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The manual cell classification methods are highly labour-intensive and time-
consuming due to the complex and multidimensional structure of the biological data. The
deep learning models are capable of extracting relevant features from the images, processing
diverse data types, and handling the nonlinear relationships in the dataset. In the proposed
work, two cell lines, MCF7 and HeLa, were cultured in standard conditions and images were
captured using a phase contrast microscope. These captured images were grouped on the basis
of their confluency and substituted into the deep learning-based Xception, InceptionV3, and
MobileNetV2 models for training and multiclass classification. The dataset was augmented with
multiple transformations, including rotation, shift, shear, and flipping, which produced 4,375
cancer cell line images. These models were implemented with both the original and augmented
datasets, resulting in MobileNetV2 being the most optimal model, producing 94.3% accuracy
with the augmented cell lines and 81.5% accuracy with the original cell lines dataset. Further,
this model was also found to be the most efficient and lightweight deep learning architecture
that provides faster communications in embedded and mobile vision applications. The findings
of this work pave the way to further extend the proposed model for the real-time classification
and identification of cancer cell lines in in vitro labs.
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Researchers have widely employed cancer
cell lines to study anticancer activity and evaluate
potential leads, that include natural or synthetic
molecules.! The effectiveness of these cell lines
hinges on their accurate classification, given the
diverse availability of cell lines from several
authentic and non-authentic sources. While the

primary method of categorizing these cancer cell
lines relies on the source tissue or histopathology
of the original tumor, further subtyping often
necessitates extensive molecular and genetic
analysis.> The emergence of cutting-edge high-
throughput sequencing technologies has facilitated
comprehensive molecular profiling of these cancer
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cell lines. This breakthrough has paved the way for
more sophisticated classification systems that better
capture the diversity of cancer cells.’ Nevertheless,
there are still obstacles in consolidating and
deciphering the extensive molecular data
generated, necessitating the creation of advanced
bioinformatics tools and algorithms for precise cell
line categorization and identification. These refined
classification systems have the potential to enhance
the selection of suitable cell lines for specific
research objectives and drug screening processes.*
By improving the alignment between cell lines and
the molecular characteristics of patient tumors,
scientists can boost the translational significance
of preclinical investigations.’ Furthermore,
enhanced classification methodologies may
uncover previously unidentified subtypes or
molecular features of cancer cell lines, potentially
leading to new opportunities in targeted therapy
development. For many of these cases, it is
crucial to assess whether cell lines can be
characterized phenotypically using microscopy
images without specific staining, i.e. label-free
imaging.’ Traditional methods for image-based
cell phenotyping often depend on manual feature
extraction, which involves identifying specific
visual characteristics from each cell, such as the
dimensions, form, membrane continuity, inter-
cellular processes, and structural details of the
nucleus and cytoplasm.” Classification of cells
using machine-learning techniques like support
vector machines or neural networks relies on
manually designed feature extraction methods .2
This approach has limitations in identifying specific
phenotypes due to the restricted complexity of
features, which hinders the ability to differentiate
between similar phenotypes. Moreover, the feature
extraction process from microscopy images is
highly variable and depends on numerous manually
adjusted parameters. In culture systems, all cells
grow independently, having the same genetic
content but definitely dis-similar appearance.
The cells, however show certain characteristics
that are similar or more pronounced in a cell
population, which makes it unique and can be
classified or characterized only by advanced
machine learning techniques.”'® To overcome these
challenges, researchers have employed machine
learning methods to directly phenotype cells from
microscopy images. However, previous studies

have primarily focused on broad cell categories
with easily distinguishable morphologies, such as
lymphocytes, granulocytes, and erythrocytes. For
cells with more subtle morphological differences,
phenotyping has largely been limited to binary
classification to detect specific disease-related
alterations.!"" An alternative approach involves
using brightfield microscopy images to predict the
location of immune stains on subcellular structures
for organelle identification. Nevertheless, additional
research is needed to interpret these stains and
establish their relationship to cell phenotypes. One
significant obstacle in the development of machine
learning algorithms for cell classification from
unstained microscopy images is the process of
dividing larger microscopy fields into individual
cell images. This is particularly problematic for
adherent cells, which grow in close proximity
to each other, making it difficult to discern their
boundaries. This can only be overcome when
growing cells in culture flasks with fewer cells,
which grow separately and at a distance. While
this segmentation issue can also be simplified by
using enzymes to separate the cells before imaging,
it remains uncertain whether the phenotypic
characteristics of the cells are maintained after
this disaggregation process. The preservation of
these traits is crucial for accurate classification and
analysis.

