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Abstract: Nowadays, quality improvement and increased accessibility to patient data, at a reasonable cost, are highly challenging tasks in healthcare sector. Internet of Things (IoT) and Cloud Computing (CC) architectures are utilized in the development of smart healthcare systems. These entities can support real-time applications by exploiting massive volumes of data, produced by wearable sensor devices. The advent of evolutionary computation algorithms and Deep Learning (DL) models has gained significant attention in healthcare diagnosis, especially in decision making process. Skin cancer is the deadliest disease which affects people across the globe. Automatic skin lesion classification model has a highly important application due to its fine-grained variability in the presence of skin lesions. The current research article presents a new skin lesion diagnosis model i.e., Deep Learning with Evolutionary Algorithm based Image Segmentation (DL-EAIS) for IoT and cloud-based smart healthcare environments. Primarily, the dermoscopic images are captured using IoT devices, which are then transmitted to cloud servers for further diagnosis. Besides, Backtracking Search optimization Algorithm (BSA) with Entropy-Based Thresholding (EBT) i.e., BSA-EBT technique is applied in image segmentation. Followed by, Shallow Convolutional Neural Network (SCNN) model is utilized as a feature extractor. In addition, Deep-Kernel Extreme Learning Machine (D-KELM) model is employed as a classification model to determine the class labels of dermoscopic images. An extensive set of simulations was conducted to validate the performance of the presented method using benchmark dataset. The experimental outcome infers that the proposed model demonstrated optimal performance over the compared techniques under diverse measures.
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1  Introduction

Smart healthcare includes Internet of Things (IoT), medical devices and applications that interlink healthcare Information Technologies (IT) using networking. It significantly reduces the number of unnecessary visits to the hospital and minimizes the burden on healthcare professional and organizations. Further, it enables the patients to connect with corresponding physician and allows them to share the medical data securely via private network. Skin cancer is one of the widely occurring lesions that affects individuals across the globe. Skin lesion is deemed to be a general disease and has gradually increased over the years. Generally, skin tissues comprise of cells, while every cell is rooted onto tissues. A person is said to be infected with cancer if they report abnormal cell growth in concerned tissues. Cancer is characterized by anonymous growth of cell structures and it can be broadly classified into malignant and benign. Benign cancer is a sort of tumor that is considered as a non-infective mole. Malignant cancer, on the other end, is a type of tumor that is extremely dangerous and results in death at times. Further, it also harms the other organs of the human body. Few causes of skin cancer are continuous exposure to Ultra violet (UV) rays, poor immunity, heredity, etc. Skin has three cell types such as melanocyte, squamous cell, and basal cell. Among these, Melanoma, a type of cancer which is highly malevolent and grows later when the lesion is detected. Both United States and Australia exhibit high prevalence of skin lesions.

Dermoscopy is a major component employed in the prediction of skin lesions. Dermoscopic image must be transparent and only a specialized dermatologist can help in managing the disease. However, this is a time-consuming process. Image segmentation is performed with the help of k-means clustering. Its efficiency is estimated through four classifiers out of which Neural Network (NN) has the highest accuracy in addition to identical feature sets. A three-dimensional reconstruction technique was proposed by the researchers in two-dimensional image [1]. In this study, three-dimensional images were predicted and its RGB was computed. These images underwent preprocessing and got converted into binary images in the form of 0/1. An adaptive snake technique was employed to segment the images. Based on the application of entire features, a three-dimensional depth estimation characteristic was employed to maximize the classification performance. When melanoma is diagnosed at the beginning stages, its mortality rate can be reduced.

