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The	 world	 was	 shaken	 by	 the	 emergence	 of	 a	 deadly	 virus	 variant	 called	
Severe	 Acute	 Respiratory	 Distress	 Syndrome	 CoronaVirus	 2	 which	 causes	
COVID-19	disease.	This	phenomenon	started	at	the	end	of	2019	which	later	
became	an	outbreak	that	caused	a	deadly	pandemic.	A	significant	number	of	
people	lose	their	lives	because	of	this	outbreak.	A	fast	and	precise	diagnosis	is	
needed	so	that	the	patients	can	be	treated	immediately.	This	study	is	intended	
to	overcome	these	problems	by	utilizing	machine	learning	to	classify	lung	CT-
Scan	 images.	 This	 study	 propose	 to	 use	 the	 Convolutional	Neural	Network	
(CNN)	 based	 on	 Visual	 Geometry	 Group	 (VGG)	 16	 layers	 architecture	 and	
Support	Vector	Machine	(SVM)	as	its	classifier.	The	classification	results	of	the	
proposed	 method	 achieve	 89%	 and	 96%	 accuracy	 on	 the	 two	 different	
datasets.	This	study	results	can	help	overcome	problems	related	to	the	COVID-
19	diagnosis	and	the	lack	of	resources	to	classify	images.	
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A. Introduction	
At	the	end	of	2019,	an	outbreak	of	patients	with	lung	illness	has	been	reported	

in	China.	This	lung	disease	is	called	COVID-19	which	is	caused	by	a	virus	called	SARS-
CoV-2	[1].	This	COVID-19	disease	is	caused	by	a	virus	that	infects	the	lungs	or	other	
respiratory	 organs	 [2].	 The	 COVID-19	 case	 pandemic	 has	 emerged	 as	 one	 of	 the	
greatest	 public	 health	 crises	 of	 our	 time,	 affecting	millions	 of	 people	 globally.	 A	
significant	number	of	people	infected	with	this	pneumonia	are	increasing	[3].		As	the	
virus	 persists	 in	 its	 propagation,	 the	 timely	 and	 precise	 diagnosis	 of	 COVID-19	
persists	as	a	critical	challenge	[4].	In	this	study,	the	researcher	intended	to	overcome	
these	problems.	To	overcome	this	global	pandemic,	the	medical	industry	can	take	
advantage	of	artificial	intelligence	technology	[5],	[6].	Deep	learning	is	one	of	several	
methods	 in	artificial	 intelligence.	By	utilizing	deep	 learning,	precision,	speed,	and	
performance	 of	 the	 diagnosis	 on	 the	 current	 problem	 can	 be	 improved	 [7].	
Convolutional	Neural	Network	(CNN)	is	one	of	several	image	processing	algorithms	
in	deep	learning	which	can	be	used	to	classify	images.	In	this	case,	CNN	is	intended	
to	detect	COVID-19	disease	based	on	lung	CT-Scan	[8].	

In	 previous	 studies,	 first	 conducted	 research	 by	 [9]	 built	 an	 open-sourced	
COVID-CT	dataset	due	to	the	highly	difficult	to	obtain	a	public	COVID-19	datasets.	
The	 researcher	 performed	 multitask	 and	 self-supervised	 learning	 methods	 to	
demonstrate	that	the	dataset	can	be	used	to	diagnose	COVID-19	using	small	positive	
and	negative	COVID-CT	 image	data.	The	research	achieved	0.89	or	89%	accuracy	
from	the	small	datasets.	The	next	research	is	conducted	by	[10]	performed	ensemble	
methods	for	COVID-19	diagnosis.	This	ensemble	method	research	is	using	a	large	
COVID-19	dataset	which	contains	positive,	negative	and	cap	labels.	The	result	of	this	
ensemble	 method	 research	 achieved	 95.31%	 accuracy.	 The	 next	 research	 is	
conducted	by	 [11]	propose	an	automatic	COVID-19	detection	based	on	radiology	
image	called	CoroDet.	The	CoroDet	 is	developed	to	do	an	automatic	detection	for	
diagnosting	 2	 label	 classification	 (COVID	 and	 Non-COVID),	 3	 label	 classification	
(COVID,	Non-COVID	and	Non-COVID	pneumonia),	4	label	classification	(COVID,	Non-
COVID,	 Non-COVID	 pneumonia	 and	 Non-COVID	 bacterial	 pneumonia).	 The	
proposed	CoroDet	method	can	achieve	high	accuracy	as	99.1%	accuracy	for	2	label	
classification,	 94.2%	accuracy	 for	3	 label	 classification	and	91.2%	accuracy	 for	4	
label	classification.		

