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[Abstract]

In this paper, we propose reinforced VGG style network structure for low performance embedded
system to classify low resolution infrared image. The combination of reinforced VGG style network
structure and global average pooling makes lower computational complexity and higher accuracy. The
proposed method classify the synthesize image which have 9 class 3,723,328ea images made from
OKTAL-SE tool. The reinforced VGG style network structure composed of 4 filters on input and 16
filters on output from max pooling layer shows about 34% lower computational complexity and about
2.4% higher accuracy then the first parameter minimized network structure made for embedded system
composed of 8 filters on input and 8 filters on output from max pooling layer. Finally we get 96.1%

accuracy model. Additionally we confirmed the about 31% lower inference lead time in ported C code.
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I. Introduction
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II. Preliminaries

1. Related works

1.1 Overseas Trend

i) AejA F4 "elde ofZiet o] At Qi)
d'Acremont= £53t Aol G4 Hlo[El S 25t ¢
ol /4 ¥4} Global Average Poolings 0]-859 &g
Sof A GOl AEste AME 7Hsehe RIS L]
Kime OKTAL-SEZ o]&3to] B35t AolA G4t Hlolg
£ I=sigi0n, Aol WY AKSHIVO)Z ol galo] u]
A QY3 JAFL B Sstel TR MYl stk
WS 0| R3IUTH12). ParkS XA AreIE BN

}, oi7d o] G4t 3RE FAto.2 ResNeti} Atrous 71

249 © AAYS sRAslo] Al ZIAAIRRR A|AELS L

SHEH13]. Akulas Ao} ol CNNES A8t 67F
| A S A7), Aol 7], SfRtol] k7], Aol A
IR, 2Rl 77 olAle 15T 14].

rl-l ”rE&m}m&ﬁpm



Low Resolution Infrared Image Deep Convolution Neural Network for Embedded System 3

1.2 Domestic Trend
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III. The Proposed Scheme

1. Synthesized Infrared Image
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Synthesized Infrared Image of Vehicles

Fig. 1.
(From top left CW : Tank, BTR, ML, Jeep,
SUV, Truck, Sedan, Pickup)
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Fig. 2. Resized and Cropped Infrared Image of Vehicles
(From top left CW : Tank, BTR, ML, Jeep,
SUV, Truck, Sedan, Pickup)
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Fig. 3. Synthesized Infrared Image of Background
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Fig. 4. Synthesized Infrared Image Generating Rule
28x28x1
Table 1. Synthesized Infrared Image
Class Amount Note
Background 784,000 Argumented Conv3x3-4
Tank 629,856 3 Types
BTR 209,952
ML 419,904 2 Types 26x26x4
Jeep 419,904 2 Types
Pi T
ickup 629,856 3 Types Corv3x3 4
Sedan 209,952
Truck 209,952
SUV 209,952 %244
2. Reinforced VGG Network Structure
2 RN QUFE BolAN $F 45 Agy [0
BolUh7] 95l 71E VGG AEKY AAWS Jstete e 121204
2 APBSITL. 71E VGG AL T 2122 o] SSVEPERET:
ofoAl 54 49 3x3 TEE AE ¢ FHUEI(Max Ilolml 16I
- = . X x
Pooling) 2fo]o}& #Al $ 284 Fold 3x3 LEE A L1
831 A2 dlolo] AFGSILL. SR A28 5ol Conv3x3 - 16
wo] REGH || AJARAE of2id HAL TS weeds
ﬁb]":u}% . % %%01]}\1L 7]‘" VGG 4l éuo]— LE}OE]OHH Z‘_S] MaxPool 2x2
o) 2lolo] Ymel EA AFYe] TEE J|E (T[T I#e] [T 1]
B} Zo]1 F|OEd gojo] EHe] AER AET Conv1x1-9
o Wejag J|EuL} SHORA WAFS FoUAE [[&&5 ] 1]
i}% 7@2}5% E{—%! _/'\_ %%q Global Average Pool
= = = 1x1x9
ofel 717 g A4 vl Agg ol osxas Ay (L Ebo ] L]
T gajo] Msto] MG HAsH T 4 rs s T Toas [ ]
=2 78l 5o} 7ro] AAMs}A
:rL_LE © 9_} & _] :rLO }Mq o Fig. 5. Deep Convolution Neural Network Structure of
O3 5 lER E 29 29 DE BSIGIT. 28%28 Model D
IAE A2 48 B2 F o5 X3 AR AE +=
¥ 2805 & 20 AGEAS Aac), o3 1oxigxdz  OJ2fF RY FEE d'Acremont[11]9] 71 VGG AE}
ZolE Qe T 3x3 UBRM A £ 9l paieh @S HEs Al Hsl BH S 2ste] dhilgs 24
5 hA] 2x2 A||Z2)L 2s¥alct o] & 4x4x1p Ak 4 L0, Kim[12]9] Aol ¥Y AHeKIVO) 7t At
Global Average Pooling @ SoftMax 23lsto] &2 R YAAZAFCS ARESHA| Yot S 292 4 Q-



Low Resolution Infrared Image Deep Convolution Neural Network for Embedded System 5

o

o] dl x4 VGG AEIAS mas 32 A
ZdiEY 2olol A A= At 7 ¥ 235k
AR ZdEY 2lold & AERA
BE ubo] gick of2] = WY Al A WA &)
olofg 7IEoR dHdnt & A
=2 77} 2olsl] MLsl Ao 2 walsle] A

shgirt.

re

~

—n

rE

4>
W o2 a4 rE
oy o KX

1%
i
i
e
il
2

o e & orr
mo @
(R D

o
xR

Table 2. Model Configuration

A \ B \ C \ D
Input 28%28 Gray Image
Conv3x3-8 Conv3x3-6 Conv3x3-5 Conv3x3-4
Conv3x3-8 Conv3x3-6 Conv3x3-5 Conv3x3-4
MaxPool2x2
Conv3x3-8 Conv3%x3-12 | Conv3X3-14 | Conv3X3-16
Conv3x3-8 Conv3%x3-12 | Conv3X3-14 | Conv3X3-16
MaxPool2x2
Conv1x1-9
Global Average Pool
SoftMax
Parameters | Parameters | Parameters | Parameters
1,913 2,475 2,837 3,253

Table 3. Number of Calculation of Models

A B C B)
Mul 476,064 |Mul 372,600 |Mul 337,932 |Mul 314,640
Add 464,592 |Add 362,976 |Add 329,232 | Add 306,864

MaxPool 1,280 | MaxPool 1,056 | MaxPool 944 | MaxPool 832

Total 941,936 | Total 736,632 | Total 668,108 | Total 622,336
Ratio 1.000 |Ratio 0.782 |Ratio 0.709 Ratio 0.661
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3. Training
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4, Training Result
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Table 4. Accuracy of Models

A B C B]
Training Training Training Training
Acc 0.937 Acc 0.953 Acc 0.959 Acc 0.961
Test Test Test Test
Acc 0.939 Acc 0.957 Acc 0.956 Acc 0.963
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5. C Code Porting
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Table 5. Inference Lead Time of Models on ported
C code
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IV. Conclusions
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