A new skin lesion detection technique was introduced in the literature [2] in which Multi-class Support Vector Machine (MSVM) classifier was employed. Gray Level Cooccurrence Matrix (GLCM) was applied in the extraction of color and texture features like homogeneity, gradient and contrast. K-means clustering technique was utilized to segment the images. Cancer area was identified from five different types of the image. Classification and segmentation outcomes are portrayed through Graphical User Interface (GUI) applications. The study conducted earlier [3] proposed an idea for classifying melanoma using naïve Bayes (NB) and shearlet transform coefficient classification technique. The datasets were degraded first using shearlet transformation with existing shearlet coefficient values. Followed by, the needed coefficients were used by NB classification model. In literature [4], a fundamental concept of annotation instrument was proposed. In this concept, manual segmentation techniques were enhanced through the development of ground truth dataset. This is done so, in order to segment and classify the images automatically, using the skills of dermatologists. It is advantageous to reform the boundaries and to perform freehand drawing. It is utilized in the extraction of features from input image and denotes the collection of values.

The current research article presents a new skin lesion diagnosis model i.e., Deep Learning with Evolutionary Algorithm based Image Segmentation (DL-EAIS) model for IoT and cloud-based smart healthcare environments. In principal, the dermoscopic images are captured using IoT devices, which are then transferred to the cloud server for additional diagnosis. Also, Backtracking Search Optimization Algorithm (BSA) with Entropy-Based Thresholding (EBT) i.e., BSA-EBT technique is used in this study for image segmentation. Moreover, Shallow Convolutional Neural Nnetwork (SCNN) model is utilized as a feature extractor and Deep-Kernel Extreme Learning Machine (D-KELM) model is employed as a classifier to determine the class label of dermoscopic images. A detailed simulation study was performed to highlight the effectiveness of the proposed method upon benchmark dataset.

The paper is organized as follows. Section 2 details the review of literature and Section 3 discusses the presented model. Followed by, Section 4 provides the experimental validation whereas conclusions are drawn in Section 5.

2  Literature Review

The presence of important features in dermoscopic image plays an essential role in the classification of melanoma [5]. It is obtained through efficient segmentation of dermoscopic images captured from nearby tissues. Image segmentation of cancerous cells, from adjacent healthy tissues, followed by the extraction of essential features are vital processes for effective recognition. Distinct segmentation techniques are designed and are accessible in the literature. Histogram thresholding techniques try to detect the threshold values for lesion segmentation from adjacent cells. Unsupervised clustering techniques use color space features of dermoscopic images to attain similar parts [6]. Region- and edge-dependent techniques leverage the advantage of edge functions and several other techniques such as merging, region splitting, etc.,

Active contour technique makes use of metaheuristic techniques for the segmentation of cancerous regions [7]. Supervised models namely Random Forest (RF), SVM, etc. are used in the segmentation of skin lesions via training technique [8]. Therefore, classical segmentation processes cannot obtain efficient results and it fails in solving the problems such as poor contrast, hair, unclear borders, and artefacts. Recently, DL techniques, mainly Convolution Neural Networks (CNN), gained significant attention in distinct fields of object identification, image segmentation, classification, etc., [9]. An end-to-end deep neural network was presented with two phases such as classification and segmentation in the literature [10]. A Fully Convolutional Residual Network (FCRN) was proposed earlier using deep residual network [11]. A dermoscopic image segmentation technique was developed in the study conducted earlier [12] using Fully Convolutional Network (FCN) and by enhancing the usage of uncommon loss function called ‘Jaccard distance’. Now, class imbalance problem is solved between adjacent skin images and the cancer images. Bi et al. [13] proposed a multi-level FCN and Parallel Integration (PI) technique to segment the skin cancer images.

Several smartphone-enabled dermoscopic gadgets are available in the marketplace, namely HandyScope and DermLite. But it cannot be used by everybody, since it is costly and it needs extensive training to use such gadgets. Abuzaghleh et al. [14] presented a real-world warning component that supports clients to prevent skin burning through an automatic image examination component. But, this method used a total of two hundred images only. Similarly, it required preprocessing, segmentation of cancerous images to remove noise and grounding in the image. Do et al. [15] studied the classification of skin cancer images acquired through smartphones under poor lighting and focal situations. Sahu et al. [16] presented a portable assistant utilizing Raspberry Pi for the classification of skin lesion. While this technique does not require network connection, it is restricted with inbuilt battery lifetime. Several skin lesion recognition and classification models are available for the prediction of skin lesion and skin cancer in which computer aided techniques are applied. But automated skin cancer classification and segmentation are highly difficult processes to accomplish due to ambiguous boundaries, worst contrast, noise, and shape and size alterations of the dermoscopic image.

