical professionals in saving lives. 

Early diagnosis of skin cancer is more significant in our day-to-day life with the expeditious growth of 

technologies that have involved more researchers in various machine learning and deep learning 

techniques to detect and classify cancer types at the inception stage. Many researchers have focused on 

image classification, an active problem of computer vision, and developed many computer aided design 

(CAD) techniques using machine learning and deep feature extraction techniques. In general, 

classification performance depends on exactness of the feature representation in an image. 

Dermatologists can detect and identify the type of skin lesions using these CAD techniques with higher 

accuracy and faster. 

 

Figure 1. ISIC 2019 skin lesion examples. Source: (ISIC, 2019). 

The hazard identification of skin lesions becomes easier for medical practitioners with these CAD models 

at an earlier stage without time consumption. This is the eventual aspect of proposing a model for early 

diagnosis of skin lesions and saving human lives and increasing the survival rate, see Figure 1. 

The key steps involved in the CAD techniques are image acquisition from the dataset, feature selection, 

relevant features extraction, and classification. Deep feature extraction techniques have played a vital 

role in the last few decades compared to other traditional models. The convolutional neural network 

(CNN) is a deep learning technique that acts as the best feature extractor, done automatically without 

manual interference. It represents abstracted higher to lower features with its different layers (Hussain 

et al., 2018) without reducing the dimensionality of the image. After the work of (Krizhevsky et al., 2017), 

the CNN method has been very popular in the research community (Afza et al., 2022). Using the fully 

connected layer of the CNN, the most relevant and deep features are extracted that are used in the 

classification more effectively. 

Compared to the traditional feature extraction models, the CNN model includes both the local and global 

information of the image using various layers such as the pooling layer, convolutional layer and fully 

connected layers that make the feature selection more effective and greatly enhance the accuracy of the 
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image classification. In contrast, the traditional models include only the colour, texture, and shape and 

require manual intervention. 

Although various techniques are used to make classification and feature extraction more effective, 

researchers still face problems related to redundant features that lead to image misclassification. Hence, 

it is essential to focus on the feature selection techniques that bring out more appropriate and relevant 

features for higher classification accuracy. Recently known popular feature selection techniques are ant 

colony optimization (ACO), firefly algorithm (FFA), butterfly optimization algorithm (BOA), and DSSA, 

which are also used for regression optimization and classification accuracy enhancement. When 

compared to binary classification, multiclass classification is more complex due to its intraclass similarity 

among lesions. 

This paper proposes using a new framework gleaned from the hybridization of the dynamic salp swarm 

algorithm (DSSA) for feature selection and optimizing the weighted extreme learning machine WELM. 

The WELM is one of the variants of the ELM used to overcome the imbalances in dermoscopic images in 

the International Skin Imaging Collaboration (ISIC) 2019 dataset. The salp swarm algorithm (SSA) 

method implemented helps extract relevant features from the dermoscopic images and improves the 

accuracy of the classification of WELM using the optimization process, greatly reducing the 

computational complexity. 

When the data available for training are large, the CNN would consume more time to learn. To reduce 

this time constraint, the CNN was used for feature extraction and the ELM was used as a multiclass 

classifier along with transfer learning pre-trained GoogleNet models for faster and effective classification 

of multiclass skin cancer images. The ELM results in simpler implementation, faster learning, and better 

generalization performance (Wang et al., 2022).  

Our proposed work mainly focuses on higher accuracy in the classification of multiple types of skin 

lesions available in the dataset with a hybrid model using the DSSA-WELM multiclass classifier, which 

has the capability of fast learning, addresses imbalances in the dataset and elevates accuracy of 

classification ISIC 2019 dermoscopic images. 

2 Related Work 

Discrete research techniques are implemented to overcome the most challenging classification issues due 

to their similarity among various skin lesion types with many machine learning algorithms and deep 

learning methods for detecting and classifying skin lesions. 

A model erythemato squamous disease (ESD) skin lesion was proposed by (Deepa et al., 2014) and 

analysed by the generation of action rules and fuzzy rules using-the action rule based diagnostic system 

(ARDS) and the adaptive neuro fuzzy inference system (ANFIS) classifiers based on severity levels. The 

knowledge management features enhance the correct disease identification. Furthermore, extensive 

research into automatic generation of accurate action rules with less human interference and 

computational intelligence techniques (Sriwong et al., 2019). 

