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Research on multi-task convolutional neural network facing to AR-HUD

Feng Mingchi, Bu Chuanxia, Xiao Hong

(College of Advanced Manufacturing Engineering, Chongqing University of Posts and Telecommunications, Chongqing 400065, China)

Abstract: AR-HUD has been widely used in automobile. Its environment perception module needs to complete target detection, lane
segmentation and other tasks, but multiple deep neural networks running at the same time will consume too much computing resources.
In order to solve this problem, a lightweight multi-task convolutional neural network ( DYPNet) applied in AR-HUD environment
perception is proposed in this paper. DYPNet is based on YOLOv3-tiny framework, and fuses the pyramid pooling model, DenseNet
dense connection structure and CSPNet network model, which greatly reduces the computing resources consumption without reducing the
accuracy. Aiming at the problem that the neural network is difficult to train, a linear weighted sum loss function based on dynamic loss
weight is proposed, which makes the loss of the sub-networks tend to decline and converge synchronously. After training and testing on
the open data set BDD100K, the results show that the detection mAP and segmentation mIOU of the neural network are 30% and
77.14% , respectively, and after accelerating with TensorRt, it can reach about 15 FPS on Jetson TX2, which has met the application
requirements of AR-HUD. It has been successfully applied to the vehicle AR-HUD.

Keywords ; augmented reality-head up display ( AR-HUD ) ; multi-task convolutional neural network; target detection; semantic
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Fig.5 Working principle diagram of AR-HUD system
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Fig.7 Detection comparison on BDD100 K dataset
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Fig. 8 Detection comparison on self-collected dataset
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DYPNet 0.763
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Fig. 9 Renderings of lane segmentation
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Table 5 Testing of multi-task convolutional neural
networks on BDD100 K dataset

BRIR/N/ mAP/  mlOU/
Jrid ARG FPS
MB % %
DYPNet  416x416 20.2 27.9 30 77. 14

DYPNet SR EA H ARG AN S54SR 2%
(B HARIZHOFBA W 220, K o B AR I Fn i S5
TIPS I A T 4 XA 235 2 K g ]
S50, 2R HE B E W IA R T 20 frames™ , Al A
SEPR SR

DYPNet SUR KGN 10 iR fE &K E T H#E A B
PRI 45 R ANTE X Ar #4551 ELX P I 45 45 St 4%
RATER] DR AEAR R T o A R WA 7] 159 £ R
FTIBAT A SCHR T 1 24T 55 5 AR 2 N 26 R A7 i 47 P Al
155, ATA RO TSR IR, 35 o R G ARG S

10 DYPNet il &R
Fig. 10 Renderings of DYPNet fusion
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Fig. 11 The real picture of AR-HUD on the car
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Fig. 12 Renderings of normal car driving
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Fig. 13 Renderings of car driving on the lane line
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Fig. 14 Renderings of approach car warning
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