3  The Proposed Method

The working principle of the presented DL-EAIS model is illustrated in Fig. 1. The presented model has a series of processes such as image acquisition, image preprocessing, segmentation, feature extraction and classification. In the beginning, IoT devices are utilized to capture the skin images of the patient. Then, the images are forwarded to the cloud server. Followed by, image preprocessing occurs for the dermoscopic images to improve its quality in terms of noise removal, artifact removal, and contrast enhancement. Then, BSA-EBT technique is applied to identify the affected regions and segment the same in dermoscopic images. Subsequently, the features are extracted using SCNN model. Finally, D-KELM model is employed for classification purposes and to identify the class labels for the applied dermoscopic images.
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Figure 1: The overall process of the proposed DL-EAIS method

3.1 Preprocessing

Once the IoT devices capture and transmit the skin lesion images to cloud, preprocessing takes place in different ways [17]. In this study, format transformation process is followed with the identification of interest regions like lesions. Then, hair removal process is executed as it plays an important role in the overall performance of the model. Initially, the color image is transformed into grayscale image. Afterwards, top hat filtering technique is employed to detect denser and darker hairs that exist in the lesion image [18]. The obtained results comprise of several variations amongst the input and output images, as defined in Eq. (1):

Zw(G)=G∘b−G(1)


where ∘ indicates the closing function, G means the grayscale image and b denotes the grayscale designing component. Finally, painting task is executed in which the hair line pixels are replaced with nearby pixel values.

3.2 Image Segmentation Using BSA-EBT Technique

At this stage, the preprocessed images are segmented using BSA-EBT technique in order to identify the infected regions of skin lesion images. Generally, thresholding concepts are widely used in image segmentation process [19]. Bi-level thresholding method generates a threshold image t(x,y) from the input image, f(x,y). For images with bright objects and dark backdrop, t(x,y) can be defined using Eq. (2).

t(x,y)={1if\; f(x,y)>T0if\; f(x,y)≤T(2)

When objects become dark and backdrop becomes bright, the threshold image is attained through Eq. (3).

t(x,y)={1if\; f(x,y)≤T0if\; f(x,y)>T(3)

f(x,y) is a non-entity that denotes the intensities of a pixel at point (x,y) and T refers to threshold value. A number of threshold levels namely, T1, T2, T3,… is used rather than individual threshold values to assist in multi-level thresholding concepts. When compared with bi-level thresholding, effective segmentation outcome is attained with the help of multilevel thresholding. The current research article utilizes multi-level entropy-based segmentation using optimization algorithm.

Kapur's entropy technique is commonly utilized in multilevel image thresholding and it depends on the idea of entropy. Assume I is an image which has L grey levels {0,1,…,L−1)}⋅ n indicates the pixel count in image I. h(i) denotes the grayscale pixel count i [20]. The likelihood of existence of grayscale value i is determined as given herewith.

p(i)=h(i)n(4)

In view of k threshold levels (t0,t1,t2,…,tk−l) , image partition occurs into k+1 class labels. To obtain the optimum threshold values, the maximization of objective function can be defined as given herewith.

f(t0,t1,…,tk−1)=max\; (∑i=0k⁡Hi)(5)


where Hi denotes the entropy and is determined using the Eq. (6).

