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In the present scenario, cancerous tumours are common in humans due to major changes in nearby 
environments. Skin cancer is a considerable disease detected among people. This cancer is the 
uncontrolled evolution of atypical skin cells. It occurs when DNA injury to skin cells, or a genetic defect, 
leads to an increase quickly and establishes malignant tumors. However, in rare instances, many types 
of skin cancer occur from DNA changes tempted by infrared light affecting skin cells. This disease is a 
worldwide health problem, so an accurate and appropriate diagnosis is needed for efficient treatment. 
Current developments in medical technology, like smart recognition and analysis utilizing machine 
learning (ML) and deep learning (DL) techniques, have transformed the analysis and treatment of 
these conditions. These approaches will be highly effective for the recognition of skin cancer utilizing 
biomedical imaging. This study develops a Multi-scale Feature Fusion of Deep Convolutional Neural 
Networks on Cancerous Tumor Detection and Classification (MFFDCNN-CTDC) model. The main aim 
of the MFFDCNN-CTDC model is to detect and classify cancerous tumours using biomedical imaging. 
To eliminate unwanted noise, the MFFDCNN-CTDC method initially utilizes a sobel filter (SF) for the 
image preprocessing stage. For the segmentation process, Unet3+ is employed, providing precise 
localization of tumour regions. Next, the MFFDCNN-CTDC model incorporates multi-scale feature 
fusion by combining ResNet50 and EfficientNet architectures, capitalizing on their complementary 
strengths in feature extraction from varying depths and scales of the input images. The convolutional 
autoencoder (CAE) model is utilized for the classification method. Finally, the parameter tuning 
process is performed through a hybrid fireworks whale optimization algorithm (FWWOA) to enhance 
the classification performance of the CAE model. A wide range of experiments is performed to 
authorize the performance of the MFFDCNN-CTDC approach. The experimental validation of the 
MFFDCNN-CTDC approach exhibited a superior accuracy value of 98.78% and 99.02% over existing 
techniques under ISIC 2017 and HAM10000 datasets.

Keywords  Deep convolutional neural network, Cancerous tumor, Multi-scale feature fusion, Biomedical 
images, Fireworks whale optimization algorithm

Melanoma is a critical skin cancer type that seems to be some parts of the skin or adjacent to a mole. The 
uncontrolled development of the cells is considered skin cancer without some apoptotic. In such a situation, these 
body part’s cells produce to be cancerous and begin to spread to other body parts1. Unlike the remaining types 
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of skin cancer, melanoma is less prevalent naturally. Nevertheless, melanoma is very dangerous in comparison 
with the remaining types of skin cancer since it spreads to different parts of the body when absent undiagnosed 
or untreated in its initial phases. Melanoma spreads quickly through the body and affects nearly every body 
part2. Dermatologists use microscopic or photographic tools to examine the other information related to lesions. 
After identifying the cancer, the doctors mention the person to a cancer specialist who carries out surgeries 
on the lesions3. These models have been used to differentiate benign and malignant lesions depending on the 
images taken without extracting the skin and other madden check-ups4. These analysis methods rely entirely 
on the oncologists’ experience and expertise. Such a condition is a struggle for the present research authors to 
improve a computer-assisted model by using dermoscopic images and showing the results as helping tools for 
dermatologists5.

Several experiments have been carried out so far to reach better results in disease diagnosis. Melanoma is 
related to benign moles; hence, it’s not difficult to differentiate benign and malignant regardless of experienced 
dermatologists6. Various techniques, such as hand-made and artificial intelligence (AI) models, were presented to 
resolve these difficulties. AI is a subfield of DL and ML. ML constructs a model to detect data and get predictions. 
DL might study associated image features and remove the features with different structures7. Moreover, DL is 
very effective for extensive data study. Another DL model is a convolutional neural network (CNN), which has 
introduced an outstanding performance in image and video processing with the growth of graphics processing 
unit (GPU) methods8. CNN is an excellent device for bio-image analysis depending on a new investigation. 
Therefore, it permits a higher potential in the classification of melanoma. Additionally, CNN collective models 
have exposed achievement for this task of classification. Skin cancer is very general, and initial analysis is 
essential9. Even though computer-assisted diagnostic devices were widely considered, they were absent in 
medical training. ML and especially DL techniques have established major promise in skin lesion classification 
tasks: data availabilities for a few lesion types and the necessity of professionals to annotate and gather the data10. 
As a result, emerging powerful but well-organized techniques can run in decentralized strategies.

This study develops a Multi-scale Feature Fusion of Deep Convolutional Neural Networks on Cancerous 
Tumor Detection and Classification (MFFDCNN-CTDC) model. The main aim of the MFFDCNN-CTDC model 
is to detect and classify cancerous tumours using biomedical imaging. The MFFDCNN-CTDC method initially 
utilizes a sobel filter (SF) for the image preprocessing stage to eliminate unwanted noise. For the segmentation 
process, Unet3+ is employed, providing precise localization of tumour regions. Next, the MFFDCNN-CTDC 
model incorporates multi-scale feature fusion by combining ResNet50 and EfficientNet architectures, capitalizing 
on their complementary strengths in feature extraction from varying depths and scales of the input images. 
The convolutional autoencoder (CAE) model is utilized for the classification method. Finally, the parameter 
tuning process is performed through a hybrid fireworks whale optimization algorithm (FWWOA) to enhance 
the classification performance of the CAE model. A wide range of experiments is conducted to authorize the 
performance of the MFFDCNN-CTDC approach.

