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Deep learning (DL) has transformed medical imaging, particularly in the realm of oral 
cancer (OC) diagnosis using histopathological images. Timely detection of OC is es-
sential for enhancing precision medicine and saving lives. However, incorrect diagnosis 
may impede effective treatment. In this study, we have proposed a DL model for OC 
classification, enhanced diagnosis decision-making and interpretability. We achieve 
this by starting with colour normalisation of histopathology images using the Vaha-
dane 3-stain parameter normalisation and watershed segmentation method, followed 
by tiling and augmentation. Key features are selected using the weighted Fisher score 
(WFS) to address class imbalance. The U-Net classifier has been improved by using 
feature-based inputs instead of full images, reducing computational complexity and 
training time. The integration of Vahadane normalisation for consistent preprocessing 
across samples, WFS, and explainable artificial intelligence (XAI) addresses critical 
challenges in histopathological image analysis. The proposed model surpasses exist-
ing approaches with a classification accuracy of 99.54%, and it outperforms Dense- 
Net201 and VGG10 in precision and reliability. The efficiency in handling imbal-
anced datasets and explainability features make it suitable for early precise OC detec-
tion, which can reduce diagnostic errors and enhance treatment outcomes.

Key words: oral cancer detection, histopathological image analysis, Vahadane 
3-stain parameter normalisation, weighted Fisher score, U-Nete.

Introduction

Oral cancer (OC) is characterised by the unchecked 
growth of cells that invade and damage surrounding 
tissues within the oral cavity. The three main types 
of OC are oral squamous cell carcinoma (OSCC), 
verrucous carcinoma, and minor salivary gland car-

cinoma [1]. Consequently, many cases remain undi-
agnosed until they metastasise to other parts of the 
body, posing challenges and reducing treatment effec-
tiveness [2]. Treatment options for OC typically in-
clude surgery, radiotherapy, and chemotherapy, either 
as standalone therapies or in combination, depending 
on the disease stage [3]. In recent times, the field of 
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medicine has undergone a significant transformation 
due to the emergence of DL applications. These DL 
models excel in identifying intricate data patterns and 
making predictions autonomously, without the need 
for explicit programming [4]. DL has advanced sever-
al medical domains, including radiology, dermatology, 
ophthalmology, neurology, genomics, and cardiology. 
It has also emerged as a promising technique for an-
alysing histopathological images [5]. Convolutional 
neural networks (CNN) are DL algorithms that con-
sist of several types of layers, including convolutional 
layers, pooling layers, and fully connected layers [6, 
7]. Applying DL to oral histopathology images can 
aid clinicians in diagnosing, detecting, and predicting 
the prognosis of OC in clinical settings. This enables 
early diagnosis, optimal treatment selection, and im-
proved survival rates [8]. Moreover, robust preprocess-
ing methods and advanced DL algorithms are essential 
due to the detailed structural information histopatho-
logical images offer about underlying tissues [9]. To 
overcome this, the proposed model developed an au-
tomatic prediction model for OC using advanced DL-
based models.
• The foremost contributions of the proposed OC 

prediction model are listed below:
• The proposed Vahadane Three-Stain Parame-

ter Normalization technique allows setting the 
number of stains to 3, aiming to encompass 
a broader range of variability.

• XAI technique, namely gradient-weighted class 
activation mapping (GRAD-CAM), used to offer 
insights into the model’s predictions.

• The proposed methodology addresses the issue 
of class imbalance by incorporating the WFS, 
which integrates class weights into its compu-
tation. This adjustment ensures that the fea-
ture selection process considers the imbalanced 
class distribution, giving proper importance to 
minority classes. This potentially enhances the 
classifier’s performance across all classes, partic-
ularly those that are underrepresented. Address-
ing class imbalance entails several implications, 
including the following:
• Upgraded categorisation performance:

– enhanced feature representation balance: 
utilising WFS increases the likelihood of se-
lecting features critical for distinguishing all 
classes, including minority classes;

• equitable model predictions: by mitigating 
class imbalance during feature selection, the 
model’s predictions exhibit reduced bias to-
wards the majority class, promoting fairer 
treatment across all classes.

The remaining portion of the paper is arranged as 
follows: Section Literature survey analyses earlier stud-
ies related to OC diagnosis, Section Proposed method-
ology outlines the proposed model for detecting OC, 

Section Results and discussion presents the findings, 
and the last Section  summarises the conclusions.