H0=−∑i=1t0−1⁡pjw0\; ln\; pjw0,\; w0=∑i=1t0−1⁡piH1=−∑i=t0t1−1⁡piw1\; ln\; pjw1,\; w1=∑i=t0t1−1⁡piHk=−∑i=tk−1L−1⁡piwk\; ln\; piwkwk=∑i=tk−1L−1⁡pi(6)

To optimize the threshold values in Kapur's entropy, BSA is applied. BSA is a recently-developed population based-evolutionary algorithm. This algorithm is an inspiration of iterative procedure which attempts to minimize the objective function. BSA includes five major processes namely initialization, selection-I, mutation, crossover, and selection-II. These processes are defined in subsequent sections. Fig. 2 shows the flowchart of BSA algorithm [21].
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Figure 2: The flowchart of BSA

3.2.1 Initialization

At first, BSA sprinkles the population members in solution space with the help of uniform random distribution function:

Pi,j∼U(lowj,upj),\; i=1,2,3,…,N, j=1,2,3,…,D(7)


where N and D denote the population size as well as problem dimension correspondingly. U signifies the uniform distribution function and Pi represents the location of ith population member in solution space and finally lowj and upj represent lower and upper limits of the solution space, correspondingly.

3.2.2 Selection-i

During this phase, BSA creates the historical population and is employed for defining the search direction. Eq. (8) is utilized for initiating the historical population:

oldPi,j∼U(lowj,upj)(8)

There is a possibility of providing an option to BSA which can redesign oldP during primary phase of all the iterations as given herewith.

if\; a<b\; then\; oldP\; :=P|a,b∼U(0,1)(9)


where a and b are the uniform real numbers that lie in the interval of [0, 1] for decision making, in case of selecting oldP from earlier round. Eq. (10) is applied to shuffle the order of population members as represented below.

old\; :=permuting\; (oldP)(10)


where the permutation () function denotes the process of arbitrary shuffling.

3.2.3 Mutation

The mutant members of the BSA are produced with the help of Eq. (11):

Mutant=P+F⋅(oldP−P)(11)


where F indicates a real number for step-size amplifications of search direction [22]. BSA makes use of past data to determine the searching direction of population members during when oldP values are considered.

3.2.4 Crossover

The last method of the trial population T is produced using a crossover model of BSA which comprises of two stages. The initial one utilizes mixrate and the next one enables the selection of one arbitrary individual for mutation in every individual trial. Next to the completion of crossover task, the individuals exceed the search space boundary. To restrict the motion of individuals, an arbitrary regeneration process occurs in valid searching space for individuals that exceed the bounds.

3.2.5 Selection-II

At this stage, the Pis values are updated through greedy selection scheme which utilizes Tis that has optimal fitness compared to respective Pis values. Global minimum values are substituted with optimal individuals of P(Pbest), if Pbest value exceeds the global minimum value.

3.3 SCNN Based Feature Extraction

Next to image segmentation, SCNN model gets executed to generate a suitable group of feature vectors of the segmented image. CNN architecture is employed to detect and classify skin lesions. CNN models require massive volumes of training data due to which it is challenging to use a huge database of skin lesion images. So, transfer learning and finetuning concepts are used to leverage small-sized database. A deep CNN model commonly undergoes training using massive volumes of data. The trained system could be utilized as pretrained model. The parameters involved in pre-trained model are tuned with the help of a training dataset, while the fine-tuned model is employed in testing. The structure of SCNN model is shown in Fig. 3 [23]. It includes only two convolutions and two max-pooling layers. The RGB color image, sized 224 × 224 pixels, remains the input of SCNN. A set of 64 filters, sized 5 × 5, exists in primary convolution layer, and 128 filters of size 5 × 5 in subsequent convolution layer [23]. The size of the mask in max-pooling filter is 2 × 2. Rectified Linear Unit (ReLU) can be utilized for nonlinear activation. After the last max-pooling layer, the features are flattened and are given to Fully Connected (FC) layer. A pair of FC layers is presented next to a softmax (output) layer. Upon the completion of training process, training dataset is fine-tuned using minibatch Stochastic Gradient Descent (SGD) technique.
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Figure 3: The structure of SCNN model

3.4 D-KELM Model Based Image Classification

At the end, D-KELM model is applied as a classifier to determine proper class labels of the applied dermoscopic images. DKELM includes a set of KELM autoencoders (AEs) in the deepest layer. The architecture of KELM-AE model is shown in Fig. 4 [24] which is highly related to ELM-AE model apart from the representation of kernels. Kernel function is defined as follows.

