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Abstract: Skin diseases are more common than other diseases. Skin diseases may be caused by fungal infections, bacteria, 
allergies, viruses, etc. The advancement of lasers and photonics-based medical technology has made it possible to diagnose 
skin diseases much more quickly and accurately. However, the cost of such a diagnosis is still limited and very expensive. 
Hence, this paper introduces an accurate and effective skin disease detection method, named the Social Crow Search (SCS) 
algorithm proposed in this research work. Initially, the pre-processing is done for the input image to eliminate the noise and 
artifacts present in the image. Then, the pre-processed image is fed to the segmentation step where the segmentation is 
performed using Black Hole Entropic Fuzzy Clustering (BHEFC). Consequently, the segmented results are subjected to the 
feature extraction step in which the features, like Convolutional Neural Network (CNN) features, Grey Level Co-occurrence 
Matrix (GLCM) features and the convolution-based Local Directional Pattern (LDP) features are extracted to increase the 
accuracy. Finally, the skin disease is detected using SCS-based Deep RNN. The optimal solution is revealed through the 
fitness measure, which in turn accepts the minimal error value as the optimal solution. The proposed SCS-based Deep RNN 
attained significantly better performance in accurately detecting the disease. The proposed model achieves the maximal 
accuracy of 93.54%, maximal sensitivity of 93.56%, and maximal specificity of 93.45%, respectively to training data 
percentage. 
 
Keywords: Skin Disease Detection, Deep Recurrent Neural Network, Black Hole Entropic Fuzzy Clustering, Social Sky 
Driver, Crow Search Algorithm. 
 

 

Nomenclature 
Abbreviation Expansion 
BCC Basal Cell Carcinoma 
SCC Squamous Cell Carcinoma 
AK Actinic Keratosis 
UVR UltraViolet Radiation 
OCT Optical Coherence Tomography 
PDT Photodynamic Therapy 
AFL Ablative Fractional Laser 
OTR Organ Transplant Recipients 
Deep RNN Deep Recurrent Neural Network 
SSD Social Sky Driver 
CSA Crow Search Algorithm 
BHE Black Hole Entropy 
MAP Maximum-a-Posteriori 
ReLU Rectified Linear Unit 
TNR True Negative Rate 

1. Introduction 
Skin is composed of three primary layers: epidermis, dermis, and hypodermis (subcutaneous adipose 
layer). The epidermis is divided into three layers: Malpighian (basal and squamous) layer, granular layer, 
and cornified layer. Lesions are found on sites of sun-exposed skin such as the face, balding scalp, chest, 
forearms, and back of the hand [7]. Skin cancers are by far the most prevalent neoplasia observed in OTR 
[7]. The occurrence of skin cancer in OTR varies depending on the grafted organ; the composition, intensity, 
and duration of immunosuppressive treatments; as well as UVR exposure and genetic factors [7]. Non-
melanoma skin cancer, including BCC and SCC of the skin, are the most common malignancies in humans. 
BCC and SCC share essential characteristics. They both are derived from epidermal keratinocytes and are 
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associated with ultraviolet light exposure, fair skin, and immunosuppression. Nevertheless, SCC has a 
greater tendency to metastasize and frequently arises from precursor lesions, such as AK, while BCC only 
very rarely metastasizes and arises directly from healthy skin [8]. SCC is a malignant tumor characterized 
by keratinocytes arising in the epidermis, with histological evidence of dermal invasion. It is the second 
most common type of skin cancer, and its incidence has been increasing steadily. It predominantly occurs 
in the elderly and its incidence has been rising with the increasing elderly population [5] [12].  

More and more studies have demonstrated that the tumor microenvironment plays a vital role in the 
progression of SCC. The tumor microenvironment is closely related to tumorigenesis, tumor progression, 
and metastasis [5]. Numerous genetic alterations have been described in SCC subtypes, although the 
molecular mechanisms contributing to tumor initiation and progression are still being studied [3]. 
Although most cutaneous SCCs are diagnosed early and successfully treated by surgical excision, in a 
small proportion of cases, especially if neglected, they may show uncontrollable growth and substantial 
disfigurement and may possess features associated with a high likelihood of recurrence, metastasis, and 
death. Such cases involving giant cutaneous SCCs (maximum diameter >5 cm) can be very difficult to treat 
and can present with recurrence and/or metastasis despite aggressive excision [3]. AK are lesions formed 
from the proliferation of transformed neoplastic keratinocytes in the epidermis, resulting from cumulative 
UVR from sun exposure [7] [9] [10]. The presence of AKs is a clinical sign of photo carcinogenesis. These 
precancerous lesions can lead to SCC [6]. A frequent first step in the pathogenesis of AKs is the UV-induced 
mutation of p53, which is followed by other gene mutations and epigenetic alterations, increased 
proliferation, and decreased elimination of damaged keratinocytes, leading to AKs or even SCC. 
Furthermore, UV-induced inflammation (COX-2) and immunosuppression (increased number of Foxp3+ T 
reg cells, isomerization of trans-urocanic acid to cis-urocanic acid) also contribute to photo carcinogenesis. 
Multiple presentations within one area assign field cancerization [6]. AKs may present on a patient as 
visible lesions, of which 5–10% have the potential to transform into SCC [7] [11] 