A model based on ELM to better identify the erythemato-squamous skin disease was proposed (Olatunji 

et al., 2014), which outperformed artificial neural networks (ANN). The ELM proves its unique ability to 

achieve excellent results in the field of biomedical diagnosis. Furthermore, research has expanded 

towards partitioning the data ratio for training and testing to increase the classification accuracy. since 

the performance increases as the percentage of the training set decreases. 

A model that utilizes transfer learning and a pre-trained model with GoogleNet was proposed by 

(Kassem et al., 2020) for the accurate classification of skin lesions into eight different types and the 

accuracy was 94.92%. Another model ensemble with Bootstrap multiclass SVM was proposed by (Huang 

et al., 2006) that classifies even unknown images that are not found among the eight types of skin lesions. 
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The accuracy of this model is 81%. Although the model yielded promising results, it is time-consuming 

due to the repetitive fine-tuning of parameters. 

A CNN algorithm proposed by (Sasikala et al., 2020) is implemented in four transfer learning techniques, 

namely AlexNet, ResNet 34, ResNet 50, and VGG 16, for image classification as malignant or benign. The 

CNN model was trained using 3700 clinical images and tested over 600 images. Among the four 

techniques, GoogleNet provides reliable results and a better approach to the early detection of skin cancer 

and treatment. In addition, the research can be extended with a multiclass classifier that classifies into 

more classes by increasing the convolutional neural network layers. 

An ensemble hybrid CNN-ELM model for image classification was proposed by (Kannojia & Jaiswal, 

2018). In this model, features are extracted automatically by the CNN more effectively and fed to the 

ELM for accurate classification. The CNN-ELM ensemble in parallel and the final output is computed on 

the majority-voting ensemble of the classifier’s output. The model benchmarked on the Modified 

National Institute of Standards and Technology (MNIST) dataset with high accuracy and compared with 

core CNN, and core ELM. Hybrid CNN-ELM achieves higher accuracy, as proved by (Aditi et al., 2020). 

However, imbalances in the dataset make the proposed model less effective compared to other 

techniques.   

Machine-learning techniques (Xu et al., 2020) are used to detect skin cancer at an early stage. The work 

proposed used an optimization method that was implemented using segmentation with CNN and satin 

bowerbird optimization (SBO). The features were extracted after the segmentation process and with the 

help of the SBO algorithm, the relevant features were extracted. Then the SVM is used for the two-fold 

classification of healthy and malignant skin lesions. Although the classification is done for unknown 

images, also the time complexity increases because of the usage of the CNN and SVM. 

The ELM is best suited for multiclass classification and regression, when compared to traditional least 

square support vector machine (LS-SVM) and proximal support vector machine (PSVM), as proved by 

(Huang et al., 2011). It is widely used in binary classification applications but when the SVM is used for 

regression and multiclass classification, it would be a time-consuming process with higher computational 

complexity. Moreover, the SVM cannot be directly used as a multiclass classifier as in the case of the 

ELM. 

The techniques stated above follow a standard procedure for skin lesion classification, namely pre-

processing of dermoscopic images, segmenting of lesions, and extracting of relevant features for best 

classification using certain supervised learning algorithms. Note that the accuracy of features extracted 

using a pre-trained deep learning (DL) network is higher compared to feature extraction techniques of 

the traditional model. The crucial constraints of the methods used above are necessity of human 

intervention, redundant features that reduce the accuracy of the classifier, and a time-consuming process. 

Even though the ELM addresses the imbalance issues in the dataset, the imbalanced dataset remains a 

hurdle in the research field. 

The proposed model overcomes the aforesaid limitations using ML-based algorithms with a meta-

heuristic algorithm as a hybrid technique that automatically identifies skin lesions using dermoscopic 

images of either malignant or benign lesions. The ELM in general acts as the best multiclass classifier in 

image classification. There are several variants of the ELM, among which the WELM is considered for 

addressing the issue of imbalance in the dataset. Moreover, it applies a CNN for automatic feature 

extraction and uses transfer learning with GoogleNet pre-trained model to classify the ISIC 2019 dataset 

into eight types of skin lesions. The redundancy in the features is eliminated using the metaheuristic 

algorithm DSSA. Therefore, the ELM represents a simplified and unified approach, which has faster 

learning speed, can approximate target continuous function and classify any disjoint regions (Huang et 

al., 2006). The ELM is a thousand times faster than the SVM and LS-SVM. 
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The contribution of the proposed model is as follows: 

• The model uses the GoogleNet pre-trained convolutional network model for feature extraction. 