Ω=k(x~,xv)=⟨φ(x~),ϕ(xv)⟩(12)

x~ denotes the testing sample instances, xv represents the v-th training samples, and ϕ refers to mapping function for Reproducing Kernel Hilbert Space (RKHS). The figure reports that the input matrix X(u) undergo mapping to a kernel matrix Ω(u) using a kernel function k(k)(xu,xv)=exp(−||xu−xv||/2σk2). Besides, in DKELM, RBF kernel function with parameter σk\; is applied. Afterwards, Λ¯(u) is applied to represent the u-th transformation matrix in KELM-AE that is identical to ELM-AE model.

Ω(u)Λ¯(u)=X(u)(13)
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Figure 4: Structure of KELM-AE

Afterward, Λ¯(u) can be determined using Eq. (14):

Λ¯(u)=(IC+Ω(u))−1X(u),\; (14)

The data is defined using end data conversion process as denoted by the following equation.

x(u+1)=g(X(u)(Λ¯(u))T)(15)


where g denotes the activation function. The hidden layer activation function is linear/non-linear. Here, non-linear activation function is used in DKELM. It is an established fact that different and massive number of features are learnt and gathered by defining the data through non-linear activation functions and are utilized amongst KELM-AEs [24]. A blend of denser and sparse representation is an effective understanding than linear learning process. In comparison with ELM-AE, it becomes unnecessary to determine the hidden layer count in advance owing to the fact that kernel trick is utilized in every individual hidden layer.

DKELM obtains a common approximation, because a pair of individual learning processes exists in H-ELM [25]. Then, Λ¯(u) and X(u) (in the u-th KELM-AE) are determined using Eqs. (14) and (15), correspondingly. Finally, the end data representation Xfinal∗ is determined, and then Xfinal∗ is employed as the training input for training KELM classifier as shown in Eq. (16):

Ωfinal∗β=\; T,\; (16)


where Ωfinal∗ is attained from Xfinal∗, at that time, the output weight β is determined using Eq. (17):

β=(IC+Ωfinal∗)T(17)

MELM applies the pseudo-inverse concept to calculate the transformation matrix in all the layers. In comparison with MELM, the exact inverse is utilized in the calculation of Λ¯(u) through invertible kernel matrix in KELM-AE of DKELM. Consequently, a hypothetically-seamless reform of X(u) is produced which decreased the error of AEs to a particular extent. As a result, DKELM model learns an effective representation of data and its generalization.

4  Performance Validation

The performance of the DL-EAIS model was validated using ISIC dataset. The presented DL-EAIS method was simulated using Python 3.6.5 tool. The dataset, considered for the study, is a collection of skin lesion images under seven distinct classes. The information related to dataset is provided in Tab. 1 and few sample test images are displayed in Fig. 5.
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Figure 5: The sample images

Fig. 6 visualizes the results obtained during preprocessing stage of DL-EAIS model. Fig. 6a depicts the input image with hair whereas the masked, segmented, and hair-removed images are illustrated in Figs. 6b−6d. The figure clearly shows that the DL-EAIS model removed the artefacts from dermoscopic images effectively.