The proposed work contributes to the
development of a lightweight artificial intelligence-
based model to efficiently classify MCF7 and HeLa
cells, which enhances the automated analysis of
medical images. The dataset has been created in
the Centre for In Vitro Studies and Translational
Research laboratory, where the MCF7 and HeLa
cell cultures were used, and the microscope-based
image acquisition was performed. Further, the
created dataset has been divided into eight distinct
categories, namely, MCF7_SCA, MCF7 LC,
MCF7_SC, MCF7 FC, HeLa SCA, HelLa LC,
HeLa SC,and HeLa FC.These images were used
for the implementation of InceptionV3, Xception,
and lightweight MobileNetV2 architectures to
ensure computational efficiency while maintaining
high classification accuracy.'? This Al-based
classification model is suitable for real-time and
resource-constrained applications in biomedical
research and diagnostics.
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This article has been divided into different
sections consisting of section 2 elaborating on the
literature review on the cancer cell classification
techniques. Section 3 discusses the dataset creation
and model implementation phases. Section 4
provides the results of the proposed model, and
section 5 concludes the proposed work.
Literature review on the cancer cell classification
techniques

The authors developed an optical
biosensor model for cancerous and healthy cells
classification.! For the detection of these cells, the
label-free setup has been utilized, and no external
labels, markers, or tags are used to identify cells.
The implementation of the multi-layer perceptron
(MLP), convolutional neural network (CNN), fully
convolutional network (FCN), ResNet, Inception,
and Multi-channel deep CNN (MCDCNN) has
been done for classifying the cell lines, namely,
HeLa, MDA-MB-231, LCLC103H, MCF-7, which
identified that each model achieves an accuracy
between 70-80%. The authors developed a hybrid
model for classifying HeLa cells, which had three
classes, namely C1, C2, and C3, corresponding to
background, unclear, and sharp cells.'* These three
models, namely Inception-U-Net, ResNet34-U-Net,
and VGG19-U-Net techniques, were provided with
the 650 cell lines images. In this hybrid technique,
the U-Net has been used for segmentation, where
the change has been performed on the encoder
part by replacing it with VGG19, ResNet34, and
Inception models. The model was trained for 200
epochs, where the learning rate and batch sizes
were set to 0.001 and 8, The authors developed an
Al-based Cellpose technique for HeLa-FUCCI cell
classification. respectively.'®* The dataset contains
37,000 images having red/green and contrasted
images of cell lines. The segmentation is performed
with UNet architecture, for extracting saturated
cells, contaminated cells, and edges from the
images. The authors developed a cell classification
model by utilizing a deep neural networks (DNN)
model.' The dataset has 10,696 images of HAPI,
HeLa, K562, and GM12878 classes. The finding
is the model shows an accuracy of 96.9% and
an AUC of 0.95. The authors utilized a random
forest (RF) model for the prediction of 3D MCF7
microtissues.'” This model was developed using
955 samples, out of which 450 essential features
were extracted, and regrouping was performed.

The work focused more on image processing,
where contrast enhancement was the first step,
followed by binarization and morphological
closing, and finally, the microtissues classification
was performed. Table. 1 tabulates the summary of
the existing cancer cell classification models.

MATERIALS AND METHODS

This section discusses the dataset and
the methodology used for the development of the
proposed multiclass cancer cell line classification
model.

Cell lines and culture

Two cell lines, MCF7, a human breast
adenocarcinoma cell line, and HeLa, a human
cervical adenocarcinoma cell line, were used in
this study. The cells were gifted by Dr. Deepak
Kumar at IMTECH, Chandigarh. Both the cell
lines were cultured in MEM (E) with NEAA
(HiMedia) supplemented with 10% Fetal Bovine
Serum (HiMedia) and 1% antibiotic/antimycotic
solution (HiMedia). They were separately seeded in
aT-75 tissue culture flask (Corning) and maintained
under standard culture conditions at 37°C with 5%
CO, using a previously described protocol.**!*"?
After seeding, the cells were allowed to attach, and
images were taken at regular intervals.
Microscopy

Cell images were captured using
an Olympus CKX53 inverted phase contrast
microscope equipped with a 4000K colour
temperature LED light source and MagCam DC
SMP camera. Once the cells were attached, the
images were acquired for each cell line to create a
primary dataset, taken at regular intervals, from a
single cell attached (SCA) stage to different stages
of confluency (fewer cells — LC, Sub-confluent —
SC and Full confluent-FC). A magnification of 10
x was used, and each 24-bit image had dimensions
of 2592 x 1944 pixels. At each stage, 50-100
images were clicked. Areas with floating cells and
overcrowded cells, where cells overlapped, were
excluded. Fig. 1 shows the image preparation
phase.