The	 next	 researcher	 is	 [12]	 propose	 to	 use	 Convolutional	 Neural	 Networks	
(CNN)	as	the	method	for	automatic	detection	COVID-19	based	on	chest	radiology	
images.	This	research	performed	an	automatic	detection	using	CNN	as	the	method	
for	COVID-19	diagnostics	using	both	public	and	locally	developed	dataset.	The	CNN	
method	can	produce	96.68%	accuracy,	95.65%	specificity	and	96.24%	sensitivity.	
The	 next	 research	 is	 conducted	 by	 [13]	 built	 an	 automated	 COVID-19	 detection	
using	CNN	for	diagnosting	radiology	image	as	x-ray	images,	Computed	Tomography	
(CT)	 images.	 This	 research	 use	 binary	 and	multiclass	 datasets	 for	 classification.	
After	several	process,	 this	research	achieve	99.64%	accuracy,	99.58%	sensitivity,	
99.56%	 precision,	 99.59%	 f1-score,	 and	 100%	 ROC	 (Receiver	 Operating	
Characteristic)	 curve	 for	 the	 binary	 datasets.	 The	 multiclass	 datasets	 achieve	
98.28%	 accuracy,	 98.25%	 sensitivity,	 98.22%	 precision,	 92.23%	 f1-score,	 and	
99.87%	ROC	curve.	
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In	 this	 study,	 the	 researcher	 will	 compare	 basic	 or	 manually	 built	 CNN	
architecture	with	CNN	transferred	learning	methods	using	Visual	Geometry	Group	
(VGG)	 with	 16	 layers	 architecture	 and	 Support	 Vector	 Machine	 (SVM)	 as	 its	
classifier.	 The	 VGG16-SVM	 method	 is	 proposed	 to	 prevent	 models	 from	
mispredicting	and	obtain	higher	accuracy,	because	of	the	small	amount	of	data	we	
use	to	train	the	model.	This	study	intended	to	use	small	datasets	or	emphasize	the	
amount	 of	 dataset	 to	 reduce	 the	 computational	 burden	 while	 still	 achieving	
remarkable	performance.	Support	Vector	Machine	(SVM)	 is	a	method	included	 in	
supervised	learning	and	also	great	for	image	classification	[14].	In	several	previous	
studies,	SVM	can	provide	slightly	higher	accuracy	compared	to	the	basic	methods	
[15],	[16].	This	study	aims	to	analyze	the	performance	of	pre-trained	model	VGG16	
and	 SVM	 as	 its	 classifier	 for	 COVID-19	 detection	 based	 on	 CT	 images.	 Next,	 the	
model’s	performance	 is	assessed	by	comparing	 	 it	with	 the	Plain	CNN	method	 to	
evaluate	its	performance	and	effectiveness.			