Related works
Himel et al.11 developed a technique for skin cancer detection by vision transformer, an advanced DL structure 
that has established outstanding performance in different image analysis tasks. Pre-processing methods, like 
augmentation and normalization, are used to improve the sturdiness and generality of the approach. The vision 
transformer framework has been adjusted to the skin cancer classification tasks. This method utilizes the self-
attention mechanism to take complicated spatial and longer-term dependencies inside the imageries, allowing 
it to learn related features for precise classifications successfully. Viknesh et al.12 developed a computer-assisted 
detection method. This work presented dual models to detect skin cancer, concentrating mainly on melanoma 
tumorous cells with image data. The initial model uses CNNs such as VGG-16, AlexNet, and LeNet techniques. 
The work additionally examines the relationship between the model’s performance and depth using changing 
dataset dimensions. The next model utilizes SVM using a defaulting RBF kernel, utilizing feature parameters 
to classify imageries as normal, malignant, or benign. Midasala et al.13 presented a skin cancer classification 
algorithm with multi-level feature extraction (MFE)-based AI using unsupervised learning  (USL), hereafter 
represented as MFEUsLNet. Firstly, the provided skin imageries are pre-processed using Bilateral Filtering 
(BF), which extracts the noise objects from the essential imaging. Next, a renowned USL model called K-means 
clustering (KMC) has been employed for skin lesion segmentations that might effectively identify the affected 
skin lesion. Therefore, RDWT and gray level co-occurrence matrix (GLCM) are utilized. Lastly, a recurrent 
neural networks  (RNNs) classifier has been applied to train these multiple-level features and classify several 
skin cancer categories. The authors14 presented a hybrid deep CNN structure to identify skin cancer by adding 
dual major heuristics. This consists of MobileNet-V2 and Xception approaches. Data augmentation has been 
developed to balance the database, and the transfer learning (TL) model is used to resolve the lack of labelled 
databases. It is identified that the recommended model of using Xception in combination with MobileNet-V2 
reaches outstanding performance, mainly in terms of the estimated dataset. In15, a hybrid ensemble learning 
approach has been developed by incorporating either heterogeneous or homogeneous ensemble learning. The 
raw unbalanced dataset has trained unique ARTMAP, while another has been trained through the balanced 
dataset. The heterogeneity was designed with fuzzy min-max (FMM) for the 3rd base method. Eventually, the 
classification was carried out utilizing the rule-based neuro-fuzzy classification (NEFCLASS) technique.

In16, a new method of incorporating ML and DL models has been presented to solve the difficulties of skin 
cancer detection. DL approach utilizes sophisticated NNs to remove features from imageries; however, the ML 
approach handles image features that have been gained after implementing models like Local Binary Pattern 
Histogram and Contour let Transform. Essential feature extraction is critical for some problems of image 
classification. Rajendran and Shanmugam17 proposed an Automatic Skin Cancer Detection and Classification 
method with a Cat Swarm Optimizer with DL (ASCDC-CSODL). The major aim of this technique is to apply the 
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DL approach to classify and recognize skin cancers on dermoscopic imaging. The BF was used for noise removal, 
and UNet was applied to the segmentation procedure. Furthermore, the ASCDC-CSODL technique uses Mobile 
Net to extract features. The GRU technique is applied to detect skin cancer. Lastly, the CSO model changes the 
GRU’s hyperparameter values. In18, a new dual optimization-based DL network was introduced. Firstly, the 
images are gathered, and the gathered images are pre-processed with an adaptive median filter (AMF). those 
noiseless imageries are handled in Unet to segment the specific area of the skin lesion. Then, the DO models that 
hybridize Particle Swarm Optimizer (PSO) and Bacterial Foraging Optimizer (BFO) were employed to remove 
the features. Finally, Deep CNN categorizes dissimilar classes depending on the removed feature. Huo et al.19 
propose HiFuse. This multi-scale feature fusion network improves medical image classification by preserving 
global and local features through an adaptive hierarchical structure and inverted residual MLP. Li et al.20 present 
a multi-scale feature fusion attention network to extract and fuse high and low-level features, focusing on lesion 
data through attention and dense sampling, ultimately improving classification. Lin et al.21 introduce a multi-
scale, multi-branch network with attention mechanisms for enhanced feature fusion and a joint loss function 
to optimize image quality and detail. Peng, Yu, and Guo22 present MShNet, a multi-scale network with an 
"h"-shaped architecture featuring two decoders, enhanced down-sampling, and multi-scale feature fusion for 
improved segmentation.

Chen et al.23 developed a DL approach using multiscale ultrasound images to improve preoperative 
diagnosis. Xu et al.24 propose a model, MDFF-Net, a CNN-based network that integrates 1-D and 2-D feature 
extraction networks, utilizing multi-scale channel shuffling and attention modules, for improved feature fusion 
and classification to avoid misdiagnosis. Han et al.25 present a Dynamic Multi-Scale CNN (DM-CNN) model 
across multiple medical domains. Li et al.26 propose a Multi-Scale Feature Fusion Network (MSFN) with a 
novel patch sampling strategy based on image entropy and a self-supervised feature extractor, enhanced by an 
attention-based global-local fusion network for enhanced survival prediction in WSIs. Alqarafi et al.27 propose 
Multi-scale GC-T2, an automated skin cancer diagnosis framework using advanced pre-processing, semantic 
segmentation (AdDNet, HAUNT), M-GCN for feature extraction, and a tri-level fusion module for accurate 
classification. Wang et al.28 present Breast Classification Fusion Multi-Scale Feature Network (BCMNet). This 
novel classification method uses data augmentation and integrates VGG16 with CBAM to fuse spatial, channel, 
and multi-scale features, enhancing the accuracy of breast tumour diagnosis. Liu et al.29 propose a multi-scale 
fusion gene identification network (MultiGeneNet) method that uses dual feature extractors and a bilinear 
pooling layer to fuse multi-scale features for a richer, more comprehensive representation. Wu et al.30 present 
a novel attention-based glioma grading network (AGGN) that utilizes dual-domain attention to highlight key 
features, multi-branch operations for multi-scale extraction, and a fusion module to integrate low-level and 
high-level features across modalities. Liang et al.31 propose a Correlation-based Multi-scale Feature Fusion 
Network (CMFuse) that incorporates CNN and Transformer to capture local and global features at diverse 
scales, adaptively fusing them for improved classification. Zhang et al.32 introduce MS-Net, a Multi-Scale Feature 
Pyramid Fusion Network that combines a Multi-Scale Attention Module (MSAM) and Stacked Feature Pyramid 
Module (SFPM) to dynamically adjust receptive fields and focus attention on target organs by improving 
relevant features. Parshionikar and Bhattacharyya33 present an optimized multi-scale CapsNet for breast cancer 
detection, using histopathology and thermal images for preprocessing, feature extraction, segmentation, and 
classification.

