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Abstract

With the development of deep learning technology, researchers and technicians keep attempting to apply deep
learning in various industrial and academic fields, including the defense. Most of these attempts assume that the
data are balanced. In reality, since lots of the data are imbalanced, the classifier is not properly built and the
model’s performance can be low. Therefore, this study proposes cost-sensitive learning as a solution to the
imbalance data problem of image classification in the defense field. In the proposed model, cost-sensitive learning
is a method of giving a high weight on the cost function of a minority class. The results of cost-sensitive based
model shows the test Fl-score is higher when cost-sensitive learning is applied than general learning's through 160
experiments using submarine/non-submarine dataset and warship/non-warship dataset. Furthermore, statistical tests are

conducted and the results are shown significantly.
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Fig. 1. Classifier in imbalanced data
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2. Image classification

model building and 3.
1. Data collection ’;:> comparison l:> Verification
and preprocessing of

( General learming
s results

Cost-sensitive leaming )

®  Negative class

<General learning> <Cost-sensitive learning >

Fig. 2. A process of proposed classification model
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Fig. 3. Example images of data set(Google, Kaggle)

Table 1. Data set information
Train | Valida
Class vl | = Test | Total
1: Sub 626 156 100 882
Sub 5 Non-sub | 3,128 782 100 | 4,010
/
Non-sub 1: Sub 313 78 100 491
10| Non-sub | 3,128 | 782 | 100 | 4,010
Warship | 526 132 100 758
1:
Warshi 10 Non-
ar/s ip Warship 5,260 | 1,315 | 100 | 6,675
Non- Warship | 263 | 66 | 100 | 429
warship | 1.
20 Non-
Warship 5,260 | 1,315 | 100 | 6,675
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Input

!
Conv 1-1, Conv 1-2

Maxpooling

!
Conv 2-1, Conv 2-2

Maxpooling

!
Conv 3-1, Conv 3-2, Conv 3-3

Maxpooling

!
Conv 4-1, Conv 4-2, Conv 4-3

Maxpooling

!
Conv 5-1, Conv 5-2, Conv 5-3

Maxpooling
!

Fully-connected

Fully-connected

Fully-connected

!
Output

Fig. 4. A diagram of VGG16 structure
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Table 2. Hyperparameter tuning

Fully-connected | Fully—connected Activation

layer number | layer unit number function
1 256, 512, 1024 relu

Drop out . Learning
ratio(%) Epoch Batch size rate

0.5 200 32, 100 10%, 107

Table 3. Confusion matrix

True condition

Positive Negative
.. True positive | False positive
Positive (TP) (FP)
Predicted
condition . .
. False negative | True negative
Negative (FN) (TN)
1. Data collection
and preprocessing
2. Image
classification model
building and
comparison
Submarine/ Warship/
Non-submarine Non-warship
dataset dataset
Data Data Data Data
imbalance imbalance imbalance imbalance
ratio 1:10 ratio 1:20 ratio 1:5 ratio 1:10
eost General Gost* General Gosty General Gost” General
sensitive : sensitive : sensitive ; sensitive :
learning g learning IESiieg learning Iating learning feaiio
cotimes) || 279 || Gotimes) | 20D || zotmes) | PO || ootimesy | PimeS)
Perfor Perfor Perfor Perfor Perfor Perfor Perfor Perfor
-mance || -mence || -mance || -mence f| -mance || -mance -mance || -mance
test test test test test test test test
‘ 3. t-test I ‘ 3. t-test ‘ 3. t-test | 3. t-test I

Fig. 5. A detail process of experiments
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A E(Prec1s1on) =
Az=dld 3 5 A

M3 ol ek 5

Precision =

A& & (Recall)S A s dlolg] F Zulo

Bk AL Aoz aseler 7P
T TPY EN
mdo] A (Positive class) o=
e
et b o wAE

TP

TP+ FP

& 5 shue] A7 54

AL AP 234G o

D olga @ 5 Qo o) 9
= 99 Zol Adret AdEe] xspEHe

.