	
B. Research	Method	
a. Method	

Methodology	 is	 an	 important	 component	 in	 research,	 as	 it	outlines	 the	entire	
process	from	initial	stage	to	the	research	result.	It	provides	a	structured	approach	
to	ensure	that	the	research	is	carried	out	in	a	systematic	manner.	In	this	study,	we	
proposed	comparing	model	algorithm	methods	to	analyze	the	model	performance	
on	diagnosis	COVID-19	disease	based	on	 lung	CT-Scan	 images.	The	methodology	
starts	 from	 preparing	 datasets	 as	 splitting,	 standardizing	 image	 dimensions	 and	
performing	image	augmentation	techniques.	Then	performed	the	learning	process	
as	feature	extraction	and	model	fitting.	Lastly,	evaluate	the	model	results	to	compare	
its	performance.	The	methodology	flow	is	shown	in	Figure	1.	

	

	
Figure	1.	Methodology	

	
b. Dataset	

This	study	used	a	binary	class	and	multi	class	datasets	from	Kaggle	platform.	The	
binary	class	dataset	is	COVID-19	Lung	CT	Scans,	and	Large	COVID-19	CT	Scan	Slice	
as	a	multi	class	dataset.	Data	composition	is	shown	in	Table	1.	

	
Table	1.	Dataset	Composition	
Dataset	 Total	Dataset	Samples	

COVID-10	Lung	CT	Scans	 764	
Large	COVID-19	CT	Scan	Slice	 3000	
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The	 binary	 class	 dataset	 contains	 two	 label	which	 positive	 and	 negative	 images.	
Then	the	multi	class	datasets	contains	three	label	which	positive,	normal	or	negative	
and	cap	images.	Figure	2	and	3	shows	the	image	samples	from	two	COVID-19	CT-
Scans	Datasets.	
	

	
Figure	2.	Binary	Class	Dataset	Sample	

	

   
Figure	3.	Multi	Class	Dataset	Sample	

	
c. Data	Preparation	

Data	 preparation's	 primary	 objective	 is	 to	 prepare	 the	 raw	 data	 for	 further	
analysis.	In	this	section,	all	image	dimensions	are	set	to	224	x	224	pixels,	and	the	
data	is	splitted	into	train	and	test	with	80:20	percent	ratio.	We	proposed	to	reduce	
the	 Large	 COVID-19	 CT	 Scan	 Slice	 samples	 from	 17104	 to	 3000	 data	 using	 the	
random	sample	 technique	 to	 get	 the	 random	3000	 sample	data	 from	 its	 original	
dataset.	to	analyze	the	model	performance	on	small	datasets	and	prevent	crashes	
while	training	the	data.	

	
d. Image	Augmentation	

Overfitting	 is	 a	 problem	when	 a	machine	 learning	models	 are	 considered	 as	
overly	complex	and	perform	overly	well	when	fitting	the	data	for	training	section,	
which	 leads	 to	a	 lower	performance	on	new	data	or	 test	data.	The	application	of	
image	 augmentation	 techniques	 is	 to	 overcome	 overfitting	 problems	 in	machine	
learning	models	 [17].	 Image	 augmentation	 is	 a	 regularization	 technique	 used	 to	
reduce	model	complexity	and	ensure	that	the	model	can	properly	generalize	to	new	
data.	We	performed	an	Image	augmentation	technique	to	increase	the	data	sample	
and	prevent	models	from	overfitting		since	the	data	sample	we	use	in	this	study	is	
small.	 Table	 2	 shows	 the	 data	 composition	 after	 applying	 image	 augmentation	
technique.	
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Table	2.	Dataset	Composition	after	Image	Augmentation	
Dataset	 Total	Dataset	Samples	

COVID-10	Lung	CT	Scans	 1492	
Large	COVID-19	CT	Scan	Slice	 8788	

	
e. Feature	Extraction	VGG16	

VGG16	is	a	pre-trained	Deep	CNN	with	16	layers	of	model	architecture	[18].	We	
will	use	the	VGG16	pre-trained	model	as	a	feature	extractor.	In	this	study,	all	the	16	
layers	 of	 VGG16	 will	 not	 be	 used	 but	 only	 using	 the	 convolutional	 layers	 and	
discarding	 the	 dense	 layer.	 After	 several	 data	 preparations,	 we	 extract	 the	 data	
feature	using	VGG16	and	normalize	its	shape.	

