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Identification of Multiple Cancer Cell Lines from Microscopic Images
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ABSTRACT

For the diagnosis of cancer-related diseases in clinical practice, pathological examination using biopsy is essential
after basic diagnosis using imaging equipment. In order to proceed with such a biopsy, the assistance of an oncologist,
clinical pathologist, etc. with specialized knowledge and the minimum required time are essential for confirmation. In
recent years, research related to the establishment of a system capable of automatic classification of cancer cells using
artificial intelligence is being actively conducted. However, previous studies show limitations in the type and accuracy
of cells based on a limited algorithm. In this study, we propose a method to identify a total of 4 cancer cells through
a convolutional neural network, a kind of deep learning. The optical images obtained through cell culture were learned
through EfficientNet after performing pre-processing such as identification of the location of cells and image
segmentation using OpenCV. The model used various hyper parameters based on EfficientNet, and trained InceptionV3
to compare and analyze the performance. As a result, cells were classified with a high accuracy of 96.8%, and this
analysis method is expected to be helpful in confirming cancer.

=

Cancer Cell, Classification, CNN, Deep Learning

.M B =0 2 T+ CT 52 AAlsto] RT3t ohx]

ok ol AU HIEEA EAel &£ AL 37]

oubd o2 ok AtHsl7] 9= X-ray, £ o= %‘71;'1 g B OQEO_%»OI»%“’JQ od o
AIAl &g 4 Yot o5 sl g 599 =274

< AF & MEE vigst dAujFdor HAafsto]

*

corresponding author

374



rot
Hi
ox
HT
o

ANZS e AE GHez gRITo] o]FojRl
ot ol2fet AAIFALE s Yside AeAAS
7P SFetA dAREA 9 =3 A4l
A0 ARF2 2A1E ¢fsh Basttt. ol Al
siastr] flsl A2 ASAsS 8 A=Y
tEER AAR R0 TE" A4 FEstl
AgE L ot [1]. sHAIRE, o]l A4e2 Az
TR OFstAl stAu [2] ogste et Al
S o o] Hlust= Zlo] ofd NS o] &7
S St JHZ dHfE IT°1 Hoo] e
dAS HAT B 2= & A4S 9 HE
stee 48 ¥8s «‘l’é%‘% ojgst F 47t
Aol G2 Hojid oA S Adsts WEe Al
oFetet.

II. Hlo|ef =Z&

2 =ooMe AARCRE et NxZE vy
st FAloll st olnx|& =55t HlolHE
Aot Al AMEE Mz 5 Y 7HRolY
Hela(human, female, 31 vyears old, Black,
cervical cancer cells), MCF-7(human, female,
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Adadeltas &oll H¥8S ZdPsiRAct. FrHAoz
180%= oJYjoflA] EAQ] 2 3| A 5= Augmentation
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ojzish AL &=l MEE 2712 &S] Model
271 optimizer 37§ & 6719 2¥E THAIZCS
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E 1. Optimizer | Z 3}

Optimizer Loss Accuracy
Adadelta 0.44 85.55%
Adagrad 0.25 92.19%
Adamax 0.44 93.36%
Firl 1.39 28.52%
Nadam 0.5 89.84%
RMSprop 0.59 91.02%
SGD 0.31 90.62%
Adam 0.36 91.02%
E 2. Model H|u Z 3}
Model Loss Accuracy
VGG16 1.44 28.26%
VGG19 1.39 23.44%
EfficientNetB2 0.47 90.62%
EfficientNetB3 0.36 91.02%
InceptionV3 0.43 92.58%
¥ 3. =& dlu Aot
Model Opimizer | Loss | Accuracy
SGD 0.08 96.87%
EfficientNetB2 | Adagrad | 0.14 94.92%
Adadelta | 0.20 91.40%
SGD 0.18 95.70%
InceptionV3 Adagrad | 0.23 94.53%
Adadelta | 0.18 92.96%
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