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SUMMARY
OBJECTIVE: The aim of this study was to enhance the early diagnosis of cervical cancer by utilizing both scanning atomic force microscopy and 

scanning electron microscopy images. Until now, these two imaging modalities have not been combined for this purpose. Relying on a single imaging 

technique may reduce diagnostic reliability. Therefore, a multimodal approach was developed to provide more accurate and consistent results.

METHODS: A total of 540 scanning electron microscopy and 540 atomic force microscopy cell images were obtained from the Faculty of Nanotechnology 

and Scanning Electron Laboratories. The discrete wavelet transform method was applied to extract ideal feature regions from the images. At least 

three divergence-based classifiers, triangle divergence, Jensen–Shannon divergence, and Hellinger divergence, were employed to identify cervical 

cancer–related patterns. To improve classification reliability, feature likelihoods were calculated using exponential graph regulation. Feature weights 

were determined and incorporated into a combined classification function. Based on this, scanning electron microscopy and atomic force microscopy 

cells were categorized into six groups: normal scanning electron microscopy, normal atomic force microscopy, benign scanning electron microscopy, 

benign atomic force microscopy, and malignant scanning electron microscopy, malignant atomic force microscopy.

RESULTS: The classifiers demonstrated interrelated performance, with triangle divergence achieving superior accuracy compared to Jensen–Shannon 

divergence and Hellinger divergence. The weighted feature approach improved diagnostic precision. The proposed method successfully predicted 

the likelihood of cervical cancer by combining scanning electron microscopy and atomic force microscopy data.

CONCLUSION: The findings indicate that the triangle divergence-based multimodal classification outperforms single-modality approaches. The 

combined scanning electron microscopy and atomic force microscopy method using triangle divergence achieved a classification accuracy of 95.9%, 

demonstrating the effectiveness of this integrated approach for early cervical cancer detection.

KEYWORDS: Microscopy, atomic force. Microscopy, electron, scanning. Fluorescence imaging. Wavelet analysis. Information theory. Statistical 

distributions.

INTRODUCTION
Cancer is a leading global health issue and is projected to become 
the primary cause of death by 2030, according to WHO and 
IARC estimates1. Although diagnostic rates have improved, 
mortality remains high, highlighting the limitations of con-
ventional diagnostic and treatment methods2. Traditional diag-
nostic tools, such as imaging and biopsies, often detect cancer 
only at advanced stages—typically when the tumor exceeds 1 
cm in diameter or 1 g in mass, corresponding to approximately 
100 million cells3-5. At this stage, treatment options become 
more limited and less effective. Nanotechnology offers a prom-
ising solution by enabling earlier and more precise detection. 

Nanostructures can target and enter individual tumor cells, 
significantly improving imaging sensitivity. For instance, while 
mammography detects tumors at the scale of a million cells, 
nanotechnological approaches can identify malignancies with 
fewer than 100 cells6. Studies have shown that nanoparticles 
conjugated with cancer-specific biomolecules can alter their 
physical properties in response to the cellular environment. 
These changes can be measured using optical, electrical, or 
mechanical methods, enabling early stage cancer detection7,8.

Such innovations represent a major advancement in the 
pursuit of minimally invasive, high-accuracy diagnostic tech-
niques. Scanning electron microscopy (SEM) and atomic force 
microscopy (AFM) are advanced imaging techniques that provide 
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high-resolution surface analysis. SEM uses electron beams to 
examine surface morphology, while AFM scans surfaces with a 
nanoscale probe and can operate in ambient conditions with-
out extensive sample preparation9-12.

This study proposes a new method for early cervical cancer 
detection by combining SEM and AFM data—an approach not 
previously explored. The aim is to enhance diagnostic accuracy 
through multimodal analysis. Key features were extracted using 
the discrete wavelet transform (DWT). Lesion likelihoods were 
estimated via exponential distribution modeling.

Feature weights were calculated using triangle divergence 
(TD), Jensen–Shannon divergence (JSD), and Hellinger diver-
gence (HD), and used in a decision-making algorithm to clas-
sify cells into six groups: normal, benign, or malignant (nSEM, 
bSEM, mSEM; nAFM, bAFM, mAFM). The combined method 
showed strong classification performance, with TD yielding 
the highest accuracy. A visual probability scale was also devel-
oped to support the interpretation of classification outcomes.

