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Driving State Recognition Algorithm Based on
Deep Separable Convolutional Network
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( College of Engineering, Huaqgiao University, Quanzhou 362021, China )

Abstract; Aiming at the problem of driver detection caused by the small memory of embedded devices and the
low accuracy of multi-classification, a fast fast down sampling network (MF-Net) driving state recognition
system improved by deep separable convolutional network is proposed. the key idea is applying a fast down-
sampling strategy to deep separable convolutional networks, which performs 32-fold downsampling within 12
layers to reduce computational cost seffectively, increase information capacity, and achieve performance im-
provements. The experimental results show that: compared with other convolutional neural network (CNN)
models such as VGG (visual geometry group) and ResNet 50, MF-Net model has deep separable convolutions
that reduce the amount of parameters greatly and the application of fast down sampling increase the information
capacity of the network, the model not only smaller but also show better performance in the classification of
driver status, at the same time, the increase in information capacity can encode more information and deepen
the understanding of the image content, which is beneficial to transplantation of embedded systemsin the fu-

ture.
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Fig. 1 Driver body posture recognition status data
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Fig. 2 Comparison of two images of different categories
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Fig. 3 Class activation mapping process
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Fig.5 Schematic diagram of standard convolution parameters
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Fig. 6 Schematic diagram of depth separable convolution parameters
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Fig. 7 Comparison of structure of different CNN models
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Tab.1 MF-Net network architecture diagram
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Tab. 2 Comparison of experimental results of different algorithms

N ) A/ %
i Av/% L Av/% Ly M0 NIMB
VGG16 43.92 1.703 9 66. 71 1.501 8 16. 82 128 40. 21 43.92
modified VGG16 87.72 0.365 3 79. 32 0.809 5 14. 96 114 63.09 78. 54
ResNet 50 89. 05 0.3210 83.13 0.7327 24.59 188 75.76 82. 87
Xception 90. 42 0.274 6 83.72 0.600 1 24.54 187 61.26 76.98
MF-Net 91. 07 0.278 2 84.53 0.491 5 3.24 25 80. 20 86.58
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FESR I 19 A RUPE. B0 1) Xeeption BEAY R 5 1070 R A SR 5 2 114 )2 LA AR NS S8R 1 R AIE P, DA T
THE R T 5 1T AR AT 3R 203, Xeeption B AYAH X878 L 33 il FR i) 1 15 2 25 . MF-Net SR AT SE PR i
R SR L R T LA T 2 015 T O U AE B A R R R

13 2 A1 MF-Net BRI 280 /b, o 3. 24 X10° A 3 W R IR 5 I 25 s R i B B B/, Oy 25
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RUA] LA T 53 AR 21T MEF-Net %8 B2 2% 2] X 25 38 3o 4 2 A1 06 20 11530 120 o 5 B0 o 28 ) 5% 1) 4 21, 4k
KT VGGI6 (e Sk R a5 456 17 B AT 20 85 & AR, JF R A 77 Hi 400 PRl 8 SR A SR m L 8 75 MF-Net
Xf AR S AR # A IR sh Yy BB o b A AL

Fl-score S4B — /-0t H5 7 2 SR 0 00 70 0 P40 K4 1 h o 0, —
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WO, 45 BN 3 R . M1 3 AT SCo AR B AR Floscore {8 W h 2 BRI ELAH O 0. 87.

# 3 ANEFEM Fl-score {H LK

Tab.3 Comparison of Fl-score values of different algorithms

i 7 Co C1 C2 C3 C4 C5 C6 Cc7 C8 C9 S H4MH
VGG16 0. 80 0.95 0. 87 0. 90 0.70 0.96 0.73 0. 87 0. 46 0.79 0. 82
modified VGG16 0. 90 0.90 0.98 0. 80 0. 80 0. 88 0. 89 0. 81 0. 60 0.75 0. 84
ResNet 50 0. 80 0.92 0.96 0.90 0. 80 0.92 0. 89 0. 86 0.58 0.67 0. 85
Xception 0.70 0.96 0.95 0. 90 0. 80 0. 87 0.83 0.81 0. 46 0. 64 0.81
Ours 0. 80 0. 96 0.93 0.90 0. 80 0.97 0. 87 0.91 0. 64 0.79 0. 87
5 HXRIE

SCH AR A R RT3 B o U N 45 45 K MF-Net A4 fE B, I 45 4 bRt SR B 306 i #9725 B iR
SHBARGE . 5 VGG 16, ResNet 50 254 22 [0 5 K LG I (14 98 B2 7T 73 18 46 BUR R T 240k .
R SRAETT RIS AR T M4 i BA R . XA BT A B TAERER R TE T AR A RN TS
JEir ARG RS M. 20 25 R F W], SCrh T4 1 MF-Net I 45 450700 76 28 4 GRS UMT 55 BB A A %K
Ph 5 Bk
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