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Development of Driver’s Safety/Danger Status Cognitive
Assistance System Based on Deep Learning
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Abstract: In this paper, we propose Intelligent Driver Assistance System (I-DAS) for driver safety.
The proposed system recognizes safety and danger status by analyzing blind spots that the driver
cannot see because of a large angle of head movement from the front. Most studies use image
pre-processing such as face detection for collecting information about the driver's head movement.
This not only increases the computational complexity of the system, but also decreases the accuracy of
the recognition because the image processing system dose not use the entire image of the driver's upper
body while seated on the driver's seat and when the head moves at a large angle from the front. The
proposed system uses a convolutional neural network to replace the face detection system and uses the
entire image of the driver's upper body. Therefore, high accuracy can be maintained even when the
driver performs head movement at a large angle from the frontal gaze position without image
pre-processing. Experimental result shows that the proposed system can accurately recognize the
dangerous conditions in the blind zone during operation and performs with 95% accuracy of

recognition for five drivers.

Keywords: Convolutional neural network, Driver’s head orientation, Intelligent diver assistance system
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[Fig. 1] Driver’s safety/danger status cognitive assistance system
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[Fig. 3] The virtual driving experimental device platform used
in the proposed system

[Table 1] Scenarios for a driver’s head movement with image
database

Scenarios Gaze zone

I: (H=>@)~1)~>Q)—~1) OXENG)

2:(H)=B)~>(1)~>B)~0) 2®®
3: (=@ 5)>0)~>(1) 2,@®,®,
4 (D=>(N~>@)—>9) O0,3,6,0®

(1): Go straight, (2): Turn right, (3): Turn left, (4): Left gaze zone
(-40°-0°), (5): Left gaze zone (-60°- 0°), (6): Left gaze zone (-90°-
-0°), (7): Backward gaze position (8): Frontal gaze position, (9):
From frontal gaze position to backward
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[Table 2] Setting the parameter values of the 6-layer AlexNet

[Table 4] Accuracy of each AlexNet structure of the proposed
system (Avg: average, Var: variance)

AlexNet convolutio | pooling | convolutio| pooling
nal layer layer nal layer layer Accuracy
61 kernel 11 3 5 17 gﬁ: 3layer | 6 1layer | 6 2layer | 6 3layer | 11 layer
| stride 3 2 1 2 Avg| Var | Avg| Var| Avg| Var| Avg| Var| Avg| Var
62 kernel 11 3 5 12 1 | 0.94/0.001| 0.790.027| 0.91]0.001| 0.95]0.000{ 0.95|0.000
| stride 3 2 1 3 2 10.93/0.001| 0.75|0.037| 0.94|0.001 | 0.96|0.000| 0.96|0.000
63 kernel 11 3 5 3 10.91/0.002| 0.48|0.001| 0.63|0.016| 0.93|0.001| 0.96|0.000
| stride 3 2 1 4 4 10.93(0.003| 0.62]0.029| 0.86(0.023| 0.94|0.001| 0.95|0.001
5 10.96|0.000| 0.94|0.016| 0.96|0.000( 0.97|0.000| 0.97]0.000
[Table 3] The number of image per gaze zone on each driver
Data Gaze zone 1 layer 1028 33.32
e | O]@ 0] @] 6] 6] @] ® e 1939 L.
1 50 | 50 | 100 | 100 | 96 | 104 | 254 | 246 | 512
6_2 layer - 18.57
56 | 61 98 | 99 | 94 | 92 | 250 | 250
6_1 luyer 1 018 18.63

2
3 50 | 50 | 107 | 100 | 94 | 89 | 254 | 246
4 50 | 50 | 100 | 100 | 82 | 118 | 268 | 232

5 50 | 50 | 100 | 100 | 96 | 104 | 254 | 246

Tagging Safety Danger

A7 gitt 1A ) skl e Ad 9 B0 45217, 2], 12,
3], [7, 41% AlxFE 5= )T [Table 2]l 4] LPE}% e} 7ol 6
7ie] #lojo] AlexNet 7556 _1,6 2,6 37} #o] sty gt

58 s

A|Qreh Al 2~R ] 435S Bl ~ES] 9lste] 31 9] oA 7}
2] g o= A E F 5o AT AV S = el
Sk Ake] M) &5 oA 2 A HolHuo] 5
gt} ZHzhe] & J}oﬂ mo}oq zz7x22791 =719 1,0007
4 oA 52 7t
7} % 50074 o]t} 7#494 A °ﬂ°ﬂ°ﬂ gk o] #] =
[Table 3114 YebdL), o5 £ 1 &A= A Alg
YO 55 ARESte] O GH ] S l d <ol tiate] 2+t 50
F 967 oA 55 AR S & 7 SiTh Addol AR8-gt
AlexNet 7]9Fe] CNN A2 MATLAB 2017a Neural
Network Toolbox |4 Al-&sl= A8 A5 o Y2 3}
AL GPU W o =2 F st} A% H71E 9l5ke] 10-3 wa)
3 WHH(10-fold cross validation) 0.2 AJ2FgHY,

A| ke A] 2Bl [Table 4]0 4 Ll vRe} 22o] 3742] &)
o]o] AlexNet¥} 6711¢] #o]o] AlexNet¥} 7]E-291 117h2] ¥
o]o] AlexNet®] 217w AR&-ste] &teof tisto] v]ulgh
o} Avg®l Var 10-7 axk 715 i o] A ehee]] digh [+t

er | 011
3 layer 14,67

Q 5 10 15 20 25 30 35

M Test time (second) Train time(second)

[Fig. 5] Results of a train time and a test time per AlexNet’s
structure

[Table 5] The cognitive result of the safety and danger in 6-layer
AlexNet.

6 layer(6 3)

True negatives False negatives

Type
Safety Danger Safety

Avg | Var | Avg | Var | Avg | Var | Avg | Var
1 | 0.94|0.001| 0.96 | 0.001| 0.06 | 0.001| 0.04 | 0.001
2 | 0.96 | 0.001| 0.95|0.001| 0.04 | 0.001| 0.05 | 0.001
3 | 0.94]0.001| 0.92]0.002| 0.06 | 0.001| 0.08 | 0.002
4
5

Danger

0.95 | 0.001| 0.93 | 0.003| 0.06 | 0.001| 0.07 | 0.003
0.96 | 0.001| 0.97 | 0.001| 0.04 | 0.001| 0.03 | 0.001
Avg | 0.95 | 0.001| 0.95 | 0.002| 0.05 | 0.001| 0.05 | 0.002

Zh(Average) @} F-AF Fh(Variance) S 2|u| 3t} 6712] #o]o]
AlexNet2] A3}= 6 30014 A28+ g2l E gho] 6 1346 2
B} 52 A s vehf7] wiitel 6 39] A= 6719 2
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