METHODS
In this study, the cervical cell images were originally sized at 
512×512 pixels. Each image was divided into four non-over-
lapping regions, each measuring 256×256 pixels. As a result, 
a total of 180 image regions were generated from 45 samples 
in each class (normal, benign, and malignant), with three dif-
ferent SEM/AFM modes, leading to 3×180 samples overall. 
Of these 180 image regions, 90 were used for training and the 
remaining 90 for testing the proposed classification algorithm. 
In total, 540 SEM images were used—comprising 180 normal 
(nSEM), 180 benign (bSEM), and 180 malignant (mSEM) 
samples. Similarly, 540 AFM images were obtained—180 
normal (nAFM), 180 benign (bAFM), and 180 malignant 
(mAFM) samples7.

Discrete wavelet transform
DWT has emerged as a powerful tool for feature extraction 
across various domains, including general signal processing, 
biomedical applications, and communication systems. This 
method involves decomposing a signal into components at 
different frequency bands by scaling and translating a mother 
wavelet over time13,14. Such multilevel decomposition enables 
both temporal and frequency-based analysis of signals or images, 
depending on the level of detail required. A mathematical for-
mulation illustrating the decomposition process up to four lev-
els using DWT is presented in Equation (1)15.

𝐼𝐼𝐵𝐵𝐵𝐵(𝑢𝑢, 𝑣𝑣) = 𝐷𝐷𝐷𝐷𝐷𝐷{𝐼𝐼(𝑥𝑥, 𝑦𝑦), 𝐵𝐵 ∈ {𝐶𝐶𝐶𝐶, 𝐶𝐶𝐶𝐶, 𝐶𝐶𝐶𝐶, 𝐶𝐶𝐶𝐶}, 1 < 𝐼𝐼 < 4} 	     (1)

Jensen–Shannon divergence
JSD is a prominent method employed to evaluate the discrep-
ancy between two probability distributions. In the literature, 
it is also referred to as the “information radius” or the “total 
divergence to the average.” By definition, JSD is a symmetrized 
and smoothed version of the Kullback–Leibler Divergence 
(KLD). In contrast, the KLD is not symmetric—meaning 
the divergence from distribution t to (u DKL (t||u)) is gener-
ally not equal to the divergence from u to (t DKL (t||u)). This 
asymmetry limits KLD’s usefulness in certain applications. 
JSD addresses this limitation by providing a symmetric dis-
tance measure between probability distributions16,17. The basic 
formulation is as follows:

𝐽𝐽𝐽𝐽𝐽𝐽𝑡𝑡,𝑢𝑢 = ∑ 𝑃𝑃(𝑡𝑡)
𝑐𝑐

𝑙𝑙𝑙𝑙𝑙𝑙(𝑃𝑃(𝑡𝑡)
𝑃𝑃(𝑢𝑢) +  (1 − 𝑃𝑃(𝑡𝑡)) 𝑙𝑙𝑙𝑙𝑙𝑙(

(1 − 𝑃𝑃(𝑡𝑡))    
(1 − 𝑃𝑃(𝑢𝑢))  	     (1)

The DWT was implemented using the Daubechies (db4) 
mother wavelet with four levels of decomposition. From each 
level, the approximation (CA) and detail coefficients (CH, CV, 
CD) were analyzed. Extracted features included energy, entropy, 
mean, standard deviation, skewness, kurtosis, and normalized 
energy (NE). The NE feature was defined as:

𝑁𝑁𝑁𝑁 =  𝛴𝛴|𝐶𝐶(𝑥𝑥, 𝑦𝑦)|² / 𝛴𝛴|𝐼𝐼(𝑥𝑥, 𝑦𝑦)|² 	                                  (2)

where C(x,y) is a DWT coefficient and I (x,y) is pixel inten-
sity. NE quantifies the proportion of total energy retained in 
the transformed domain, providing robustness to illumina-
tion variations.

Hellinger divergence divergence
HD refers to the distance function between u and t. The math-
ematical formulation of the HD distance function is presented 
in Equation (3).

