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Abstract 

Lung cancer is the leading cause of mortality because of its aggressive nature and delayed detection at later stages. 

Earlier diagnosis of lung cancer has been essential for a person to survive, also it is the major problem. Detection of 

malignant lung nodules from computed tomography (CT) images is time-consuming and one of the most challenging 

tasks for radiotherapists. To alleviate this burden, computer-aided diagnosis (CAD) system has been introduced. 

Recently, deep learning (DL) approach has found remarkable result which outperforms conventional approaches in 

different sectors. At present, researchers are trying to distinct DL technologies to improve the efficiency of CAD 

systems in lung cancer screening with CT images. This article devises an Artificial Algae Algorithm with deep transfer 

learning based lung nodule detection and classification (AAADTL-LNDC) model using CT images. The proposed 

AAADTL-LNDC model initially employs wiener filtering based image pre-processing to eradicate the noise. In 

addition, multi-thresholding Shannon’s entropy based segmentation approach is utilized to segment the CT images 

to recognize suspicious regions. Moreover, EfficientNet based feature extraction approach is applied to create feature 

vector and artificial algae algorithm (AOA) based hyperparameter tuning process is exploited. Finally, extreme 

gradient boosting (XGBoost) classifier is applied to determine proper class labels. In order to determine the 

improved performance of the AAADTL-LNDC technique, a wide range of simulations are performed on benchmark 

datasets and the outcomes highlighted the superior outcomes of the AAADTL-LNDC model over recent approaches.  
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Introduction 

Lung cancer is deemed to be life-threatening cancer 

across the globe. So, most countries are in a need to 

develop various methods for diagnosing lung 

cancer at an initial stage. The NLST trial [1], depicts 

the 3 annual screening rounds of high risk factors 

by utilizing low-dose Computed Tomography (CT) 

to minimize the deceased rates substantially [2]. 

Even for experienced physicians, Nodules are 

highly complex in identifying the trouble on 

radiologists rises with the greater count of CT scans 

for analysis. With the intended rise in the count of 

early-detection measures, scientists are conducting 

a lot of research on computerized solutions which 

might ease the work of physician, enhances 

diagnostics’ accuracy by eliminating the 

subjectivity elements, fastening the investigation, 

and minimize medical cost [3, 4]. Cancer detection 

at an initial stage is classified in 2 ways: either it 

can be manually done by radiologists or it can be 

done automatically by computer-aided diagnosis 

(CAD) system itself. The CAD system is not 

autonomous and it only guides or directs the 

physician or radiologists in making corrective 

measures.The ultimate judgment rests on the 

physician or radiologists [5]. The CAD system 

attempts to build a limit of a pulmonary nodule by 

identifying a few distinct characteristics in the 

nodule [6].These characteristics can be deep-

learned or manual features. Manual features 

comprise data regarding morphology, density, and 

texture. 
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The features are provided for classifying to identify 

or classify the nodule [7]. 

The CAD system acts as a helpful criterion for the 

radiologists for improvising the reading of the CT 

scans; still, a greater count of nodules remains 

unidentified only in the case where a low positive 

rate has been required. Practically this prohibits 

the usage of CAD systems [8]. There exist 

differences in, types of the nodule’s sizes, shapes, 

and few may have differences in density and 

texture. Such differences or changes may not be 

analyzed by CAD system rarely only when this 

technique is not sophisticated. Currently, due to the 

achievements of deep learning (DL) in various 

application zones, CAD system is also using DL [9]. 

End-to-end DL has brought forth achievements in 

most of the medical image processing application 

areas. The pulmonary nodule detection system 

from CT scan images uses various DL structures 

nowadays [10].  

Naqi et al. [11] an automatic recognition and 

classification model is presented for facilitating the 

radiologist in the diagnoses technique. The main 

challenge is the inclusion of false positives in the 

result that leads to incorrect diagnoses. A nodule 

classification and detection technique is presented 

which consists of four fundamental stages. At last, a 

DL technique based on softmax and stacked Auto-

encoder for feature classification and reduction is 

used to minimize the false positives. de 

PinhoPinheiro et al. [12] propose computational 

intelligence techniques to address the shortage of 

pulmonary carcinogenic nodule detection in CT 

scans. The presented technique comprises Swarm 

Intelligence and Deep Learning to present nodule 

classification and detection systems. Next, apply 

convolutional neural networks and seven different 

swarm intelligence techniques, prepared for 

segmenting biomedical images, for finding and 

classifying cancerous pulmonary nodules.  

Cao et al. [13] two-stage CNN (TSCNN) is projected 

for detecting lung nodules. The initial phase 

depends on the enhanced U-Net segmentation 

system to propose an initial diagnosis of lung 

nodule. Here, to attain a higher recall rate without 

presenting excess false positives, we present a new 

sampling technique for training. Xie et al. [14], 

proposed an automatic pulmonary nodule 

recognition technique using two 

dimensional convolution neural network (CNN) to 

help process the CT reading. At first, we adjusted 

the architecture of Fast RCNN using 2 region 

proposal network and deconvolution layer for 

detecting nodule candidates, later three modules 

are trained to 3 categories of slices for outcome 

fusion. Next, a boosting structure based on two 

dimensional CNN is developed for reducing false 

positives that are classified to differentiate true 

nodule from the candidate.  