	
f. Train	Model	SVM	

SVM	(Support	Vector	Machine)	 is	used	 to	classify	extracted	 features	 from	the	
VGG16	 feature	 extraction	 stage.	 We	 selected	 SVM	 as	 our	 classifier	 based	 on	 its	
performance	 in	 accurately	 classifying	 datasets	with	 high-dimensionality	 features	
[19].	 In	 this	 stage,	we	 performed	model	 training	 on	 the	 extracted	 features	 from	
VGG16	using	SVM	linear	kernel.	Figure	4	shows	the	flow	of	training	model	SVM	after	
the	VGG16	feature	extraction	stage.	
	

	
Figure	4.	Train	Model	SVM	Flow	

	
g. Plain	CNN	

In	 this	 study,	 the	 researcher	 propose	 to	 use	 a	 Plain	 CNN	 or	 normal	 CNN	 to	
compare	its	performance	with	the	VGG16-SVM	method.	The	Plain	CNN	architecture	
for	binary	and	multi	class	dataset	is	slightly	different.	The	architecture	consists	of	4	
convolution	and	pooling	layers,	3	fully	connected	layers	and	1	dropout	layer	for	the	
multi	class	dataset.	
	
h. Train	Model	(CNN)	

In	this	stage,	after	the	Plain	CNN	model	was	created	the	next	stage	is	training	
process.	We	used	ADAM	as	an	optimizer.	The	model	will	be	trained	using	50	epochs	
and	35	steps	per	epoch	with	32	batch	size.	

	
i. Evaluate	Model	

Model	evaluation	is	the	last	stage	in	this	research.	The	model	evaluation	process	
is	 conducted	 to	 obtain	 information	 on	 the	 model’s	 performance	 [20].	 This	 last	
process	will	be	comparing	the	performance	of	Plain	CNN	and	CNN	based	VGG16-
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SVM	Classifier.	After	 the	classifying	process,	 the	confusion	matrix	method	will	be	
used	to	calculate	 the	number	of	TP	(True	Positive),	FP	(False	Positive),	TN	(True	
Negative),	 and	FN	 (False	Negative),	 to	 get	 the	 accuracy,	 precision,	 recall,	 and	 f1-
score	[21].	
	
C. Result	and	Discussion	

In	this	result	and	discussion	stage,	it	describes	the	two	model	algorithm	method	
performance	on	 classifying	 	binary	and	multiclass	COVID-19	 image	datasets.	The	
model	result	obtained	by	predicting	the	test	data	after	the	training	section.	After	the	
training	section,	the	machine	will	predict	the	new	image	from	test	data	using	the	
knowledge	from	the	training	section.	The	prediction	results	will	be	used	to	perform	
a	comparative	analysis	between	the	VGG16-SVM	method	and	the	Plain	CNN	method.	
Comparison	points	consist	of	accuracy,	precision,	recall	and	f1-score.	The	Plain	CNN	
and	VGG16-SVM	performance	have	a	huge	difference.	Where	 the	VGG16-SVM	got	
higher	 score	 compared	 to	 the	 Plain	 CNN.	 The	 VGG16-SVM	 can	 have	 better	
performance	because	of	its	capability	to	work	on	complex	data	[22].	
a. Confusion	Matrix	