𝐻𝐻𝐻𝐻𝑡𝑡,𝑢𝑢 = ∑ ⬚
⬚

𝑁𝑁
(√𝑃𝑃(𝑡𝑡)   − √(𝑃𝑃(𝑢𝑢))2 	 		      (3)

Triangle divergence
TD represents the distance function between u and t. The TD 
distance function is provided in Equation (4).

𝑇𝑇𝑇𝑇𝑡𝑡,𝑢𝑢 = ∑
|𝑃𝑃(𝑡𝑡) − 𝑃𝑃(𝑢𝑢)|
𝑃𝑃(𝑡𝑡) + 𝑃𝑃(𝑢𝑢)

𝑐𝑐

2
 	 			        (4)

 𝑊𝑊𝐽𝐽𝐽𝐽𝐽𝐽𝐽𝐽𝐽𝐽,𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻,𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇(𝑖𝑖) = ∑
(𝑎𝑎𝑖𝑖𝑖𝑖)

𝑁𝑁
𝑗𝑗/𝑖𝑖

𝐽𝐽𝐽𝐽𝐽𝐽𝑡𝑡,𝑢𝑢, 𝐻𝐻𝐻𝐻𝑡𝑡,𝑢𝑢, 𝑇𝑇𝑇𝑇𝑡𝑡,𝑢𝑢 	      (5)

   𝑊𝑊𝐽𝐽𝐽𝐽𝐽𝐽,𝐻𝐻𝐻𝐻,𝑇𝑇𝑇𝑇(𝑖𝑖) =
 𝑊𝑊𝐽𝐽𝐽𝐽𝐽𝐽𝐽𝐽𝐽𝐽𝐽𝐽,𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻,𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇(𝑖𝑖)
𝑧𝑧 ∑ 𝑃𝑃(𝑎𝑎𝑖𝑖𝑖𝑖) log 𝑃𝑃(𝑎𝑎𝑖𝑖𝑖𝑖)𝑗𝑗/𝑖𝑖

 		      (6)

c

j/i
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where WJSDav, HDav, TDav (i) represents the average weight calcu-
lation and WJSD, HD, TD (i) denotes the weight of the extracted ith 
attribute for JSD, HD, and TD, respectively. The total number 
of cells is denoted by N, and the normalization constant is repre-
sented by z. The jth value in the ith attribute is aij, while the goal 
attribute is c. P(t) represents the probabilistic value of the cells, 
including mSEM+mAFM, nSEM+nAFM, and bSEM+bAFM.

SEM and AFM images were obtained under controlled photo-
dynamic illumination conditions to enhance optical contrast and 
improve the visualization of microstructural variations associated 
with cervical tissue alterations. The photodynamic setup utilized a 
wavelength-selective light source to excite chromophores, thereby 
amplifying contrast for subsequent analysis. Kernel estimation 
was applied to model the statistical intensity distributions across 
DWT sub-bands, enabling a more robust representation of fea-
ture variability and supporting the divergence-based classification.

RESULTS
Some samples of 3×90 SEM and AFM cells are used. These 
3×90 SEM and AFM cells are preferred as training cells. In this 
article, tests are performed by mSEM, mAFM, nSEM, nAFM, 
and bSEM, bAFM on cervical cancer cells from SEM and AFM 
cells. NE is one of the extracted attributes for SEM and AFM 
cells. mSEM, mAFM, nSEM, nAFM, and bSEM, bAFM limit 
ranges of NE attributes are obtained by utilizing the NE attri-
bute values for 90 SEM and AFM cells. Stage I, stage II, and 
stage III are acquired for every attribute.

In Table 1, the dJSD, HD, TD values for normal SEM and AFM 
cells are between 0 and 0.4. The dJSD, HD, TD for benign SEM and 
AFM cells are between 0.4 and 0.6.

The dJSD, HD, TD for malign SEM and AFM cell exam-
ples are found between 0.6 and 1. According to this,

 𝑑𝑑𝐽𝐽𝐽𝐽𝐽𝐽,𝐻𝐻𝐻𝐻,𝑇𝑇𝑇𝑇 = {
 0 − 0.4,            𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁
0.4 − 0.6, 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵
0.6 − 1,           𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀

} 

A total of 90 test cells for each category—nSEM, bSEM, 
and mSEM—are selected for SEM analysis. The dJSD, HD, TD values 
for test cell nSEM1 are 0.27, 0.25, and 0.22, respectively, as 
shown in Table 1. Since these values are close to 0, the cell is 
classified as nSEM. For test cell mSEM1, the dJSD, HD, TD val-
ues are 0.85, 0.65, and 0.90, respectively. Since these values 
are near 1, the cell is classified as mSEM. The dJSD, HD, TD values 
for test cell bSEM1 are 0.55, 0.50, and 0.48. As these values 
fall within the range of 0.4–0.6, the cell is classified as bSEM.

