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In this paper, we propose a CNN-based deep learning
model for rapid classification in amphibious operations
where massive trauma patients occur. First, we built a
virtual environment based on Unity to generate various
patient images for trauma patient training data. We
designed an image-based classification model using CNN
and proceeded with training using the generated images.
As a result of the experiment, we classified the injury site
with an accuracy of 97 %.

Sk 2R (Triage),

A Z 22 {Amphibious Operation),

&H& AMZAZ(Convolutional Neural Network),
2= 2t 22 (Multi-label Classification)
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Use of CNN for Rapid Classification of Massive Trauma
Patients During Amphibious Operations
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Table 1. Injured cases for trauma dataset

Body parts Upper Middle lower
Leftarm  eft EJ &L}X)r arm Left( I(;rAe)arm TE E()j
Right arm Right(g;L)JpAe)r arm Righ(tRf'?X)earm RigFFEHh)and
Left leg Left (uLFEJpLe)r leg Left(l(i\ﬁjr leg Le(ft ;c))ot
Right leg Left(%pii)sr leg Right(llQoLv|v_)er leg Rig(gt;)OOt

olg F3l A4Hd AgEA HolH NES S o
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Al CNN BE o FAEdOm, 4 BE 47H94 55 4%S E8) At
['LH'] ['RFA’, 'RH’, ‘LLL’, 'LF’, 'RF’] ['LUA", 'LHA’, "LH’] ['RLL’, 'RF’] ['ALL GOOD']
['RUL’, 'RLL’, 'RF'] ['LLL", "LF] ['RF’] ['RUL’, 'RLL’, 'RF’]

['LF] ['LUL’, "LLL, "LF]

Fig. 1. Examples of trauma dataset
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4. A4} HAE g|olg N Eof gt &4 E (loss) I FE = (ac-
curacy) 7} 2943t &S Kol epoch 203] o] &
Fig. 2 Aleket melo] sk BAoIT 7L Al 4% 2 EHel gk MAlh S £ Al HAE dole]
T (accuracy) = o] R E FE HE5HA d=3St ] A Eo] st "= @,Q—E(exact—match ratio)= 97 %
& (exact-match ratio) 2 AAlstt}. gy 27]of= ojt}.

Table 2. Network structure and hyper—-parameters

Layers Hyper—parameters

Conv1 channel = 64, kernel = 3x3, stride =1, padding = 1, Batch Normalization, ReLU
Conv2 channel =128, kernel = 3x3, stride = 1, padding = 1, Batch Normalization, ReLU
Max Pooling kernel = 2x2, stride = 2
Conv3 channel =128, kernel = 3x3, stride = 1, padding = 1, Batch Normalization, ReLU
Conv4 channel =128, kernel = 3x3, stride = 1, padding = 1, Batch Normalization, ReLU
Convs channel =128, kernel = 3x3, stride = 1, padding = 1, Batch Normalization, ReLU
Max Pooling kernel = 2x2, stride = 2
Convé channel =128, kernel = 3x3, stride = 1, padding = 1, Batch Normalization, ReLU
Conv7 channel =128, kernel = 3x3, stride = 1, padding = 1, Batch Normalization, ReLU
Conv8 channel =128, kernel = 3x3, stride = 1, padding = 1, Batch Normalization, ReLU
Max Pooling kernel = 2x2, stride = 2
Conv9 channel = 64, kernel = 3x3, stride = 1, padding = 1, Batch Normalization, ReLU
Conv10 channel = 64, kernel = 3x3, stride = 1, padding = 1, Batch Normalization, RelL.U
Conv11 channel = 64, kernel = 3x3, stride = 1, padding = 1, Batch Normalization, RelL.U
Max Pooling kernel = 2x2, stride =2
Convi2 channel = 64, kernel = 3x3, stride = 1, padding = 1, Batch Normalization, RelL.U
Conv13 channel = 32, kernel = 3x3, stride = 1, padding = 1, Batch Normalization, RelL.U
Convi4 channel = 32, kernel = 3x3, stride = 1, padding = 1, Batch Normalization, RelL.U
Conv15 channel = 32, kernel = 3x3, stride = 1, padding = 1, Batch Normalization, RelL.U
Max Pooling kernel = 2x2, stride =2
FCNN1 in=1600, out = 256, ReLU
FCNN2 in =256, out =128, ReLU
FCNN3 in=128, out =64, ReLU
FCNN3 in =64, out = 12, Sigmoid
0.30 ——Train 1.00
0.25 ——Test 0.90
0.20 . 0.80
8 o.15 g 070
~ 010 g o
0.50
0.05 0.40 —=—Train
0.00 0.30 —o—Test
0 10 20 30 40 50 0 10 20 30 40 50
Epoch Epoch
(a) Loss (b) Accuracy