• The hybrid DSSA-WELM model optimizes the feature selection and retrieves only relevant 

features. 

• The DSSA-WELM optimizes and enhances the accuracy of the classification of skin lesions 

effectively. 

• The model is compared with other SOTA techniques, and it is proved that the proposed model 

outperforms all other models. 

The paper is organized as follows: methods and materials are presented in Section 3, the proposed model 

in Section 4, results and discussions in Section 5, and conclusions in Section 6. 

3 Methods and Materials 

3.1 Convolutional neural network (CNN) 

In the deep learning model, one of the most famous models is the convolutional neural network (CNN). 

The CNN aims to learn patterns and characteristics and generate features of images to recognize and 

classify. It can automatically learn a large number of filters in parallel to train datasets within specific 

predictive models termed image classification. The CNN involves three different layers in the network, 

• Convolutional layer: the basic building block of the convolutional neural network, 

comprising many nodes used to extract important features from images. It applies filters to 

input and creates a feature map that summarizes the detected features of the input. 

• Pooling layer: the one that appears after the convolutional layer. It focuses mainly on the 

spatial dimension reduction of the input, which in turn is sent to the next convolutional layer. 

• Fully connected layer: occurs usually before the output layer. 

Using the CNN architecture, the classification is done by creating a new deep network and training from 

scratch. Since the training is from scratch, it requires the size of the image and the exact number of layers 

used for the corresponding process. It requires millions of images for training, which is a time-consuming 

process. Thus, to overcome these issues, a better learning process was implemented, termed transfer 

learning, which requires pre-trained CNN models to classify a new set of images. Currently, there are 

numerous public pre-trained CNN models available for specific tasks. A few examples of these models 

are AlexNet, GoogleNet, VGGNet, and ResNet (Hosny et al., 2020). 

These pre-trained CNN models require significantly less time than training from scratch and increase the 

accuracy of the model and size of the image in the classification process. Still, to speed up the process, 

feature extraction can be implemented which reduces large dimensions of the information to a smaller 

same as the original data. 

Among various pre-trained CNN models, GoogleNet (Inception) is a deep convolutional neural network 

that approximates a sparse CNN by convolution-dense construction. A smaller number of neurons is 

sufficient to perform the task. GoogleNet uses various sizes of convolutions to extract data and features 

with different scales (5x5, 3x3, and 1x1). Moreover, this process helps greatly reduce the computation 

required. In GoogleNet, the fully connected layers are replaced with a simple pooling global average 

layer, which also helps reduce the total number of parameters significantly. 

3.2 Transfer learning 

In recent years, transfer learning (TL) has gained attention from researchers and academicians, who have 

successively implemented the TL process in various domains. Transfer learning builds accurate models 

in a time-saving way (Wang et al., 2022). The main process involved in transfer learning is that it deals 
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with model pre-trained for a similar task, adds one or more layers at the end, and later re-trains the model 

with a large amount of labelled data more effectively with higher accuracy in a short time. In our 

proposed model, pre-trained GoogleNet was replaced with a few layers and combined with the ELM for 

higher classification accuracy.  

Pre-trained model usage 

The pre-trained models are used in most deep learning approaches. To implement the same, some 

research work is required to obtain the pre-trained model from the available research institutions that 

have released their training models. We must choose the pre-trained model based on a task similar to 

our predictive problem and make it easier and more effective using transfer learning. For example, Keras 

(2023) provides nine pre-trained models for transfer learning in the case of prediction, feature extraction 

and fine-tuning.  

Feature extraction 

Feature extraction is considered the best representation of a problem that is extracting the most important 

features of a problem, which simplifies the task and makes it easier. Also termed representation learning, 

it provides better performance when implemented. Many researchers and domain experts have already 

found that the features are extracted manually in machine learning but automatically with higher 

efficiency in deep learning. 

It is more important to choose an algorithm effectively that discovers a good combination of features in 

a short period even for a complex task. Otherwise, it would require a lot of human effort, which would 

become a time-consuming process. Pre-trained models include Inception-v3, trained for the ImageNet 

“Large Visual Recognition Challenge”. It uses a tensor flow framework to retrain the classifiers. Others 

are ResNet and Alex Net. 