Following the increasing demand for non-invasive treatments and swift diagnostic procedures, many 
skin imaging techniques have been developed. One of the promising tools is OCT. It is based on 
interferometry using infrared light. In ophthalmology, the technique is used as a routine procedure for 
high-resolution imaging of the retina and cornea. In dermatology, OCT was introduced in 1997 and has 
since then been studied in a range of dermatological diseases and structures. OCT provides real-time high-
resolution cross-sectional2D and 3D images measuring a skin area of up to 6 × 6 mm with a penetration 
depth of 1–2 mm [2]. PDT is a field treatment modality. PDT shows very good therapeutic efficacy and 
excellent cosmetic outcomes [6]. However, higher complete clearance rates are reported if PDT follows 
Er:YAG (erbium:yttrium-aluminium-garnet) or CO2 AFL pretreatment. The reason might be the higher 
penetration of photosensitizer through the ablative laser-induced microscopic holes [6]. In OTR as a 
consequence of long-term immunosuppressive therapy, the risk of developing cutaneous SCC is much 
higher, with an almost 250-fold increase compared with immune-competent individuals [7] [13] [14].  

The purpose of the research is to present a skin disease detection strategy for which the proposed SCS-
based Deep RNN is employed. Here, the BHEFC is employed for obtaining the segments from which the 
skin disease regions are easily identified. In addition, the features, like CNN features, GLCM features, 
and the LDP features are extracted for determining the skin diseases. In addition, Deep RNN is employed 
for detecting skin disease using the features. Finally, the Deep RNN is trained by the proposed SCS in 
such a way that the model parameters are learned optimally. SCS is the proposed algorithm, which is 
developed through the inheritance of the high global convergence property in the CSA algorithm. Hence, 
the proposed SCS-based Deep RNN renders effective accuracy while facilitating skin disease detection. 
The training of Deep RNN is performed using the proposed SCS algorithm which is the integration of SSD 
and CSA algorithms.  

The major contribution of the paper is: 
Proposed SCS-based Deep RNN for skin disease detection: The skin disease detection model is 

achieved using the proposed SCS-based Deep RNN classifier. The characteristic features of SCS yield the 
classifier optimally to achieve the best detection result through the optimal fitness value. The fitness 
measure is evaluated based on the position of the crow, which in turn reflects the accuracy and robustness 
of the detection measure.  In addition, the convolution-based LDP is introduced, which is the combination 
of convolution operation and LDP to extract the features for better skin disease detection.  

2. Motivation 
This section illustrates the review of previous techniques along with demerits, which highlight the 
challenges of the work, serving as the motivation for proposing a novel skin disease detection scheme. 
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2.1 Literature Survey  
Several methods related to skin disease detection are described and analyzed as follows: Noroozi, N. and 
Zakerolhosseini, A. [1] developed an automated approach for Cutaneous SCCdiagnosis from AK. Once the 
segmentation and cornified layer removal, the axis of the epidermis was specified based on the paths in 
the granular and skeleton layer was eliminated through the connected components. At last, the diagnosis 
was carried out using the classification result of the extracted intensity profiles from the lines 
perpendicular to the epidermis axis. The method failed to perform automated diagnosis of non-pigmented 
skin lesions.  

Olsen, J et al. [2] developed an approach for diagnosing accuracy of the optical tomography in basal 
cell carcinoma and AK. This approach was utilized to differentiate lesions from normal skin.   The method 
diagnoses the BCC lesions effectively, but the accuracy was not found better.  

In 2022, Allugunti, V.R., [3] have presented DL and CNN techniques to identify melanoma in the early 
stages of skin diseases. Initially, input data were collected and an image processing technique was applied 
to increase the quality of the image. Then CNN was applied to classify the lesion as malignant, superficial 
spreading, and nodular melanoma. Finally, the data was evaluated and compared to find the effectiveness 
of the data.  This method was reliable in the diagnosis of melanoma at an early stage. However, the dataset 
of picture data was not readily available in all clinical settings.  

Sakthivel, P et al. [4] modelled Aggressive multimodality treatment to detect the unusual neoplasm 
more accurately. However, the patient's long-term prognosis remains unknown and requires prolonged 
surveillance. 

In 2023, Wei et al. [5] rendered the CNN method of the classification of skin disease.  Initially, the 
CNN model was used for training and testing basic private datasets dominated by acne-like skin disease. 
Using classification performance, the best-performing models were selected. Furthermore, pre-training, 
data augmentation, and parameter fine-tuning were used to upgrade the classification performance of the 
model. The attention module was additionally introduced to strengthen the feature extraction capacity of 
the model. Finally, the model was evaluated with the existing model to compare its performance.  The 
result achieved was good in both private and public datasets. However, only limited datasets were used 
for evaluation.   

In 2023, Roy et al. [6] adopted an augmentation method to detect Melanoma in the skin. Initially, 
datasets were collected through Kaggle. The data augmentation technique was applied to select the images 
in the proper orientation. Then the data was trained through the ViT model and evaluated to find its 
accuracy.  

Joly, F et al. [7] presented Photodynamic therapy for correcting the abnormal cancer gene expression 
in the actinic keratosis lesions and induces the remodeling effect of photodamaged skin. However, the 
method failed to analyze the protein level.  

In 2023, Abd El-Fattah et al. [8] used an Enhanced Deep Super-Resolution Generative Adversarial 
Network (EDSR-GAN) to obtain High-resolution skin disease images. Initially, using EDSR-GAN high-
resolution image was obtained. From that, a new design of loss function was created. Furthermore, the HR 
images were evaluated in various metrics and compared with other datasets to obtain accurate results. 
This method obtained accurate results in color, texture, and recognition. 