Confusion	matrix	 is	a	technique	used	to	obtain	 information	about	the	model’s	
performance	in	classification.	From	the	confusion	matrix,	the	results	can	be	used	to	
calculate	 the	 model’s	 accuracy,	 precision,	 recall,	 and	 f1-score	 value.	 	 Confusion	
matrix	contains	TP	(True	Positive),	TN	(True	Negative),	FP	(False	Positive),	and	FN	
(False	 Negative)	 values.	 TP	 is	 the	 condition	 that	 classification	 model	 properly	
identifies	positive	samples.	Similar	to	TP,	TN	(True	Negative)	is	the	condition	where	
the	model	properly	identifies	negative	samples.	FP	(False	Positive)	is	the	opposite	
of	 True	 Positive	 where	 the	 model	 incorrectly	 classifies	 positive	 samples	 with	
negative	samples,	and	the	False	Negative	 is	 the	same	as	False	positive	where	the	
model	misclassifies	negative	samples	with	positive	samples.	The	confusion	matrix	
values	describe	how	the	model	predicts	or	mispredicts	the	image.		The	Plain	CNN	
method	 showed	 a	 high	 number	 of	 mispredicted	 images	 while	 the	 VGG16-SVM	
resulted		better.	The	details	after	predicting	the	test	data	is	shown	in	Figure	5,	6	and		
using	the	confusion	matrix.	

	

	  
Figure	5.	Plain	CNN	Binary	Class	&	Plain	CNN	Multi	Class		
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Figure	6.	VGG16-SVM	Binary	Class	&	VGG16-SVM	Multi	Class	

	
The	Plain	CNN	method	resulted	high	number	of	incorrectly	classifies	samples.	This	
shows	that	the	model’s	capability	in	classifying	the	COVID-19	sample	still	makes	lots	
of	mistakes.	Based	on	 figure	4,	 the	machine	 still	has	a	problem	 in	 classifying	 the	
covid	samples.	This	is	indicated	by	the	large	number	of	prediction	errors	from	the	
covid	 sample	 compared	 to	 other	 samples.	While	 the	 VGG16-SVM	method	 shows	
better	 capability	 than	 Plain	 CNN	 shown	 in	 Figure	 6.	 It	 is	 indicated	 by	 the	 small	
number	of	errors	when	predicting	from	COVID-19	samples	compared	to	the	Plain	
CNN	 method.	 Apart	 from	 calculating	 performance	 values	 such	 as	 accuracy,	
precision,	 recall,	 and	 f1-score,	 the	 application	 of	 the	 evaluation	 method	 using	
confusion	matrix	can	be	use	to	determine	where	the	machine’s	error	in	classification	
caused	the	performance	of	the	model	to	decrease.	
	
b. Performance	
After	 the	 confusion	 matrix	 section,	 the	 confusion	 matrix	 value	 will	 be	 used	 to	
calculate	the	model	value	of	accuracy,	precision,	recall,	and		f1-score.		

a. Accuracy	
Accuracy	 is	 an	 evaluation	 metric	 that	 measures	 the	 percentage	 of	 correct	
classification	 that	 the	 model	 can	 successfully	 predict.	 Accuracy	 can	 provide	
information	 about	 the	 performance	 of	 the	 model	 in	 predicting	 the	 correct	
classification.	The	accuracy	value	obtained	by	calculating	the	number	of	correct	
prediction	values	divided	by	the	total	number	of	evaluation	data.		
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 	 !"#!$

!"#!$#%"#%$
	 	 	 	 	 	 	 	 					(1)	

 
b. Precision	
Precision	is	an	evaluation	metric	that	measures	how	accurately	the	performance	
of	the	model	makes	correct	and	true	predictions.	A	high	precision	value	indicates	
the	ability	of	the	model	to	make	predictions	for	classification	more	accurately	and	
with	less	mistakes.	Precision	value	is	obtained	by	calculating	the	number	of	true	
positive	value	divided	by	total	true	positive	and	false	positive	value.		
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 	 !"

!"#%"
              (2) 

	
c. Recall	
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The	recall	metric	serves	to	measure	the	model’s	ability	to	identify	true	positive	
samples.	This	metric	refers	to	the	percentage	of	positive	samples	that	the	model	
successfully	 identifies	 from	all	 true	positive	 samples.	Recall	 value	obtained	by	
calculating	the	true	positive	value	divided	by	total	of	the	true	positive	value	and	
false	negative	value.	
𝑅𝑒𝑐𝑎𝑙𝑙 = 	 !"