Mendoza and Pedrini [15] introduced a technique 

for categorizing nodule candidates using a trained 

CNN from the scratch. The efficacy of the presented 

model depends on the data augmentation 

parameter selection, inclusive of convolution layer, 

the proposal of specific CNN framework, the usage 

of dropout regularization on network, and 

addressing the lack of nodule sample than 

background sample balancing mini-batch on 

stochastic gradient descent (SGD). Zhang et al. [16], 

established the semi-supervised AdaBoost 

classification with an enhanced sparrow search 

algorithm (AdaBoost-ESSA-S4VM). At first, 

AdaBoost classification is utilized for constructing a 

stronger semi-supervised classification with 

weaker classification S4VM (AdaBoost-S4VM). 

Then, to resolve the shortcomings of presented 

architecture, SSA is introduced in the S4VM and 

AdaBoost classification.  

This article devises an Artificial Algae Algorithm 

with deep transfer learning based on lung nodule 

detection and classification (AAADTL-LNDC) 

technique using CT images. The proposed AAADTL-

LNDC model initially employs wiener filtering 

based image pre-processing to eradicate the noise. 

In addition, multi-thresholding Shannon’s entropy 

based segmentation approach is utilized to segment 

the CT images to recognize suspicious regions. 

Moreover, EfficientNet based feature extraction 

approach is applied to create feature vector and 

artificial algae algorithm (AOA) based 

hyperparameter tuning process is exploited. 

Finally, extreme gradient boosting (XGBoost) 

classifier is applied to determine proper class 

labels. In order to examine the improved 

performance of the AAADTL-LNDC technique, a 

wide range of simulations are executed on 

benchmark dataset. 

 

2. The Proposed Model 

In this study, a novel AAADTL-LNDC model was 

established for the recognition and classification of 

lung cancer nodules. To accomplish this, the 

AAADTL-LNDC model undergoes a series of 
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processes namely WF based pre-processed, 

Shannon entropy based segmentation, EfficientNet 

based feature extraction, AOA based 

hyperparameter tuning, and XGBoost classification. 

Fig. 1 illustrates the overall procedure of AAADTL-

LNDC technique.  

 

 
Fig. 1. The overall process of AAADTL-LNDC approach 

 

2.1. Image Pre-processing 

Primarily, the proposed model applies WF based 

image pre-processed to eradicate the noise. It 

employs the filter of noisy signal utilizing the 

spectral property of wanted signal and noise 

occurring assuming both as stochastic procedure 

with linear property. 

It can be linear filtering was executed with co-

efficient 𝑊𝐾 on the evaluated signals. The input 

signal, 𝑥(𝑛) contains noise, 𝑣(𝑛), 𝑥(n) = 𝑑(𝑛) + 𝑣(𝑛)                                       (1) 

The resultant signal 𝑦(𝑛) can be a close evaluation 

of 𝑑(𝑛). Thus the error signal 𝑒(𝑛) can be minimal. 

The adaptive technique attempts for correcting the 

weighted 𝑊𝐾 therefore the mean square error was 

minimized [17]. 𝑒 = min (𝐸(𝑒(𝑛)2))                                       (2) 

Whereas 𝑒(𝑛) = y(n) − 𝑑(𝑛)                                  (3) 

The 𝑘 tap discrete WF utilizes the subsequent 

formula for determining the value of y (n) 𝑦(𝑛) = ∑ 𝑊𝑘(𝑑(𝑛 − 𝑘) ∗ 𝑣(𝑛 − 𝑘))𝑁−1
𝑘=0                  (4) The Wiener‐Hopf formula that computes an 

optimum weight is one of the important features of 

WF. 𝐸𝑙=0𝑝−𝜄𝑊𝑜𝑙𝑟𝑥𝑥(𝑘 − 1) = 𝑟𝑥𝑑(−𝑙)                                  (5) 

Whereas 𝑊00, 𝑊01, ⋯ ⋯ ⋅⋅, 𝑊𝑜𝑝−1 represents the 

optimal value of tap weighted of the filtering and 𝑟𝑥𝑥 

 

signifies the autocorrelation function of x(n) and 𝑟𝑥𝑑 stands for the cross correlation function 

amongst 𝑥(𝑛) and 𝑑(𝑛). 

 

2.2. Image Segmentation 

In this work, the multi-thresholding Shannon’s 

entropy based segmentation approach is utilized to 

segment the CT images to recognize suspicious 

regions. Entropy is the compressive process of data 

that results from maximum speed broadcast and 

compression rate which compress the essential 

count of bits based on the observation of message 

or data repetition. When there is 𝑁 = 2𝑛(𝑖𝑓𝑁 = 8) 

message to transfer, 𝑛(𝑛 = 3) bits are needed, for 

every 𝑁 message, log2(𝑁) number of bits are 

needed. Once it repeated the same messages from a 

group of 𝑁 messages, then it is allocated as a non-

uniform likelihood distribution, it is capable of 

using less than 𝑙𝑜𝑔𝑁 bits for all the messages. 