3.3 Extreme learning machine 

The ELM is a popular machine-learning model that focuses on classification and prediction areas. The 

ELM is considered the best alternative for feedforward neural networks (FNN), which fix the issues in 

gradient-based machine learning algorithms. The ELM does not fine-tune all inner parameters as the in 

case of gradient-based algorithms (Kannojia & Jaiswal, 2018). The motivation to focus on the ELM is that 

it requires substantially lesser training time than the backpropagation (BP) algorithm and the (SVM) (Guo 

et al., 2015). Although the ELM possesses more hidden neurons, it is better than the BP algorithm and the 

SVM, as it is sufficient that it tunes only a few parameters. Since the feedforward network functions are 

slower than expected in various applications when implemented, the ELM is generally characterized as a 

single hidden layer feedforward neural network (SLFN). In the proposed model, the hidden nodes are 

selected at random, and their output weights are determined analytically. The ELM uses a wide range of 

feature mapping that includes kernels and hidden nodes. In the proposed model, the ELM, not only 

provides a unified solution but also has the capability of classifying disjoint regions. The output function 

of the ELM for the generalized SLFN is denoted as follows (Huang et al., 2006): 

                  FL(X) = βi hi = h(x) β            (1) 

Where β = [β1 …………. βL] is the vector output weights between the hidden layer node and the output 

node, h(x) indicates the output vector and maps the d-dimensional input space to L dimensional feature 

space; h(x) indicates feature mapping. In general, the ELM not only reaches the lowest training error but 

also the smallest norm of output weights (Wang et al., 2022). According to Bartlett’s theory, this is the 

condition possessed by the generally best-performing network. 

The ELM is ultimately concerned with solving a linear system in the case of classification and regression. 

Moreover, it mainly focuses on achieving a global optimum.  
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The ELM was introduced by (Huang et al., 2006). In general, the ELM is used to overcome the over-fitting 

problem, training time and a dataset imbalance. The ELM is also called a neural network (NN) assigned 

with random weights (RW). The ELM as NNRW is, preferable to traditional neural networks such as the 

ANN. The ANN mechanism, based mainly on the backpropagation method, results in slow convergence, 

time-consuming process, and local minima problems. In contrast, the ELM addresses all these drawbacks 

of the ANN. 

The ELM implements a training method such that the weights are randomly initialized between the input 

and hidden layers and biases. This makes the ELM faster than all other traditional mechanisms. Many 

researchers had focused on the random parameter initialization that is relevant to the optimal performance 

of the ELM classifier. Paper (Cao et al., 2019) specified the relationship between the random parameters 

and the best performance of the ELM. 

3.3.1 Weighted ELM (WELM)  

The WELM is a variant of the ELM, that mainly focuses on the imbalance in data for binary/multiclass 

classification (Guo et al., 2015). The WELM is capable of balanced data generalization (Zong et al., 2013). 

The uneven distribution of data between the classes is balanced by supplementing additional weights to 

the matrix W and downgrading the impact of the majority class and upgrading the impact of the minority 

class. 

The ELM is rewritten as: 

Minimize:   

            LELM = 
1

 2
‖ 𝛽‖2+ 

1

2
𝐶𝑊 ∑ 𝜉𝑖2𝑛

𝑖=1
               (2)              

Subject to: 

            𝐻(𝑋𝑖) β = tiT - ξiT , i= 1….N                                                            (3) 

Where h(xi) denotes the feature mapping vector for the hidden layer with respect to xi and β, which 

indicates the output weight vector connecting the hidden layer and the output layer. One of the important 

advantages of the ELM is that as a single classifier, it can be used for multiclass classification tasks (Zong 

et al., 2013). One interesting point to be noted here is that the popular SVM machine learning algorithm 

is basically a binary classifier, and it fails to act as a multiclass classifier directly without any modification. 

Usually a multiclass problem is broken into binary subproblems and implemented with multiple SVM’s, 

which makes the process highly computationally complex. 

The general multiclass optimization problem for a weighted ELM is given as: 

Minimize: 

   𝐿𝑊𝐸𝐿𝑀 = 
1

2
‖𝛽‖2 +𝐶𝑊

1

2
∑ 𝜉𝑖

2𝑁
𝑖=0 − ∑ 𝛼𝑖

𝑁
𝑖=0 (ℎ(𝑥𝑖)𝛽 − 𝑡𝑖 + 𝜉𝑖),                    (4) 

However, the learning method of many machine learning algorithms such as neural networks, or the SVM 

is comparatively easier than the learning method of the ELM. Thus, to enhance the efficiency and improve 

the learning rate of the ELM, we use metaheuristic techniques such as the butterfly optimization 

algorithm, firefly optimization algorithm, mayfly algorithm, SSA and DSSA. Among these, the DSSA is 

used to optimize feature selection and optimize parameters that enhance the accuracy of the WELM 

multiclass classifier. The proposed DSSA-WELM hybrid model outperforms the others and provides 

determinately generalized performance with a simplified structure. 

