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A B S T R A C T 

Background: Oral cancer (OC) is a major public health concern due to its high mortality rate. Early 

detection is crucial to improving the survival chances of affected individuals. Conventionally, 

histopathological examination is used for the diagnosis of OC. However, existing approaches still 

encounter challenges in capturing complex histopathological patterns and achieving consistent 

performance across varying image conditions. 

Methods: This study proposes a Reinforcement Learning-Based Multimodal Feature Extraction 

Approach for Early Oral Cancer Detection (RLMFE-OCD) model. The proposed method integrates 

multiple deep learning models, including GoogLeNet, ResNet-50, and SE-VGG16, to extract 

diverse and discriminative feature representations. A Deep Q-Network is employed for 

classification, while the Butterfly Optimization Algorithm is used for hyperparameter optimization. 

Results: Experimental results on benchmark datasets establish that the RLMFE-OCD model 

achieves higher performance, with an accuracy of 94.44% compared with existing methods. 

Conclusion: The RLMFE-OCD framework effectively supports early oral cancer detection through 

multimodal feature extraction and reinforcement learning. It shows potential as a reliable computer-

aided diagnostic approach. 
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Introduction 

ral cancer (OC) is a significant disorder 

that is often difficult to control in the later 

phases. Approximately 475,000 new cases 

of head and neck cancers are reported in 

every year. In addition to the OC, oral 

squamous cell carcinoma (OSCC) is a 

very common oral malignancy that occurs in the mouth 

cavity that happens when numerous genetic alterations 

accumulate in the cells, leading to epithelial damage. 

The majority of individuals are undiagnosed till the 

later phases of the disease, when medical treatments are 

restricted, and a poor prognosis [1]. Employing HI for 

cancer screening helps improve and predict anomalies. 

The applications of AI in OC diagnosis have been 

rapidly adopted, with notable successes in the early 

interpretation of medical imaging. DL methods, 

particularly CNNs, have become sophisticated for 

numerous image analysis tasks in recent years. Recent 

problems in the field of image diagnosis use these 

methods to tackle the classification problem. Because 

the DL method's efficacy is primarily based on 

obtaining an architecture that meets the difficult, 

numerous research studies are presently in progress to 

develop innovative and more intricate deep networks to 

improve the predictive results [2].  

A brief review of related works on Oral Cancer 

Diagnosis. Appavu [3] proposed an innovative DL-

driven method for the categorization and timely 

detection of OC employing medical imagery. Gab 

Allah et al. [4] proposed an edge-supervised DL 

structure for the automatic classification of OC using 

HI. Dhal et al. [5] proposed a lightweight, ensemble-

driven DL framework for OC prediction. Moreover, the 

presented BiGRU block improves classification 

accuracy by leveraging sequential and spatial 

characteristics to better capture dependencies in image 

data. The authors [6] introduced an enhanced DL 

ensemble approach for OC classification. The 

recommended method amalgamates improved 

EfficientNet-B5, enhanced with SE, exploiting their 

synergistic benefits for accurate lesion classification. 

Shukla et al. [7] suggested an innovative approach that 

combines machine vision for cancer detection. 

Santhiya et al. [8] employed a DL method including 

classification, preprocessing, and feature extraction. 

Lastly, a modified CNN is used to classify the OC cases 

precisely. Song et al. [9] presented an innovative 

pipeline procedure that offers an efficient method for 

diagnosing OC images. The authors [10] proposed a 

method for diagnosing OC utilizing AI and image 

processing techniques. Then, the DenseNet169 method 

has been used to extract a valuable set of deep features. 

Despite the significant advancements of DL method in 

the medical image investigations, most of the existing OC 

identification models rely on single CNN architectures, 

which limit their feature representation capability. 

Histopathological images usually contain overlapping and 

subtle patterns, which makes the classification more 

challenging. Therefore, this paper introduces a 

Reinforcement Learning-Based Multimodal Feature 

Extraction Approach for Early Oral Cancer Detection 

(RLMFE-OCD) method Using Medical Images. This 

study makes the following key contributions: 

• The fusion of feature extraction techniques, namely 

GoogLeNet, ResNet-50, and SE-VGG16, enables the 

efficient extraction of important features from complex 

oral lesion images.  