Similarly, 90 test cells each for nAFM, bAFM, and mAFM 
are selected for AFM analysis. For test cell nAFM1, dJSD, HD, TD 

values are 0.23, 0.19, and 0.12, respectively, indicating the cell is 
classified as nAFM due to values close to 0. For test cell mAFM1, 
the dJSD, HD, TD values are 0.75, 0.83, and 0.78, which are near 1, 
resulting in classification as mAFM. Lastly, the dJSD, HD, TD values 
for test bAFM1 are 0.45, 0.42, and 0.53, falling within the range 
of 0.4–0.6, and thus, the cell is classified as bAFM.

In this study an algorithm has been developed for cervical 
image classification. Classification performance of the developed 
system is different for every 256×256 image, which is selected 
from 90 cells. Correct classification performance of the developed 
system is given in Table 2. As seen here, the algorithm has the 
adaptive attribute extraction and classification tasks. The proposed 
study has numerous advantages with respect to other algorithms.

One of these advantages is a high classification performance 
by using a small number of attributes. The performance of the 
proposed study for cervical image classification is given in Table 2.

In addition to overall accuracy values, statistical confi-
dence intervals were estimated using a nonparametric boot-
strap approach to ensure the robustness of classification results. 
Specifically, the test dataset (n=540) was resampled 10,000 
times with replacement, and performance metrics—including 
accuracy, precision, recall, and F1-score—were recalculated for 
each iteration. The 95%CIs were then determined from the 
2.5th and 97.5th percentiles of the resulting performance dis-
tributions. The TD classifier achieved the highest performance, 
with a mean accuracy of 95.90% (95%CI 94.87–96.84) and 

Table 1. Examples of the d-test values derived from the Jensen–Shannon divergence, Hellinger divergence, and triangle divergence 
classifiers for scanning electron microscopy and atomic force microscopy cells.

d-test values dJSD dHD dTD P(Cn\f) P(Cb\f) P(Cm\f)

nAFM1 0.23 0.19 0.12 96% 3% 1%

bAFM1 0.45 0.42 0.53 10% 85% 5%

mAFM1 0.75 0.83 0.78 2% 6% 92%

nSEM1 0.27 0.25 0.22 93% 4% 3%

bSEM1 0.55 0.50 0.48 8% 90% 2%

mSEM1 0.85 0.65 0.90 1% 8% 91%

nAFM1: normal atomic force microscopy1; bAFM1: benign atomic force microscopy1; mAFM1: malignant atomic force microscopy1; nSEM1: normal scanning 
electron microscopy1; bSEM1: benign scanning electron microscopy1; mSEM1: malignant scanning electron microscopy1.
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an F1-score of 0.96±0.02. The HD and JSD classifiers reached 
mean accuracies of 93.70% (95%CI 92.48–94.89) and 92.03% 
(95%CI 90.62–93.52), respectively. These results confirm the 
statistical significance and consistency of the proposed multi-
modal SEM–AFM images across resampling iterations.

DISCUSSION
In this article, early cervical cancer diagnosis was diagnosed by 
SEM and AFM. In this article, TD, JSD, and HD classifiers 
are used. Table 2 lists the classification rates of HD, JSD, and 
TD. The total correct classification rate for SEM and AFM 
cells was found to be 92.03%.

In the second method, the HD classifier, the total correct 
classification rate for SEM and AFM cells is 93.7%.

In the last method, the TD classifier, the total correct clas-
sification rate for SEM and AFM cells is 95.9%.

CONCLUSION
Many studies have been conducted in the field of cancer, yet 
a significant number of patients continue to succumb to the 
disease. To address this issue, a new approach for the early 
diagnosis of cervical cancer has been proposed in this study. 
Real medical cervical cancer cells have been utilized to conduct 
assessments. Approval for this research was obtained from the 
Ethics Committee of Clinical Investigations in Fırat University. 