Data preprocessing

The collected dataset has been divided
into 8 different classes, namely, MCF7_SCA,
MCF7 _LC, MCF7_SC, MCF7 FC, HeLa SCA,
HeLa LC, HeLa SC, and HeLa FC. The initial



SHARMA et al., Biomed. & Pharmacol. J, Vol. 19(1), 205-232 (2026) 208

4 classes belong to different stages of Michigan
Cancer Foundation-7, and the remaining classes
have Henrietta Lacks cancer cell stages. This
dataset contained a limited number of images,
which have been further augmented to increase
the size of the dataset to achieve improved and
accurate classification outcomes. The augmentation
methods include rotation, shift, shear, and flipping.
Proposed Methodology

This section elaborates on the proposed
methodology used for the classification of 8
different cancer cells.

The proposed work implements three
different pre-trained DL models, namely,
InceptionV3, MobileNetV2, and Xception models,
for the classification of eight different cell
lines. The MobileNetV2 model is a lightweight
architecture containing depthwise convolutions,
which significantly reduces the cost and parameters
in comparison to other models, namely, VGG16,
VGG19, etc. This model is efficient and works
in resource-constrained conditions due to the
reduction of complexity and dimensionality.
The InceptionV3 is one of the most efficient
DL techniques that has inception modules for
extracting multi-scale information using parallelly
processing of pooling and convolution layers,
which reduces computational costs by factorising
and dividing convolutions into small segments.
The InceptionV3 model has an auxiliary classifier
to reduce the vanishing gradient problem. Another
pre-trained Xception model has also been used
in the proposed work that contains an inception
module with depthwise separable convolutions for
enhancing the performance and efficiency of the
model. Further, the depthwise convolutions result
in decreased parameters. Three pre-trained models,
namely, InceptionV3, Xception, and MobileNetV2,
have been found to be more scalable, which has led
to improved feature extraction capabilities.

The InceptionV3 model is made up
of combined auxiliary classifiers, factorized
convolutions, batch normalization, and average
pooling, which have been shown in equations (1),
(2), (3), and (4), respectively.

Convsxs == Convixs Convsxs

(1)

Ltotal :Lma.in + }\'-Lau_x

Q)
Tt

. 1
Average Pooling (X) = YT X
(4

The composition of the layers to factorise
the convolutions into smaller segments is shown
in Equation (1), whereas Equation (2) shows
the process of the auxiliary classifier. It handles
the execution flow of the gradients during the
training process. The batch normalization is shown
in Equation (3), which enhances the speed and
stabilises the model’s training. The global average
pooling, as shown in Equation (4), reduces the
overfitting.

The Xception model has various
operations, namely, depthwise convolutions,
pointwise convolutions, depthwise separable
convolutions (DSC), residual connection, and
bottlenecks, which have been provided in equations
(5), (6), (7), (8), (9), respectively.

Depthwise convolution(X, K) = (Ki,j * Xi,j)
..(5)

...(6)
DSC=Pointwise Convolution (Depthwise
Convolution (X,K), W)

Pointwise convolution(X, W) =(W - X)

(7

(8)
Y=Expand(Depthwise Separable Convolution
(Reduce(X)))

Y=F(X) + X

.(9)

The depthwise convolution takes X as the

input tensor, k as the kernel, and KLj are the filters
applied to each channel. The pointwise convolution
is used to mix the output, where X has been taken
as the input tensor, and W is the filter. The DSC is
used to reduce computational costs and parameters.
Equation (8) defines the residual connection,
where X shows the actual input, Y represents
the output, and F(X) is the transformation to be
applied to the input. The bottleneck has been



SHARMA et al., Biomed. & Pharmacol. J, Vol. 19(1), 205-232 (2026)