!"#%$
	 	 	 	 	 	 	 	 	 					(3)	

	
d. F1-score	
F1-score	is	a	measure	that	combines	precision	and	recall	values	to	provide	a	deep	
understanding	 of	 the	 classification	 model’s	 performance.	 F1-score	 values	
obtained	 by	 calculating	 the	 precision	 value	multiplied	 by	 the	 recall	 value	 and	
multiplied	by	2,	then	divided	by	the	precision	value	and	recall	value.		
𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 	 &	()*+,-.-/0	×	*+,233)

()*+,-.-/0#*+,233)
             (4) 

The	classification	report	 is	 in	 the	 form	of	accuracy,	precision,	recall,	and	 f1-score	
results	after	calculating	the	confusion	matrix	values	which	are	shown	in	Tables	3	
and	4.	
	

Table	3.	Plain	CNN	Performance		
Plain	CNN	 Accuracy	 Precision	 Recall	 F1-Score	

Binary	Class	Dataset	 0.52	 0.55	 0.50	 0.53	
Multi	Class	Dataset	 0.32	 0.32	 0.32	 0.32	

	
Table	3	provides	information	on	the	evaluation	performance	of	the	Plain	CNN	model	
in	classifying	two	datasets,	which	are	binary	class	and	multiclass	datasets.	It	shows	
that	the	performance	of	the	Plain	CNN	models	in	classifying	has	a	better	value	when	
using	binary	datasets.	This	model	can	achieve	an	accuracy	rate	of	0.52,	precision	
0.55,	recall	0.50,	and	f1-score	0.53.	The	performance	of	the	model	decreases	when	
using	multiclass	datasets.	This	is	indicated	by	the	accuracy	value	of	0.32,	precision	
0.32,	recall	0.32,	and	f1-score	0.32.	
	

Table	4.	VGG16-SVM	Performance	
VGG16-SVM	 Accuracy	 Precision	 Recall	 F1-Score	

Binary	Class	Dataset	 0.89	 0.90	 0.91	 0.90	
Multi	Class	Dataset	 0.96	 0.96	 0.96	 0.96	

	
Next,	 table	 4	 describes	 the	 information	 about	 the	 VGG16-SVM	model	 evaluation	
performance.	 It	 describes	 the	VGG16-SVM	model	performance	 for	 classifying	 the	
binary	and	multiclass	datasets.	The	table	explains	that	the	VGG16-SVM	model	shows	
better	 performance	 when	 using	 multiclass	 datasets.	 This	 is	 indicated	 by	 the	
evaluation	value	when	classifying	multiclass	datasets.	The	VGG16-SVM	model	can	
achieve	0.96	accuracy,	0.96	precision,	0.96	recall,	and	0.96	f1-score.	While	when	the	
VGG16-SVM	model	used	the	binary	class	dataset,	the	model	performance	degrades.	
This	is	shown	by	the	model	evaluation	results	which	have	an	accuracy	value	of	0.89,	
precision	 of	 0.90,	 recall	 of	 0.91,	 and	 f1-score	 of	 0.90.	 Although	 not	 significantly	
difference,	 the	 performance	 of	 VGG16-SVM	 is	 better	 when	 classifying	multiclass	
datasets.	
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c. Discussion	
There	are	several	things	obtained	after	analyzing	the	performance	of	the	Plain	