& 57}
VA3 97
VSl

A0

=

5

= % T
27 ez HAEAW AL dujsle VIR &
el 34\% =R Ga A¥EE] xS Bdshs A Precision X Recall
° Fl-score = 2 X — O]
ol (8)F 2tk Precision + Recall
Table 4. F1-score results for each model
Sub / Non-sub Warship / Non—warship
1 (positive) : 5 (negative) | 1 (positive) : 10 (negative) 1 (positive) : 10 (negative) | 1 (positive) : 20 (negative)
Hyper Cost- Cost— Hyper Cost— Cost—
parameter | gengitive | General | qengitve | General parameter | gengitive | General | qengitive | General
learning learning learning learning learning learning learning learning
Learmng 72.15 58.74 64.90 50.00 Learmng 85.23 85.88 81.18 78.79
rate 10 7205 | 5874 | 6794 | 5217 | rae 107 8652 | 83.04 | 7500 | 6667
Unit 512 : : : : Unit 512 : : : :
Batch 100 72.50 52.17 70.44 41.27 Batch 32 88.40 87.78 81.87 75.00
Learmng 73.42 70.13 70.89 52.17 Learmng 88.40 87.78 77.58 85.88
rate 10 6577 | 4733 | 7089 | 5420 | rate 10° 87.15 | 8457 | 8457 | 78.00
Unit 512 : : : : Unit 512 : : : :
Batch 32 68.42 52.17 64.47 51.47 Batch 32 87.78 80.47 77.58 77.54
Learmng 73.76 73.29 72.05 45.45 Learmng 91.40 91.98 78.31 76.83
rate 10 7407 | 5816 | 7239 | 4662 | rae 10 9022 | 89.01 7962 | 7531
Unit 256 : : : : Unit 256 : : : :
Batch 32 78.57 70.44 74.84 51.09 Batch 32 90.22 86.52 82.56 66.23
Learmng 76.36 73.62 70.44 43.07 Learmng 93.12 89.62 83.24 74.53
rate 10 63.09 | 6400 | 7250 | 4427 | rae 10 9032 | 8962 | 87.15 | 7375
Unit 256 : : : : Unit 256 : : : :
Batch 100 73.75 69.23 69.62 51.47 Batch 100 89.62 89.62 87.29 79.04
70.44 55.00 67.97 55.71 89.62 92.55 84.57 81.18
Learmng Learmng
rate 105, | 7329 | 5594 | 7120 | 3600 | pae 107 89.62 | 9021 81.18 | 79.76
Unit 1024, 60.69 50.75 73.62 4427 | Unit 1024, 90.81 89.01 87.78 85.19
Batch 100 Batch 100
68.83 58.74 70.06 39.37 90.81 90.81 69.68 83.24
67.11 51.85 72.50 44.62 92.63 85.23 85.23 73.75
Learmng Leammg
rate 107, 7607 | 48.89 69.62 51.47 rate 10° 914 87.15 81.87 74.85
Unit 1024, 67.97 54.29 69.23 54.29 Unit 1024, 93.12 87.15 82.56 79.04
Batch 100 Batch 100
61.64 4545 72.05 52.17 90.32 90.22 81.87 71.34
Mean 70.50 58.45 70.38 48.06 Mean 89.84 87.91 81.53 76.80
Std. Deviation 4.96 8.82 2.61 5.51 Std. Deviation 2.11 3.02 4.41 5.21
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Table 5. Results of shapiro-wilk's test

Cost—sensitive
Data set Imtigi%noe learning p-value
application
o Cost—sel}smve 03593
1 (positive) : learning
5 (negative) -
Sub / General learning | 0.1056
Non-sub _ e
o Cost sel}smve 02427
1 (positive) : learning
10 (negative) R
General learning | 0.1252
Cost-sensitive
1 (positive) : leaming 0.6163
. 10 (negative)
Warship/ General learning | 0.4962
Non- C —
warshi ost-sensitive
p 1 (positive) : ]eaming 0.2088
20 (negative)
General learning 0.6177
Table 6. Results of F-test
Data set Imbalance ratio p—value
Sub / 1 (positive) : 5 (negative) 0.01564
Non-sub 1 (positive) : 10 (negative) | 0.002074
Warship / 1 (positive) : 10 (negative) 0.1294
Non-warship 1 (positive) : 20 (negative) 0.4766
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Table 7. Results of t—test
Imbalance
Data set ratio Test type p-value
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Sub / 5 (negative) Non‘—equal 46910
Non-sub variance
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. 6.8 x 10
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. 0.01275
Warship / 10 (negative) VaErcll;Jﬁie
Non-warship | | (positiv;) : t-tost 0.001823
20 (negative)

5.2 &
B ATE FgRok olvld BRe BEgueld
2AE A A Ptz FEgm A ol



L tlo]g o] u]gNIzkdlGs B3
Bl ES} RlReE HolH A Ee] sl Sefj2ol w
gt ME gE HES Fojshs H-8RIZHEE(Cost-
sensitive learining)= %-83l%] CNN BE2-& F3] &<
A AT,
2714 HolHE Evd HES AR 2ed T 40
o] HelHAIES o838} H]ﬁ‘ﬂ%‘@% 7|9k w2
807H, Lt w&l 8OHE TH F LI HAEUH

of e el % 5 Brrehech
AzH o7 4719 dolEHENA H|&

=2
B oju X EFRE] Fl-score atgto]l AWk Bl
Fl-score Haatith FHdl 2232 %olA HA 1.93 %
ETE B3 o] A3} SAHoE FouEA] S}l
at7] 3 gatd AR SR HE AdE wg
S8 3RS ANAT a7HA oA BN B

p-valuegte] 0.05Ht} #fo} H]-&RIAEE 7]Hk on|x]
EF R Flscore yrgke] Atks tiy7bdol
oJulghe Bl
AT AL Tk Bt o]y A 27
He Hgs) uA AT dolrh Zalaw dole