Following approval, patient records were collected from Elazığ 
and other cities in Turkey. A total of 540 training cells, includ-
ing 90nSEM, 90bSEM, 90mSEM, 90nAFM, 90bAFM, 90mAFM, were 
obtained from the Scanning Electron and Nanotechnology 
Laboratory at Fırat University. The objective function for these 
cells—nSEM, nAFM, bSEM, bAFM, mSEM, and mAFM—
was established using JSD, HD, and TD measures. This article 
proposes a decision-making algorithm for assessing the risk of 
early cancer diagnosis.

Cancer risk of nSEM, nAFM, bSEM, bAFM, mSEM, and 
mAFM cervical cells was obtained by dJSD, HD, TD rates using 
TD, JSD, and HD measures, which were connected with each 
other. As a result, it was found that the performance of the TD 
classifier was higher than that of the HD and JSD classifiers.

Unlike recent deep learning approaches (CNN, trans-
former, or hybrid frameworks18-25), which require thousands of 
annotated images and high-end GPU resources, the proposed 
DWT divergence framework is lightweight and transparent. It 
operates on a relatively small dataset (1,080 images) without 
pre-training or transfer learning.

The novelty lies in (i) combining SEM and AFM modalities 
for cervical cancer classification for the first time and (ii) using 
divergence-based decision fusion (TD, JSD, HD) instead of 
deep neural features. This ensures interpretability and clinical 
adaptability in resource-limited settings.

Classification of different cells in future studies can be done 
using the methods suggested in this article. This study was con-
ducted using single-center data from Fırat University, without 
external validation. The 256×256 patch-based approach may 
introduce sampling bias and limit generalizability. Future work 
will include multi-center collaborations and external test cohorts 
to confirm the robustness of the SEM–AFM multimodal pipe-
line. Moreover, hybrid extensions integrating divergence met-
rics with explainable deep learning will be explored.
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mSEM: malignant scanning electron microscopy. dJSD, dHD, and dTD are 
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5

Rev Assoc Med Bras. 2026;72(2):e20251173

Özbey G et al.

from the archives of Fırat University Hospital, in compliance 
with ethical standards. No data from patients under the age of 
18 were included. Cervical cancer cell samples were collected 
from the Scanning Electron Microscope Laboratory and the 
Nanotechnology Laboratory at Fırat University. As the dataset 
contains sensitive patient information, such as identity details 
and examination dates, public access is restricted. However, 
data may be provided upon reasonable request by contacting 
the corresponding author (gozbey@adiyaman.edu.tr) or Prof. 
Dr. İbrahim Hanifi Özercan, Head of the Department of 
Pathology at Fırat University (ozercanih@firat.edu.tr), who also 
authorized the data use and is acknowledged for his support.

AUTHORS’ CONTRIBUTIONS
GÖ: Data curation, Formal Analysis, Investigation, Project admin-
istration, Supervision, Validation, Visualization, Writing – original 
draft, Writing – review & editing. SA: Conceptualization, Data 
curation, Formal Analysis, Investigation, Methodology, Project 
administration, Software, Supervision, Validation, Visualization, 
Writing – original draft, Writing – review & editing.

DATA AVAILABILITY STATEMENT
The datasets generated and/or analyzed during the current study are 
available from the corresponding author upon reasonable request.

REFERENCES
1.	 Jemal A, Siegel R, Ward E, Hao Y, Xu J, Thun MJ. Cancer 

statistics, 2009. CA Cancer J Clin. 2009;59(4):225-49. https://
doi.org/10.3322/caac.20006

2.	 King RB, McMahon SJ, Hyland WB, Jain S, Butterworth 
KT, Prise KM, et al. An overview of current practice in 
external beam radiation oncology with consideration to 
potential benefits and challenges for nanotechnology. 
Cancer Nanotechnol. 2017;8(1):3. https://doi.org/10.1186/
s12645-017-0027-z

3.	 Heath JR, Davis ME. Nanotechnology and cancer. Annu 
Rev Med. 2008;59:251-65. https://doi.org/10.1146/annurev.
med.59.061506.185523

4.	 Pal, D, Nayak, AK. Nanotechnology for targeted delivery in 
cancer therapeutics. Int J Pharm Sci Rev Res. 2010;1(1):1-7.