CNN	and	VGG16-SVM	methods	for	detecting	deathly	disease	named	COVID-19	based	
on	CT	scan	images	after	the	research	was	conducted.	For	the	Plain	CNN	method,	the	
model	has	an	optimal	performance	when	classifying	binary	class	datasets	while	the	
performance	decreases	when	 classifying	multiclass	 datasets.	 The	 results	 of	 Plain	
CNN	in	this	study	show	that	the	performance	is	better	when	classifying	data	that	
tends	to	be	simple.	This	is	evidenced	by	the	performance	when	classifying	on	binary	
datasets,	the	model	can	get	a	higher	evaluation	value	compared	to	the	evaluation	
value	on	multiclass	datasets.	Furthermore,	for	the	VGG16-SVM	method,	based	on	the	
research	that	has	been	done,	it	shows	that	the	performance	of	the	method	shows	an	
opposite	result	to	the	Plain	CNN	method.	The	Plain	CNN	method	works	better	on	
binary	 datasets	 while	 the	 VGG16-SVM	method	 shows	 better	 performance	 when	
performing	 classification	 on	multiclass	 datasets.	 This	 is	 shown	 in	 the	 evaluation	
value	 obtained	 from	 the	VGG16-SVM	 classification	 results	 on	multiclass	 datasets	
which	has	a	higher	performance	than	binary	class	datasets.		

This	may	occur	perhaps	due	to	the	capability	of	SVM	in	performing	classification	
on	more	complex	data,	in	this	case	a	multiclass	dataset.	A	multiclass	dataset	contains	
three	classes	or	labels	for	each	image.	The	more	labels	contained	in	the	dataset,	the	
more	varied	the	images	will	be.	It	can	cause	the	machine	to	find	it	difficult	to	perform	
the	classification	process.	This	may	be	the	reason	why	the	performance	of	the	Plain	
CNN	method	decreases	when	performing	classification	using	the	multiclass	dataset.	
Since	 the	 data	 is	 more	 complex,	 the	 machine	 has	 difficulty	 in	 performing	
classification	 so	 that	 the	 machine	 makes	 prediction	 errors	 that	 cause	 its	
performance	 to	 decrease.	 In	 contrast	 to	 VGG16-SVM,	 the	 performance	 of	 this	
method	increases	compared	to	the	Plain	CNN	method	because	the	capability	of	SVM	
as	a	classifier	that	can	work	well	on	complex	data.	Therefore,	the	performance	of	
VGG16-SVM	on	multiclass	datasets	 is	also	higher	 than	 its	performance	on	binary	
datasets.				

According	 to	 the	 research	 findings,	 in	 order	 to	 provide	 further	 evidence	
regarding	the	performance	of	the	proposed	methods,	this	can	be	done	by	equalizing	
the	amount	of	data	used	in	binary	class	and	multiclass	datasets.	This	is	intended	to	
determine	the	performance	of	the	Plain	CNN	and	VGG16-SVM	methods	in	classifying	
binary	class	and	multiclass	datasets.	Whether	the	performance	of	Plain	CNN	really	
increases	when	using	binary	 class	datasets	 and	decreases	when	using	multiclass	
datasets	or	not.	Likewise	with	VGG16-SVM,	whether	the	performance	of	this	method	
is	 really	better	when	using	multiclass	datasets	 and	decreases	when	using	binary	
class	datasets.	Thus,	the	performance	analysis	process	will	achieve	a	better	result.	
	
d. Limitations	and	Future	Research	

In	this	study,	researchers	limit	several	aspects	that	will	be	studied.	These	several	
aspects	 include	 comparing	 the	 performance	 of	 models	 which	 in	 this	 case	
researchers	propose	 to	use	 the	Plain	CNN	and	VGG16-SVM	methods.	 In	addition,	
how	 to	overcome	resource	 limitations	during	 the	 research	process	 so	 that	 it	 can	
achieve	the	optimal	results.	The	researcher	aims	to	 limit	 the	problem	so	that	 the	
research	is	more	focused	and	does	not	widen	to	other	issues.	The	researcher	focuses	
on	analyzing	 the	performance	of	 the	 two	proposed	methods,	which	are	 the	Plain	
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CNN	and	VGG16-SVM	in	classifying	coronavirus	 illness	data	according	 to	 lung	CT	
scan	 images.	 The	 research	 was	 conducted	 using	 binary	 and	 multiclass	 datasets	
obtained	from	the	public	dataset	platform	named	Kaggle.	Total	data	from	the	binary	
class	dataset	is	764	images,	while	the	total	data	from	the	multiclass	dataset	is	17.104	
images.	