2.2 Challenges 
The challenges faced by the existing method are illustrated as follows: 

 The main challenge with the carcinoma strategies is nuclei segmentation, as all of the features 
used in the diagnosis and grading stage depend on the accuracy of this task [1]. 

 The diagnostic accuracy of OCT in NMSC was less accurate than the clinical diagnosis, with 
difficulties in differentiating BCC from actinic keratosis (AK). This may suggest that the diagnostic 
features were too subtle and difficult to recognize in the OCT images [2]. 

 Head and neck teratomas represent a considerable diagnostic challenge due to a lack of awareness 
among pathologists and clinicians, and the presence of varied tissue components, only a few of 
which are represented on small biopsies, leading to multiple discrepant diagnoses [4]. 

 There is a higher risk of accumulating DNA mutations during the continuous division process of 
chronically UVR-exposed basal keratinocytes than in non-sun-exposed skin [7]. 

 It is characteristic that the different biological principles, which may influence the outcome of 
radiotherapy in head and neck cancer to a large extent, have been subjected to numerous and 
frequently large randomized trials and, therefore, there exists abundant information to evaluate 
the evidence for such therapeutic interventions. Moreover, hypoxic modification is an issue to be 
considered in modern radiotherapy [10]. 
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3. Proposed Social Crow Search-Based Deep Recurrent Neural Network For 
Skin Disease Detection 

In this section, the proposed SCS-enabled Deep RNN for skin disease detection. Initially, the input image 
is given to the pre-processing phase, where the external artifacts and the noise present in the image are 
removed. The pre-processed image is further fed to the segmentation phase, where images are effectively 
segmented using BHEFC. The segmented results ensure the effectiveness of the image for further 
processing. The segmented result is then subjected to the feature extraction phase, where the features, 
such as CNN features, GLCM features, and the convolution-based LDP features are effectively extracted, 
which in turn increases the accuracy of classification. Finally, the features extracted from the extraction 
module are given to the classification phase, where the skin disease classification is carried out using the 
Deep RNN classifier. The weights in the Deep RNN will be trained using the proposed SCS optimization 
algorithm, which is the integration of CSA [16], and SSD optimization algorithm [15], respectively. Fig. 1 
represents the schematic diagram of the developed SCS-enabled Deep RNN.  
 

 
Fig. 1. Schematic view of the proposed SCS-based Deep RNN 

3.1 Read the Input Image 
The image is initially selected randomly to perform the detection mechanism among the number of images 
from the dataset. Let us consider the database B with h a number of images represented as 

 , ,..., , ...,1 2 u sB B B B B      (1) 

where, the image is denoted as B , the total number of images is represented as sB , and uB signifies 

the thu image, which is selected as the input image for processing the detection mechanism.  

3.2 Pre-Processing  
The initial step of skin disease detection is pre-processing. The input image uB is subjected to the pre-

processing module to improve the contrast of the image to make it appropriate for further processing. 
where the external artifacts and the noise present in the image will be removed. Here, the robustness and 
the accuracy of the imageare improved by removing the uninterested regions, and the pre-processed image 
is denoted as, qG . 

3.3 Black Hole Entropic Fuzzy Clustering for Segmentation 
Segmentation is defined as the process of partitioning the preprocessed image into several segments, like 
image or pixel objects. The pre-processed image qG is subjected to the segmentation module from which 
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the segmentation is performed based on BHEFC [18]. The BHEFC is utilized for generating the samples 
using the fuzzy membership function. In addition, the BHEFC performs the segmentation process by 
considering fuzzy clustering, the Bayesian inference model, and BHE-enabled information. However, the 
BHEFC is designed by combining the BHE and fuzzy clustering, which effectively and accurately 
characterizes the clustering behavior based on MAP. The BHEFC is modeled based on fuzzy c-means 
clustering and the principle of Lagrangian optimization, and is represented as,  
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where, the terms  and  is denoted as vectors, which are fixed to two to simplify the segmentation 

process. qG indicates the pre-processed image, the term qd refers to the fuzzy membership function, the 

clustering center set is indicated as S , the term S signifies the membership matrix, the term nX indicates 

the cluster center, and M denotes the cluster dataset, respectively. The segmented result obtained based 
on BHEFC is represented as, gD . 

3.4 Feature Extraction Using CNN, GLCM Features, And Convolution-Based Local 
Directional Pattern 

The segmented image gD  is given to the feature extraction step, which is carried out based on CNN 

features, GLCM features, and the proposed Convolution-based LDP toperform the extraction of features 
effectively. The feature extraction step performed in this research work is explained below, 
a) CNN features: CNN is a multi-layered network utilized to detect complex features with special 
architecture from the segmented image output. This feature is said to be an AlexNet features. The CNN 
comprises three different layers, namely the pooling layer, the convolution layer, and the fully connected 
layer. Here, the first layer is the convolution layer, which extracts the essential features from the 
segmented image. It preserves the relations between the pixel values and image features. It takes the 
segmented result gD as input and CNN features are extracted using the convolution layer. The features 

at the first convolution layer are extracted and are termed CNN features and are represented 1f with 

dimension  1 256 , respectively. Fig. 2 depicts the extracted CNN feature based on the convolution layer. 