Consider 𝑋 represent a discrete random parameter 

with{𝑋1, 𝑋2 … , 𝑋𝑛}elements, 𝑃(𝑋) the probability 

mass function can be represented by 𝐻(𝑋) = 𝐸[𝐼(𝑋)] = 𝐸[−ln(𝑃(𝑋))]                     (6) 
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In Eq. (6) the expected value operator is 

characterized by 𝐸, 𝐼 illustrates the content of data 

and also random variable can be denoted as 𝐼(𝑋). 

The Shannon entropy is further rewritten by Eq. (7) 

and is taken as the objective function that should be 

enhanced by using optimization technique [18]. 𝐻(𝑋) = ∑ 𝑃𝑛
𝑖=1 (𝑥𝑖)𝐼(𝑥𝑖)

= − ∑ 𝑃𝑛
𝑖=1 (𝑥𝑖)𝑙𝑜𝑔𝑏𝑃(𝑥𝑖)               (7) 

In Eq. (7) 𝑏 base of the technique was equivalent to 

2. When 𝑃(𝑥𝑖) = 0 for 𝑖 the multiplier 0𝑙𝑜𝑔𝑏0 is 

taken as zero. lim𝑃→0+ 𝑝 𝑙𝑜𝑔(𝑝) = 0                         (8) 

The above equation is for discrete value of 𝑋 and 𝑋 

value replaces the summation with integration. 

 

2.3. Feature Extraction 

Next to image segmentation, EfficientNet model is 

utilized for feature extraction. The EfficientNet 

family was dependent upon new technique to scale 

up CNN model. It employs effective compound 

coefficients. In contrast to conventional 

methodologies that scale dimension of network 

including width, depth, and resolution, EfficientNet 

scale all the dimensions with a definite number of 

scaling coefficients. Scaling of single dimension 

enhances the performance of the model, however 

balancing every dimension of the networks with 

regard to the available resource efficiently 

improves the entire performance. In comparison 

with other models accomplishing same ImageNet 

performance, EfficientNet is very small. Here, the 

study presents an effective methodology on the 

basis of EfficientNet-B3 CNN architecture. It 

selected these specific variants of the EfficientNet 

model since it produces a great compromise 

between accuracy and computation resources. The 

similar idea we presented here is used in other 

effective variants. Mobile inverted bottleneck 

convolution (MBConv) is the major component of 

EfficientNet architecture [19]. One key concept is 

utilizing depthwise separable convolution, which 

comprises depthwise and pointwise convolutions. 

Later, another two concepts are adopted from 

MobileNet-V2 (viz., second enhanced version of 

MobileNets) involving; 1) Linear bottlenecks, and 

2) inverted residual connections. Fig. 2 depicts the 

framework of EfficientNet method. 

 

 
Fig. 2. Structure of EfficientNet Model 

 

Besides, the AOA based hyperparameter tuning 

process is exploited to improve the efficacy of the 

EfficientNet method. The AAA has evolutionary 

processes, adaptation, and helical movement [20]. 

The algal colony tries to move toward a best place 

by evolving, adapting, and moving. Note that a 

major conception in AAA is the size of algal colony 

of 𝑖-𝑡ℎ algal colony characterized as 𝑆𝑖, 𝑖 = 1,2, … , 𝑛. 

Interrelated s2 to the actual algae, in proper living 

circumstances, the algal colony recreate and 

increased to a high size. 𝑆𝑖 is set to 1 in the earlier 

stage, and changes to the fitness value of 𝑖-𝑡ℎ algal 

colony, specifically, the values of objective function. 

The optimum objective function 𝑓(𝑥𝑖) is, the high 
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𝑆𝑖is. 𝑆𝑖 can be upgraded on the basis of biological 

growth as follows: 𝑆𝑖 = 𝑠𝑖𝑧𝑒(𝑥𝑖)                                                               (9) 𝜇𝑖=  𝑆𝑖 + 4𝑓(𝑥𝑖)𝑆𝑖 + 2𝑓(𝑥𝑖)                                                    (10) 𝑆𝑖𝑡+1 = 𝜇𝑖𝑆𝑖𝑡 , 𝑖= 1,2, … , 𝑛                                               (11) 

In the equation, 𝑓(𝑥𝑖) indicates objective function,𝑡 

symbolizes existing generation, 𝜇𝑖  denotes upgrade 

coefficient of 𝑆𝑖. 