Literature survey

This section analyses the existing works of OC can-
cer detection and classification. Marzouk et al. [10] 
introduced AI and DL models for diagnosing and clas-
sifying OC using a fuzzy-based contrast enhancement 
technique, DenseNet-169, and a Chip optimisation 
strategy with an autoencoder. The model improves 
the performance with the highest precision. However, 
an advanced DL model could be used to classify med-
ical images for diagnosing OC. To overcome this, Das 
et al. [11] utilised histopathology images of OC to au-
tomatically and early OSCC detection using a 10-layer 
CNN model. The model was analysed with state-of-
the-art DL models like VGG16, VGG19, Alexnet, 
and Inception Net and achieved high accuracy. It 
could be expanded further to identify distinct stages 
of OC, which could benefit both the patient and the 
doctor. For this, to automatically categorise 6 clinical 
representation types of oral lesion images, Gomes et al. 
[12] used CNN models such as ResNet50, VGG16, 
InceptionV3, and Xception. InceptionV3’s oral ele-
mentary classification produced the best results, but it 
struggled to analyse the images because multiple dis-
eases were present in the same regions.

Myriam et al. [13] intended to establish reliable OC 
diagnosis in medical images based on a CNN and opti-
mised deep belief network, which are tuned by a com-
bination of particle swarm optimisation and Al-Briruni 
Earth Radius optimisation algorithms. The model 
could be enhanced by applying the model over a larger 
dataset and thoroughly examining its advantages and 
disadvantages. Song et al. [14] explored the efficacy 
of the Vision Transformer (ViT) and Swin transformer 
architectures for mobile-based image classification of 
OC. The pre-trained Swin transformer model outper-
formed better the ViT model in binary classification. 
Despite this, the transformer-based model provided re-
markable performance. It was difficult to comprehend 
the prediction because of its interpretability. Confer et 
al. [15] created a DL-based multimodal discrete fre-
quency infrared and darkfield microscopy to assist with 
the label-free histopathological examination of oral 
potentially malignant disorders. The tissues were seg-
mented into 3 classes using a fully convolutional net-
work with a ResNet50 backbone. Although the model 
demonstrated potential for high histopathological seg-
mentation accuracy, it was not generally applicable to 
all acquired tissues. 

Thus, by analysing the existing models, we identi-
fied several issues, such as inadequate diagnosis, chal-
lenges in histopathology image analysis, lack of inter-
pretability, unclear object boundaries, low reliability in 
prediction, scarcity of diverse datasets, and class imbal-
ance. To address these limitations, our proposed model 
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developed a DL-based model for OC classification 
and enhanced diagnosis decision-making and inter-
pretability.

Proposed methodology

The proposed methodology integrates advanced 
image processing techniques with DL methods to 
enhance the accuracy and reliability of OC detection 
using histopathological images. Initially, the images 
are pre-processed to standardize color variation across 
samples. Watershed Segmentation algorithm is then 
employed to effectively delineate regions with unclear 
boundaries. The segmented images are further pro-
cessed through image tiling and image augmentation 
techniques. After that, the shape and textual features 
are extracted from the images using local binary pat-

terns (LBP) and gray level run length matrix (GLRLM). 
To address the class imbalance, the WFS method incor-
porates class weights to prioritize features that differen-
tiate minority classes, thereby improving the model’s 
performance. For classification, an improvised U-Net 
model is developed that utilizes features instead of en-
tire images as input, reducing the duration of training. 
Finally, the XAI technique Grad-CAM is employed 
for image interpretability to identify critical image re-
gions. The proposed approach, depicted in Fig. 1, helps 
differentiate non-cancerous and cancerous tissue.

Image source

This research utilizes histopathological images, 
which are microscopic images of tissues used for 
analysing diseases. Sections are stained with one or 

Fig. 1. Diagrammatic representation of the proposed model

Fig. 2. Histopathological image samples from the dataset for normal images (LHS) and cancerous images – oral squamous 
cell carcinoma (RHS)
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more dyes to perceive various tissue components un-
der a microscope. These images were sourced from 
datasets of histopathological images of OC on Kag-
gle. The images in the OC datasets are categorized 
into two groups: normal and cancerous, as shown 
in Fig. 2. Furthermore, we have also used the Multi 
Cancer Dataset for training and testing and the 
NDB-UFES dataset for validation purposes.

