2020

AFERIEY 717] Ao 98UAH Te £4 2
3

D ER R REEY

BAgetn A3

ejbae2b@du.ac.kr, sungjinlee@du.ac.kr

Research on Performance Analysis of Image Classification Technologies
in environments of IoT Devices

Bae Eunjee, Lee Sungjin

Dong Seoul University, Department of Electric Engineering

o ok

En S |

B =Rl A= ARERIEY 7]7] 879 MR o]# 7]7]EolA dojA|E= thdt 9 HlolHES B83 99l V)&
AMuj2g 913 A5 ARES AT 53] FE4A AHEIE M 7]7] <1 Rasberry Pi 3 (Model B+), 4 (Model B)
¢} 2 Edge Al 71712 74931 91 NVIDIA Jetson Nano, Xavier AGXE to.2 A3 ARl 7158 gAlst]
A5E A A 7 metrice 2 AAE S} AHARE B om T A Tensorflowel A &-87H53 GPU
Z 9413 NVIDIA Algo] 18] %3 Rasherry Pi A|¥ Rt} 914&E S0y AAn g8 =W 2FA oF 1009
o AE9 o]5& e & 9oitk

I.AE [6] & 705t Convolution H4te] Fe& 43} 3 A5 F7H3H3d
43} A4dE Alle] 24 207 A8ahs ARIHY 7]7] 4L o)A= t}. ofell SqueezeNet [7]2 9% 574 F&719 H4 HAE 918l Filter
S2] w3z} 5o 7w ol ke 7175 RE dojai Holgsg gy Concatenation® $¥ Fire Module $713tel, ShuffleNet (81
5 Thoal Q1A A A0] A28 HATNA] 71E2A oA T ek & Filter57+e] Group Shuffle 71%& $3 4t Filter 55 FolaA} sk

3| GIEE TMoR # ATAE PP Ve ol AaEy 7] ATE S
514 On Device Al 21 0]20.2 a5 QA5 SIS 7] Ao 4 ol SEslolH 0% Aofo] gz AHEUEll #34 On Device
A Sk Wl 7] o=l o2 Sla ullgse) e weige) gy ALVIE AES SR HUR AR SRl vlaRD E46 2 eplep &
A2 9= Folg} WS v ®okth 53], < Bdge Al 2 9]

3 g

S, ofd PR TR S 1 U QRO QI8 ARy /)7 Jetson Namo, Xavier AGX el 2345

[t =T

o
-0,
o
>,

o

oA 7 S oledsld Al B3t 2eRs 7]4S o) Zolsly] S Rasberry Pi 3 Modd Br, 4 Modd BE thdo® efe] 4% 44914 7]
% A5 1ot o), B4 A ol7y, Ml ol S0z ol eslgion  woe Bl 1 AR 54 nk

Device AIE 71& 4% 2432 sldsid= A7 #5328 A7 =T

olo] Googled MobileNet [1] o]+ ©]& 22 Depthwise Separable

Convoluon ©|eh= A8 G414 716 Bhstgon olojn] Ang  FHE AH G AR 7171 GPRU f55 71Eo GUS 23
NVIDIA 9] Jetson Nano, Xavier AGX$} GPU7}F $1= Low End 717191
Rasberry Pi 3 Model B+, 4 Model BE tldo.2 399t} A& A zef 244

A S E = Y= 4 71719 Hardware AFgS 3 13} 2

2. &7 st=de] 4

MobileNet V2, V3 [2,3] & &3} Convolution Module & %] 3}o] t 3t
AT7E FhE . &3 EfficientNet [4], MNasNet [5] o] &7]% WA
AutoMLE 58 Convolution Module?} 31 ModuleE2] MIEY 3 7%
e o] HH3lE o|Es5l7] % 3191, FaceBook¥ Berkely thah2 ShiftNet

CPU GPU RAM 74 M)Ay
Resberry Pi 3 Broadcom BCM2837B0, Quad core Cortex-A53 | Broadcom VideoCore IV 400MHz 1GB %5 29 W,
Model B+ 64-bit SoC @ 1.4GHz (TensorFlow-GPU AH&-E7}H) 64 W
Rasberry Pi 4 Broadcom BCMZ2711, Quad core Cortex-A72 | Broadcom VideoCore VI 500MHz IGB 5 34 W,
Model B (ARM v8) 64-bit SoC @ 15GHz (TensorFlow-GPU AH&%7}) 76 W
JNe‘t’Slgl”}\hm Quad-core ARM A57 @ 143 GHz 128-core Maxwell 4GB | $99 | BW, 10W
NVIDIA . 512-core Volta GPU with Tensor 10W,156W
ACX Xavier 8-core ARM v&2 64-hit CPU, 8MB L2 + 4MB L3 Cores 32GB $999 C30W