S (Data  augmentation), GAN(Generative Adversarial

Network)S 53 QuZ o} ojux] 2412 %3

AGUZE S0 W v gvztelse] adE Bla

2 At Eaqich ek v gvgeks F 2 A

o A &t EASE sk W ¢ g

of #3 T2 AP U= AEZI(Entropy) 715
3

SVM, H-&RIZE dH
forest) ‘s3] Hlu= 5 F7F ATE E9

& Aot

References

[1]1 S. W. Park, H. S. Park, Y. B. Kim, D. G. Kim,
“Suspected Object Detection and Tracking methods
for National Defence Surveillance,” Communications

of the Korean Institute of Information Scientists and

Engineers, Vol. 36, No. 8, pp. 33-40, 2018.

D. W. Choi, J. M. Ma,

Classification Based on Artificial Neural

“Improvement of Ship
Network
Considering Night and Low Visibility Marine

Environment,” Korean Journal of Computational
Design and Engineer-ing, Vol. 24, No. 3, pp. 320-

328, 20109.

[31 J. W. Lee, D. W. Nam, W. Y. Yoo, “A Study on
Composition of Warship Type/Class Identification
System,” The Korea Institute of Information and
Communication Engineering, Vol. 23, No. 2, pp.

607-610, 2019.

M. A M. Ma, of

Submarine Detection Based on Mast Images Using

An Ensemble Model of Convolutional Neural

Networks,” Journal of the Korea Institute of

Military Science and Technology, Vol. 23, No. 2,

pp. 115-124, 2020.

Log0, “Class Imbalance Problem,” August 30, 2013,

http://www.chioka.in/class-imbalance-problem/ (accessed

July 10, 2020.).

[6] H. He, E. A. Garcia, “Learning from Imbalanced

Data,” IEEE Transactions On Knowledge And Data

Engineering, Vol. 21, No. 9, pp. 1263-1284, 20009.

S. B. Kim, “Sampling Technique for Analysis of

Imbalanced Data,” February 20, 2020, https:/www.

youtube.comywatch?v=Vhwz228Vrlk (accessed June 28,

2020.).

H. S. Jeong, C. W. Kang, K. K. Kim, “The Effect

of Oversampling Method for Imbalanced Data,”

Journal of The Korean Data Analysis Society, Vol.

10, No. 4, pp. 2089-2098, 2008.

K. N. Lee, J. T. Lim, K. S. Bok, J. S. Yoo,

“Handling Method of Imbalance Data for Machine

Focused on Sampling,” The Korea

Contents Society, Vol. 19, No. 11. pp. 567-577,

2019.

H. C. Kim, “Adversarial Cost-Sensitive Learning for

Class Imbalance Problem,” M. E. Thesis, University

of Gangwon, 2020.

[11] T. Fawcett, “Learning from Imbalanced Classes,”
25, 2016, https://www.svds.com/learning-
imbalanced-classes/ (accessed July 10, 2020.).

[12] J. O. Kim, E. S. Hwang, J. M. Yoo, “Analysis of
NCO Promotion Factors Using Imbalanced Data

12" International Army Modeling &
Simulation Education Conference, p. 90, 2019.

[13] Solaris,
Youngjin.com, Seoul, 2018.

[14] K. A.

[4] Jeong, J. “Improvement

(3]

(7]

Learning

August

Processing,”
“Deep Learning to Learn by Tensorflow,”
Zisserman,

Simonyan, “Very  Deep

oAl e el 7| 283 A A4 A3E021d 6Y) /291



Convolutional Networks for Large-Scale Image February 2, 2020, https://machinelearningmastery.com/
Recognition,” International Conference on Learning cost-sensitive-neural-network-for-imbalanced-classifica
Representations, pp. 1-14, 2015. tion/ (accessed May 2, 2021.).

[15] G. Saito, “Deep Learning from Scratch,” Hanbit [17] S. J. Yoo et al, “Analysis of Big-Data Using
Media, Seoul, 2017. Python,” The Twenty-First Century, Paju, 2018.

[16] J. Brownlee, “How to Develop a Cost-Sensitive [18] M. K. Seo, “Practical Data Processing and Analysis
Neural Network for Imbalanced Classification,” Using R,” Gilbut Publishing, Seoul, 2014.

292 / St At asl ek E] 4] A247 A|3E (2021 6Y)