• Deep Q-networks (DQN) are employed to learn 

patterns and make reliable predictions effectively, which 

helps in classifying oral cancer.  

• The butterfly optimization algorithm (BSA) is applied 

in the parameter tuning of the model.  

The comparative analysis showed improvements in 

the RLMFE-OCD model across several measures. 

Materials and Methods 

Figure 1 shows the overall workflow of the proposed 

RLMFE-OCD method for timely OC employing 

histopathological images. Firstly, image preprocessing is 

conducted. Then, a multimodal feature extractor is 

performed using GoogLeNet, ResNet-50, and SE-

VGG16. Consequently, classification is performed using 

a DQN model. The BOA is used to optimize model 

parameters. Finally, the model results are examined using 

different metrics. 

Feature Representation Models 

In this section, important features are extracted using a 

combination of GoogLeNet, ResNet-50, and SE-VGG16 

models [11, 12]. 

GoogLeNet Model 

 This model is also known as Inceptionv1, a 22-layer 

deep network. It is a response to restrictions of preceding 

CNN structures, mainly in terms of computational 

efficacy and depth. GoogLeNet’s main advanced feature 

is 9 inception modules, which form the structure. The 

outputs are concatenated and used as input for the 

following layer. At last, an attained feature mapping was 

compressed into a 1D vector and categorized by utilizing 

softmax. 

O 
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ResNet-50 Technique  

The ResNet50 includes 50 layers, with 4 residual 

blocks and 3 convolutional layers. The layers of 

convolutional are prepared with max pooling operation, 

ReLU, and batch normalization. Then, they are handled 

by a residual block, which is an essential element of 

ResNet50. The convolution block is equivalent to an 

identity block and contains a 1x1 convolutional layer to 

reduce the number of filters before the 33 

convolution layer. Lastly, the structure concludes with 

a fully connected (FC) layer that plays a vital role in 

classifying the outcome. From the last FC layer, an 

output is passed through a softmax. 

SE-VGG16 Architecture  

The SE-VGG16 model was proposed for oral 

cancer detection. This structure is based on VGG-16, 

integrating the SENet module. VGGNet is a structure 

of CNN that contains convolutional layers and FC 

layers. The SE blocks improve feature representation 

by learning channel-wise relationships through FC 

layers, enabling the network to emphasize important 

features and improve classification accuracy. A SE 

block is a computation unit for mapping an input image 

𝑥, 𝑥 ∈ 𝑅𝐻′×𝑊′×𝐶′
 to feature 𝑈, 𝑈 ∈ 𝑅𝐻×𝑊×𝐶 by 𝐹𝑡𝑟. In 

this calculation, 𝐹𝑡𝑟 acts as an operator, 𝑉 =

[𝑣1, 𝑣2, … , 𝑣𝐶], represented as 𝑣𝑐. Therefore, an output 

is written as 𝑈 = [𝑢1, 𝑢2, … , 𝑢𝐶], whereas 

𝑢𝑐 = 𝑣𝑐 × 𝐴 = ∑ 𝑣𝑐
𝑠

𝐶′

𝑠=1

∗ 𝑎𝑠                                   (1) 

where ∗ means the convolutional, 𝑣𝑐 =

[𝑣𝐶
1 , 𝑣𝐶

2, … , 𝑣𝐶
𝐶′

], 𝐴 = [𝑎1, 𝑎2, … , 𝑎𝐶′
] and 𝑢𝐶 ∈ 𝑅𝐻×𝑊 . 

𝑣𝐶
𝑆 denotes a 2D spatial kernel signifying the individual 

channels 𝑣𝑐. The SE block uses two FC layers with a 

ReLU activation in between. It first reduces the channel 

dimensions by a ratio 𝑟 to lower computation, then 

restores them to the original size. 

𝑋𝑐 = 𝐹𝑠𝑐𝑎𝑙𝑒(𝑢𝑐, 𝑠𝑐) = 𝑠𝑐𝑢𝑐                            (2)    

whereas 𝑋̃ = [𝑥1, 𝑥2, … , 𝑥𝐶] and 𝐹𝑠𝑐𝑎𝑙𝑒(𝑢𝑐, 𝑠𝑐) 

signifies channel multiplication among metrics 𝑠𝑐  and 

feature map 𝑈𝐶 ∈ 𝑅𝐻×𝑊 . 

