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Study on Bayonet Recognition Engine Based on Cascade Multitask Deep Learning

HE Xia TANG Yi-ping YUAN Gong-ping CHEN Peng WANG Li-ran
(School of Information Engineering,Zhejiang University of Technology, Hangzhou 310023, China)

Abstract Aiming at the complexity of environment, the diversity of requirements, the relevance of tasks and the real-
time of identification in the process of converting the unstructured video data of bayonet into the intelligent structured
information, this paper proposed a method of bayonet recognition engine based on cascade multitask deep learning. This
method makes full use of the relationship between segmentation and detection recognition tasks to achieve high-preci-
sion,efficient, synchronous and real-time recognition of a variety of basic information of bayonet vehicles (motorcycle
types, brands, series, colors and license plates etc. ). First, the deep convolutional neural network is used to automatical-
ly extract the depth feature and the logical regression is performed on the feature map to extract the interested region
from the complex background (including multi-vehicle object). And then the multitask deep learning network is used to
achieve multilevel multitask recognition for the extracted vehicle objects. Experimental results show that the proposed
method is superior to the traditional computer vision method and the existing recognition engine technology based on
deep learning in terms of recognition accuracy and efficiency.and the accuracy of recognizing and detecting the motorcy-
cle types.brands,series and license plates is more than 99% respectively,and the detection efficiency is increased by
1. 6 times.
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Fig. 1 Structure of cascade multitask convolutional neural networks
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Table 3 Comparison of average accuracy on BIT-Vehicle dataset
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Fig. 3 Examples of CompCars bayonet dataset
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IR VRS 3 A A B R RCR . kA R 2 AE 55 W
2% S5 A0 Re s 2 A IR A 58— SRy — AN B /)N B A A [y
SAREE T HR AL AR R AR . 40, 78 54T 55 (19 VGG16
PR 25 v, S 25 A X 42 9 TR R Ol v=100 415 ms, M & &
)R 5 % o, 1M A S0 22 4T 55 0 4% 19 3 (A % o' =200+
15ms. ML Z T RORE R 1.6 5.

# 5 1 CompCars ™ B4 L 2 AT 55 M4 5 AT 55 M 24 11

FH 0 5

Table 5 Average accuracy of multitask network and single task
network on CompCars” dataset

(AT )

S B FEEF  RESH L1E%5  BESE LES
- 7ZF 7F ResNet-50  ResNet-50 VGG16 VGGI16
Bi€RF 84.70  65.25 86.01 85.54 86.60  87.40
ARG 93.88 95.47 97.27 95.10 97.78 99.07
AR A 99,30 96. 10 99.45 99. 50 99. 60 99. 32
% %3R5 98.60 93.79 98.70 98.59 98. 74 98.57
RN 90.89 90. 50 99.91 100. 00 100.00 100.00

BRE ACARIRBIGIZER LR 2. BT
P LIRS B 55 2805, ) AT R TR R A AR 22 2% R AT Tk
HELAR N T — B TR FRB T B R R Z R R 2 AL
WEERM M4 7 ] J5 k.

%5 R R A BRI 25 0 2% SR T IRLAR RRAE L AT LU 2
> BRI AR X 52 B TR 2 R AR 0 FT DX A0 PR AT L i e T AR
N T B IBURR IR X F [ AT, [ A, ) % A AR A 2 R 2%
PR B f 19 55 25 SR L O £ 1 B B A9 AT A DX, b 1 B A
AN PR BE MR o AR G T AL SR s 15 R T vk R A AR
YR RPN £, T e 46z 00 1138 5310 S50 Jom i 28 b 285 5 o DA T i —
PR AN ORI A L A RS o S L B R Al L AT
JA LA BRI 5 07, B R B B T T AR AR B RUBIORS BEE
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ASCHY B TTHRAN T <8 55, 78 BUAT de S ok A IR L 2 > T
2K 55K Faster R-CNN RYJLaL [ JEFT 2k, 76 RPN [ 4% 5 2
WG — A 7 U I 4% o 3 R S DI 0 i A5 2 > R AE
B X B 2 T R PR R 5 L i — 28 B R ) Y 2
K P 45 v i AT A5 SR 0 45 R R N — R Z R I 2 AT S
TR R 2% . NS 45 2R 0 BT SR B L AR SCIRETT Y ) 46 45 4 Y
TR B iy PU R PR B B T 22 A 45 A L s AT i 5
A 4 AP 255 17 AL [ sk 50 00 AR SR AT: 55 22 1B B AH B2 5T R
TR 5T ) 26 F HE PR RE

T, /R A7 5 I 202 40 B A RR AIE A 42 40 330 6 U3 32 2 2 3
PRIE o I B4 5 ) S SR A A R T A S PR R
) BIBIE T T AR % 8 B AR F — e IR A E T A e A 4
FAEI 25 Y B IR) 2 R ) € i . Pl TS M G2 B e R
IH T LA o G 0 A R €4 Y € i R AT OE B 2 i D T
PR 2 J2 U 2 AT 55 1 R B2 A5 AR 28 9 28 R 3 T 42 BT 68 1Y)
PR ADoK 75 B T (A — TR A5 AR 22 I 46 rp 2 T &
B TRURIAE 55, 4025 Bl B3 A% 2 A i Aer T L 4 09 45 A A Ao T 4 AT
% o Al R LR T 2 TR A B ARER
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