The existing studies use vision transformers for capturing spatial dependencies, CNNs for feature extraction, 
SVMs for classification, and hybrid methods integrating DL with traditional ML methods like ensemble learning 
and optimization models. Many approaches also incorporate data augmentation, TL, and noise reduction 
methods to improve model performance, specifically on limited or unbalanced datasets. Some methodologies 
utilize multi-scale feature extraction, attention mechanisms, and fusion strategies to capture global and local 
features for enhanced classification accuracy. While these methods portray promising results, they mostly 
encounter threats, namely high computational complexity, difficulty in generalizing to diverse datasets, potential 
overfitting, and the need for large labelled datasets. Furthermore, some methods may face difficulty handling 
noise, irregular-shaped lesions, and edge cases, which could impact their practical application in clinical settings. 
Despite enhancements in skin cancer detection using DL, current methods still encounter challenges in handling 
noisy, unbalanced datasets and varying lesion characteristics, affecting model generalization and accuracy. 
Moreover, many approaches face computational efficiency and scalability difficulty when applied to real-world 
clinical settings, underscoring the requirement for more robust, lightweight, and generalizable models.

The proposed method
This paper develops a new MFFDCNN-CTDC model. The foremost intention of the model is to detect and 
classify cancerous tumors using biomedical imaging. It comprises distinct stages, such as image preprocessing, 
segmentation, multi-scale feature fusion of feature extraction, CAE-based classification, and hybrid FWWOA-
based parameter tuning. Fig. 1 demonstrates the complete workflow of the MFFDCNN-CTDC technique.

Stage I: SF-based image preprocessing
The presented MFFDCNN-CTDC method initially applies SF to the image preprocessing stage to eliminate 
unwanted noise. The SF is an effectual edge recognition mode employed in the analysis of biomedical imaging 
for cancerous tumour recognition34. Highlighting inclines in intensity emphasizes the limits of tumours, 
helping radiologists’ picture and identify malignancies. The filter procedures images generate a more robust 
representation of tumour structure, enabling good differentiation between cancerous and healthy tissues. This 
model improves the accuracy of automatic diagnostic methods by delivering a high-quality input for further 
diagnosis. Eventually, the SF plays a substantial role in enhancing early recognition.
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Stage II: Unet3+ segmentation
For the segmentation process, Unet3+ is employed, providing precise localization of tumour regions. The 
Unet3+ structure is an innovative form of the original Unet structure initially intended to segment biomedical 
images35.

It integrates numerous features, which increase the precision of the semantic segmentation outcomes. The 
structure contains dual networks: an encoding and a decoding system. The encoding system decreases the 
spatial sizes utilizing pooling and convolutional (Conv) layers, whereas the decoding system upsamples the 
decreased feature map utilizing the Conv and upsampling layers. Compared to Unet, an essential feature of 
Unet3+ denotes the deep connection among the decoding and encoding layers, which unites every succeeding 
block in the system. This enables the information flow among layers, thus enhancing the semantic segmentation 
precision. Furthermore, the remaining links have been utilized to connect the indistinct layers in the system to 
enable data production over various layers, enhancing performance. Both Unet++ and Unet need to investigate 

Fig. 1..  Overall flow of MFFDCNN-CTDC technique.
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sufficient data from full size, resulting in the incapability to identify the location and limit of a tissue. Though 
every decoding layer in Unet3+ comprises equal and small size feature maps from the encoding and superior 
measure feature maps from the decoding, this enables coarse- and fine-grained detail semantics to be taken at 
complete size. Unet3+ makes a lateral output from every decoding phase, which is managed by the truth of the 
ground. To attain deep observation, the final layer of every decoding phase experiences a simple 3x3 convolution 
succeeded by a sigmoid function and a bilinear upsampling.

Stage III: multi-scale feature fusion of feature extraction
Next, the MFFDCNN-CTDC model incorporates multi-scale feature fusion by combining ResNet50 and 
EfficientNet architectures, capitalizing on their complementary strengths in feature extraction from varying 
depths and scales of the input images. TransUNet utilizes CNN to excerpt restricted multi‐scale features36. 
Despite that, the Transformer could only input from CNN and later extract global information owing to the 
huge parameter counts. Primarily, an original resolution and the feature maps attained through the primary 
dual encoding blocks within the encoder module of CNN were removed correspondingly. Later, a suitable patch 
size is chosen to separate every feature map and map it to the equivalent number of channels by the convolution 
layer. The feature maps, after separation, were compressed within the height and width dimensions to create a 2D 
vector, and the learnable related location information is included in them. Afterwards, the 2D vector with various 
resolutions was fused and spliced within the number of channel dimension inputs. Eventually, the transformer 
output is segmented based on the combined order and sizes for restoring an input feature map and performs as 
the encoder feature map for skip connections. The mathematical equation is described as:

	 Yi = {F latten (Conv (Xi)) + Epos|i = 0,1, 2} .� (1)

	 Y = T f (Concat ([Concat ([Y0, Y1] , dim = 1) , Y2] , dim = 1)) .� (2)

where Conv denotes stride, convolution layer, and kernel are equivalent to the chosen size of the patch, Flatten 
signifies flattening process, Yi denotes a 2D vector, which dimensionally decreased from a 3D tensor in height 
and width sizes, and Concat denotes merging. Specifically, dual 2D vectors were combined in the particular 
dimensional (channels). T f  refers to the Transformer block where an input feature vector of T f  can execute 
attention evaluation to attain global information. Xi denotes the feature mapping extracted from the layer i, 
Epos symbolizes the position parameter after flattening Xi, and i mentions the ith layer. Y  denotes the feature 
vector after the Transformer block.

It creates overall usage of original data, instantly links the original resolution imagery accompanied and extracted 
from CNN inside the channel dimensions, incorporates local and global information of various levels, and 
offers rich feature data. However, because the transformer has a huge parameter count, to reduce the number of 
parameters, only feature vectors were chosen as the skip connection and extracted by CNN.