 

 
Fig. 2. CNN feature extraction  
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The CNN feature is represented as 1f . 
b) GLCM features: GLCM [19] is utilized for extracting image features by mapping gray-level 
cooccurrence probabilities in various angular directions using spatial relations of pixels. In addition, the 
frequency is computed for reappearing the gray level image at different locations in the image. The 
correlation, energy, contrast, and homogeneity are the features extracted using GLCM, and the 
explanation is described below. 
Correlation: It returns the measure of how the pixel is correlated to its neighboring pixel in the image. 
The correlation value ranges from 1  to 1 . The three conditions for correlation are as follows: a) When 
correlation=one the positive relation, b) If the correlation=zero, no relation between the pixel of the image, 
and c) When the correlation is 1  , then it is said to be a negative relation.   
Contrast: It is utilized to measure the intensity contrast between the pixel and neighbor over inter image. 
Here, the contrast should be zero for a constant image, and the expression for contrast is given below. 

 ,
2

uv

C u v p u v               (7) 

where the pixel and their neighbor are denoted as u and v .  
Energy: It is used to sum the square elements in the GLCM, and the range is between 0 and 1. For the 
constant image, the energy is said to be one, and the expression is given by, 

 ,
uv

E p u v                      (8) 

Homogeneity: It measures the closeness of elements distribution in GLCM to GLCM diagonal. The 
diagonal homogeneity is considered when the homogeneity is equal to one, and the equation is expressed 
as, 

 ,

1
uv

p u v
J

u v


                          (9) 

The GLCM feature is denoted as 2f . 
c) Convolution-based Local Directional Pattern 
This sub-section presents the proposed convolution-based LDP for feature extraction. Fig. 3 depicts the 
extracted Convolutional-based LDP.  LDP is considered an enhanced local pattern descriptor, in which the 
convolution operation is performed in the image. Here, the LDP is in binary format, which means zeros 
and ones. Initially, the input image and the convolution-based LDP form image are combined resulting in 
replacing pixel with convolution result.  After that, the converted LDP input image and the convolution 
result image are averaged to get the final pixel value, and the expression of the final pixel value is given 
as,  

      1 2
3 2

Y Y
Y


                  (10) 

The convolution-based LDP feature is expressed as 3f .Finally, the feature vector obtained from the 

feature extraction step is expressed as,  
 ;1 1iF f n                     (11) 

3.5 Skin Disease Detection Using the Proposed Social Crow Search-Based Deep 
Recurrent Neural Network 

Once the features are extracted, the skin disease detection is carried out using the proposed SCS-based 
Deep RNN. Here, the feature vector F is applied as the input to the Deep RNN. For effective classification 
of skin disease, the Deep RNN is used, and the weights-biases are determined using the proposed algorithm 
optimally. The architecture of Deep RNN and the algorithmic steps of the proposed SCS are described 
below. 

3.5.1 Architecture of The Deep RNN 
Deep RNN [2] is the network architecture that contains multiple recurrent hidden layers in the layer of 
the network hierarchy. In Deep RNN, the recurrent connection exists at the hidden layer. The Deep RNN 
classifier effectively operates under the varying input feature length based on the sequence of information. 
It uses the knowledge of the previous state as input in the current prediction and processes the iteration 
using the hidden state information. The recurrent feature makes the Deep RNN to be highly effective in 
working with the features. Due to the sequential pattern of information, Deep RNN is considered the best 
classifier among the traditional deep learning approaches. The architecture of Deep RNN is represented 
in Fig. 3.  
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Fig. 3.The architecture of the Deep RNN classifier 
 

The structure of Deep RNN is made by considering the input vector of 
thb layer at 
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, respectively. The pair of each element of input and the output vectors is 

termed as the unit. Here, i denotes the arbitrary unit number of 
thb layer, and y represents the total 

number of units of 
thb layer.  

In addition to this, the arbitrary unit number and the total number of units of  1 thb  layer are denoted 

as j and E , respectively. At this time, the input propagation weight from  1 thb  layer to thb layer is 

represented as,  b y EW H  , and the recurrent weight of thb layer is represented as  b y yw H  . Here, H
denotes the set of weights. However, the components of the input vector is expressed as, 
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where,  b
izp and  b

iix  are the elements of  bW and  bw . i denotes the arbitrary unit number of thb layer. 
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where,  b denotes the activation function. However, the activation functions, like the sigmoid 

function    tanhF F  , ReLU    max ,0F F  , and the logistic sigmoid function    
1

1 F
F

e






 are the 

frequently used activation functions.  

To simplify the process, 0th weight as  
0
b

ip and 0th unit as  ,1
0
b rJ  are introduced, and hence the bias is 

represented as, 
            , , ,. .1 1b r b b b r b b rJ W J w J             (14) 

Here, 
 ,b rJ denotes the output of the classifier.  

3.5.2 Algorithmic Steps of the Proposed Social Crow Search For Training Deep Recurrent Neural 
Network 

The developed SCS for skin disease detection is illustrated in this section. The proposed SCS is the 
combination of CSA [16], and SSD [15] and thus attains the advantages of SSD in CSA. The SSD algorithm 
is inspired by various evolutionary optimization approaches to minimize the SVM parameters to enhance 
the system performance. The main aim of SSD is to search in the space for optimal or near-optimal 
solutions. This method is very efficient for generating improved features to tackle multi-objective 
optimization issues. Moreover, the method can solve highly non-linear problems with complex constraints. 
The standard CS, a population-dependent optimization, depends on the intelligent behavior of the crows 
in searching for their prey and locating the prey based on memory. The intelligence of the crow is exhibited 
in the mimicking behavior of the crows, which follow their neighbors in locating the position of the food. In 
addition, they possess the memory of the previous location of food. Thus, CSA exhibits the crows’ behavior 
and the search mechanism of the crows is based on the adjustable parameters, like awareness probability 
and flight length. The adjustable parameters are tune able and they depend on the decision variables, 
constraints, and objective functions, and the main function of these adjustable parameters is that they 
control the intensification and diversification of CSA. Moreover, the algorithm exhibits a better trade-off 
between the diversification and the intensification phases effectively, and the convergence rate is very high 
highlighting the minimal computational time. The steps followed in the SCS are described below, and the 
procedure comprises two main conditions: 

Condition 1: The 
the crow updates the position only when the random value corresponding to the 

thc

crow exceeds the awareness probability of the randomly chosen 
thc  crow. 