Algae make natural movement towards the water 

areas that have enough nutrients and light. In AAA, 

all algal colonies move towards an optimum algal 

colony that has optimal objective function value or 

maximum size. In relation to the movement in three 

dimensions of real-time objects, also algal colony 

moves in three dimensions. But, the movement is 

stimulated by the three varieties of algal cells 

randomly and alters the location. Eq. (12) 

characterizes movement in the primary dimension 

and is employed for one dimension issue. Eqs. (13) 

and (14) indicate movement in other two 

dimensions. 𝑥𝑖𝑚𝑡+1 = 𝑥𝑖𝑚𝑡 + (𝑥𝑗𝑚𝑡 − 𝑥𝑖𝑚𝑡 )(𝑠𝑓− 𝑤𝑖)𝑝                               (12) 𝑥𝑖𝑘𝑡+1 = 𝑥𝑖𝑘𝑡 + (𝑥𝑗𝑘𝑡 − 𝑥𝑖𝑘𝑡 )(𝑠𝑓− 𝑤𝑖)cos 𝛼                                     (13) 𝑥𝑖𝑙𝑡+1 = 𝑥𝑖𝑙𝑡 + (𝑥𝑗𝑙𝑡 − 𝑥𝑖𝑙𝑡 )(𝑠𝑓− 𝑤𝑖)sin 𝛽                                 (14) 

Now, 𝑚, 𝑘, and 𝑙 denotes arbitrary number that lies 

within the range of [1, 𝑑], 𝑥𝑖𝑚, 𝑥𝑖𝑘 and 𝑥𝑖𝑙  simulate 𝑥, 𝑦, and 𝑧 coordinates of 𝑖-𝑡ℎ algal colonies, 𝑗 

indicates index of neighbor algal colony and is 

acquired by selecting tournaments, 𝑝 signifies 

independent arbitrary integer within the range of [-

1, 1], 𝛼 and 𝛽 represent arbitrary values of arc 

amongst [0, 2𝜋] 𝑠𝑓 represent shear force which 

presents a viscous drag, 𝑤𝑖 indicates friction 

surface region of 𝑖-𝑡ℎ algal colony i.e., associated 

with the size of algal colony. 𝑤𝑖 is evaluated as 

follows: 𝑤𝑖 = 2𝜋𝑟𝑖2                                                                 (15) 𝑟𝑖 = (√3𝑆𝑖4𝜋3 )                                                  (16) 

Here,𝑆𝑖 represent the size, and 𝑟𝑖 symbolizes radius 

of hemisphere of 𝑖𝑡ℎ algal colony. 

In common framework, algal colony using sufficient 

nutrient resources quickly progresses and with 

uncommon nutrient, resources weakens to 

terminate. In the same way, in AAA, algal colony 

𝑥𝑖become larger once it moves towards a perfect 

position and accomplishes potential solutions. This 

process is stimulated from the below equation: 𝑏𝑖𝑔𝑔𝑒𝑠𝑡 = 𝑎𝑟𝑔 max {𝑠𝑖𝑧𝑒(𝑥𝑖)}, 𝑖= 1,2, … , 𝑛                   (17) 𝑠𝑚𝑎𝑙𝑙𝑒𝑠𝑡 = 𝑎𝑟𝑔 min {𝑠𝑖𝑧𝑒(𝑥𝑖)}, 𝑖= 1,2, … , 𝑛                      (18) 𝑠𝑚𝑎𝑙𝑙𝑒𝑠𝑡𝑗 = 𝑏𝑖𝑔𝑔𝑒𝑠𝑡𝑗, 𝑗= 1,2, … , 𝑑.                              (19) 

Where smallest and largest correspondingly 

characterizes algal colony, 𝑗 represents randomly 

selected algal cells. Next, movement of algal colony 

terminates, then algal colony has maximal 

starvation values (Eq. (20)) adopts itself as the 

largest algal colony with a possibility 𝐴𝑝. Due to the 

clarity, they presented Eq. (21) to determine the 

procedure: 𝑥𝑠 = 𝑎𝑟𝑔 max {𝑠𝑡𝑎𝑟𝑣𝑎𝑡𝑖𝑜𝑛(𝑥𝑖)}, 𝑖= 1,2, … , 𝑛                        (20) 𝑥𝑠𝑗𝑡+1= {𝑥𝑠𝑗𝑡 + (𝑏𝑖𝑔𝑔𝑒𝑠𝑡𝑗 − 𝑥𝑠𝑗𝑡 ) × 𝑟𝑎𝑛𝑑1, 𝑖𝑓𝑟𝑎𝑛𝑑2 < 𝐴𝑝;𝑥𝑠𝑗𝑡 , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒. 𝑗= 1,2, … , 𝑑   (21) 

Here, 𝑠 indicates index of algal colony that has 

maximal starvation value, and starvation (𝑥𝑖) 

evaluates the starvation levels of algal colony 𝑥𝑖, 𝑗 

indicates index of algal cell, rand1 and rand2 make 

stochastic real values amongst [0,1], 𝐴𝑝 represent 

adaptation possibility which defines the adaptation 

befalls or not, 𝐴𝑝 denotes constant number 

between 0.3 and 0.7. 