3.4 Dynamic salp swarm optimization algorithm  

Classification is a key role in many real-time applications based on machine learning classifiers. There are 

situations where these classifiers are influenced by the features of the images that possess irrelevant or 
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noisy image segments. Therefore, there is a need for feature selection (FS), which mainly focuses on 

retrieving informative features, eliminating irrelevant or noisy features, reducing the learning time of the 

classifier, and increasing the classification accuracy (Huang et al., 2006). Specifically, two methods are 

involved in the FS, the filter method, and the wrapper method. In the case of the filter method, the feature 

selection is independent of the classifier whereas in the wrapper method, an optimization algorithm is 

used to select the features and it is dependent on the classifier. Hence, the wrapper method and these 

optimization algorithms are used in our proposed work as well as in many real-time applications to solve 

biomedical and engineering problems. 

There are several, meta-heuristic optimization algorithms, among which the SSA was introduced by 

(Mirjalili et al., 2017). It is used because of its simplicity, efficiency, and flexibility. The SSA is easy to 

implement and consists of only a few parameters compared to other algorithms. Although it is very simple 

and easy to implement, there are a few limitations such as population diversity and local optima 

stagnation (Zong et al., 2013). Thus, an improved version of the algorithm called the DSSA was introduced 

by (Tubishat et al., 2021), which addresses the above issues of the SSA. The hybridization of the DSSA 

with the WELM is the best model which is used for FS and optimizes the accuracy of the weighted ELM 

multiclass classifier. 

4 Proposed Algorithm 

The proposed work comprises five different processes. Initially, the ISIC 2019 dataset is retrieved and pre-

processed to remove irrelevant images and produce appropriate data as input for the CNN network. The 

CNN now extracts the features from the dermoscopic input images as the next step. The extracted features 

are then fed to the FS stage using the DSSA to retrieve the most relevant features for classification. In the 

final stage, these retrieved relevant features are sent to the WELM multiclass classifier, where the 

classification is performed. 

4.1 Pre-processing  

The dataset must be pre-processed before being fed into the CNN pre-trained models. As the initial 

requirement, the dataset is resized to an acceptable size by the pre-trained model, i.e., 224*224 pixels, and 

then later transformed to RGB format with a 24-bit depth.  

4.2 Transfer learning in CNN feature extraction 

ResNet 18, ResNet 20, and GoogleNet are used for feature extraction in the proposed model. The fully 

connected layer is completely responsible for extracting the features with 1000 features of the pre-trained 

models. The total number of features extracted from the pre-trained models is n*1000, where n denotes 

the total number of dermoscopic images. 

The CNN has the ability to automatically acquire knowledge even with a huge amount of filters in parallel 

based on the trained dataset under the constraint of the specific modelling problem. In general, the images 

are static in nature, which indicates that the features learned from one image can be applied to any other 

part of an image. Moreover, the CNN is widely used in large applications nowadays due to its 

computational efficiency. 

Simply taking a model that has been trained on a large dataset and applying it to a smaller dataset is the 

fundamental tenet of transfer learning. In order to use a CNN for object identification, we freeze the 

network's early convolutional layers and only train the most predictive layers. The concept is that the 

convolutional layers extract common, low-level properties that apply to all images such edges, patterns, 

and gradients, while the later layers detect particular aspects inside an image, such as eyes or wheels. So 

the use of transfer learning along with the CNN enhances our model and efficiency. 
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4.3 Dynamic salp swarm optimization algorithm 

As discussed above, multiclass classification is more complex than binary classification, which deals only 

with values 0 and 1. Thus to optimize a multiclass classifier the optimization technique chosen is also 

multi-objective. The significant goal to be achieved by this optimization technique is that it must provide 

maximum recognition accuracy with a few most relevant features. In our proposed model (see Figure 2), 

with a limited number of relevant features, the DSSA optimization technique has proven to be the best for 

feature selection. Moreover, the computational complexity is reduced, and the skin lesions are identified 

much faster with this hybrid model (DSSA-WELM). 

 

Figure 2. Proposed DSSA-WELM model architecture. 