5.	 Oylar Ö, Tekin İ. Kanserin teşhis ve tedavisinde nanoteknolojinin 
önemi. Uludağ Üniversitesi Mühendislik Fakültesi Dergisi. 2011;16(1).

6.	 Auyang YS. Cancer causes and cancer research on many levels 
of complexity. Creat Technol. 2006;1-15.

7.	 Wang LV. Ultrasound-mediated biophotonic imaging: a 
review of acousto-optical tomography and photo-acoustic 
tomography. Dis Markers. 2003;19(2-3):123-38. https://doi.
org/10.1155/2004/478079

8.	 Singh OP, Nehru RM. Nanotechnology and cancer treatment. 
Asian J Exp Sci. 2008;22(2):45-50.

9.	 Nie S, Xing Y, Kim GJ, Simons JW. Nanotechnology applications 
in cancer. Annu Rev Biomed Eng. 2007;9:257-88. https://doi.
org/10.1146/annurev.bioeng.9.060906.152025

10.	 Sinha R, Kim GJ, Nie S, Shin DM. Nanotechnology in cancer therapeutics: 
bioconjugated nanoparticles for drug delivery. Mol Cancer Ther. 
2006;5(8):1909-17. https://doi.org/10.1158/1535-7163.MCT-06-0141

11.	 Aytaç S, Özbey G. Photodiagnosis and photodynamic recognition 
of cervical cancer with SEM and AFM images. Photodiagnosis 
Photodyn Ther. 2025;42:103234.

12.	 Vargas‑Cardona H, Ramos MG, Viveros AR. Artificial intelligence 
for cervical cancer screening: scoping review, 2009–2022. Int 
J Gynecol Obstetr. 2024;166(1):19-27.

13.	 Wang S, Wang J, Wang Y. Advances in cervical cancer image 
segmentation and classification: a review. Quantitat Imag Med 
Surg. 2024;14(5):1123-38.

14.	 Chowdary MH, Rehman AU, Rauf HT. SE-UNet-based cervical 
cancer segmentation and classification. Comput Biol Med. 
2023;158:106964.

15.	 Benhari M, Hosseini S. Cervical cancer classification using 
deep belief ensemble model. Multimed Tools Appl. 2023.

16.	 Park S, Park HJ, Cho K. Deep learning-based classification of 
cervicographic images using a convolutional neural network. 
Sci Rep. 2021;11:11579.

17.	 Khare A, Patil S. Deep learning in cervical cancer detection: a 
systematic review. J Healthcare Eng. 2024;1-15.

18.	 Liu Y, Zhang Z, Li X. CVM-cervix: multi-level fusion of CNN and 
transformer for cervical cancer type classification. Pattern 
Recogn. 2022;130:108827.

19.	 Rahaman MM, Li C, Yao Y, Kulwa F, Wu X, Li X, et al. DeepCervix: 
A deep learning-based framework for the classification of 
cervical cells using hybrid deep feature fusion techniques. 
Comput Biol Med. 2021;136:104649.

20.	 Pacal I. MaxCerVixT: a lightweight vision transformer for early 
cervical cancer detection. Eur J Gynaecol Oncol. 2024;45(2):152-8.

21.	 Maurya R, Gupta A, Ranjan P. VisionCervix: CNN-Vision 
Transformer ensemble framework for cervical cancer detection. 
Biomed Signal Process Control. 2023;82:104244.

22.	 Madhukar S, Joshi D, Jain A. A hybrid ensemble model for 
cervical cancer classification using VGG and ResNet features. 
Appl Soft Comput. 2022;122:108255.

23.	 Kundu M, Chattopadhyay S. GA-based feature selection with 
deep CNN for cervical image classification. Artificial Intell Rev. 
2022;55(7):5975-93.

24.	 Qian J, Huang S, Yang H. A voting-stacking ensemble of inception 
networks for cervical cancer classification. arXiv preprint. 
2023;arXiv:2308.02781.

25.	 Mohammed FA, Tune KK, Mohammed JA, Wassu TA, Muhie S. 
Early cervical cancer diagnosis with swin-transformer and 
convolutional neural networks. Diagnostics. 2024;14(20):2286.