209

‘doys Surssaooid oFewn
oy} uo pooeld sem snooj 10w ‘pedjsul
‘argoayyore [apow pasodoid ayj jo s[rejop

y3noioty papraoid jou dAey sioyIne Y], pauonuaw JON sordwres ¢g6 Id 61
‘popraoad uadq
10U Sey [9pOW JU} UO UOIBULIOJUI PI[IE)IP
Y T1OAIMOY dJom pasodoid ayp ur [dpow
NNVOS Paseq-NN( & pasn AeY sIoyne sy J, %6'96  S9TeW 96901 NNVOS-NNd 91
sjapow (' 9sod[[a0 pue (' | asod[[29 a3 asodoxd
01 uonem3yuod 1awerediadLy ay3 uo GLTI/SSTI 1077 9sod[12DGLT1/SHTI [opow
UOTJBWLIOJUI PIpPIA0Id 10U 9ABY SIOYINE JY [, :0°1 9sod[eD:oer oanisod onip,  sadewr 000°LE 9SO[N[[9d PIseq-Iy 81
‘[opow 9} uren
A19A1309339 03 own [euonendwos yJry armbax
A yorym ‘azIs (oyeq Jo onfeA [[ews e %8986 1PIN-1-6 DDA PN-N-61DDA
Ppazijin 9aey pue syoods jo onjea a51e] K104 046066 PN-N-FEIONSHY “%F0°66 PUE 1ON-N-FEIRONSOY
® U0 [opow oy} pajuowd[dwr sroyne ay |, 2ON-N-uondoouo,69°86 1ON- sagewl ()G9 9ON-N-uondoourvN-N al
's9sse[d AIeulq 10J QUOP U99q SBY UOIIBIYISSE[O
) ‘sasselo ordnnw 10y Joserep sagewr [[90 NNDADIN ‘uondoouy
oy papiaoid aaey s1oyne ) YSnoy, %08-0L o|3UIs 00SH< PPNSY ‘N ‘NND €l
adoog amnyg Koeinooy jasereq [PPON  JoY

sonbIuyd9} UOIBIYISSL[O [[90 JOOUED Y} JO ATEWUNS PI[1LIOP V °T IqEL



SHARMA et al., Biomed. & Pharmacol. J, Vol. 19(1), 205-232 (2026) 210

used for dimensionality reduction, where X and Y
are the input tensor and pointwise convolutions,
respectively.

The lightweight MobileNetV2 model is
also an efficient DL model that is used for fast
communications in mobile vision and embedded
applications. It has depthwise convolution,
pointwise convolution, inverted residual block,

and linear bottleneck. The depth-wise convolution
is provided in equation (10), where X and K are
the input tensor and kernel, respectively. Equation
(6) represents the point-wise convolution, and
equation (11) shows the inverted residual, where
expansion(X) is utilised to enhance channels, and
projection is used for dimensionality reduction.
Equation (12) shows the linear bottleneck,

Image Preparation

Fig. 1. Workflow of the image preparation
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Table 2. Dataset classes, original images, and augmented images

Classes Image Augmentations Classes Image Augmentations
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HeLa SCA
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Table 3. The hyperparameter configuration of the proposed cancer cell line
classification model

] |
] |

Hyperparameters Values Hyperparameters Values
Batch Size 16 Epochs 50
Learning Rate 0.001 Optimizer Adam

Activation Function ReLU Train-Test Split 80:20
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Fig. 2. Proposed methodology for cancer cell line classification
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depicting that the linear transformation has been
performed to pass the output by performing ReLU
activation.

Depthwise Convolution (X,K) = K*X

..(10)
Y = X+Projection (Depthwise Separable
Convolution (Expansion (X)))

(11)
Y = Linear (W - X)

..(12)

These three models, namely, InceptionV3,
Xception, and MobileNetV2, have been applied to
classify 8 different cancer cell lines. The dataset
has been prepared and supplied with augmentation
methods to create an enhanced dataset for deep
learning models to understand, resulting in
improved outcomes. The augmented dataset has
been pre-processed with the input image size of

Hela_SCA -

Hela_SC

Hela_FC -

0.850

MCF7_SCA

MCF7_LC

0.710

MCF7_SC

MCF7_FC -

Cancer cell classification heatmap using pre-trained MobileNetV2 model

299X299X3 for the InceptionV3 and Xception
models and 224X224X3 for the MobileNetV2
model. The dataset has been divided into 80:20 for
the training and testing phases. There are various
hyperparameters that have been configured to train
each model effectively. These hyperparameters
include batch size, learning rate, epochs, etc. as
shown in the Table. 3. The categorical cross-
entropy function has been utilized to predict 8
different output classes. Further, each model was
tested with the testing dataset, and the results were
analyzed in terms of class-wise accuracy, recall,
loss, precision, and F1-score. The methodology of
the proposed model is shown in Fig. 2.

RESULTS

This section elaborates on the cancer cell
classification outcomes achieved using pre-trained
MobileNetV2, InceptionV3, and Xception models
with and without augmented images.