ResNet50 method
ResNet uses the residual block to resolve the gradient vanishing and degradation tasks presented in common 
CNN37. The residual block extends the wisdom and improves the system’s efficacy. ResNet has achieved great 
success in the classifier competition of ImageNet. In ResNet, the residual block executes the residual by adding 
the residual block input and output. The formulation of the residual function is stated as follows.

	 y = F (x, W ) + x,� (3)

whereas x signifies the input, W  denotes the weight, and y means the output. ResNet network contains several 
residual blocks wherever the kernel size is distinctive. The traditional structure of RestNet contains RetNet 18, 
RestNet 50, and RestNet 101. Features extracted by the ResNet are placed in FC layers to classify images.

EfficientNet model
It is a type of CNN which uses a distinctive scaling method that uniformly measures all dimensions, for example, 
resolution, width, and depth, implementing complex coefficients. Scaling was a significant concern in the world. 
Scaling was performed mainly across dimensions: depth, resolution, and width. However, it was observed 
that scaling primarily does enhance precision, but the precision point penetrates gradually by scaling. On the 
other hand, typical ConvNets could not perform scaling efficiently. An EfficientNets clarifies such problems of 
scaling as compound scaling. This method used a Compound Coefficient to scale the system equally over the 3 
dimensions.

Stage IV: CAE based classification
The CAE model is exploited for the classification method. This method has been selected over other methods 
for its efficacy in capturing hierarchical patterns and spatial dependencies essential to data38. Unlike CAEs, 
CAEs use convolutional layers suitable for managing intricate data structures, specifically images, wherever 
local associations among pixels are important. This structure enables the CAE to efficiently study significant 
representations using the feature’s spatial locality.
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Regarding several language features, CAEs are adjusted for processing textual data as a sequence of words 
or characters and using Conv operation through these sequences to efficiently capture semantic and syntactic 
patterns. This capability adjusts CAEs for machine translation, text creation, or sentiment analysis tasks. 
Furthermore, CAEs depict strong noise resilience in the processing of audio data. CAEs could denoise signal and 
excerpt related features even through contextual distortions. This ability is significant for audio classification, 
development applications, and speech detection.

Additionally, CAEs show scalability to HCI applications in effectively analyzing and handling auditory, visual, 
or textual inputs. This allows CAEs to assist various HCI tasks, like signal identification from virtual helpers, 
video streams, or sentiment recognition from speaking gestures. Therefore, the CAE’s capability for controlling 
the various types of data, scalability, and resilience to noise makes it a robust option for applications challenging 
strong representation learning and feature extraction.

AE is a self‐supervised learning method containing an encoder and a decoder to extract deep features. This 
includes neural networks. The AE is an artificial neural network, encompassing a sequentially connected 3‐layer 
development, precisely the output, input layers, and hidden layers (HL), wherever complete layer functions in a 
USL system. The AE is often used for the data cluster technique. In contrast, the training process comprises two 
phases: the encoder, where input data is mapped in the HL, and the decoder, where the input data are recreated 
from the HL. In the encoder, the method assimilates a flattened depiction or input hidden variable. The decoder, 
the technique, recreates the objective from the compressed representation.

Assume an unlabelled input dataset Xn, where n = 1,2, . . . , N  and xn ∈ Rm, the two phases are stated as 
follows:

	 h (x) = f (W1x + b1) ,� (4)

	 X = g (W2h (x) + b2) ,� (5)

when h(x) denotes the encoding vector designed from input vector x, X mentions the decoding. Also, g and f  
symbolize the decoding and encoding functions, b1 and b, and W1andW 2 denote the decoder’s and encoder’s 
bias vector and weighted matrix. The difference between the input and output is usually called a reconstruction 
error. This method tries to decline it in training, for example, to reduce ||x − x̂||2. Stacking various AE layers 
is possible, and advantageous high‐level features were achieved with fewer capabilities, such as abstraction and 
invariance. A low reconstruction of error will be attained, so a greater reduction is computed.

CAE is a type of AE that incorporates a convolution kernel with neural networks. 1D-CAE has a strong 
reconstruction ability and effectually excerpts deep features within the high‐dimension data.

Convolutional layer: In X ∈ RL, the 1D convolutional layer uses K  Conv kernels ωi ∈ Rw(i = 1,2, . . . , K) 
of width w to perform the Convolutional function on it, specified in Eq. (6).

	
Outi = f

(∑
X ⊙ ωi + bi

)
i = 1, . . . , K.� (6)

Here, b signifies the bias, ⊙ denotes the convolutional computation of the input variable and convolutional 
kernel, and f  defines the activation function.

Pooling layer: In T ∈ RKError::0x0000L, the extensive use of max pooling induces Eq. (7) succeeding to the 
pooling technique.

	 P ooli (n) = max {Ti (nW, (n + 1) W )} i = 1, . . . , K.� (7)

Whereas S  denotes the stride, W  defines the width of the pooling window, and Ti signifies the ith feature tensor. 
Fig. 2 depicts the structure of CAE.

Stage V: hybrid FWWOA-based parameter tuning
Finally, the parameter tuning process is performed through hybrid FWWOA to enhance the performance of the 
CAE model.

Whale optimization algorithm (WOA)
Meta‐heuristic models have become prevalent in various applied disciplines in the past few decades39. Numerous 
models synthetically mimic the biological decentralization groups in nature or the cooperative self-organizing 
behavioural systems. The hunting model of the humpback whale presented the WOA method. Whales are 
the biggest mammals on earth, having higher emotions and intelligence. Using sensors, they investigated the 
humpback whale’s predatory behaviour. Team hunting is a characteristic social behaviour of humpback whales. 
The small and krill fishes that live close to the water surface of the area constitute the major food for humpback 
whales. Their innovative manner of predation is recognized as the bubble‐net feeding model. In the process of 
foraging, the humpback whale initially jumps in about 12 meters, then slowly swims near the water’s surface near 
a circular or 9‐shaped route and gives spiral bubbles near its prey.