Fig. 2. Learning curve of the proposed mode
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Fig. 3. Confusion matrix
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of the proposed model
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o Fig. 3% 29 o3 452

matrix) 2 F=4]3}8F TP o[t Z+
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None Injured
Predicted label

(b) LFA

11908 0

5 3093

None Injured
Predicted label

(e) RFA

2 3012

None Injured
Predicted label

(h) LLL

2 3024

None Injured
Predicted label

(k) RLL

True label

True label

True label

True label

None

Injured

None

Injured

None

Injured

None

Injured

82

59 4598

None Injured
Predicted label

(c) LH

24

55 4527

None Injured
Predicted label

(f) RH

10508 20

17 4461

None Injured
Predicted label

(i) LF

26 4454

None Injured
Predicted label

() RF

Table 3. Injured cases for trauma dataset
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o . Body parts Precision Recall F1
S5 E (confusion
IO A x22 Ao LUA 1.00 1.00 1.00
S2AA By o5 E 2T LFA 1.00 1.00 1.00
Axol, Aotst nd2 7l 2 LH 0.99 0.99 0.99
RUA 1.00 1.00 1.00
RFA 1.00 1.00 1.00
RH 0.99 0.99 0.99
5t 2 9l t}, LuL 1.00 1.00 1.00
LLL 1.00 1.00 1.00
AE Q B2 (mis-classification) 7} Ay 51 o}, 5f LF 1.00 1.00 1.00
RUL 1.00 1.00 1.00
ot} Ao] e A9l LS. B3] &)
RLL 1.00 1.00 1.00
RF 1.00 1.00 1.00

2023; 6(2); pp. 140-145 Journal of the KNST



Teajin Park et al., Use of CNN for Rapid Classification of Massive Trauma Patients During Amphibious Operations

UA EA 7 HEe} o], th4= 9] Q43R 7 ThA| 7k
At AEFHNA o FAYe] aItAQl ES
, ol gt Hij ol glo] T = 27 4l
HFE A] 2HE E|ofof gt
AE g 7]9ke] ofulx]
N &-85to] 9AFakato] 124

°P°fn'**1 «13 Ho| L E8e 7A=Y
E=Rol|A s dst At ot £A47
%S FE517] 918 Unity 7]

olg B3l 5N TAY
2 AYakoto] 94F8At glolE A

H=
L
1=]
pLm
T+

qum

-
ez
2
2

P
o _ll
ok ok
4 i
%)
FIF

ZH

N

o N
- -
o ox
o
o
& fo
o

¥R
o
Y
>
_?L
38,
k1

-

ot

Siid

Sl
il

o

ot

)
Z

Z

o XN
=

o

Hd

g,

o fo

f
oy 2
<,
o 2

N
1o
o
riot
By
-,

i
o
_?L

H 2
o
dr g b g

|
4o oo X g M ox 10 m x

Ay
ol

A, —_

[>

|

mf

2}

o

o

i,

i)