The AOA approach develops a fitness function (FF) 

for gaining enhanced classifier performance. It 

defines the positive integer for signifying the best 

efficiency of the candidate solution. In the event, 

the minimized classifier error rate has been 

assumed that FF is offered in Eq. (22).  𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑥𝑖) = 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟𝐸𝑟𝑟𝑜𝑟𝑅𝑎𝑡𝑒(𝑥𝑖) = 𝑛𝑢𝑚𝑏𝑒𝑟𝑜𝑓𝑚𝑖𝑠𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑𝑠𝑎𝑚𝑝𝑙𝑒𝑠𝑇𝑜𝑡𝑎𝑙𝑛𝑢𝑚𝑏𝑒𝑟𝑜𝑓𝑠𝑎𝑚𝑝𝑙𝑒𝑠∗ 100                  (22) 

 

2.4. Image Classification 

At the final stage, the XGBoost classifier is applied 

to determine proper class labels. It is a Gradient 

Boosting Decision Tree (GBDT) improvement. This 

technique utilizes several DTs with minimal 

accuracy (weak learner) and integrates them for 

providing superior accuracy [21]. The tree is 

created in phases, and the remaining errors of prior 

methods in earlier phases informed the next phase 

of trees by utilizing gradient descent (GD). It can be 
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typical gradient boosting. By utilizing the top of 

gradient boosting rule, XGBoost integrates many 

other optimizers like parallelization execution, 

cross validation, tree pruning, sparsity awareness, 

hardware optimization, regularization, and weight 

quantile sketch to render their performance more 

effectual and effectual. This technological advance 

in the way of trees that minimizes the objective 

function. To a document 𝐷 = {(𝑥𝑖, 𝑦𝑖)||𝐷| = 𝑛, 𝑥𝑖 ∈𝑅𝑚, 𝑦𝑖 ∈ 𝑅} with 𝑛 instances and 𝑚 eigenvalue, 

whereas 𝑥𝑖 signify the sample and 𝑦𝑖  refers to their 

group, the forecasts were computed by utilizing Eq. 

(23): 𝑦̂i = 𝜃(𝑥𝑖) = ∑ 𝑓𝑛𝑁
𝑛=1 (𝑥𝑖)                               (23) 

whereas 𝑓𝑛(𝑥𝑖) signifies the error value amongst 

true and predictive classes. The solution of 

objective function was computed by utilizing 

maximal probability evaluation as mentioned by 

Chen and Guestrin. 

 

3. Experimental Validation 

The performance validation of the AAADTL-LNDC 

model was executed using a set of CT images. The 

dataset holds a total of 1236 images with 620 

images under benign class and 616 images under 

malignant class. Fig. 3 illustrates the sample 

images. 

 

 

 
Fig. 3: Sample Images 
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Fig. 4. Confusion matrices of AAADTL-LNDC technique (a) 80% of TR data, (b) 20% of TS data, (c) 

70% of TR data, and (d) 30% of TS data 

Fig. 4 illustrates a set of confusion matrices created 

by the AAADTL-LNDC method on distinct set of 

TR/TS data. With 80% training (TR) dataset, the 

HSOHDL-PDC model has categorized 495 samples 

under class 0 and 467 samples under class 1. Along 

with that, with 20% of testing (TS) dataset, the 

HSOHDL-PDC technique has categorized 116 

samples under class 0 and 130 samples under class 

1. Likewise, with 70% of TR dataset, the HSOHDL-

PDC system has categorized 416 samples under 

class 0 and 429 samples under class 1. At last, with 

30% of TS dataset, the HSOHDL-PDC algorithm has 

categorized 186 samples under class 0 and 177 

samples under class 1. 

Table 1 provides complete classification outcomes 

of the AAADTL-LNDC technique with 80% of TR 

data and 20% of TS data.  

Fig. 5 reports brief classifier results of the AAADTL-

LNDC approach on the test 80% of TR data. The 

experimental outcomes indicated that the AAADTL-

LNDC model has identified images under benign 

class with 𝑎𝑐𝑐𝑢𝑦 of 97.37%, 𝑝𝑟𝑒𝑐𝑛 of 96.49%, 𝑟𝑒𝑐𝑎𝑙 

of 98.41%, 𝑠𝑝𝑒𝑐𝑦 of 96.29%, 𝐹𝑠𝑐𝑜𝑟𝑒  of 97.44%, and 𝐴𝑈𝐶𝑠𝑐𝑜𝑟𝑒 of 97.35%. In addition, the AAADTL-LNDC 

technique has identified images under Malignant 

class with 𝑎𝑐𝑐𝑢𝑦 of 97.37%, 𝑝𝑟𝑒𝑐𝑛 of 98.32%, 𝑟𝑒𝑐𝑎𝑙 

of 96.29%, 𝑠𝑝𝑒𝑐𝑦 of 98.41%, 𝐹𝑠𝑐𝑜𝑟𝑒  of 97.29%, and 𝐴𝑈𝐶𝑠𝑐𝑜𝑟𝑒 of 97.35%. Moreover, the AAADTL-LNDC 

algorithm has identified images under average with 𝑎𝑐𝑐𝑢𝑦 of 97.37%, 𝑝𝑟𝑒𝑐𝑛 of 97.4%, 𝑟𝑒𝑐𝑎𝑙 of 97.35%, 𝑠𝑝𝑒𝑐𝑦 of 97.35%, 𝐹𝑠𝑐𝑜𝑟𝑒  of 97.37%, and 𝐴𝑈𝐶𝑠𝑐𝑜𝑟𝑒 of 

97.35%. 