[image: images]

Figure 6: (a) Original image (b) masked image (c) segmented image (d) hair removed image

Fig. 7 depicts the confusion matrix generated by DL-EAIS method on the applied ISIC dataset. From the figure, it can be understood that the DL-EAIS technique effectually classified a set of 21 images under Angioma, 44 images under Nevus, 40 images under Lentigo NOS, 65 images under Solar Lentigo, 50 images under Melanoma, 51 images under Seborrheic Keratosis, and 34 images under Basal Cell Carcinoma (BCC). The values in the confusion matrix are manipulated under Tab. 2.
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Figure 7: Confusion matrix for the proposed DL-EAIS method
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Tab. 3 and Fig. 8 demonstrate the classification outcomes obtained by DL-EAIS model in terms of distinct measures. From the experimental values, it is evident that the DL-EAIS approach classified the dermoscopic images proficiently. For instance, when classifying Angioma class images, the DL-EAIS model achieved the following values for sensitivity, specificity, accuracy, and F-measure i.e., 100%, 98.65%, 98.74%, and 91.30% respectively. Moreover, in the classification of Nevus class images, the DL-EAIS model achieved the following values for sensitivity, specificity, accuracy, and F-measure such as 96.65%, 99.26%, 98.74%, and 95.65% respectively. Eventually, when classifying Lentigo NOS class images, the DL-EAIS model achieved 97.56% sensitivity, 100% specificity, 99.69% accuracy, and 98.77% F-measure. Likewise, when classifying Solar Lentigo class images, the DL-EAIS model achieved the values such as 95.59%, 100%, 99.06%, and 97.74% upon sensitivity, specificity, accuracy, and F-measure respectively. Concurrently, on the classification of Melanoma class images, the DL-EAIS model attained sensitivity (98.04%), specificity (99.63%), accuracy (99.37%), and F-measure (98.04%) respectively. Meanwhile, when classifying Seborrheic Keratosis class images, the DL-EAIS model accomplished the following values such as 94.44%, 99.62%, 98.74%, and 96.23% for sensitivity, specificity, accuracy, and F-measure respectively. At last, on the classification of Basal Cell Carcinoma class images, the DL-EAIS model produced a sensitivity of 91.89%, specificity of 98.22%, accuracy of 97.48%, and F-measure of 89.47% respectively.
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Figure 8: Results of the analysis of DL-EAIS model with different measures

Fig. 9 illustrates the results of average classification analysis of DL-EAIS model in terms of distinct measures. From the figure, it is understood that the DL-EAIS model yielded the highest values in terms of average sensitivity, specificity, accuracy, and F-measure i.e., 96.17%, 99.34%, 98.83%, and 95.31% respectively.
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Figure 9: Average analysis of DL-EAIS model with different measures

Fig. 10 shows the results for ROC analysis of the presented DL-EAIS method on the applied ISIC dataset. The figure demonstrates that the DL-EAIS technique produced high ROC of 99.8996%. This value implies that the DL-EAIS model has proficiently identified the class labels of the applied dermoscopic test images.
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Figure 10: ROC analysis of DL-EAIS model

Tab. 4 and Fig. 11 portrays the results of comparative analysis of DL-EAIS model against existing models under different measures. The experimental values showcase that the DL-EAIS model outperformed the existing methods. When determining the classifier results in terms of sensitivity, the SVM model failed to exhibit an effective outcome since it achieved a least sensitivity of 73.15%. Next to that, ResNet, CNN, DLN, and CDNN models produced slightly increased sensitivity values such as 80.2%, 81.7%, 82%, and 82.5% respectively. Besides, the high level feature extraction technique accomplished an even more sensitivity of 83.5%. Meanwhile, ensemble model and deep convolutional NN models achieved close sensitivity values such as 84.16% and 84.64% respectively. Concurrently, YOLO-GC and DS-ASLS models portrayed near optimal sensitivity values such as 90.83% and 93.4% respectively. But, the proposed DL-EAIS technique showcased better classification results with a superior sensitivity of 96.17%. Similarly, when examining the classifier outcomes with respect to specificity, the SVM method failed to show effective outcomes since it attained the worst specificity of 75.41%. In line with this, High Level Feature Extraction, Ensemble model, CNN, and deep convolutional NN models resulted in somewhat superior specificity values such as 81.3%, 82.64%, 82.9%, and 83.19% respectively. Further, YOLO-GC technique accomplished an even more specificity of 92.68%. Likewise, CDNN and DLN approaches demonstrated close specificity values such as 97.50% and 97.80% respectively. At the same time, ResNet and DS-ASLS methods exhibited near optimal specificity values such as 98.5% and 98.7% respectively. But, the proposed DL-EAIS model illustrated optimal classification results with a superior specificity of 99.34%.