Color normalization

Color normalization is crucial for optimizing the 
performance of the CNN classifier. To achieve this, 
an intensity scaling factor is included to regulate 
intensity, and the proposed method adopts an im-
proved Vahadane Three-Stain Parameter Normal-
ization approach, utilizing three stain parameters 
to capture increased variability (Fig. 3). The approach 
is utilized to achieve accurate normalization results. 
The improved technique enhances performance by 
preserving nuclear patterns critical for distinguishing 
between cancerous and non-cancerous tissues. The in-
corporation of Sparse Non-Negative Matrix Factoriza-
tion (SNMF) ensures precise stain separation, leading 
to consistent results across varying histopathological 
images. Initially, NMF separates stain components 
from the source image. This is enhanced through 
SNMF optimization, which ensures better separation 
by enforcing sparsity in the factorization. Addition-
ally, a structure-preserving normalization technique 
is applied to maintain the structural integrity of the 
source images post-normalization. This technique pre-
serves spatial information by minimizing alterations 
to structural features. The combination of SNMF and 
structure-preserving normalization yields exceedingly 
precise results while safeguarding the structural and 
spatial characteristics of the input image. SNMF is 
represented by the following Equations (1–3):

VS ≈ WS * HS      
                                (1)

VR ≈ WR * HR  
                                                                    (2)
W,H ≥ 0, and ||V-WH||      ≤ ∈   

                             (3)
Where ∈ is a small positive number, W is stain 

matrix, H is concentration matrix and V is OD 
matrix. Structure-Preserving Color Normalization 
(SPCN) is represented by Equation (4), the modi-
fied stain matrix is obtained by Equation (5), and 
the normalized concentration matrix is obtained by 
Equation (6).

Q = inv (WR) * WS     
                                (4)

ω = WS * U * VT     
                                            (5)

HN = inv (ω) * VS     
                                            (6)

Q is the transformation matrix from which the 
left and right singular values (U and VT) are ob-
tained. 

Achieving segmentation through watershed 
algorithm

The watershed segmentation algorithm em-
ployed in the proposed model uses mathematical 
morphology’s topological principles. One notable 
advantage of watershed segmentation is its effi-
ciency and robustness for delineating objects with 
indistinct boundaries. Fig. 4 shows the segmented 
outputs from the watershed segmentation process 
which are further used to classify the cancerous and 
non-cancerous images.

Image annotation

Multiple augmented versions of an input image 
are created using predefined transformations in the 
image annotation stage through image tiling and 
image augmentation. Image tiling divides the large 
segmented image into smaller patches, allowing de-
tailed examination of specific sections without losing 
resolution. Image augmentation is a DL technique 
that enriches the training datasets by generating new 
examples from existing ones. This enhances model 
generalization and accuracy through diverse transfor-
mations such as rotation, flipping, blurring, transla-
tion, scaling, cropping, and padding.

Feature extraction

Feature extraction involves capturing pertinent 
information from each augmented image to facili-
tate indexing and retrieval. We have chosen LBP and 
GLRLM for feature extraction in our histopatholog-
ical image analysis for their strong balance between 
computational efficiency and effectiveness in captur-
ing critical texture and structural information. LBP 
excels in capturing local, fine-scale textural patterns, 
crucial in distinguishing subtle variations in tissue 
microstructures, such as histopathological cell ar-
rangements. Meanwhile, GLRLM is adept at quan-
tifying the spatial relationships of pixel intensities, 
which is valuable for identifying larger-scale tissue 
organization. Both methods are less computation-
ally demanding than more complex techniques like 
Wavelet Transforms, Gabor Filters, or Gray-Level 
Co-occurrence Matrices (GLCM).

Local binary pattern

Local binary pattern (LBP), a texture descriptor, 
exhibits minimal computational complexity. It is rel-
atively robust to variations in radiance due to its fo-

Fro 
2 
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cus solely on the intensity association between sets 
of pixels.