- 0.800

- 0.775

Fig. 3. Heatmap for cancer cell classification using pre-trained MobileNetV2 model
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Results achieved by pre-trained models

This section elaborates on the findings
of the pre-trained MobileNetV2, InceptionV3,
and Xception models. These pre-trained models
have been trained with the original dataset having
4 different classes of HeLa and MCF7.

Results achieved pre-trained MobileNetV2
model

The results of the pre-trained MobileNetV2
model for cancer cell classification have been
discussed in this section.

Figure 3 represents the heatmap of the
pre-trained MobileNetV2 classification model.
The results have been shown as the recall of 0.89,
precision of 0.890, F1-score of 0.869, and accuracy
0f0.886 in HeLa_SC, MCF7_SC, MCF7_SC, and
HeLa_ SC, respectively.

Figure 4 shows the training and testing
accuracy of the pre-trained MobileNetV2 cancer
cell classification model, where the highest
accuracy has been achieved at epoch 17.

Figure 5 depicts the loss of the pre-trained
MobileNetV2 cancer cell classification model,
where the highest loss has resulted at epoch 41 at
testing and 1 at the training phase.

Figure 6 shows the class-wise performance
analysis of the pre-trained MobileNetV2 cancer
cells classification model. The graph depicts that
the highest accuracy has been achieved by Hela SC
as 88.6%, whereas the lowest value of accuracy has

Training vs Testing Accuracy of the pre-trained

been identified with class MCF7_LC.

Figure 7 depicts the overall performance
analysis of the pre-trained MobileNetV2 cancer
cells classification model. The highest value of
accuracy was 81.5%, whereas precision, recall,
and Fl-score were 0.8125, 0.774, and 0.792,
respectively.

Results achieved pre-trained InceptionV3 model

The results of the pre-trained InceptionV3
model for cancer cell classification have been
discussed in this section. This section shows the
class-wise and overall performance prediction
outcomes of the InceptionV3 model.

Figure 8 depicts the heatmap for cancer
cell classification using a pre-trained InceptionV3
model. The highest accuracy was achieved in
the Hela SCA and MCF7_SC classes at 63%.
The accuracy obtained by this model is less in
comparison to the pre-trained MobileNetV2 model.

Figure 9 shows the accuracy of the pre-
trained InceptionV3 cancer cell classification
model. The highest training accuracy at epoch 40
and the highest testing accuracy at epoch 49 have
resulted in 62.32% and 63.01%, respectively.

Figure 10 shows the training and testing
loss of the pre-trained InceptionV3 cancer cell
classification model. The minimum training and
testing loss have been identified at epochs 50 and
49, respectively.

V2 model

10 { —8— Training Accuracy
—8— Testing Accuracy

o9

08

Accuracy

07

13

A N A
SN Y RYHR
NI YN \

./\y./'/\f WM
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Fig. 4. Training and testing accuracy of the pre-trained MobileNetV2 cancer cell classification model
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Figure 11 shows the class-wise performance
analysis of the pre-trained InceptionV3 cancer cells
classification model. The highest accuracy resulted
with class HeLaSCA and MCF7_SC as 63%,
whereas the minimum accuracy resulted with class
HeLa LC was 54.1%.

Training vs Tesnng Ioss of the pme tmned MobuIeNetvz model
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Figure 12 represents the overall
performance of the pre-trained InceptionV3 cancer
cells classification model. The highest accuracy of
59% has been achieved by the model, which is less
in comparison to the overall classification accuracy
resulting from the pre-trained MobileNetV2 model.
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Fig. 5. Training and testing loss of the pre-trained MobileNetV2 cancer cell classification model

Class-wise performance analysis of the pre-trained MobileNetV2 cancer cell classification model
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Fig. 6. Class-wise performance analysis of the pre-trained MobileNetV2 cancer cells classification model
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Overall Performance outcomes of the pre-trained
MobileNetV2 model
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Fig. 7. Overall performance analysis of the pre-trained MobileNetV2 cancer cells classification model

Cancer cell classification heatmap using pre-trained InceptionV3 model
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Fig. 8. Heatmap for cancer cell classification using pre-trained InceptionV3 model
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Results achieved by pre-trained Xception model

The results of the pre-trained InceptionV3
model for cancer cell classification have been
discussed in this section. This section shows the
class-wise and overall performance prediction
outcomes of the InceptionV3 model.

Figure 13 represents the heatmap for
cancer cell classification using the pre-trained
Xception model. The highest accuracy of MCF7_
FC was 82.4%, whereas the lowest accuracy of

74.2% was resulted for class MCF7_LC.