 

 

Table 1: Result analysis of AAADTL-LNDC technique with various measures on 80% of TR and 20% 

of TS data 

Classes Accuracy Precision Recall Specificity F-Score AUC Score 

Training Phase (80%) 

Benign 97.37 96.49 98.41 96.29 97.44 97.35 

Malignant 97.37 98.32 96.29 98.41 97.29 97.35 

Average 97.37 97.4 97.35 97.35 97.37 97.35 

Testing Phase (20%) 

Benign 99.19 99.15 99.15 99.24 99.15 99.19 

Malignant 99.19 99.24 99.24 99.15 99.24 99.19 

Average 99.19 99.19 99.19 99.19 99.19 99.19 

Fig. 6 defines brief classifier results of the AAADTL-

LNDC technique on the test 20% of TS data.  

The experimental outcomes indicated that the 

AAADTL-LNDC approach has identified images 
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under benign class with 𝑎𝑐𝑐𝑢𝑦 of 99.19%, 𝑝𝑟𝑒𝑐𝑛 of 

99.15%, 𝑟𝑒𝑐𝑎𝑙 of 99.15%, 𝑠𝑝𝑒𝑐𝑦 of 99.24%, 𝐹𝑠𝑐𝑜𝑟𝑒  of 

99.15%, and 𝐴𝑈𝐶𝑠𝑐𝑜𝑟𝑒 of 99.19%. Likewise, the  

 

AAADTL-LNDC model has identified images under 

Malignant class with 𝑎𝑐𝑐𝑢𝑦 of 99.19%, 𝑝𝑟𝑒𝑐𝑛 of 

99.24%, 𝑟𝑒𝑐𝑎𝑙 of 99.24%, 𝑠𝑝𝑒𝑐𝑦 of 99.15%, 𝐹𝑠𝑐𝑜𝑟𝑒  of 

99.24%, and 𝐴𝑈𝐶𝑠𝑐𝑜𝑟𝑒 of 99.19%. In addition, the 

AAADTL-LNDC system has identified images under 

average with 𝑎𝑐𝑐𝑢𝑦 of 99.19%, 𝑝𝑟𝑒𝑐𝑛 of 99.19%, 𝑟𝑒𝑐𝑎𝑙  of 99.19%, 𝑠𝑝𝑒𝑐𝑦 of 99.19%, 𝐹𝑠𝑐𝑜𝑟𝑒  of 99.19%, 

and 𝐴𝑈𝐶𝑠𝑐𝑜𝑟𝑒 of 99.19%. 

 
Fig. 5. Result analysis of AAADTL-LNDC technique on 80% of TR data 

 

 
Fig. 6. Result analysis of AAADTL-LNDC technique on 20% of TS data 
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Fig. 7. TA and VA analysis of AAADTL-LNDC technique on 80:20 of TR/TS data 

The training accuracy (TA) and validation accuracy 

(VA) attained by the AAADTL-LNDC model on 

80:20 of TR/TS data is demonstrated in Fig. 7. The 

experimental outcome implied that the AAADTL-

LNDC model has gained maximum values of TA and 

VA. In specific, the VA seemed to be higher than TA. 

 

The training loss (TL) and validation loss (VL) 

achieved by the AAADTL-LNDC model on 80:20 of 

TR/TS data are established in Fig. 8. The 

experimental outcome inferred that the AAADTL-

LNDC model has been able least values of TL and 

VL. In specific, the VL seemed that lower than TL. 

 

 
Fig. 8. TL and VL analysis of AAADTL-LNDC technique on 80:20 of TR/TS data 

 

Table 2 offers complete classification outcomes of 

the AAADTL-LNDC technique with 70% of TR data 

and 30% of TS data. Fig. 9 illustrates brief classifier 

outcomes of the AAADTL-LNDC algorithm on the 

test 70% of TR data. The experimental outcomes 

demonstrated that the AAADTL-LNDC approach 

has identified images under benign class with 𝑎𝑐𝑐𝑢𝑦 of 97.69%, 𝑝𝑟𝑒𝑐𝑛 of 98.81%, 𝑟𝑒𝑐𝑎𝑙  of 

96.52%, 𝑠𝑝𝑒𝑐𝑦 of 98.85%, 𝐹𝑠𝑐𝑜𝑟𝑒  of 97.65%, and 𝐴𝑈𝐶𝑠𝑐𝑜𝑟𝑒 of 97.68%. Followed by, the AAADTL-

LNDC algorithm has identified images under 

Malignant class with 𝑎𝑐𝑐𝑢𝑦 of 97.69%, 𝑝𝑟𝑒𝑐𝑛 of 

96.62%, 𝑟𝑒𝑐𝑎𝑙 of 98.85%, 𝑠𝑝𝑒𝑐𝑦 of 96.52%, 𝐹𝑠𝑐𝑜𝑟𝑒  of 

97.72%, and 𝐴𝑈𝐶𝑠𝑐𝑜𝑟𝑒 of 97.68%. Moreover, the 

AAADTL-LNDC system has identified images under 

average with 𝑎𝑐𝑐𝑢𝑦 of 97.69%, 𝑝𝑟𝑒𝑐𝑛 of 97.72%, 𝑟𝑒𝑐𝑎𝑙  of 97.68%, 𝑠𝑝𝑒𝑐𝑦 of 97.68%, 𝐹𝑠𝑐𝑜𝑟𝑒  of 97.69%, 

and 𝐴𝑈𝐶𝑠𝑐𝑜𝑟𝑒 of 97.68%. 
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Table 2: Result analysis of AAADTL-LNDC technique with various measures on 70% of TR and 30% 

of TS data 

Classes Accuracy Precision Recall Specificity F-Score AUC Score 

Training Phase (70%) 