Condition 2: In the second condition, the random selection of the solution is progressed based on the 
feasibility of the new position of the crow. In the case of the non-feasible solution and when the random 

value corresponding to 
thc crow lies below the awareness probability of the 

thc crow, the random selection 
of the solution is carried out.  
a) Initialization: The first step in the proposed optimization algorithm is the solution initialization that 
initializes the population of the crow in the  dimensional area. The solution in the  dimensional area or 
search space is given as,   
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where, a is the total number of crows in the search space, and aZ is the position of the tha crow in the 

dimensional area. Here, ,y E y yZ H H   The memory of the crow is given as,  

. .
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 (16) 

where, n is the memory, which takes the matrix form, of the crow in the search space. In the initial 
iteration, the crows do not have any idea regarding the location of the hidden food. Hence, the hidden food 
is assumed to be in the initial position of the crow and the crow memorizes the location of the hidden food.  
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b) Evaluation of the objective function: The selection of the optimal position of the crow is performed 
based on the minimization problem. The minimal value of the objective function describes the better 
solution and therefore, the solution with the minimum value of the error is chosen as the best solution. 
The error is computed as, 

 ,

1

1 b r
nL J



 



 

                   (17) 

where nL denotes the fitness value of thn atom,  ,b rJ denotes the output of the classifier, and  denotes 

the estimated output.  
c) Location update using the proposed SCS algorithm: After computing the objective function, the 
solution undergoes the location update based on the SCS algorithm. Thus, the updated equation of CSA is 
expressed as,  

         11e e e v eZ Z k xy n Z                            (18) 

 
where  1eZ   refers to the position update of the crow in the next iteration,  eZ  and indicates the 

position update of the the  crow in the previous iteration. The random number and the flight length of the

crow are denoted as, ek and  exy  , respectively. The memory of thv crow is indicated as  vn  . Equation 

(9) specifies that the new position of the crow is based on the position and the flight length of the 
corresponding crow in the previous iteration, and the memory of the neighboring crow, and equation (11) 
is modified using the SSD to improve the effectiveness of the approach and to identify the solutions to 
several optimization problems. The updated equation of the SSD velocity  eh    is given by, 

     1e e eZ Z h                                                    (19) 
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3v

Z Z Z
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 , then the equation (15) is rearranged as, 
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where the term eh denotes the velocity of eZ , and the uniformly distributed random numbers are 

indicated as 1k and 2k ranging from 0 to 1. The term  er  represents the best solution of the agent, and 

the term vn indicates the mean global solution for the whole population.   
Substituting equation (18) in equation (11), 
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(32) 

where, the terms 1r and 2r signifies the random number ranging from 0and 1 , the second and third 

best solution is represented as Z and Z . 

d) Compute the objective function for the newly generated position of the crows: The the crow 

updates the position only when the random value of the thc crow is greater than or equal to the awareness 

probability of thc crow at iteration t . If the random value lies below the awareness probability, the crow 

updates the position depending on the random search mechanism. The position of the crow is given as, 
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(33) 

where,  cDQ  signifies awareness probability of thc crow at iteration  . 

e) Crow updates the memory: After the crow finds the position of the hidden food, the fitness is 
evaluated, which should be a minimal value. The new position is used only when the fitness of the crow’s 
position in the current iteration is better than the fitness of the crow in the previous iteration. The fitness 
of the solution is computed based on equation (10). Thus, the newly updated position is memorized such 
that the crow uses the memory to determine the position of the hidden food in the future. The memory 
update is given as, 

 
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                             (34) 

f) Stopping criterion: The steps are repeated from step b) to e) until the global solution is determined 
and the optimal weights are derived using the proposed algorithm. The pseudo-code of the developed 
BHEFC+SCS-Deep RNN is depicted in Algorithm 1, which demonstrates a step-wise description of the 
algorithm. 
 

Algorithm 1. Pseudocode for the proposed BHEFC+SCS-Deep RNN 
Input: Crow Population 
Output: Best solution 
Procedure: 
Begin 
          Initialization of crow population 
Calculate the Objective Function 
       If   c cDQ   

         { 
          Updates the crow position based on equation (32)  
          Else 
          Update the position based on the Random search 
          } 
  Calculate the objective function of the new solution set 
       If       1e efit Z fit Z    

         { 
          Update the Memory of the crow 
Else 
          Remain in the initial position,  eZ   

          } 
     End 
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4. Results and Discussion 
The results of the proposed BHEFC+SCS-Deep RNN are discussed in this section based on the evaluation 
metrics.  

4.1 Experimental Arrangement 
The experimentation of the BHEFC+SCS-Deep RNN is performed on Windows 10 OS with 2GB RAM and 
an Intel i3 core processor. The implementation of the proposed method was done using Python. 