The process involves comparing the intensity val-
ue of each pixel in an input image with the intensity 
values of P neighboring pixels sampled in a circular 
area with a radius R around it. If the central pixel has 
a lower intensity value than the neighboring pixels, 
a value of 1 is recorded; otherwise, 0 is recorded. This 
generates a binary array of length which represents 
a pattern index.

Gray level run length matrix

Gray level run length matrix (GLRLM) is based 
on counting the occurrences of consecutive picture 
points with similar gray levels, known as gray-level 
runs. A run-length matrix D(s,t) is structured such 
that r is the number of runs in the grey level, s rep-
resents the number of consecutive runs of pixels 
with a specific gray level intensity, and t represents 
the length of each run in a particular direction. Us-
ing a displacement vector p(x,y), orientations are 
defined where x and y denote displacements along 
the x-axis and y-axis. This approach utilizes four 
directions (0°, 45°, 90°, and 135°) to delineate 
texture runs, resulting in the generation of four 
run-length matrices. Through GLRLM, seven fea-
tures namely Short Run Emphasis (SRE), Long Run 
Emphasis (LRE), Low Gray Level Run Emphasis 
(LGRE), High Gray Level Run Emphasis (HGRE), 
Gray Level Non-Uniformity (GLN), Run Length 
Non-Uniformity (RLN), and Run Percentage (RP) 
are procured. These are mathematically represent-
ed in Equation (7–13):

SRE = 1/r ∑s,t (D(s,t))/t2     
                                  (7)

LRE = 1/r ∑s,t t
2 D(s,t)    

                                 (8)
LGRE = 1/r ∑s,t (D(s,t))/s2     

                      (9)
HGRE = 1/r ∑s,t s

2 D(s,t)    
                               (10)

GLN = 1/r ∑s (∑t D(s,t))2     
                               (11)

RLN = 1/r ∑s (∑s D(s,t))2     
                              (12)

RP = ∑s,t r/(D(s,t)t)     
                               (13)

Shape features

Shape-based feature extraction is comprised of 
calculating the resemblance between shapes based 
on their typical features. The shape parameters, ec-
centricity, area, compactness, circularity ratio are 
assessed in the proposed system as expressed in 
Equations (14–17).

Eccentricity = √(1 – w2/y2)      
                                          (14)

In Equation (14), w is the minor axis and y is the 
major axis.

Area = ∑e,f=0  p(e,f)      
                                          (15)

where, p(e,f) is the pixel intensity value at the 
(e,f) point and the image is of Z by B size.

Circularity = Area/A0     
                                          (16)

where A0 specifies the area of the circle having 
the identical length as the shape.

Compactness = 4π(Area)/Perimeter2    
                               (17)

where Perimeter specifies the quantity of pixels 
along the boundary of the nucleus.

Color features

Hyperchromatism involves the proliferation of ex-
cess chromatin or unnecessary nuclear staining, typi-
cally indicative of pathological processes. In this study, 
numerous color features have been extracted, signifi-
cantly contributing to identifying malignant nuclei.

Feature selection

The Weighted Between-Class Variance SBw(f), 
Weighted Within-Class Variance SWw(f), and 
WFS are computed through the following mathe-
matical Equations (18–20):

SBw(f)= ∑(i=1) K wi Ei (μi – μ)2   
                               (18)

SWw(f)= ∑(i=1) K wi V∈ CSi ∑(Vj – μi)
2   

                   (19)
WFS=SBw(f) * SWs(f)    

                   (20)
Where, E – total number of samples, K – total 

number of classes, F –  total number of features, Ei – 
number of samples in class i, μi –  mean for class i, μ –  
overall mean, wi –  weight for class i, Vj –  value for the 
sample j in class i, and CSi – set of samples in class i.

After WFS has been calculated for each feature, 
the features are ranked based on their Fisher scores 
in descending order. The features with the highest 
Fisher scores are selected for classification.