Benign 97.69 98.81 96.52 98.85 97.65 97.68 

Malignant 97.69 96.62 98.85 96.52 97.72 97.68 

Average 97.69 97.72 97.68 97.68 97.69 97.68 

Testing Phase (30%) 

Benign 97.84 97.38 98.41 97.25 97.89 97.83 

Malignant 97.84 98.33 97.25 98.41 97.79 97.83 

Average 97.84 97.86 97.83 97.83 97.84 97.83 

 

 
Fig. 9: Result analysis of AAADTL-LNDC technique on 70% of TR data 

 

Fig. 10 demonstrates brief classifier outcomes of 

the AAADTL-LNDC approach on the test 30% of TS 

data. The experimental outcomes referred that the 

AAADTL-LNDC system has identified images under 

benign class with 𝑎𝑐𝑐𝑢𝑦 of 97.84%, 𝑝𝑟𝑒𝑐𝑛 of 

97.38%, 𝑟𝑒𝑐𝑎𝑙 of 98.14%, 𝑠𝑝𝑒𝑐𝑦 of 97.25%, 𝐹𝑠𝑐𝑜𝑟𝑒  of 

97.89%, and 𝐴𝑈𝐶𝑠𝑐𝑜𝑟𝑒 of 97.83%. Simultaneously, 

the  

 

AAADTL-LNDC technique has identified images 

under Malignant class with 𝑎𝑐𝑐𝑢𝑦 of 97.84%, 𝑝𝑟𝑒𝑐𝑛 

of 98.33%, 𝑟𝑒𝑐𝑎𝑙  of 97.25%, 𝑠𝑝𝑒𝑐𝑦 of 98.41%, 𝐹𝑠𝑐𝑜𝑟𝑒  

of 97.79%, and 𝐴𝑈𝐶𝑠𝑐𝑜𝑟𝑒 of 97.83%. In addition, the 

AAADTL-LNDC system has identified images under 

average with 𝑎𝑐𝑐𝑢𝑦 of 97.84%, 𝑝𝑟𝑒𝑐𝑛 of 97.86%, 𝑟𝑒𝑐𝑎𝑙  of 97.83%, 𝑠𝑝𝑒𝑐𝑦 of 97.83%, 𝐹𝑠𝑐𝑜𝑟𝑒  of 97.84%, 

and 𝐴𝑈𝐶𝑠𝑐𝑜𝑟𝑒 of 97.83%. 
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Fig. 10: Result analysis of AAADTL-LNDC technique on 30% of TS data 

 

The TA and VA attained by the AAADTL-LNDC 

model on 70:30 of TR/TS data are demonstrated in 

Fig. 11. The experimental outcome implied that the 

AAADTL-LNDC technique has reached maximal 

values of TA and VA. In specific, the VA is appeared 

to be higher than TA. 

The TL and VL achieved by the AAADTL-LNDC 

model on 70:30 of TR/TS data are established in 

Fig. 12. The experimental outcome inferred that the 

AAADTL-LNDC method has been able least values 

of TL and VL. In specific, the VL seemed to be lesser 

than TL. 

 

 

 
Fig. 11: TA and VA analysis of AAADTL-LNDC technique on 70:30 of TR/TS data 
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Fig. 12: TL and VL analysis of AAADTL-LNDC technique on 70:300 of TR/TS data 

 

 
Fig. 13: Precision-recall curve analysis of AAADTL-LNDC technique 

A brief precision-recall examination of the 

AAADTL-LNDC technique on test dataset is 

depicted in Fig. 13. By observing the figure, it is 

noticed that the AAADTL-LNDC approach has 

accomplished maximal precision-recall 

performance under all classes.  
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Fig. 14: ROC curve analysis of AAADTL-LNDC technique 

 

A detailed ROC examination of the AAADTL-LNDC 

approach on test dataset is represented in Fig. 14. 

The results implied that the AAADTL-LNDC model 

has exhibited its ability in categorizing two various 

classes such as benign and malignant on the test 

dataset.  

Table 3 provides a comprehensive comparison  

 

 

study of the AAADTL-LNDC model with recent 

models [22, 23]. Fig. 15 illustrates a detailed 𝑎𝑐𝑐𝑢𝑦 

examination of the AAADTL-LNDC model with 

other models. The figure indicated that the 

ResNet50, NASNet Mobile, and VGG16 models have 

shown lower 𝑎𝑐𝑐𝑢𝑦 values of 87.02%, 88.56%, and 

88.87% respectively.  