Figure 14 represents the training and
testing accuracy of the pre-trained Xception cancer
cell classification model. The highest training
accuracy of 100% resulted in epochs 39, 40, and
41, whereas the testing accuracy of 83.24% resulted
in 37 and 39.

Figure 15 represents the training and
testing loss of the pre-trained Xception cancer
cell classification model. The highest training loss

Training vs Testing Accuracy of the pre-trained InceptionV'd model

=8~ Training Accuracy
—8— Testing Accuracy

os /\ji\ /(\

02

R e N I N T N I Ty

Epochs

Fig. 9. Training and testing accuracy of the pre-trained InceptionV3 cancer cell classification model

Training vs Testing loss of the pre-trained InceptionV'd model
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Fig. 10. Training and testing loss of the pre-trained InceptionV3 cancer cell classification model
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Class-wise performance analysis of the pre-trained InceptionV3 cancer cell classification model
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Fig. 11. Class-wise performance analysis of the pre-trained InceptionV3 cancer cells classification model
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Fig. 12. Overall performance analysis of the pre-trained InceptionV3 cancer cells classification model
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Cancer cell classification heatmap using pre-trained Xception model
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Fig. 13. Heatmap for cancer cell classification using a pre-trained Xception model
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Fig. 14. Training and testing accuracy of the pre-trained Xception cancer cell classification model
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of 1.221 was obtained at epoch 1, and the lowest
training loss was identified in epoch 41. Further,
the highest and lowest testing losses have also been
identified at 23 and 2 epochs, respectively.
Figure 16 shows the class-wise
performance analysis of the pre-trained Xception
cancer cells classification model. The highest

Training vs Testing loss of the pre-trained Xception model
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accuracy was predicted by the HeLa LC class,
whereas the lowest accuracy, 74.2%, was predicted
by the MCF7_LC class.

Figure 17 shows the overall performance
analysis of the pre-trained Xception cancer
cells classification model. The highest accuracy,
precision, recall, and F1-score of the model have
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Fig. 15. Training and testing loss of the pre-trained Xception cancer cell classification model

Class-wise performance analysis of the pre-trained Xception cancer cell classification model
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Fig. 16. Class-wise performance analysis of the pre-trained Xception cancer cells classification model



SHARMA et al., Biomed. & Pharmacol. J, Vol. 19(1), 205-232 (2026) 221

Overall Performance outcomes of the pre-trained
Xception model
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Fig. 17. Overall performance analysis of the pre-trained Xception cancer cells classification model

Cancer cell classification heatmap using pre-trained MobileNetV2 model with augmented dataset
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Fig. 18. Heatmap for cancer cell classification using pre-trained MobileNetV2 model with augmented dataset
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been identified as 81.5%, 0.82, 0.81, and 0.82, have been trained using the augmented dataset

respectively. having 4 different categories of HeLa and MCF7.
Results achieved by pre-trained models with  Results achieved by pre-trained MobileNetV2
augmented dataset model with augmented data

This section discusses the classification Theresults of the pre-trained MobileNetV2

outcomes achieved using pre-trained MobileNetV2,  model for cancer cell classification using an
InceptionV3, and Xception models. These models  augmented dataset have been discussed in this

Training vs Testing Accuracy of the pre-trained Mobil r2 model with d dataset
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Fig. 19. Training and testing accuracy of the pre-trained MobileNetV2 cancer cell classification model with the
augmented dataset
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Fig. 20. Training and testing loss of the pre-trained MobileNetV2 cancer cell classification model with the
augmented dataset
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Class-wise performance analysis of the pre-trained MobileNetV2 cancer cell classification model
with augmented dataset
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Fig. 21. Class-wise performance analysis of the pre-trained MobileNetV2 cancer cells classification model with
the augmented dataset

Overall Performance outcomes of the pre-trained
MobileNetV2 model with augmented dataset
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Fig. 22. Overall performance analysis of the pre-trained MobileNetV2 cancer cells classification model with the
augmented dataset
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Cancer cell classification heatmap using pre-trained InceptionV'3 model with augmented dataset
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Fig. 23. Heatmap for cancer cell classification using pre-trained InceptionV3 model with the augmented dataset
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Fig. 24. Training and testing accuracy of the pre-trained InceptionV3 cancer cell classification model with
augmented dataset
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section. This section shows the class-wise and  MobileNetV2 model with augmented. The class-

overall performance prediction outcomes of the  wise performance analysis has been depicted,

MobileNetV2 model. where the highest precision of 0.981, recall of

Figure 18 depicts the heatmap for 0.964, and Fl-score of 0.972 have been identified

cancer cell classification using a pre-trained  with MCF7 _SCA and accuracy of 97.5% with
MCF7_SC.