DQN-based Classification Technique 

In this part, the DQN classifies the images and 

identifies cancerous patterns. To integrate 𝑄-learning 

with NN results in instability and divergence if 

completed simply by substituting the 𝑄-table with an 

NN and implementing standard upgrades of 𝑄-learning. 

DQN resolves this concern through algorithmic novelty 

that stabilizes learning [13]. To develop the 𝑄‐learning 

technique, by parametrizing the function of action‐

value utilizing a DNN 𝑄(𝑠, 𝑏; 𝜃), here 𝜃 ∈ ℝ𝑑 denotes 

network parameters. With a fixed state space, the 

 

 
Figure 1. Process diagram of the proposed RLMFE-OCD approach. 
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system becomes tractable by taking states as input and 

producing Q-values for all discrete actions 

simultaneously. The problem arises in modifying the 

update rules of tabular 𝑄‐learning to NN.  

𝑄(𝑠, 𝑏) ← 𝑄(𝑠, 𝑏) + 𝛼[𝑟 + 𝛾max𝑏′𝑄(𝑠′, 𝑏′) −

𝑄(𝑠, 𝑏)]                          (3)    

To become the regression issue with a function of loss: 

ℒ(𝜃) = 𝔼(𝑠,𝑏,𝑟,𝑠′)∼𝐷[(𝑦 − 𝑄(𝑠, 𝑏; 𝜃))2]       (4)   

Here, the mathematical representation of target 𝑦 =

𝑟 + 𝛾max𝑏′𝑄(𝑠′, 𝑏′; 𝜃) succeeds from the 

mathematical form of Bellman optimality. 

DQN upholds dual separate networks: online 

network 𝑄(𝑠, 𝑏; 𝜃) and targeted network 𝑄(𝑠, 𝑏; 𝜃−) 

The loss becomes: 

ℒ(𝜃) = 𝔼(𝑠,𝑏,𝑟,𝑠′)[(𝑟 + 𝛾 max
𝑏′

𝑄(𝑠′, 𝑏′; 𝜃−) −

𝑄(𝑠, 𝑏; 𝜃))2]                                                          (5)    

In the gradient: 

𝛻𝜃ℒ(𝜃) = −2𝐸(𝑠,𝑏,𝑟,𝑠′)[(𝑟 +

𝛾 max
𝑏′

𝑄(𝑠′, 𝑏′; 𝜃−) − 𝑄(𝑠, 𝑏; 𝜃))𝛻𝜃𝑄(𝑠, 𝑏; 𝜃)]       (6)   

The target network is kept fixed for stability and 

periodically updated every 𝐶steps (copying 𝜃−), 

making each interval equivalent to one fitted Q-

iteration step. To optimize minibatch gradient descent. 

Specified batch 𝐵 = {(𝑠𝑖 , 𝑏𝑖 , 𝑟𝑖 , 𝑠𝑖
′)}𝑖=1

𝐵 : 

𝛻𝜃ℒ(𝜃) ≈ −
2

𝐵
∑ 𝛿𝑖

𝑋
𝑖=1 𝛻𝜃𝑄(𝑠𝑖 , 𝑏𝑖; 𝜃)            (7)    

While 𝛿𝑖 = 𝑟𝑖 + 𝛾max𝑏′𝑄(𝑠𝑖
′, 𝑏′; 𝜃−) −

𝑄(𝑠𝑖 , 𝑏𝑖; 𝜃) denotes temporal difference error. 

Parameter Selection using BOA 

Finally, the BOA model is used for fine-tuning the 

model. BOA is stimulated by butterflies’ behaviors 

naturally, which mimic the mating and foraging 

behaviors for exploration [14]. This technique utilizes 

scent to pretend fitness value, directing entities to travel 

in the solution space over dual methods such as global 

and local searches. The scent was stated as an intensity 

function of stimulus: 

𝑓𝐵𝑂𝐴 = 𝑐 × 𝐼𝑎                                             (8)    

whereas 𝑐 denotes a sensory factor. 𝑎 is a power 

index. The BOA was mainly divided into 3 phases: 

First stage  

Initialize the population, objective function, 

parameters, and much more. 