 

Table 3: Comparative analysis of AAADTL-LNDC technique with recent algorithms 

Methods Accuracy Recall Specificity AUC Score 

ResNet50 87.02 95.76 79.01 88.71 

NASNet Mobile 88.56 75.56 97.10 86.34 

VGG16 88.87 91.05 86.98 89.07 

VGG19 90.76 88.52 93.14 90.79 

M-VGG16 90.93 89.56 92.92 90.98 

Xception 92.97 94.35 92.02 93.40 

FF-VGG19 92.63 90.06 94.51 92.94 

AAADTL-LNDC 99.19 99.19 99.19 99.19 
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Fig. 15:𝑨𝒄𝒄𝒖𝒚 analysis of AAADTL-LNDC technique with recent algorithms 

 

In line with this, the VGG19 and M-VGG16 models 

have resulted in slightly enhanced 𝑎𝑐𝑐𝑢𝑦 values of 

90.76% and 90.93% respectively. Along with that, 

the Xception and FF-VGG19 models have 

accomplished reasonable 𝑎𝑐𝑐𝑢𝑦 of 92.97% and 

92.63% respectively. But the AAADTL-LNDC model 

has gained higher 𝑎𝑐𝑐𝑢𝑦 of 99.19%. 

Fig. 16 showcases a detailed 𝑟𝑒𝑐𝑎𝑙 analysis of the 

AAADTL-LNDC approach with other models. The  

 

figure exposed that the ResNet50, NASNet Mobile, 

and VGG16 models have shown lower 𝑟𝑒𝑐𝑎𝑙  values 

of 95.76%, 75.56%, and 91.05% respectively. Also, 

the VGG19 and M-VGG16 models have resulted in 

somewhat enhanced 𝑟𝑒𝑐𝑎𝑙  values of 88.52% and 

89.56% correspondingly. Moreover, the Xception 

and FF-VGG19 models have accomplished 

reasonable 𝑟𝑒𝑐𝑎𝑙  of 94.35% and 90.06% 

correspondingly. However, the AAADTL-LNDC 

model has gained higher 𝑟𝑒𝑐𝑎𝑙  of 99.19%. 

 

 
Fig. 16:𝑹𝒆𝒄𝒂𝒍 analysis of AAADTL-LNDC technique with recent algorithms 

 

Fig. 17 depicts a detailed 𝑠𝑝𝑒𝑐𝑦 inspection of the 

AAADTL-LNDC model with other approaches. The 

figure exposed that the ResNet50, NASNet Mobile, 

and VGG16 techniques have shown lower 

𝑠𝑝𝑒𝑐𝑦values of 79.01%, 97.10%, and 86.98% 

respectively. Similarly, the VGG19 and M-VGG16 

systems have resulted in slightly higher 𝑠𝑝𝑒𝑐𝑦 

values of 93.14% and 92.92% respectively. In 
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addition, the Xception and FF-VGG19 models have 

accomplished reasonable 𝑠𝑝𝑒𝑐𝑦 of 92.02% and 

94.51% respectively. But the AAADTL-LNDC model 

has gained higher 𝑠𝑝𝑒𝑐𝑦 of 99.19%. 

 

 
Fig. 17:𝑺𝒑𝒆𝒄𝒚 analysis of AAADTL-LNDC technique with recent algorithms 

 

Fig. 18 demonstrates a detailed AUC score analysis 

of the AAADTL-LNDC approach with other 

methodologies. The figure revealed that the 

ResNet50, NASNet Mobile, and VGG16 models have 

shown lower AUC score values of 88.71%, 86.34%, 

and 89.07% correspondingly. Moreover, the VGG19 

and M-VGG16 methods have resulted in slightly 

enhanced AUC score values of 90.79% and 90.98% 

correspondingly. Besides, the Xception and FF-

VGG19 models have accomplished reasonable AUC 

score of 93.40% and 92.94% correspondingly. At 

last, the AAADTL-LNDC approach has gained 

superior AUC score of 99.19%. 

 

 

 
Fig. 18: AUC score analysis of AAADTL-LNDC technique with recent algorithms 

 

From the detailed results and discussion, it is apparent that the AAADTL-LNDC model has shown 
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maximum performance over other models. 

 

4. Conclusion  

In this study, a novel AAADTL-LNDC model was 

developed for the recognition and classification of 

lung cancer nodules. To accomplish this, the 

AAADTL-LNDC model undergoes a series of 

processes namely WF based pre-processing, 

Shannon entropy based segmentation, EfficientNet 

based feature extraction, AOA based 

hyperparameter tuning, and XGBoost classification. 

Moreover, EfficientNet based feature extraction 

approach is applied to create feature vectors and 

AOA based hyperparameter tuning process is 

exploited. Finally, XGBoost classifier is applied to 

determine proper class labels. To examine the 

enhanced performance of the AAADTL-LNDC 

model, a wide range of simulations are performed 

on benchmark datasets and the results highlighted 

the superior outcomes of the AAADTL-LNDC model 

over recent approaches. In the future, deep 

instance segmentation models can be executed to 

improve the classification performance.  
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