4.2 Dataset Description 
The experimentation is done using a Skin cancer dataset [17], and the description of the dataset is given 
below: 
Skin cancer Dataset: In this dataset, dermatoscopic images are collected from various populations 
acquired and stored by different modalities. Moreover, the skin disease dataset contains 34 attributes, out 
of which, 33 attributes are linear, and the remaining attribute is nominal. Here, all the datasets are 
deposited in Harvard Data verse.  

4.3 Evaluation Metrics 
The performance of the proposed BHEFC+SCS-Deep RNN is employed for analyzing the methods using 
accuracy, sensitivity, and specificity, and they are formulated below, 
a) Accuracy: It is the measure of accurate positive classified results to the total number of measures, and 
is expressed as,

 
Accuracy



 

                (35) 

whererefer to the true positives, and the true negative is indicated as  . The term  signifies the 
false positives and   be the false negatives.  
b) Sensitivity: Sensitivity defines the measure of positiveness and is computed using the below 
expression. 

Sensitivity





          (36) 

c) Specificity: Specificity is otherwise as TNR, which is the measure of false negatives. Specificity is 
represented as, 

Specificity



  

                                                                  (37) 

d) TPR: The expression for TPR is given below, 
 

 1TPR Sensitivity                                                 (38) 

4.4 Experimental Results  
The experimental results obtained by the proposed model are given in this section. Fig. 4 depicts the sample 
results of skin disease detection. Fig. 4(a), 4(b), and 4(c) show the input image-1, 2, and 3, and fig.  4(d), 
4(e), and 4(f) depicts the segmented output of image-1, image-2, and image-3 using BHEFC. Fig. 4(g), 4(h), 
and 4(i) illustrates the LDP feature output for image-1, image-2, and image-3, and fig. 4(j), 4(k), and 4(l) 
shows the histogram output of image-1, image-2, and image-3. 
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(a) (b) (c) 

   
(d) (e) (f) 

   
(g) (h) (i) 

   
(j) (k) (l) 

Fig. 4 Sample results *a) Input image-1, (b) Input image-2, (c) Input image-3, (d) Segmented output of image-1, (e) 
Image-2 segmented output, (f) Segmented output of image-3, (g) LDP feature output of image-1, (h) Image-2 LDP 

feature output, (i) LDP feature output of image-3, (j) Histogram output of image-1, (k) Histogram output of image-2, (l) 
Histogram output of image-3 

 

4.5 Performance Analysis 
The performance analysis made using the proposed BHEFC+SCS-Deep RNN by varying the training 
percentage and K-Fold is discussed below: 
 
a) Performance analysis with training percentage 
Fig. 5 portrays the performance analysis of the proposed detection mechanism with different hidden 
neurons. Fig. 5(a) shows the performance analysis of accuracy to training percentage. When training 
percentage=40%, the accuracy obtained by the proposed BHEFC+SCS-Deep RNN with hidden neurons 
100 is 89.80%, hidden neurons 200 is 89.99%, hidden neurons 300 is 90.18%, hidden neurons 400 is 90.37%, 
and hidden neurons 500 is 90.55%, respectively. When training percentage=90%, the accuracy obtained by 
the proposed model with hidden neurons 100 is 92.12%, hidden neurons 200 is 92.32%, hidden neurons 
300 is 92.51%, hidden neurons 400 is 92.69%, and hidden neurons 500 is 92.86% respectively. 

Fig. 5(b) shows the performance analysis of sensitivity to training percentage. When training 
percentage=40%, the sensitivity obtained by the proposed model with hidden neurons 100 is 89.82%, 
hidden neurons 200 is 90.01%, hidden neurons 300 is 90.19%, hidden neurons 400 is 90.38%, and hidden 
neurons 500 is 90.56%, respectively. When training percentage=90%, the sensitivity obtained by the 
proposed model with hidden neurons 100 is 92.14%, hidden neurons 200 is 92.33%, hidden neurons 300 is 
92.52%, hidden neurons 400 is 92.71%, and hidden neurons 500 is 92.88% respectively. 

Fig. 5(c) shows the performance analysis of specificity to training percentage. When training 
percentage=40%, the specificity obtained by the proposed model with hidden neurons 100 is 89.72%, hidden 
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neurons 200 is 89.93%, hidden neurons 300 is 90.09%, hidden neurons 400 is 90.30%, and hidden neurons 
500 is 90.46%, respectively. When training percentage=90%, the specificity obtained by the proposed model 
with hidden neurons 100 is 92.02%, hidden neurons 200 is 92.23%, hidden neurons 300 is 92.44%, hidden 
neurons 400 is 92.60%, and hidden neurons 500 is 92.74% respectively. 

  
(a) (b) 

 
(c) 

Fig. 5. Performance analysis, (a) accuracy (b) sensitivity, and (c) specificity,  
 
b) Performance analysis based on K-Fold 
Fig. 6 portrays the performance analysis of the proposed detection mechanism with different hidden layers. 
Fig. 6(a) shows the performance analysis of accuracy to K-Fold. When K-Fold=5, the accuracy obtained by 
the proposed BHEFC+SCS-Deep RNN with hidden neurons 100 is 88.89%, hidden neurons 200 is 89.07%, 
hidden neurons 300 is 89.26%, hidden neurons 400 is 89.44%, and hidden neurons 500 is 89.63%, 
respectively. When K-Fold=10, the accuracy obtained by the proposed model with hidden neurons 100 is 
91.19%, hidden neurons 200 is 91.37%, hidden neurons 300 is 91.56%, hidden neurons 400 is 91.75%, and 
hidden neurons 500 is 91.93% respectively. 