Encircling prey  As stated before, humpback whales surround the prey in a hunting portion. Later, recognizing 
the whale with the best position for hunting, all remaining whales will update their position depending on this 
position. To mathematically approach the behaviour of encircling, the subsequent equations are presented
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	 D = |C · Xb (t) − X (t)| ,� (8)

	 X (t + 1) = Xb (t) − A · D,� (9)

whereas t represents the present iteration, Xb signifies the position of whales presently discovered with the 
optimum hunting position, and X  symbolizes the humpback whale position. A and C  are controller coefficients. 
They are computed in the following

	 A = 2a · r − a,� (10)

	 C = 2 · r,� (11)

Here, a is linearly reduced from two to zero, andr represents a randomly generated vector in [0,1]. Moreover, 
|A| < 1 permits all remaining whales to tactic the whale with the better position presently discovered.

With the 4 equations above, a humpback whale can upgrade its site within the space near the prey in a 
randomly formed position.

Bubble‐net attacking  In this instance, humpback whales utilize spirals to improve their location. To simulate 
the humpback whale’s spiral motion initially, it’s essential to compute the distance between the whale and its 
prey. After that, the distance generates the equation for the whale’s spiral motion. This equation is modelled, as 
demonstrated.

	 X (t + 1) = D1 · ebl · cos (2πl) + Xb (t) ,� (12)

	 D1 = |Xb (t) − X (t)| ,� (13)

Now, b denotes the constant applied to define the dimensions of the spiral shape, andl refers to the randomly 
generated number between – l and 1.

Whales swim beside a spiral path while encircling their prey inside a reduction circle. To mathematically 
mimic this instantaneous behaviour, the study accepts a 50% possibility of selecting between a spiral model and 
a contraction encircling mechanism to update the whale’s position in the optimization process. A randomly 
generated number, p, defines the whale’s behaviour and updates its position.

	
X (t + 1) =

{
Xb (t) − A · D, ifp < 0.5,
D1 · ebl · cos (2πl) + X∗ (t) , ifp > 0.5,

� (14)

whereas p represents a randomly generated number in zero and one

Search for prey  As stated before, whales hunt in groups. After seeking out prey, humpback whales search at 
random, depending on every other whale’s position. In the exploration stage, unlike the exploitation stage, the 
positions of search agents are updated by referencing a randomly selected search agent, rather than the best-per-
forming one discovered so far. This strategy encourages diversity in the search process, allowing the algorithm 
to explore new areas of the search space. The aim is to avoid premature convergence and increase the chances 
of finding a global optimum. As a result, the exploration stage helps balance exploration and exploitation in 
optimization tasks.

	 D = |C · Xr (t) − X (t)| ,� (15)

Fig. 2..  CAE architecture.
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	 X (t + 1) = Xr (t) − A · D,� (16)

whereas Xr  represents the position of a randomly selected whale from the group. In such cases, |A| > 1 reason 
for all remaining whales to be selected randomly from the population and get away from it.

Fireworks algorithm
It is stimulated by the sparking fireworks process that was presented. The position of every firework denotes 
a possible solution in the promising space. If the fireworks blow up, the sparks will be distributed near it. This 
procedure has been observed as a search method in the local space. The comprehensive algorithmic process is 
as demonstrated.

Initialize  Randomly select n positions in the possible space as the initial position of the search agent, and every 
search agent signifies a firework,

	 Xmin ≤ X ≤ Xmax,� (17)

whereas Xmax and Xmin signify the upper and lower bounds correspondingly.

Number of sparks  Calculate the fitness function (FF) of every firework; the spark counts presented by every 
firework are established by the subsequent equation,

	
si = m

max (f (xi)) − f (xi) + ξ∑n

i=1(max(f(xi)) − f(xi)) + ξ
,� (18)

Whereas m is a parameter controlling the total spark counts produced by all fireworks, ξ is applied as the smaller 
constant to prevent zero-division error. As a bound, ŝi are applied to prevent the overcoming fireworks effect 
with better fitness.

	
ŝ =

{
round (a · m) ifsi < a · m,
round (b · m) ifsi > b · m, a < b < 1,
round (S) otherwise,

� (19)

whereas a and b are constants.

Explosion amplitude  The amplitude of a firework explosion with better fitness is smaller than that of a firework 
with worse fitness. The amplitude of the explosion of every firework is as demonstrated,

	
Ai = Â · f (xi) − minf (xi) + ξ∑n

i=1(f(xi) − minf(xi)) + ξ
,� (20)

Here, Â represents the maximal explosion amplitude of each firework.

Gaussian explosion  A unique method of generating sparks, the Gaussian explosion, has been introduced to 
keep the fireworks diverse. The Gaussian spark’s position at dimension k is decided by updating and randomly 
selecting the dimensions of some fireworks; those fireworks are randomly selected also,

	 x̂ik = xik × e,� (21)

whereas ∼ N(1,1).

Positions selection  Finally, for every iteration, n positions have been selected for the explosion of the following 
iteration. The firework position with the better fitness might be designated; the residual n − 1 positions might 
be chosen based on the distance between their positions, and so on. For every firework, its distance and selection 
probability are described in the following.

	
R (xi) =

∑
j∈K

d (xi, xj) =
∑
j∈K

∥xi − xj∥,� (22)

	
p (xi) = R (xi)∑

j∈K
R (xj)

,� (23)
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whereas K  signifies the collection of all the present positions of sparks and fireworks. Based on the dual equations 
above, the more positions near xi, the lower the probability it should be selected for the following iteration. This 
approach guarantees the firework’s diversity.

The hybrid algorithms are frequently comprised of dual algorithms with balancing properties that use their 
powers and efficiently mitigate individual weaknesses, thus improving the algorithm’s complete performance. 
The WOA is inclined to be trapped within the local optimum problem, whereas the FWA has outstanding 
exploration properties. The FWWOA hybrid algorithm has been created to unite the features of both. In 
the FWWOA, the process of spark generation of the FWA is embedded in the WOA iteration to evade early 
convergence.