¥ 1. A% 7]71¢] Hardware AF%¥

0905



2020

3. dlo]g Al & A% =4 Metric A4
FA  dlolE] A ImageNetS o2 3ksich
ImageNet¢] validation?] o]n| A&

e
452 ms (mile second) ¢} A% A

5371 ] dHeold
& AHE SIS 7 Metric® 57
2 Mg

4
dutAol gy /e 591 TensorFlows 7|42 &9 RdE

] 1 £9] 2 4R
v 7)7] 840 HAske £l TF-Lite® Wakslo] gA)319it) sl 3
4 tensorflow 34 Z#o]A] [9]& Farste] F=ea}3ict

300

Xavier

Power Consumption ®midle mLoad

35
30
25
20

Watt
15

10
- -0 =1 =l |
. m m ]

Raspberry Pi3 Raspberry Pi4 NVIDIA Jetson Nano  NVIDIA AGX Xavier

Edge Al Devices
48] A8 W)

a9 2. 2akd 7171
1% 1€ Rasberry Pi 3, 4 71719} NVIDIA Jetson Nano Xavier AGX
7171¢ll MobileNet v2 AR HS FAI8H S wf o Q14 Ad AlzHS v
W TExela a9 2% d 717150 TES o]’OJJI 2dS 53
7

A W] AnAEs Y T ol
Ak 3 AA A0 R GPUY Aol o mef 52k Alzto] o] Fol&
th= Aolth. 23 1S B Pi 3293 Xavier 29 7ol = <F 6008, Pi

4293} Nano E&itel= oF 5ule] 52 A7 Afo] & HRlve As &

Tdo] A3 w& Full
2 2014 Ho] Pi3
Holu P 4 7]Fo
Atk ARk 19

9] 7)71%9]

OF 47140 Wi A Eohe AL % & 913}.

V. 28

w A WA T B %‘éﬂr A R g = LI R I
o

ACKNOWLEDGMENT
o] =& 2204 % AR (S Ao FardFA ko] A QS o}
3% 7]1EATAd A (No. NRF-2019R1F1A1062878)

F1EY

[1] Andrew G. Howard, Menglong Zhu, Bo Chen, Dmitry
Kalenichenko, Weijun Wang, Tobias Weyand, Marco Andreetto,
and Hartwig Adam. MobileNets: Efficient Convolutional Neural
Networks for Mobile Vision Applications. CoRR,abs/1704.04861,
2017.

[2] Mark Sandler, Andrew G. Howard, Menglong Zhu, Andrey
Zhmoginov, and Liang-Chieh Chen. MobileNetV2: Inverted
Residuals and Linear Bottlenecks, detection and segmentation.
CoRR, abs/1801.04381, 2018.

[3] Andrew Howard, Mark Sandler, Grace Chu, Liang-Chieh Chen,
Bo Chen, Mingxing Tan, Weijun Wang, Yukun Zhu, Ruoming
Pang, Vijay Vasudevan, Quoc V. Le, and Hartwig Adam.
Searching for MobileNetV3. Proceedings of the IEEE/CVF
International Conference on Computer Vision (ICCV), 2019

[4] Mingxing Tan, and Quoc V. Le. EfficientNet: Rethinking Model
Scaling for Convolutional Neural Networks. Proceedings of the
36th International Conference on Machine Learning, PMLR
97:6105-6114, 2019.

[5] Mingxing Tan, Bo Chen, Ruoming Pang, Vijay Vasudevan, and
Quoc V. Le. Mnasnet: Platform-aware neural architecture
search for mobile. CoRR, abs/1807.11626, 2018.

[6] Bichen Wu, Alvin Wan, Xiangyu Yue, Peter H. Jin, Sicheng
Zhao, Noah Golmant, Amir Gholaminejad, Joseph Gonzalez, and
Kurt Keutzer. Shift: A zero flop, zero parameter alternative to
spatial convolutions. CoRR, abs/1711.08141, 2017.

[7] Forrest N. Iandola, Matthew W. Moskewicz, Khalid Ashraf,
Song Han, William J. Dally, and Kurt Keutzer. Squeezenet:
Alexnet-level accuracy with 50x fewer parameters and <lmb
model size. CoRR, abs/1602.07360, 2016.

[8] Xiangyu Zhang, Xinyu Zhou, Mengxiao Lin, and Jian Sun. Shuf
flenet: An extremely efficient convolutional neural network for
mobile devices. CoRR, abs/1707.01083, 2017.

[9] https://www.tensorflow.org/lite/guide?hl=ko

0906