Classification

Predictions are obtained from the improvised clas-
sifier, U-Net, for each feature vector corresponding 
to an augmented image. The proposed U-Net uses 
feature-based inputs instead of full images, reducing 
complexity and training time. Its optimized feature 
selection and architecture enhance clinical applica-
tion efficiency, generalization, and reliability. It fea-
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Fig. 5. Visual representation of the Grad-CAM explainable AI technique
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Fig. 3. Representative examples of color-normalized images obtained through the application of the Vahadane Three-
Stain Parameter Normalization technique on two different histopathological images

Fig. 4. Representative examples of segmented images obtained through the application of the Watershed Algorithm on 
four different color-normalized images



125

histOPathOlOGical imaGe aNalysis aNd eNhaNced diaGNOstic accuracy exPlaiNability fOr Oral caNcer detectiON

Fig. 5. Visual representation of the Grad-CAM explainable AI technique
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Fig. 3. Representative examples of color-normalized images obtained through the application of the Vahadane Three-
Stain Parameter Normalization technique on two different histopathological images

Fig. 4. Representative examples of segmented images obtained through the application of the Watershed Algorithm on 
four different color-normalized images
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tures both an encoder and a decoder, offering ad-
vantages such as high accuracy and the absence of 
fully connected layers. The classifier comprises six 
convolutional sub-modules, each consisting of three 
convolution layers. Each convolution layer utilizes 
32 filters with a window size of 3 × 3. The dimen-
sionality of the features is found to be too high. To 
reduce the size, a pooling layer follows each convo-

lution sub-module. This pooling layer incorporates 
both average and maximum pooling techniques. In 
average pooling, a 3 × 3 mask is applied to the fea-
ture set, computing the mean of feature values for 
the final response from the pooling layer. Converse-
ly, maximum pooling applies a 3 × 3 mask to the 
feature set, selecting the maximum feature value for 
the final response. Following the concatenation of the 

Table I. Key performance metrics of the proposed model on datasets

dataset / 
metrics

accuracy

(%)
precisiOn

(%)
f1 scOre

(%)
recall

(%)
specificity

(%)
npV
(%)

mcc
(%)

fnr
(%)

fpr
(%)

Kaggle dataset 98.72 98.58 98.80 99 98.50 98.80 98.00 0.0078 0.0069

Multi Cancer 
Dataset

99.32 99.25 99.28 99.30 99.35 99.40 99 0.007 0.0065

NDB-UFES 
dataset

99.54 99.95 98.44 98.93 99.02 86.40 97.92 0.0254 0.0651

Fig. 6. A) Loss and B) accuracy curves of the proposed model on the Kaggle dataset

Fig. 7. A) Accuracy and B) loss curves of the proposed model on the NDB-UFES dataset
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input features, a convolution operation is performed 
using two 3 × 3 kernels, which ReLU subsequently 
activates. Finally, a 1 × 1 convolution is applied to 
the final layer, assigning a vector of 56 components 
to the respective class. The features are input to the 
decoder of the U-Net architecture, which generates 
detailed predictions.

Feature prediction

XAI seeks to enhance the reliability of AI solutions 
by providing transparency into how CNN models 
make predictions. XAI technique GRAD-CAM has 
been used to provide comprehension of the model’s 
predictions. The XAI methods identify regions of  

hyperchromatism as the key distinguishing feature in 
a subset of OSCC samples. The XAI technique pro-
duces a visual heat map to help clinicians verify if the 
highlighted regions align with pathological markers 
like tumors, non-tumors, or other disease-specific 
features. The XAI enables pathologists to detect can-
cerous regions earlier with greater precision, reduc-
ing diagnostic errors and supporting timely interven-
tion. These insights align with clinical observations, 
underscoring the proposed model’s potential to assist 
pathologists in decision-making.

Fig. 8. Confusion matrix of the proposed model with the 
Kaggle dataset

Fig. 9. Confusion matrix of the proposed model with the 
NDB-UFES dataset

Table II. Dividing Multi Cancer Dataset into training, 
testing, and validation phases

datasets classes training 
(80%)

ValidatiOn 
(20%)

testing 
(20%)

Multi 
Cancer 
Dataset

Normal 
oral 

cavity

3201 800 1000

OSCC 3201 800 1000

Total 6402 1600 2000

Table III. Ten-fold cross-validation performance of the 
proposed model

mOdel accuracy 
(%)

precisiOn 
(%)

recall 
(%)

f1 scOre 
(%)