An adaptive equilibrium coefficient has been utilized to balance the exploration with the exploitation,

	
q = 0.9 ×

(
1 − cos

(
π

2 · t

Max−iter

))
,� (24)

whereas q signifies the adaptive equilibrium coefficient, t denotes the present iteration count, and Max−iter 
means the maximal amount of iterations. After the location of Xb changes, q will upgrade to alter the search 
tactic.

To ensure the hybrid algorithm searches a substantial potential space and to evade an early local optimum, in the 
initial phase of iteration, q is small and upsurges gradually, and the FWA is named various times. To effectively 
explore the optimum in smaller areas, Q upsurges rapidly in the final phase of iteration. To evade the fact that 
only the WOA goes in the FWWOA method final iteration, q is in the intervals of 0and0.9. When FWA is 
performed, occasionally, the FWWOA method will instantly perform the succeeding iteration to leave the present 
local optimizer space without any additional exploitation, consequently lacking the global optimum solution. 
To resolve this case, the WOA uses the present space at least T  iterations before performing the subsequent 
FWA. k is utilized to compute the amount of iterations of the WOA as the final FWA has been performed. The 
initialization of k is at the beginning of the FWWOA method. Every time the WOA iteration is implemented, 
the value of k upsurges by 1. r denotes a randomly generated value in the interval of zeroandone if r > q and 
k > T , the FWA will be performed at the iteration end, and k will be reset to 0. The FWWOA time complexity 
is almost O ((2Max−iter + 1) · n · d), identified by the size of the group n and search space dimensions d.

Fitness selection (FS) is a substantial factor in deploying FWWOA’s efficiency. The hyperparameter range 
procedure includes the solution-encoded system to measure the competence of the candidate solution. In this 
manuscript, the FWWOA reflects accuracy as the key standard to project the fitness function. Its invention is 
mentioned as follows.

	 F itness = max (P ) ,� (25)

	
P = T P

T P + F P
.� (26)

Here, T P  and F P  signify the positive values of true and false.

Result analysis and discussion
The performance evaluation of the MFFDCNN-CTDC technique is verified under the ISIC 201740 and 
HAM1000041 datasets. The ISIC 2017 dataset comprises 2,357 images of malignant and benign oncological 
conditions from The International Skin Imaging Collaboration (ISIC). The images are categorized according to 
ISIC’s classification system and are evenly dispersed across most subsets, except melanoma and moles, which 
have a slightly higher representation. The dataset encompasses images of the following conditions: actinic 
keratosis, basal cell carcinoma, dermatofibroma, melanoma, nevus, pigmented benign keratosis (including 
seborrheic keratosis), squamous cell carcinoma, and vascular lesions. The HAM10000 dataset contains 10,015 
dermatoscopic images of pigmented skin lesions from diverse populations and imaging modalities. It covers 
categories, namely melanoma, basal cell carcinoma, actinic keratoses, and vascular lesions, with over 50% 
confirmed via histopathology. The dataset comprises multiple images per lesion, allowing for tracking by lesion 
ID. The test set is not public, but analysis can be done through the official challenge server for a fair comparison 
of methods. A detailed dataset description is shown in Table 1 and Fig. 3.

Figure 4 represents the classification outcomes of the MFFDCNN-CTDC method on the ISIC 2017 database. 
Figure 4a,b displays the confusion matrix with precise classification and recognition of all 3 class labels under 
70%TRAPH and 30%TESPH. Figure 4c exhibits the PR analysis, representing maximal performance across all 
3 class labels. Eventually, Fig. 4d shows the ROC analysis, indicating proficient results with greater ROC values 
for distinctive classes.

Table 2 presents the classification results of the MFFDCNN-CTDC methodology on the ISIC 2017 dataset. 
Figure 5 offers the average result of the MFFDCNN-CTDC methodology on the ISIC 2017 dataset under 
70%TRAPH. The outcomes demonstrated that the MFFDCNN-CTDC technique detected and identified all 
samples. On 70%TRAPH, the MFFDCNN-CTDC technique provides an average accuy  of 97.62%, sensy  of 
94.37%, specy  of 97.92%, Fscore of 94.20%, and MCC  of 92.02%.
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Figure 6 offers the average result of the MFFDCNN-CTDC model on the ISIC 2017 dataset under 
30%TESPH. The outcomes presented that the MFFDCNN-CTDC method detected and identified all samples. 
On 30%TESPH, the MFFDCNN-CTDC methodology offers an average accuy  of 98.78%, sensy  of 96.45%, 
specy  of 98.93%, Fscore of 96.54%, and MCC  of 95.48%.

Figure 7 shows the training accyy(TRAAC) and validation accuy(VLAAC) outcomes of the MFFDCNN-
CTDC method on the ISIC 2017 dataset. The accuy  values are estimated throughout 0-25 epochs. The outcome 
underlined that the TRAAC and VLAAC values demonstrate a rising tendency, which informed the ability of the 
MFFDCNN-CTDC technique with better performance over several iterations. Besides, the TRAAC and VLAAC 
remain together over the epochs, which specifies minimal overfitting and exhibits the superior performance of 
the MFFDCNN-CTDC technique, guaranteeing constant prediction on hidden samples.

Figure 8 shows the TRA loss (TRALS) and VLA loss (VLALS) graphs of the MFFDCNN-CTDC method on 
the ISIC 2017 dataset. The loss values are estimated for 0-25 epochs. It is denoted that the TRALS and VLALS 
values show a dropping trend, reporting the ability of the MFFDCNN-CTDC technique to balance a trade-
off between generalize and data fitting. The continued reduction in loss values also promises the MFFDCNN-
CTDC technique’s better efficiency and tunes the prediction results over time.

Figure 9 represents the classification results of the MFFDCNN-CTDC model on the HAM10000 dataset. 
Figure 9a,b displays the confusion matrix with precise classification and identification of all 7 classes under 
70%TRAPH and 30%TESPH. Fig. 9c exhibits the PR analysis, signifying greater performance across all 7 classes. 
Finally, Fig. 9d depicts the ROC analysis, presenting efficient results with better ROC values for distinctive class 
labels.