Finally, the classifier outcomes in terms of accuracy revealed that the SVM technique failed to demonstrate an effective outcome, since it reached a minimum accuracy of 74.3%. Likewise, High Level Feature Extraction, CNN, Ensemble, and deep convolution NN methodologies produced somewhat high accuracy values such as 81.1%, 82.4%, 83.98%, and 84.27% respectively. Besides, DLN and YOLO-GC models accomplished higher accuracy values such as 93.2% and 93.39% correspondingly. However, both CDNN and ResNet techniques exhibited an accuracy of 93.4%. Also, DS-ASLS model showcased a near optimal accuracy of 97.91%. Finally, the projected DL-EAIS technique accomplished better classification results while its accuracy was 98.83%.
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Figure 11: Comparative analysis of DL-EAIS model with existing methods

5  Conclusion

The current research article presented an effective skin lesion diagnosis model using DL-EAIS model for IoT and cloud-based smart healthcare environment. IoT devices are used to capture and transmit the skin lesion images to cloud; Followed by, preprocessing occurs in different ways. Then, the preprocessed images are segmented with the help of BSA-EBT technique to identify the infected regions. Next to image segmentation, SCNN model gets executed to generate a useful set of feature vectors for the segmented image. At the final stage, D-KELM model is applied as a classifier to determine proper class labels of the applied dermoscopic images. A detailed simulation study was performed to highlight the effectiveness of the presented method upon benchmark dataset. The experimental outcomes infer that the proposed method performed better compared to other techniques under diverse measures. In future, the performance of the presented DL-EAIS model can be enhanced with the help of learning rate scheduler for SCNN and D-KELM models.
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Table 1: The dataset description
Classes

Angioma

Nevus

Lentigo NOS

Solar Lentigo

Melanoma

Seborrheic Keratosis

Basal Cell Carcinoma

Number of images

21
46
41
68
51
54
37
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Table 3: Classification analysis of the proposed DL-EAIS method with distinct classes

Classes

Angioma

Nevus

Lentigo NOS

Solar Lentigo
Melanoma
Seborrheic Keratosis
Basal Cell Carcinoma
Average

ity ificity A acy F
100.00 98.65 98.74 91.30
95.65 99.26 98.74 95.65
97.56 100.00 99.69 98.77
95.59 100.00 99.06 97.74
98.04 99.63 99.37 98.04
94.44 99.62 98.74 96.23
91.89 98.22 97.48 89.47
96.17 99.34 98.83 95.31
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Table 4: Comparative analysis results between existing methods and the proposed DL-EAIS model
with respect to sensitivity, specificity, and accuracy

Methods

Proposed DL-EAIS
DL-ASLS [17]

CDNN [26]

DLN [27]

ResNet Model [28]
YOLO-GC [29]

SVM [30]

CNN Model [30]

High Level Features Extraction [30]
Ensemble Model [31]
Deep Convolution NN [31]

Sensitivity
96.17
93.40
82.50
82.00
80.20
90.82
73.15
81.70
83.50
84.16
84.64

Specificity
99.34
98.70
97.50
97.80
98.50
92.68
75.41
82.90
81.30
82.64
83.19

Accuracy

98.83
97.91
93.40
93.20
93.40
93.39
74.30
82.40
81.10
83.98
84.27
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Table 2: Manipulation of the confusion matrix of DL-EAIS method

Classes  Angioma Nevus Lentigo Solar Melanoma  Seborrheic Basal Cell
NOS Lentigo Keratosis Carcinoma

TP 21 44 40 65 50 51 34

TN 0 2 1 3 1 3 3

FP 4 2 0 0 1 1 5
™ 293 270 277 250 266 263 276
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