Training vs Testing Loss of the pre-trained InceptionV3 model with augmented dataset
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Fig. 25. Training and testing loss of the pre-trained InceptionV3 cancer cell classification model with the
augmented dataset

Class-wise performance analysis of the pre-trained InceptionV3 cancer cell classification model
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Fig. 26. Class-wise performance analysis of the pre-trained InceptionV3 cancer cells classification model with the
augmented dataset
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Overall Performance outcomes of the pre-trained
InceptionV3 model with augmented dataset
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Fig. 27. Overall performance analysis of the pre-trained InceptionV3 cancer cells classification model with the
augmented dataset
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Fig. 28. Heatmap for cancer cell classification using pre-trained Xception model with the augmented dataset
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Figure 19 shows the training and testing
accuracy of the pre-trained MobileNetV2 cancer
cell classification model with the augmented
dataset. The highest training accuracy and testing
accuracy of 98.33% and 96.14% have resulted in
epochs 37 and 47, respectively.

Figure 20 represents the training and
testing loss of the pre-trained MobileNetV2 cancer

Training vs Testing Accuracy of the pre-trained Xception model with

cell classification model with the augmented
dataset. The highest loss of the model has been
identified at epoch 1 for the training set and epochs
2 and 40 for the test set.

Figure 21 depicts the class-wise
performance analysis of the pre-trained
MobileNetV2 cancer cells classification model
with the augmented dataset. The highest accuracy

d dataset
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Fig. 29. Training and testing accuracy of the pre-trained Xception cancer cell classification model with
augmented dataset
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Fig. 30. Training and testing loss of the pre-trained Xception cancer cell classification model with augmented
dataset
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Class-wise performance analysis of the pre-trained Xception cancer cell classification model with
augmented dataset

B Precision [l Recall [ Fl-Score [l Accuracy

1.00
0.75 - I I
S 0138
8 0186
8 o.s- 0.8
g 050
g ,w 0'98
089
0.9 o 911 01397 0. 01872
B3 0.905 0894
0.00

HeLa_SCA  HelLa LC  HelLa SC  HelLa FC MCF7_SCA MCF7_LC MCF7_SC  MCF7_FC
Cell Classes

Fig. 31. Class-wise performance analysis of the pre-trained Xception cancer cells classification model with the
augmented images
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Fig. 32. Overall performance analysis of the pre-trained Xception cancer cells classification model with the
augmented dataset
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Performance comparison of Xception, InceptionV3, and MobileNetV2 models with and without augmentation
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Fig. 33. Comparative analysis of the results obtained by the pre-trained MobileNetV2, Xception, and
InceptionV3 with augmented and without augmented datasets

of 97.5% and lowest accuracy of 92.2% have
resulted in classes MCF7 _SC and HeLa SC,
respectively.

Figure 22 depicts the overall performance
analysis of the pre-trained MobileNetV2 cancer
cells classification model with the augmented
dataset. The highest accuracy, precision, recall,
and F1-score of the model have been resulted as
94.3%, 0.933, 0.939, and 0.936, respectively.
Results achieved by pre-trained InceptionV3
model with augmented data

The results of the pre-trained InceptinV3
model for cancer cell classification using an
augmented dataset have been discussed in this
section. This section shows the class-wise and
overall performance prediction outcomes of the
InceptinV3 model.

Figure 23 shows the heatmap for cancer
cell classification using a pre-trained InceptionV3
model with the augmented dataset. The highest
precision with class HeLa LC was 0.89, recall
of 0.81 with HeLa LC, Fl-score of 0.848 with
HeLa LC, and highest accuracy with HeLa SC
as 80.1%.

Figure 24 shows the training and testing
accuracy of the pre-trained InceptionV3 cancer cell

classification model with the augmented dataset.
The highest training and testing accuracies have
resulted at epoch 46 and epoch 48, as 0.741 and
0.752, respectively.

Figure 25 shows the training and testing
loss of the pre-trained InceptionV3 cancer cell
classification model with the augmented dataset.
The lowest loss at the training phase and testing
phase have been identified at epochs 50 and epoch
43, respectively.