Table 3 and Fig. 10 denote the classifier result of the MFFDCNN-CTDC technique on the HAM10000 dataset. 
The outcomes showed that the MFFDCNN-CTDC model detected and identified all samples. On 70%TRAPH, 
the MFFDCNN-CTDC approach offers an average accuy  of 99.02%, sensy  of 87.86%, specy  of 99.12%, Fscore 
of 89.47%, and MCC  of 88.83%. Also, on 30%TESPH, the MFFDCNN-CTDC technique provides an average 
accuy  of 98.89%, sensy  of 86.58%, specy  of 99.04%, Fscore of 89.05%, and MCC  of 88.33%.

Figure 11 displays the TRAAC and VLAAC outcomes of the MFFDCNN-CTDC technique on the 
HAM10000 dataset. The accuy  values are estimated throughout 0-25 epochs. The outcome underlined that the 
TRAAC and VLAAC values show a rising tendency, which notified the ability of the MFFDCNN-CTDC model 
with better performance over several iterations. Also, the TRAAC and VLAAC remain nearer over the epochs, 
which specifies minimal overfitting and exhibits the superior performance of the MFFDCNN-CTDC technique, 
guaranteeing continuous forecasts on unseen samples.

Figure 12 shows the TRALS and VLALS graph of the MFFDCNN-CTDC technique on the HAM10000 
dataset. The loss values are estimated for 0-25 epochs. The TRALS and VLALS values exhibit a lesser tendency, 
reporting the ability of the MFFDCNN-CTDC methodology to balance a trade-off between data fitting and 
generalization. The constant reduction in loss values additionally assures the greater performance of the 
MFFDCNN-CTDC methodology and tunes the prediction outcomes over time.

Table 4 and Fig. 13 examine the comparison results of the MFFDCNN-CTDC methodology with existing 
models42,43 on the ISIC 2017 database. The outcomes emphasized that the MAFCNN-SCD, NB, Kernel-ELM, 
MSVM, MobileNet, and DenseNet169 models have indicated worse performance. Meanwhile, the AMCSCC-
WHOEL and Ensemble CNN+SVM methods have yielded closer results. Moreover, the MFFDCNN-CTDC 

ISIC 2017 dataset

Class Label No. of samples

“Melanoma” MEL 374

“Seborrheic Keratosis” SEK 254

“Nevus” NV 1372

Total no. of samples 2000

HAM10000 dataset

Description Class
No. of 
Samples

“Actinic Keratoses” AKIEC 327

“Basal Cell 
Carcinoma” BCC 541

“Benign Keratosis” BKL 1099

“Dermatofibroma” DF 155

“Melanocytic 
Nevus” NV 6705

“Melanoma” MEL 1113

“Vascular” VASC 142

Total no. of samples 10082

Table 1.  Details of datasets.
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methodology indicated enhanced performance with high accuy , sensy , specy , and Fscore of 98.78%, 96.45%, 
98.93%, and 96.54%, respectively.

Table 5 and Fig. 14 study the comparative analysis of the MFFDCNN-CTDC methodology with existing 
techniques on the HAM10000 database. The outcomes underlined that the MAFCNN-SCD, NB, Kernel-ELM, 
MSVM, MobileNet, and DenseNet169 approaches have stated worse performance. Meanwhile, the AMCSCC-
WHOEL and Ensemble CNN+SVM methodologies have yielded closer results. Besides, the MFFDCNN-CTDC 
method stated better performance with higher accuy , sensy , specy , and Fscore of 99.02%, 87.86%, 99.12%, and 
89.47%, respectively.

Table 6 and Fig. 15 illustrate the computational time (CT) analysis of the MFFDCNN-CTDC method under 
the ISIC 2017 dataset. The MFFDCNN-CTDC method achieved the fastest processing time at 4.71 seconds, 
followed by MobileNet at 7.11 seconds and DenseNet169 at 7.24 seconds. Kernel-ELM took 7.61 seconds, while 
AMCSCC-WHOEL, Ensemble CNN+SVM, and MAFCNN-SCD methodologies required 8.14, 8.56, and 9.82 
seconds, respectively. The NB and MSVM methodologies had slightly longer times at 9.75 and 9.79 seconds.

Table 7 and Fig. 16 portray the CT analysis of the MFFDCNN-CTDC technique under the HAM10000 
dataset. The MFFDCNN-CTDC method had the fastest processing time at 6.75 seconds, followed by MobileNet 
at 11.93 seconds and DenseNet169 at 12.29 seconds. Kernel-ELM took 12.46 seconds, while AMCSCC-WHOEL, 
Ensemble CNN+SVM, and MAFCNN-SCD required 12.81, 13.60, and 14.64 seconds, respectively. The NB and 
MSVM models took the longest at 14.71 and 14.75 seconds.

Fig. 3..  Sample images.
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Class labels Accuy Sensy Specy Fscore MCC

70%TRAPH

 MEL 97.93 96.50 98.25 94.48 93.23

 SEK 97.36 88.71 98.68 89.92 88.41

 NV 97.57 97.91 96.84 98.22 94.41

 Average 97.62 94.37 97.92 94.20 92.02

30% TESPH

 MEL 98.83 97.44 99.17 97.02 96.30

 SEK 98.50 92.65 99.25 93.33 92.49

 NV 99.00 99.28 98.38 99.28 97.66

 Average 98.78 96.45 98.93 96.54 95.48

Table 2.  Classifier outcome of MFFDCNN-CTDC model on ISIC 2017 database.

 

Fig. 4..  ISIC 2017 Dataset (a,b) Confusion matrices and (c) curve of PR and (d) curve of ROC.
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Conclusion
In this study, a novel MFFDCNN-CTDC model is developed. The main intention of the MFFDCNN-CTDC 
model is to detect and classify cancerous tumours using biomedical imaging. The MFFDCNN-CTDC method 
initially utilizes SF for image preprocessing to eliminate unwanted noise. For the segmentation process, 
Unet3+ is employed, providing precise localization of tumour regions. Next, the MFFDCNN-CTDC method 
incorporates multi-scale feature fusion by combining ResNet50 and EfficientNet architectures, capitalizing on 
their complementary strengths in feature extraction from varying depths and scales of the input images. The 
CAE technique is utilized for the classification method. Finally, the parameter tuning process is performed using 
hybrid FWWOA to enhance the classification performance of the CAE method. A wide range of experiments 
is performed to authorize the performance of the MFFDCNN-CTDC approach. The experimental validation 
of the MFFDCNN-CTDC approach exhibited a superior accuracy value of 98.78% and 99.02% over existing 
techniques under ISIC 2017 and HAM10000 datasets.