In	the	beginning,	the	research	was	carried	out	by	conducting	an	experiment	on	
both	 datasets	 first.	When	 implementing	 both	 proposed	methods	 on	 binary	 class	
datasets,	 the	process	worked	well	but	performed	poorly.	Later,	when	performing	
the	same	implementation	on	multiclass	datasets,	Plain	CNN	could	work	properly,	
but	the	model	crashed	when	performing	the	process	using	VGG16-SVM.	Therefore,	
researchers	are	trying	to	overcome	problems	related	to	the	high	computational	load	
when	 performing	 the	method	 implementation	 process	 on	multiclass	 datasets	 by	
reducing	the	total	amount	of	samples	used.	The	amount	of	sample	reduction	is	done	
by	taking	1000	random	samples	from	each	COVID,	NonCOVID,	and	CAP	class.	Image	
augmentation	is	applied	after	the	reduction	process	of	the	amount	of	data	samples	
that	will	 be	used	 for	 the	binary	 and	multiclass	dataset	 to	 increase	 the	 variety	 of	
image	samples	so	the	model	can	make	better	predictions.		

In	 the	 future,	 disease	detection	using	 radiology	 images,	 particularly	 CT	 scans	
image	by	applying	methods	such	as	those	used	in	this	study,	which	is	Plain	CNN	or	
VGG16-SVM,	can	be	further	developed	by	using	more	and	better	resources	so	that	
the	resulting	model	has	better	and	more	optimal	performance.	This	study	also	can	
be	developed	by	using	several	other	image	classification	methods.	So	that	the	results	
of	 the	 research	 related	 to	 disease	 detection	 are	 able	 to	 help	 the	 healthcare	
practitioners	in	diagnosing	diseases	based	on	radiology	images	to	be	faster.	Thus,	
medical	action	can	be	taken	immediately	and	also	can	minimize	the	errors.	

	
D. Conclusion	

In	this	study,	after	comparing	two	algorithm	methods	for	classifying	the	small	
COVID-19	 image	 datasets.	 The	 researcher	 found	 that	 the	 performance	 of	 each	
method	 decreased	 and	 increased	 when	 classifying	 binary	 class	 and	 multiclass.	
According	to	the	research	results	that	have	been	carried	out,	it	shows	that	the	Plain	
CNN	method	has	a	better	performance	in	classifying	COVID-19	disease	according	to	
CT	 image	 using	 binary	 class	 datasets	 with	 52%	 accuracy	 while	 for	 multiclass	
datasets	 it	gets	an	accuracy	of	33%,	and	for	the	VGG16-SVM	method	has	a	better	
performance	 in	classifying	using	multiclass	datasets	with	96%	accuracy	while	on	
binary	class	datasets	obtains	an	accuracy	of	89%.	Both	proposed	methods	have	their	
advantages,	the	performance	of	Plain	CNN	decreases	when	classifying	complex	data	
but	increases	when	the	data	is	not	too	complex,	and	the	performance	of	VGG16-SVM	
increases	when	classifying	complex	data	and	decreases	when	using	data	that	tends	
to	be	simple.		

The	conclusion	is	that	the	VGG16-SVM	is	the	better	method	to	performed	the	
COVID-19	classification	using	images	from	the	lung	CT	scan.	This	method	could	be	
used	to	perform	a	detection	on	complex	data	such	as	COVID-19	CT	images	with	more	
accurately.	 With	 89%	 accuracy	 on	 binary	 class	 dataset,	 and	 96%	 accuracy	 on	
multiclass	dataset.	In	addition,	this	study	can	also	conclude	that	small	data	resources	
and	low	hardware	performance	problems	on	image	classification	can	be	overcome	
by	implementing	this	VGG16-SVM	method.	
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