Figure 26 shows the class-wise performance
analysis of the pre-trained InceptionV3 cancer cells
classification model with the augmented dataset.
The highest accuracy of HeLa FC was 78.2%,
whereas the lowest accuracy of 62.1% was resulted
with class MCF7_LC.

Figure 27 depicts the overall performance
analysis of the pre-trained InceptionV3 cancer cells
classification model with the augmented dataset.
The highest accuracy, precision, recall, and F1-
score resulted by the model were 66.84%, 0.6409,
0.6929, and 0.672, respectively.

Results achieved by pre-trained Xception model
with augmented data

The results of the pre-trained Xception
model for cancer cell classification using an
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augmented dataset have been discussed in this
section. This section shows the class-wise and
overall performance prediction outcomes of the
Xception model.

Figure 28 shows the heatmap for cancer
cell classification using pre-trained Xception model
with the augmented dataset. The highest precision
of 0.97 with HeLa SC, recall of MCF7_SC, F1-
score of HeLa LC, and accuracy of 91.1% have
been resulted with HeLa SC.

Figure 29 depicts the training and testing
accuracy of the pre-trained Xception cancer cell
classification model with the augmented dataset.
The highest training accuracy of 0.981 has been
resulted at epoch 47, whereas the highest testing
accuracy of 98.99% has been achieved at epoch 47.

Figure 30 shows the training and testing
loss of the pre-trained Xception cancer cell
classification model with the augmented dataset.
The minimum train and testing loss have been
resulted at epochs 47 and 31, respectively.

Figure 31 shows class-wise performance
analysis of the pre-trained Xception cancer cells
classification model with the augmented images.
The highest accuracy of 91% has been resulted
with HeLa LC, whereas the lowest accuracy was
identified for the MCF7 LC class as 0.872.

Figure 32 depicts the overall performance
analysis of the pre-trained Xception cancer cells
classification model with the augmented dataset.
The highest accuracy, recall, precision, and F1-
score have been resulted as 89.7%, 0.89, 0.9, and
0.897, respectively.

DISCUSSION

This section compares the performance
of the pre-trained MobileNetV2, Xception,
and InceptionV3 with augmented and without
augmented datasets.

Figure 33 depicts the comparative
analysis of the results obtained by the pre-trained
MobileNetV2, Xception, and InceptionV3 with
augmented and without augmented datasets. The
analysis shows that the MobileNetV2 model
outperforms in both augmented and non-augmented
datasets by resulting in 94.3% and 81.5% accuracy,
respectively.

These results show that the augmented
data improves the performance of the pre-trained

models and generalizes better outcomes on unseen
datasets. The performance comparison of the pre-
trained models with and without augmentation is
evident that the augmented dataset outperforms and
improves the accuracy. These outcomes achieved
with the augmented dataset not only improve
the accuracy, precision, recall, and F1-score but
also balance the true positives and reduce false
negatives/ positives.

Further, the model comparison also shows
that the MobileNetV2 outperforms by showing
the highest accuracy of 94.3%, resulting it in
capturing patterns while reducing the error rate.
This architecture is lightweight and suitable for
predictions where high computational efficiency is
needed along with better outcomes. In addition, the
Xception model also performs better and represents
an accuracy of 89.7% with the augmented dataset.
Lastly, the outcome of InceptionV3 shows an
accuracy of 66.84% with the augmented dataset,
resulting in poor generalization of the results.
The accuracy shows that the InceptionV3 model
struggles in terms of varied and complex datasets,
and the architecture may be less suitable for
predictions that require high recall and precision.

Data augmentation is a powerful
technique for generalizing better performance.
In the comparison of the pre-trained models,
it has been analyzed that the MobileNetV2
model provides the most effective outcomes
with augmentation offering better accuracy for
cancer cell classification. Further, Xception has
also resulted as one of the strong contenders for
the MobileNetV2 model, resulting in improved
performance in comparison to InceptionV3.

CONCLUSION

The proposed work utilizes three
pre-trained DL models, namely, Xception,
InceptionV3, and MobileNetV2, for breast cancer
cell classification. These models reduce the time
complexity of the manual classification and handle
the multidimensionality of the biological datasets.
The pre-trained models were trained using an actual
and augmented cancer cell line dataset created in
the Centre for In Vitro Studies and Translational
Research laboratory, and the best performance
was achieved with the MobileNetV2+ augmented
dataset, obtaining 94.3% accuracy. This model is
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lightweight and works efficiently in constrained
environments, and also enhances its practical
utility. The results achieved in the proposed work
show the most prominent and promising method
for clinical applications, including breast cancer
cell classification in real-time in vitro labs.
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