Fig. 6..  Average of MFFDCNN-CTDC model on ISIC 2017 dataset under 30%TESPH.

 

Fig. 5..  Average of MFFDCNN-CTDC model on ISIC 2017 dataset under 70%TRAPH.
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Fig. 8..  Loss curve of MFFDCNN-CTDC model on ISIC 2017 dataset.

 

Fig. 7..  Accuy  curve of MFFDCNN-CTDC model on ISIC 2017 dataset.
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Fig. 9..  HAM10000 Dataset (a,b) Confusion matrices and (c) curve of PR and (d) curve of ROC.
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Fig. 10..  Average of MFFDCNN-CTDC model on HAM10000 database.

 

Class Labels Accuy Sensy Specy Fscore MCC

70% TRAPH

 AKIEC 99.31 87.91 99.66 88.52 88.17

 BCC 99.04 88.60 99.64 90.96 90.48

 BKL 98.92 94.90 99.41 95.02 94.42

 DF 99.63 88.46 99.80 87.62 87.44

 NV 98.02 98.94 96.13 98.53 95.50

 MEL 98.97 96.03 99.32 95.21 94.64

 VASC 99.26 60.19 99.84 70.45 71.16

 Average 99.02 87.86 99.12 89.47 88.83

30% TESPH

 AKIEC 99.04 85.71 99.55 86.88 86.39

 BCC 98.84 87.10 99.48 88.52 87.93

 BKL 98.91 94.93 99.41 95.07 94.45

 DF 99.64 80.39 99.97 88.17 88.42

 NV 97.85 98.84 96.00 98.36 95.25

 MEL 98.55 94.96 99.03 93.91 93.09

 VASC 99.37 64.10 99.83 72.46 72.79

 Average 98.89 86.58 99.04 89.05 88.33

Table 3.  Classifier outcome of MFFDCNN-CTDC model on HAM10000 database.
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Fig. 12..  Loss curve of MFFDCNN-CTDC model on HAM10000 dataset.

 

Fig. 11..  Accuy  curve of MFFDCNN-CTDC model on HAM10000 database.
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HAM10000 Dataset

Methods Accuracy Sensitivity Specificity F-score

MFFDCNN-CTDC 99.02 87.86 99.12 89.47

AMCSCC-WHOEL 98.54 78.41 98.70 81.60

Ensemble CNN+SVM 96.52 76.22 78.66 76.39

MAFCNN-SCD 92.25 77.10 88.71 80.08

NB Methodology 89.80 74.73 84.05 81.10

Kernel-ELM 88.07 77.05 84.52 80.23

MSVM Method 87.18 75.48 83.23 80.48

MobileNet Model 85.06 74.20 88.01 80.20

DenseNet169 Model 89.45 76.86 86.31 81.05

Table 5.  Comparative analysis of the MFFDCNN-CTDC model on the HAM10000 dataset42,43.

 

Fig. 13..  Comparative analysis of the MFFDCNN-CTDC model on the ISIC 2017 database.

 

ISIC 2017 dataset

Methods Accuy Sensy Specy Fscore

MFFDCNN-CTDC 98.78 96.45 98.93 96.54

AMCSCC-WHOEL 98.35 95.59 98.19 96.05

Ensemble CNN+SVM 97.78 96.37 97.54 96.57

MAFCNN-SCD 92.23 77.08 88.69 83.07

NB Methodology 89.78 74.72 84.04 81.39

Kernel-ELM 88.05 77.04 84.50 83.22

MSVM Method 87.17 75.46 83.20 81.47

MobileNet Model 85.04 74.19 88.00 81.19

DenseNet169 Model 89.44 76.84 86.30 83.28

Table 4.  Comparative outcome of the MFFDCNN-CTDC model with existing models on the ISIC 2017 
dataset42,43.
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ISIC 2017 dataset

Methods CT (sec)

MFFDCNN-CTDC 4.71

AMCSCC-WHOEL 8.14

Ensemble CNN+SVM 8.56

MAFCNN-SCD 9.82

NB Methodology 9.75

Kernel-ELM 7.61

MSVM Method 9.79

MobileNet Model 7.11

DenseNet169 Model 7.24

Table 6.  CT analysis of the MFFDCNN-CTDC model on the ISIC 2017 dataset.

 

Fig. 14..  Comparative analysis of the MFFDCNN-CTDC model on the HAM10000 dataset.
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HAM10000 dataset

Methods CT (sec)

MFFDCNN-CTDC 6.75

AMCSCC-WHOEL 12.81

Ensemble CNN+SVM 13.60

MAFCNN-SCD 14.64

NB Methodology 14.71

Kernel-ELM 12.46

MSVM Method 14.75

MobileNet Model 11.93

DenseNet169 Model 12.29

Table 7.  CT analysis of the MFFDCNN-CTDC model on the HAM10000 dataset.

 

Fig. 15..  CT analysis of the MFFDCNN-CTDC model on the ISIC 2017 dataset.
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Data availability
The data that support the findings of this study are openly available in the Kaggle repository at ​h​t​t​p​s​:​​/​/​w​w​w​.​​k​a​
g​g​l​e​​.​c​o​m​/​​d​a​t​a​s​e​t​s​/​n​o​d​o​u​b​t​t​o​m​e​/​s​k​i​n​-​c​a​n​c​e​r​9​-​c​l​a​s​s​e​s​i​s​i​c​​​​ and ​h​t​t​p​s​:​​/​/​w​w​w​.​​k​a​g​g​l​e​​.​c​o​m​/​​d​a​t​a​s​e​t​s​/​k​m​a​d​e​r​/​s​k​i​n​-​c​
a​n​c​e​r​-​m​n​i​s​t​-​h​a​m​1​0​0​0​0​​​​​.​​
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