Fold-1 98.20 98.50 98.30 98.40

Fold-2 98.90 99.30 99.20 99.20

Fold-3 99.40 99.40 99 99.20

Fold-4 98.10 98.70 98.40 98.50

Fold-5 99.50 99.30 99.40 99.40

Fold-6 99.40 99.60 99.30 99.50

Fold-7 99.60 99.40 99.40 99.50

Fold-8 99.70 99.70 99.60 99.70

Fold-9 99.40 99.2 99.10 99.30

Fold-10 99.60 99.5 99.40 99.50

Average 99.20 99.2 99.0 99.20

Table IV. Comparison between the proposed approach and 
existing state-of-the-art approaches in OC classification

classifiers 
/ metrics

prOpOsed 
mOdel

Vggnet dense- 
net121

incep- 
tiOnV3

Accuracy 
(%)

99.54 94.0 90.0 83

Precision 
(%)

99.95 93.2 84.6 77

Recall (%) 98.44 98.0 95.0 88

F1-Score 
(%)

98.93 95.7 89.7 82

Table V. Comparative analysis of MSE and RMSE

classifiers 
/metrics

prOpOsed 
mOdel

cnn sVm resnet- 
152V2

RMSE 0.1133 0.269393 0.287861 0.2

MSE 0.0128 0.0726 0.082864 0.038
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input features, a convolution operation is performed 
using two 3 × 3 kernels, which ReLU subsequently 
activates. Finally, a 1 × 1 convolution is applied to 
the final layer, assigning a vector of 56 components 
to the respective class. The features are input to the 
decoder of the U-Net architecture, which generates 
detailed predictions.

Feature prediction

XAI seeks to enhance the reliability of AI solutions 
by providing transparency into how CNN models 
make predictions. XAI technique GRAD-CAM has 
been used to provide comprehension of the model’s 
predictions. The XAI methods identify regions of  

hyperchromatism as the key distinguishing feature in 
a subset of OSCC samples. The XAI technique pro-
duces a visual heat map to help clinicians verify if the 
highlighted regions align with pathological markers 
like tumors, non-tumors, or other disease-specific 
features. The XAI enables pathologists to detect can-
cerous regions earlier with greater precision, reduc-
ing diagnostic errors and supporting timely interven-
tion. These insights align with clinical observations, 
underscoring the proposed model’s potential to assist 
pathologists in decision-making.

Fig. 8. Confusion matrix of the proposed model with the 
Kaggle dataset

Fig. 9. Confusion matrix of the proposed model with the 
NDB-UFES dataset
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Precision 
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Gradient-weighted Class Activation Mapping

Gradient-weighted Class Activation Mapping 
Grad-CAM identifies the specific areas the proposed 
model utilizes to formulate a prediction by aggregat-
ing activation maps from the final convolutional lay-
er using linear weighting.

G_C(a)=RELU(∑(m=1) XmBNm)
                                 (21)
In equation (21), BNm represents the m-th chan-

nel of the activation map from the final convolution 
layer, attainable during a forward pass, and Xm is the 
weight allotted to each channel. Figure 5 represents 
the visualization of the Grad-CAM technique.

Results and discussion

Dataset description

The proposed model utilized Oral Cancer His-
topathological Image Dataset [16], Multi Cancer 
Dataset [17] and NDB-UFES dataset [18].

Performance analysis of proposed approach

The proposed model shows incomparable per-
formance in OC detection on the Kaggle dataset, 
Multi Cancer Dataset, and NDB-UFES dataset 
across various metrics, including accuracy, precision, 
recall, specificity, F1 Score, Negative Predictive Val-
ue (NPV), False Positive Rate (FPR), False Negative 
Rate (FNR), and Matthews Correlation Coefficient 
(MCC), as shown in Table I. 

We have used accuracy and loss curves to track 
the proposed model’s performance on the Kaggle 
and NDB-UFES datasets during training. They 
provide insights into its learning effectiveness and 
adaptation over time. From Figs. 6 and 7, it is evi-
dent that the disparity between training and valida-

Table VI. Comparison with recent works using the same datasets as the proposed model

ref. mOdels dataset accuracy 
(%)

precisiOn 
(%)

F1 score 
(%)

Ahmad et al. 2023 [19] DenseNet201 Kaggle dataset 97 96.77 93.74

Redie et al. 2023 [20] Modified VGG19 Kaggle dataset 98.64 98.59 98.7

Abbas et al. 2024 [21] Adaptive Federated Learning Multi Cancer 
Dataset

90 82 81

Rajadurai et al. 2024 [22] Inceptionv3+Xception+CNN Multi Cancer 
Dataset

99 99 99

Proposed model /2024 Improvised U-Net Kaggle dataset 
/ Multi Cancer 

Dataset / NDB-
UFES dataset

98.72 / 
99.32 / 
99.54

98.58 / 
99.25 / 
99.95

98.8 / 
99.28 / 
98.44

Fig. 10. RMSE assessment
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tion loss, as well as training and validation accuracy, 
is minimal. 