Fig. 6(b) shows the performance analysis of sensitivity to K-Fold. When K-Fold=6, the sensitivity 
obtained by the proposed model with hidden neurons 100 is 89.36%, hidden neurons 200 is 89.55%, hidden 
neurons 300 is 89.73%, hidden neurons 400 is 89.92%, and hidden neurons 500 is 90.10%, respectively. 
When K-Fold=9, the sensitivity obtained by the proposed model with hidden neurons 100 is 90.75%, hidden 
neurons 200 is 90.93%, hidden neurons 300 is 91.11%, hidden neurons 400 is 91.30%, and hidden neurons 
500 is 91.48%, respectively. 

Fig. 6(c) shows the performance analysis of specificity to K-Fold. When K-Fold=5, the specificity 
obtained by the proposed model with hidden neurons 100 is 88.81%, hidden neurons 200 is 89%, hidden 
neurons 300 is 89.18%, hidden neurons 400 is 89.36%, and hidden neurons 500 is 89.56%, respectively. 
When K-Fold=10, the specificity obtained by the proposed model with hidden neurons 100 is 91.10%, 
hidden neurons 200 is 91.25%, hidden neurons 300 is 91.48%, hidden neurons 400 is 91.67%, and hidden 
neurons 500 is 91.86%, respectively. The analysis based on comparative methods in terms of TPR metric 
is depicted in Fig. 7(d). Here, for the 80% FPR, the proposed model with hidden neurons 100, 200, 300, 
400, and 500 have the TPR values of 89.45%, 89.63%, 89.80%, 90%, and 90.18% respectively.  
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(a) (b) 

  
(c) d) 

Fig. 6. Performance analysis, (a) accuracy, (b) sensitivity, (c) specificity, and (d) TPR 

4.6 Comparative Techniques 
Methods like Particle Swarm Optimization + Support Vector Machine (PSO+SVM) [8], BHEFC+ Bayesian 
classifier [1], PSO+RF, and BHEFC+ Deep RNN are utilized for the comparison with the developed 
BHEFC+SCS-Deep RNN for the analysis. The features considered for the comparative methods are as 
follows: The PSO+SVM and BHEFC+ Deep RNN methods consider each of the AlexNet feature and the 
statistical feature, whereas the statistical and Conv-LDP feature is considered by the BHEFC+ Bayesian 
classifier and PSO+RF. The developed model uses statistical, AlexNet, and the Con LDP feature.  

4.6.1 Analysis of Skin Disease Detection to Training Data Percentage  
The comparative analysis is analyzed in terms of accuracy, sensitivity, specificity, and TPR for skin disease 
detection is depicted in Fig. 7. Fig. 7a) illustrates the analysis using accuracy metrics with different 
training data percentages. When the training data percentage is 40, then the accuracy values computed 
by the existing PSO+SVM, BHEFC+Bayesian classifier, PSO+RF, BHEFC+Deep RNN, and proposed 
BHEFC+SCS-Deep RNN are 74.11%, 84.27%, 87.42%, 88.38%, and 88.83%, respectively. For 90% of 
training data, the existing techniques, like PSO+SVM is 78.12%, BHEFC+Bayesian classifier is 86.60%, 
PSO+RF is 92.13%, BHEFC+Deep RNN is 93.08%, and proposed BHEFC+SCS-Deep RNN is 93.54%, 
respectively.   

The comparative analysis based on sensitivity is shown in Fig. 7(b). When the training data percentage 
is 50, the sensitivity values achieved by PSO+SVM, BHEFC+Bayesian classifier, PSO+RF, BHEFC+Deep 
RNN, and proposed BHEFC+SCS-Deep RNN are 82.41%, 88.39%, 88.64%, 89.33%, and 89.80%, 
respectively. For 90% of training data, the existing techniques, PSO+SVM, BHEFC+Bayesian classifier, 
PSO+RF, BHEFC+Deep RNN, and proposed BHEFC+SCS-Deep RNN, possess the sensitivity of 85.48%, 
91.84%, 92.15%, 93.09%, and 93.56%, respectively.  

The analysis in terms of specificity is shown in Fig. 7(c). When the training data percentage is 40, the 
specificity values achieved by PSO+SVM, BHEFC+Bayesian classifier, PSO+RF, BHEFC+Deep RNN, and 
proposed BHEFC+SCS-Deep RNN are 65%, 65%, 87.30%, 88.33%, and 88.75%, respectively. For 90% of 
training data, the existing techniques, PSO+SVM, BHEFC+Bayesian classifier, PSO+RF, BHEFC+Deep 
RNN, and proposed BHEFC+SCS-Deep RNN, possess the specificity of 65%, 68.69%, 92.04%, 93.03%, and 
93.45%, respectively.  
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Fig. 7. Comparative analysis by varying the training data percentages for skin disease detection (a) Accuracy, (b) 
Sensitivity, and (c) Specificity 

4.6.2 Analysis of the Skin Disease Detection To K-Fold  
The comparative analysis is analyzed in terms of accuracy, sensitivity, specificity, and TPR for skin disease 
detection is depicted in Fig. 8. Fig. 8a) illustrates the analysis using accuracy metrics with different K-
Fold. When K-Fold =5, then the accuracy values computed by existing PSO+SVM, BHEFC+Bayesian 
classifier, PSO+RF, BHEFC+Deep RNN and proposed BHEFC+SCS-Deep RNN are 73.73%, 84.51%, 
86.99%, 87.93%, and 88.39%, respectively. When K-Fold=10, the existing techniques, like PSO+SVM is 
77.72%, BHEFC+Bayesian classifier is 87.33%, PSO+RF is 91.66%, BHEFC+Deep RNN is 92.61%, and 
proposed BHEFC+SCS-Deep RNN is 93.07%, respectively.   