Second stage  

Update butterfly positions iteratively and 

recalculate their fitness values. 

A butterfly's insight into scent is passed on to a new 

butterfly that will travel near the source of scent. This 

phase is officially named global search: 

𝑃𝑖
𝑇+1 = 𝑃𝑖

𝑇 + (𝑟𝐵𝑂𝐴2 × 𝑔∗ − 𝑃𝑖
𝑇) × 𝑓𝐵𝑂𝐴−𝑖       (9)    

 

Here,𝑃𝑖
𝑇  is the position of the 𝑖th butterfly at 

iteration 𝑇, 𝑔∗is the current best solution, 𝑓𝐵𝑂𝐴−𝑖is its 

scent value, and 𝑟𝐵𝑂𝐴 ∈ [0,1]is a random number. 

In another scenario, if a butterfly were incapable of 

perceiving the fragrance produced by another one, it 

would perform a casual movement. This phase is called 

local search: 

𝑃𝑖
𝑇+1 = 𝑃𝑖

𝑇 + (𝑟𝐵𝑂𝐴2 × 𝑃𝑗
𝑇 − 𝑃𝑘

𝑇) × 𝑓𝐵𝑂𝐴−𝑖      (10)    

Let, 𝑃𝑘
𝑇  and 𝑃𝑗

𝑇  represent the 𝑘𝑡ℎ and 𝑗𝑡ℎ 

butterflies, 

In BOA, the switch probability(𝑝 = 0.8)controls 

the transition between global and local search. At each 

iteration, a random value is generated and compared 

with 𝑝 to select the appropriate search strategy. 

𝑟𝐵𝑂𝐴 = 𝑟𝑎𝑛𝑑(0,1)                                (11)    

Third stage  

The algorithm stops when the maximum iterations 

are reached and outputs the best optimal solution found. 

The BOA model offered a fitness function (FF) for 

achieving enhanced classifier outcomes. It explains the 

positive numbers to indicate the candidate outcomes. 

Here, the classifier rate of error minimization was 

defined as FF in Eq. (17).    

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑥𝑖) = 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟𝐸𝑟𝑟𝑜𝑟𝑅𝑎𝑡𝑒(𝑥𝑖) 
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=
𝑐𝑜𝑢𝑛𝑡 𝑜𝑓 𝑚𝑖𝑠𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝑐𝑜𝑢𝑛𝑡 𝑜𝑓 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠

∗ 100                                 (12) 

Results 

In this section, the experimental investigation of the 

RLMFE-OCD model is presented using the NDB-

UFES dataset [15]. Every case with this dataset is 

represented by the patients with at least one lesion in 

the OC that is more than dual HI are acquired; In these 

recovered slides, overall, 237 images can be acquired 

with the 10X and 40X objectives of the light 

microscope, Leica DM500. It has three classes: OSCC, 

Leukoplakia with dysplasia, and Leukoplakia without 

dysplasia, as shown in Table 1 below. Figure 2 denotes 

the sample images of the original, pre-processed, and 

feature extraction. 

Figure 3 signify an average value of the RLMFE-

OCD technique on 70:30 TRAIP/TESTP. The 

proposed method achieved average value with 𝑎𝑐𝑐𝑢𝑟𝑦 

of 92.32% and 94.44% for the TRAIP and TESTP. 

Figure 4 portray an average value of the RLMFE-

OCD technique on 80:20 of TRAIP/TESTP. The 

proposed method achieved average value with 𝑎𝑐𝑐𝑢𝑟𝑦 

of 93.65% and 93.06% for the TRAIP and TESTP. 

Discussion 

To establish the enhanced solution for the RLMFE-

OCD system, a brief comparative analysis is presented 

in Figure 5 [16, 17]. The solutions exhibited that the 

SqueezeNet, ResNet50, AlexNet, VGG19, ResNet34, 

Inception, and Regnet-X16GF models have shown 

lower outcomes. Moreover, the RLMFE-OCD 

approach signifies a maximal solution with 𝑎𝑐𝑐𝑢𝑟𝑦 of 

94.44%, 𝑝𝑟𝑒𝑐𝑖𝑛 of 91.18%, 𝑟𝑒𝑐𝑎𝑙𝑙  of 91.37%, and 

𝐹1𝑠𝑐𝑜𝑟𝑒  of 91.25%. 