Figures 8 and 9 represent the confusion matrix 
used in classification models for evaluating perfor-
mance by comparing actual target values with model 
predictions. 

K fold cross-validation

The Multi Cancer Dataset images are split into 
three subsets: 80 % for training, 20 % for validation, 
and 20 % for testing, as shown in Table II. To evaluate 
the proposed model’s robustness, 10-fold cross-vali-
dation is used. The results in Table III results confirm 
the model’s strong and stable performance, empha-
sizing its robustness and dependability.

Comparative evaluation of the proposed and 
existing models

In Table IV the accuracy of the proposed OC pre-
diction approach is 98.716% whereas other exist-
ing state-of-the-art approaches namely VGGNet, 
DenseNet121, and InceptionV3 obtained accura-
cy values of 94%, 90%, and 83%, correspondingly. 
This was due to the combination of the enhanced 
Vahadane Three-Stain Parameter Normalization ap-
proach, watershed segmentation, WFS to address 

M



10 129

histOPathOlOGical imaGe aNalysis aNd eNhaNced diaGNOstic accuracy exPlaiNability fOr Oral caNcer detectiON

class imbalance, and an improved U-Net. Table V 
compares the Root Mean Square Error (RMSE) and 
Mean Square Error (MSE) values across different 
models. Figure 10 illustrates the comparison of per-
formance using RMSE between the proposed method 
and existing models. 

The proposed OC prediction model exhibits supe-
rior performance compared to existing models, as ev-
idenced by lower MSE and RMSE values. In Table VI, 
we have additionally compared our proposed work 
with recent works using the same datasets based on 
accuracy, precision, and F1-score. In this paper, early 
identification of OC cases utilizing image processing 
and DL techniques was investigated. The findings of 
the study demonstrate how the approaches effective-
ly enable cost-effective early diagnosis of the disease 
when applied to histopathological images. Uncer-
tainty quantification was employed to evaluate how 
TTA influenced the model. The classification report 
and confusion matrix offer valuable insights into the 
precision and effectiveness of the ensemble model in 
distinguishing between non-cancerous and cancerous 
tissue. Compared to individual models, the ensemble 
model’s results highlight its superior overall accura-
cy. Moreover, visualizations from various XAI tech-
niques enhance interpretability by explaining how 
the model makes predictions, revealing significant 
areas or patterns in images influencing the ensemble 
model’s decision-making process.

Conclusions

While CNNs show promising results in detecting 
early-stage OC, validation through corresponding his-
topathological examination is necessary. This study 
introduces an automatic prediction model for OC in-
corporating an improved Vahadane Three-Stain Pa-
rameter Normalization technique to capture greater 
variability in three stain parameters, watershed seg-
mentation for precise object delineation in ambiguous 
areas, WFS for addressing class imbalance, and an en-
hanced U-Net using input features to handle train-
ing time. The study demonstrates how DL and XAI 
methods enhance histopathological image analysis, 
achieving precise OC classification with computation-
al efficiency via optimized feature selection and U-Net 
architecture. The XAI technique improves interpret-
ability, supporting diagnostic accuracy in OC treat-
ment. Future work could extend the model to predict 
OC stages 1–4 with explanatory insights.
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niques enhance interpretability by explaining how 
the model makes predictions, revealing significant 
areas or patterns in images influencing the ensemble 
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Conclusions

While CNNs show promising results in detecting 
early-stage OC, validation through corresponding his-
topathological examination is necessary. This study 
introduces an automatic prediction model for OC in-
corporating an improved Vahadane Three-Stain Pa-
rameter Normalization technique to capture greater 
variability in three stain parameters, watershed seg-
mentation for precise object delineation in ambiguous 
areas, WFS for addressing class imbalance, and an en-
hanced U-Net using input features to handle train-
ing time. The study demonstrates how DL and XAI 
methods enhance histopathological image analysis, 
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