The DSSA uses the local search algorithm (LSA) to find the best solution. The LSA fixes the value as 2 or 

5 features from the best solution randomly. The main purpose of using this LSA algorithm in the DSSA is 

to comprise the dataset with different dimensionality from low to high and make the classification 

accuracy of the DSSA very high (Tubishat et al., 2021). 

4.4 Chaotic map 

To generate an unbiased random number or random weights many researchers to date have implemented 

chaotic maps (Tschandl et al., 2018). The performance of metaheuristic algorithms is improved with 

different mathematical approaches. One of the approaches is the chaos theory, a nonlinear system with 

dynamic behaviour. Chaotic maps can improve the diversity of search algorithms due to their ergodic 

property (Lu et al., 2014). They are bounded by a nonlinear system that has random properties.  

Chaos in general is combined with many optimization algorithms to improve their classification accuracy. 

In practice, there are many types of chaotic maps, among which the DSSA uses the singer chaotic map, 

which is used to update the leader position. 

The equation is given as: 

Xk+1 = µ (7.86xk – 23.31x2
k + 28.75x3

k – 13.302875x4
k)          (5) 

Where µ is the control parameter with the value between [0.9, 1.08] and x0 ∈ (0,1) and xk ∈ (0,1). 
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Using the SSA, the following equation is used in the DSSA to update the leader position of the salp. 

X1
j = {

𝐹𝑗 + 𝑐1((𝑢𝑏𝑗 − 𝑙𝑏𝑗)𝑐2 + 𝑙𝑏𝑗)𝑐3 ≥ 0.5

𝐹𝑗 − 𝑐1((𝑢𝑏𝑗 − 𝑙𝑏𝑗)𝑐2 + 𝑙𝑏𝑗)𝑐3 <  0.5
          (6) 

In order to update the leader position, Equation (7) is used 

Xi
j  = 

1

3
 (𝑥1 + 𝑥2 + 𝑥 ∗)           (7) 

The solution diversity is enhanced with these improvements to establish a balance between exploitation 

and exploration. Moreover, the LSA is used to determine the best solution, where 2 or 5 features are 

selected randomly to cover different dataset dimensionality. The DSSA initiates by computing a random 

number of the population (salp). The solutions of each salp are represented using the binary values either 

0 or 1. The DSSA would calculate the food fitness of every solution based on the fitness function. 

Accordingly, the solution with minimum fitness is set as the best solution (food source). 

Currently, the WELM classifier along with the DSSA acts as a fitness objective function to determine the 

best solution (food source/weights). After repeated iterations, the DSSA would update the salp position 

using Equations (6) and (7). Thus, the time complexity of the DSSA is generally given as O (t(d * n + cof * 

n) (Tschandl et al., 2018), where t represents the number of iterations, d is dimensions or a number of 

variables, and n is the population size. 

 

Pseudocode 1 

Local search algorithm (LSA)  

t1 = f 

S = 1 

While (S< max_no_of_iterations) 

 relevant_features_chosen = rand of 3 or 6 

 LSA choose randomly 3 or 6 features from t1 based on relevant_features_chosen value 

 for each feature chosen in t1   

  if f_v = = 1 (1 denotes chosen feature and 0 not chosen feature) 

   f_v = 0 

  else  

   f_v =1 

  end if 

 compute the fitness function of t1 

if s (t1 ) < s (f) 

       f= t1 

end if  

S=S+1 

End while  

Return f 
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Pseudocode 2 

DSSA 

Initiate the initial Salps Si (i=1,2…n) assuming the upper bound Ub and Lower bound Lb  

Compute each fitness solution 

Fa   best fitness value assumed on salp position  

While (t lower than maximum iterations) 

Update C 

For every salp Si and if i==1 update leader salp position  

Else 

SC_value < 0.5 update Follower salp Position  

Else 

Update Leader salp position  

End if 

End For 

Rearrange the salps that go beyond the search limit 

Determine every salp fitness value in the chain 

Identify the value of the IC variable  

If IC >=2  

Call lsa of F to upgrade the value 

End if 

T=t+1 

End while  

Return best WELM network with minimum Mean square error (MSEtd) 

Return F 

 

Pseudocode 3 

Hybrid optimization algorithm using dynamic salp swarm algorithm (DSSA) with weighted extreme 

learning machine (WELM) 

Input:  Input Features of imbalance Training dataset and Target Class 

  Total Number of Hidden weights Wh 

Activation function-Sigmoid  

              Sa Search Agents  

  Ti Total number of Iterations 

  SC_value taken as Singer_Chaotic_map  

  IC improvement counter variable 

F best fitness value  

Output: Fb-Best-hidden bias Bi and weights Wi 

Fitness: MSEtd as the fitness function for training data 

Initialization:  

Step 1: Diagonal matrix W is computed, and weights are generated for each instance of a 

class in weighted ELM (WELM). Every matrix element is considered the diagonal vector of 

a particular instance xi. 