Table 2 represents the ablation study of the proposed 

RLMFE-OCD methodology. The GoogLeNet + DQN, 

attains an 𝑎𝑐𝑐𝑢𝑦 of 90.62%, 𝑝𝑟𝑒𝑐𝑛 of 87.25%, 𝑟𝑒𝑐𝑎𝑙 of 

87.63%, and 𝐹1𝑠𝑐𝑜𝑟𝑒  of 87.44%. and the ResNet-50 + 

DQN providing an 𝑎𝑐𝑐𝑢𝑦 of 91.37%, 𝑝𝑟𝑒𝑐𝑛 of 88.41%, 

𝑟𝑒𝑐𝑎𝑙 of 88.72%, and 𝐹1𝑠𝑐𝑜𝑟𝑒  of 88.56%. Moreover, the 

SE-VGG16 + DQN, achieves a better 𝑎𝑐𝑐𝑢𝑦 to 92.15%, 

𝑝𝑟𝑒𝑐𝑛 to 89.36%, 𝑟𝑒𝑐𝑎𝑙 to 89.54%, and 𝐹1𝑠𝑐𝑜𝑟𝑒  to 

89.45%. However, the GoogLeNet + ResNet-50 + DQN, 

further enhance the 𝑎𝑐𝑐𝑢𝑦 to 93.08%, 𝑝𝑟𝑒𝑐𝑛 to 89.92%, 

𝑟𝑒𝑐𝑎𝑙 to 90.18%, and 𝐹1𝑠𝑐𝑜𝑟𝑒  to 90.05%. Besides, the 

GoogLeNet + ResNet-50 + SE-VGG16 (without BOA) 

+ DQN, get an improved 𝑎𝑐𝑐𝑢𝑦 to 93.71%, 𝑝𝑟𝑒𝑐𝑛 to 

90.53%, 𝑟𝑒𝑐𝑎𝑙 to 90.68%, and 𝐹1𝑠𝑐𝑜𝑟𝑒  to 90.68%. 

Lastly, the RLMFE-OCD (GoogLeNet + ResNet-50 + 

Table 1. Details of the dataset. 

Classes Labels class Images 

“OSCC” 0 91 

“Leukoplakia with 

dysplasia” 
1 89 

“Leukoplakia without 

dysplasia” 
2 57 

Total Images 237 

 

 

 

 
Figure 2. Sample Images of (a) Original, (b) Pre-processed, 

and (c) Feature Extraction. 

 

 

 

 
Figure 3. Average values of the RLMFE-OCD model on 

70:30 of TRAIP/TESTP. 

 

 

 

 
Figure 4. Average values of the RLMFE-OCD method with 

80 :20 of TRAIP/TESTP. 
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SE-VGG16 + BOA + DQN) technique, got the highest 

outcome with an 𝑎𝑐𝑐𝑢𝑦 of 94.44%, 𝑝𝑟𝑒𝑐𝑛 of 94.44%, 

𝑟𝑒𝑐𝑎𝑙 of 91.37%, and 𝐹1𝑠𝑐𝑜𝑟𝑒  of 91.25%, shows the 

effectiveness of the components. 

Conclusion 

In this study, the RLMFE-OCD method is presented 

for timely detection of oral cancer (OC) using 

histopathological images. The framework integrated 

multiple DL architectures, including GoogLeNet, 

ResNet-50, and SE-VGG16, to capture diverse, high-

level feature representations. The classification process 

is handled using a DQN method, which allows adaptive 

learning and improved decision-making in complex 

scenarios. Moreover, the BOA is used for parameter 

tuning, thereby enhancing model stability and 

performance. Experimental results show that the 

proposed RLMFE-OCD technique consistently 

surpasses existing models across multiple evaluation 

metrics. However, the model still has limitations 

regarding computational complexity owing to multiple 

feature extractors and reinforcement learning 

components. Future research can focus on reducing the 

computational complexity of the proposed model by 

introducing lightweight feature-extraction models. 

Additionally, the model could be extended to multi-

class and multi-organ cancer detection scenarios to 

assess its generalization capability. 
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