The comparative analysis based on sensitivity is shown in Fig. 8(b). When K-Fold= 6, the sensitivity 
values achieved by PSO+SVM, BHEFC+Bayesian classifier, PSO+RF, BHEFC+Deep RNN and proposed 
BHEFC+SCS-Deep RNN are 82.06%, 87.94%, 88.27%, 88.87%, and 89.34%, respectively. When K-Fold=10, 
the existing techniques, PSO+SVM, BHEFC+Bayesian classifier, PSO+RF, BHEFC+Deep RNN and 
proposed BHEFC+SCS-Deep RNN, possesses the sensitivity of 85.58%, 91.68%, 91.86%, 92.62%, and 
93.08%, respectively.  

The analysis in terms of specificity is shown in Fig. 8(c). When K-Fold= 5, the specificity values 
achieved by PSO+SVM, BHEFC+Bayesian classifier, PSO+RF, BHEFC+Deep RNN and proposed 
BHEFC+SCS-Deep RNN are 65%, 65%, 86.89%, 87.89%, and 88.32%, respectively. When K-Fold=10, the 
existing techniques, PSO+SVM, BHEFC+Bayesian classifier, PSO+RF, BHEFC+Deep RNN and proposed 
BHEFC+SCS-Deep RNN, possesses the specificity of 65%, 68.09%, 91.56%, 92.56%, and 92.98%, 
respectively. The analysis based on comparative methods in terms of TPR metric is depicted in Fig. 9(d). 
Here, for the 80% FPR, the methods, PSO+SVM, BHEFC+Bayesian classifier, PSO+RF, BHEFC+Deep 
RNN, and proposed BHEFC+SCS-Deep RNN have the TPR values of 83.56%, 89.40%, 89.63%, 90.33%, and 
90.79%, respectively. 
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Fig. 8. Comparative analysis by varying the K-Fold for skin disease detection (a) Accuracy, (b) Sensitivity, (c) 
Specificity, and (d) TPR 

4.7 Comparative Discussion 
Table 1 depicts the comparative discussion of existing PSO+SVM, BHEFC+Bayesian classifier, PSO+RF, 
and BHEFC+Deep RNN, and the developed BHEFC+SCS-Deep RNN in terms of accuracy, sensitivity, and 
specificity parameters to training data percentages and K-Fold for skin disease detection. The maximum 
performance measured by the proposed BHEFC+SCS-Deep RNN in terms of accuracy parameter is 
93.54%, whereas the accuracy values of existing PSO+SVM, BHEFC+Bayesian classifier, PSO+RF, and 
BHEFC+Deep RNN are 78.12%, 86.60%, 92.13%, and 93.08% respectively. The maximal sensitivity 
achieved by the proposed BHEFC+SCS-Deep RNN with the value of 93.56%, whereas the existing 
PSO+SVM, BHEFC+Bayesian classifier, PSO+RF, and BHEFC+Deep RNN acquired the sensitivity of 
85.84%, 91.84%, 92.15%, and 93.09% respectively. The specificity value computed by proposed 
BHEFC+SCS-Deep RNN is 93.45%, whereas the existing PSO+SVM, BHEFC+Bayesian classifier, 
PSO+RF, and BHEFC+Deep RNN methods acquired the specificity of 65%, 68.69%, 92.04%, and 93.03% 
respectively 
 
Table 1. Comparative Discussion 

 
Metrics/Methods 

 
PSO+SV
M 

 
BHEFC+Bayesian 
classifier 

 
PSO+RF 

 
BHEFC+Deep 
RNN 

Proposed 
BHEFC+SCS-
Deep RNN 
 

Based on 
training data 
percentage 

Accuracy (%) 78.12 86.60 92.13 93.08 93.54 
Sensitivity (%) 85.84 91.84 92.15 93.09 93.56 
Specificity (%) 65 68.69 92.04 93.03 93.45 

Based on K-
Fold 

Accuracy (%) 77.72 87.33 91.66 92.61 93.07 
Sensitivity (%) 85.58 91.68 91.86 92.62 93.08 
Specificity (%) 65 68.09 91.56 92.56 92.98 

5. Conclusion 
This paper proposes a novel automated Deep RNN for skin disease detection. The proposed SCS is 
employed for training the Deep RNN. The proposed SCS is designed by combining CSA with the SSD 
algorithm, which can be utilized for finding the optimal weights to establish effective skin disease 
detection. The input image is initially given to the pre-processing step, which enhances the contrast of the 
image by removing the redundancies and noise in the original image. The segmentation module processes 
the image and transforms it into a segment using BHEFC.  Here, the segmentation is performed on each 
input skin image using BHEFC. In addition, the feature extraction is performed using GLCM, CNN, and 
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the convolution-based LDP features for effective skin disease detection. Finally, skin disease detection is 
performed using SCS-based Deep RNN. The proposed BHEFC+SCS-Deep RNNoutperformed other 
methods with maximal accuracy of 93.54%, maximal sensitivity of 93.56%, and maximal specificity of 
93.45%, respectively. In the future, other skin cancer datasets will be employed for computing the efficiency 
of the proposed method. In addition, advanced optimization techniques will be explored to further compute 
the efficiency of existing methods. 
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