Step 2: The activation function opted for WELM is the sigmoid function. 

Step 3: Randomly compute the input weights w and bias b of the hidden neuron. 
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Step 4: up to the maximum number of iterations reached repeat steps 5 and 6. 

Step 5: Determine the population fitness value and enumerate the salp population. 

Step 6: For every salp Si if i==1, then update the leader salp position else SC_value<0.5 

then update follow position as shown in Figure 3. 

Step 7: Identify the incremental variable Ic and if Ic> = 2 calls upon the LSA algorithm 

to determine the global best solution. Otherwise, go to step 5. 

Step 8: Based on the global best solution fitness value, the relevant salp positions such 

as the input weights and bias of the training data are obtained. 

Step 9: Set the optimum weights and bias to the WELM for high classification accuracy. 

 

 

 

Figure 3. Proposed model workflow. 
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5 Results and Discussion 

In this proposed ensemble model, the DSSA-WELM is implemented using Python with the Keras deep 

learning framework with a Theano backend (O'Reilly, 2023), and the ELM is also implemented with 

Python. The experiment was performed on a cluster with 16 CPU cores and 64 GB RAM. For assembling 

purposes, the CNN was initially trained for feature extraction that contains a 3x3 convolutional layer  and 

three max-pooling layers with a pooling size (2, 2) that extract low-level, mid-level and high-level features 

accurately.  

5.1 Dataset 

The well-known dataset from (ISIC, 2019) was used to test and evaluate the model. This dataset contains 

images of Human Against Machine HAM10000 and BCN_20000. Here, the GoogleNet model is used for 

more effective automatic skin lesion detection with transfer learning. The dataset contains the training 

data for the ISIC 2019 challenge, note that it includes data from previous years. The dataset for ISIC 

2019 contains 25,331 images available for classification of dermoscopic images among 8 different 

diagnostic categories. After training and validating the pre-trained GoogleNet model by applying transfer 

learning. 80% of the dataset consisting of 20,265 images and 10% of 2,531 images respectively were used 

for training and the remaining 10% of the data (2,531) images were used for testing. 

5.2 WELM-DSSA classification performed 

The dataset is taken as 80% for training, 10% for validation and 10% for testing. The ISIC 2019 dataset 

consists of 8 types of skin lesions namely melanoma (MEL), melanocytic nevus (NV), basal cell carcinoma 

(BCC), actinic keratosis (AKIEC), benign keratosis (BKL), dermatofibroma (DF), vascular lesion (VASC) 

and squamous cell carcinoma (SCC). The dataset comprises 25,331 images, consisting of 4,522 MEL 

images, 12,875 NV images, 3,323 BCC images, 867 AKIEC images, 2,624 BKL images, 239 DF images, 253 

VASC images, and 628 SCC images. 

Since the images of different skin lesions in the ISIC 2019 dataset are imbalanced classes, the classification 

is performed more accurately with the hybridization process. Initially, the images are pre-processed to 

remove unwanted images and remove hair or other irrelevant scars in the images, and later on, using the 

DSSA as the feature selection algorithm, the relevant features are extracted. The ELM is an ensemble with 

the pre-trained CNN model. Using transfer learning, the features extraction from the images is performed 

more effectively, and later image classification of each type of skin lesion is done using the hybridization 

technique DSSA with the WELM for higher accuracy. The WELM acts as a multiclass classifier that 

resolves imbalances in the dataset with a replacement of the last layers in the pre-trained model. The ELM 

classifies even unknown images in the group, which are considered normal without any lesions.  

Table 1. Parameter setting of the proposed model. 

 

 

 

 

 

 

 

 

Algorithm Parameter Value 

DSSA-WELM 

algorithm 

(proposed algorithm) 

Search agent number 20 

Total number of iterations  100 

Input node 20 

Hidden node 20 

Activation function Sigmoid 

Output node 1 

Learning rate 0.01 



Acta Informatica Pragensia  Volume 12, 2023 

https://doi.org/10.18267/j.aip.211  155 

5.3 Confusion matrix 

The confusion matrix implemented in the proposed model to calculate the performance measure is given 

in Table 2 below, where the true values are known for a set of test data. For example, in our proposed 

model, suppose it has to be correctly predicted as vascular lesion and the actual image is also a vascular 

lesion image. In that case, the possibilities are computed. The confusion matrix helps us identify the 

performance of the classifier, with a higher ratio of correct classification of images indicating the accuracy 

of the classifier. 