O

~

RS

1o

o
filo

ok
ol
=5
X
£
I
ot
0
8
K

O

\O

X

1o oX
ox

o

L

i

A

ot
)
4
tlo o
2 e
to Ho
ol i ox

L2

2o

do K1 rt lo HS
e

1)
o
oO
o
ok
ot
o
sy
)
|\
ot
o
3¢

oo I rir

Lo &
i
>
=
I olo

rn ol

o, H
o M
Bl
rr
1o
fu
o,
1o
K
Jo
of
18
o
il
é
2
ot
kI

1o n
Byl
o
)
1o
oy, M
)
~{ o_>|"_,
o, o
EUNES
o flo ==
- rir
i
TO n‘,[o[;

o
é

915
P
EQ
T

>
2

]_
Sho el SR AT AolA T
oI o 29071 AR 8P ordee
2 913t th#o] WAtk & A ofu]x]
QoA geid 7142 ol 8 et
stedgol o)7} glom, 74k olg
257 98] B A AR ol
sl 508 ATE At St

_1
2
_h‘,
<
rO
Lo
L
rd
[
>,
o]n
1o
ltﬂJ
rO
L
19
o
2

0.
> o
oﬁ
r:l.lSELoRm[ﬂl
LB"’N'
_:%mgo;:ﬂl-m&m%

@

2 Sy o d
>HE

1%=

fr
o fe

M M B o
N

o M gy

S 1l

5}
oo
<t

KNST

SIS HEAE TAIBOALY, BSEDEE, 2004, p. 224

BRI, “THTOIML| CEARAL SSE 2F0] THSH Q1A

[2 I
HEDSER0| TRM BE 57" MRS ZRHET
LAY, 2014, T

[3] AL, MHSIRFEZAFER(SOP), A2, pp. 151-152.
[4] Robert A. De Lorenzo, MC FS USA, Improving Combat
Casualty Care and Field Medicine: Focus on the Military Medic,
Military Medicine, Vol. 162, No. 4, April 1997, pp. 268-272,
https://doi.org/10.1093/milmed/162.4.268

[5] Su-Rak Son, Byung-Kwan Lee, Son-Kweon Sim, Yi-Na
Jeong, “A Design of Passenger Detection and Sharing
System(PDSS) to support the Driving (Decision) of an
Autonomous Vehicles,” Journal of Korea Institute of
Information, Electronics, and Communication Technology,
Vol. 13, No. 2, 2020, pp. 138-144.

[6] Robert A. De Lorenzo, MC FS USA, Improving Combat
Casualty Care and Field Medicine: Focus on the Military Medic,
Military Medicine, Vol. 162, No. 4, April 1997, pp. 268-272,
https://doi.org/10.1093/milmed/162.4.268

[7] Unity game engine, www.unity.com

[8] cHEIEIZ HE X194215, "o|28, M 19X (HESMEX]),
thetel= =7 EEEME.

[9] tHEtRI= HE M169305, THOIHEESH
2%-018), o= 27 HEME.

[10] J. Nagi et al., “Max—-pooling convolutional neural networks
for vision—based hand gesture recognition,” 2011 IEEE
International Conference on Signal and Image Processing
Applications (ICSIPA), Kuala Lumpur, Malaysia, 2011,

pp. 342-347, doi: 10.1109/ICSIPA.2011.6144164.

[11] Agarap, A. F. Deep learning using rectified linear units
(relu). ArXiv Preprint ArXiv:1803.08375, 2018.

[12] Goodfellow, lan, Yoshua Bengio, and Aaron Courville.
Deep learning. MIT Press, 2016. p. 7.

[13] Glorot, Xavier, and Yoshua Bengio, “Understanding the
difficulty of training deep feedforward neural networks,”
Proceedings of the Thirteenth International Conference on
Artificial Intelligence and Statistics, JMLR Workshop and
Conference Proceedings, 2010.

[14] Kingma, Diederik P., and Jimmy Ba, “Adam: A method
for stochastic optimization,” arXiv preprint arXiv:1412.6980,
2014,

[15] Goodfellow, lan, Yoshua Bengio, and Aaron Courville.
Deep learning, MIT Press, 2016, p. 73.

1 HIT5E (™R

Journal of the KNST 2023; 6(2); pp. 140-145 145



	상륙작전 시 대규모 외상환자의 신속 분류를 위한 CNN 모델
	Abstract
	1. 서론
	2. 학습 데이터 생성
	3. 외상환자 분류 모델
	4. 실험결과
	5. 결론
	참고문헌