True positive  

The true positive value indicates that the actual value and the predicted value are the same. 

False positive 

False positive indicates that the actual value is positive but the predicted value from the model is 

negative, i.e., wrong prediction. 

False negative 

False negative means that the actual value is false, i.e., for example in our proposed model it is 

actinic keratosis (wrong or negative actual value) but the predicted value is a vascular lesion, which 

is the right prediction. 

True negative 

True negative means that the predicted and the actual value are the same, i.e., actinic keratosis as 

the actual and predicted value. 

Table 2.  Confusion matrix prediction. 

Actual 

P
re

d
ic

te
d

 

v
al

u
es

 

True positive (TP) False positive (FP) 

False negative (FN) True negative (TN) 

 

The performance measures for the model are evaluated using five quantitative measures: accuracy, 

sensitivity, specificity, precision and F1 score. The computation is done as follows: 

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑁
 

Sensitivity (TPR) =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

Specificity (TNR) =
𝑇𝑁

𝐹𝑃 + 𝑇𝑁
 

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

𝐹1 𝑠𝑐𝑜𝑟𝑒 = 2 ∗
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
∗ 100 

Where TN, TP, FN and FP are true negative, true positive, false negative, and false positive, respectively. 

TPR, TNR and PPV refer to true positive rate, true negative rate and positive predictive value. Here, the 

true negative should be high whereas the false positive should be small. 
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Table 3. 9x9 matrix of classification process. 

 AKIEC DF MEL NV BCC SCC BKL VASC UK 

AKIEC 305 04 73 17 45 16 18 40 1 

DF 90 68 102 20 52 23 09 65 0 

MEL 136 186 486 12 46 55 13 42 0 

NV 41 52 86 45 68 14 08 23 0 

BCC 47 56 502 13 71 305 56 42 4 

SCC 23 68 271 56 42 108 62 98 0 

BKL 46 246 142 48 53 175 271 46 0 

VASC 474 312 33 16 94 56 35 118 1 

UK 5 6 0 1 1 4 0 1 327 

 

5.4 Comparison of proposed model with other SOTA 

The pre-trained model after applying transfer learning classifies the image into eight types and an 

unknown image lesion that is normal is also obtained from the DSSA-WELM classification accurately. The 

WELM multiclass classifier hybridized with DSSA metaheuristic optimization technique has an accuracy 

of 97.25%, which is slightly better compared to the classification of the bootstrap multiclass SVM classifier 

and also higher than the other compared models. Thus, our proposed model works effectively with better 

accuracy and scalability, low computational complexity, and less time consumption, which are the 

important factors considered during the classification process. 

 

Table 4. Comparison of proposed model with other SOTA techniques. 

Model Accuracy Sensitivity  Specificity Precision 

Bootstrap SVM-GoogleNet 81% 74% 84% 77% 

Deep CNN  95.98% 91.97% 97.33% 91.96% 

AlextNet-ELM (FORFO) 97.14% 96.38% 96.64% 87.51% 

GoogleNet-WELM (DSSA) 

(proposed model) 
97.25% 96.40% 96.68% 87.49% 
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Figure 4. Graphic representation of performance metrics of proposed model. 

6 Conclusion 

As image classification in skin cancer has become a challenging task with imbalanced datasets and high 

similarities found in various types of skin lesions, we developed a model with the pre-trained CNN 

model GoogleNet using transfer learning for classification of images done with the most challenging ISIC 

2019 dataset that comprises 8 types of skin lesions. Our proposed model classified the types of skin 

lesions with not only better accuracy but less computational complexity by hybridizing the model with 

the DSSA-WELM. The model classified unknown images that do not fall among the types, meaning that 

the patient is recognized as normal more effectively. Compared to the bootstrap multiclass SVM classifier 

and other models, our proposed model shows better accuracy and scalability. These techniques and 

models developed by researchers assist greatly in the biomedical field. Early disease diagnoses were 

done more effectively with our proposed model in a simpler way and saved human lives. In the future, 

we would like to implement early skin cancer detection with deep learning techniques such as the 

generative adversarial network (GAN). 
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