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Fig.1 Structure of classic convolutional neural network
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Fig.2 The convolutional neural network structure of this pape
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Fig.4 The result of data enhancement
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Tab.3 The result of weight enhancement

BOMAE B R R

gE]|
UE VU VU YL
1EH I 25 94. 30 3.30 2.80
PSR E NS 92.70 5.90 1.94

M3 T LA Y B v B R A S, T
R S U TR R P R S S R R
AT R B R T [ Ul D R R R B R
FCEE %) AR M R A W] I A AT, AT ] A R 8L
T 388 i 0 531 S 0 B B4 B0, DT AR R GE e
25 M) L 3 A B4 A
3.4 MibfEmAERUNG N

Oy 2 T IR AR T AR e L A 0 BE A
7 15 BRI ) I 3, SR T B T 2 MR T A B B A
AL A R AT B R S T S 1k
(9 1 A 04SSR0 AR X T A A% 5 0 X7 A N AR
I RHARLA 7 BT, 3 S R FE I B D T AR IR
P, e XS Al — b A3 47 8% B /9 2 5K 18 % OR
- H R AT B I M 5 A AT L S FE R A I
R R 598 5RO L, R 22 5 1k ) i
JE KA.

LS55 2R 100 5K [A] — i i i B8R 2R 47 4
.k 86 5] R e A% e 1 O ik L, SRR S
PR b 5 3 B A ARG DN A 0 IR ) X L n 3k 4
IR

x4 WA ER LR
Tab.4 The result of test time

ik Wit E iR &b Rl
FEWT/s S FERT /s
& G 6 I ik 0. 856 0.011
ZEH K 7 ik 0 0.012

HISEB A5 R T LU Y 7 5 U 39 4 0 FE IS
JLF AR BB T, 1% 58 19 3k T HL A% 9008 1 18 %
PHEEAG I T BE, 70 K I 91 3 2 i ST T B
S, MBI B, B AR DG IR R AR IR N R
AR OB S TGRS A A T R R BOR.
756 TR JEE o o B 384G 77 0k , A 2 Hh BB B
SR A N R PR, S PR A, AT — e B
Ao B3 BT IR Y 5

4 RENH

FI 2 25 B9 30 S 2 A 0 7 0k 0 1 T ek
I8 % AT A% 3 B R A AR S8 R LI T K A R G
] ) B B AR A 45 AR ST AL R T A% B R S A 4
JRCHE DY 2 T8 LA 13 Y rp e B 2 L B B B A
1B 3 m fif P B0 2% 4, B 10 AP B A2 A — 4>
BT I 0 A BB AR Sk BT HRL. 35 R G 3% L A ) ) B A
B A R OT — 0 A 2R, EL 3 1) s
3 I, 22 DA O 0 A 2R B 0 BRI S i
BE B TTRR T B 55 — 0 A 3H R & A 3 R R G
62 2 ) 1 35 B T 30 14 ol 23 A 20 1) A 4 3 — {0
R s, A 38 0 1) 430 2800 ok 22 g 3%, 25 405K
SERUG R B R 2 B B A 5RO b g BRI
5 s,

T P e L 2
o &R s | R
B e /N G e—e
L1k . .

Vit e g g i

.........

BS5 AENREHEREEHTEE
Fig.5 Model of mobile partition piles system

on urban roads
5 &F#Hig

BT UM W A BT SE BT — Rl 30 T
PHSE RN B RY - 45 A 52 B A D 1l ] K 4 39 o
16 DO AR A 2 5 SR A S T i — B A
. 5 1 GE T AL AR A0 58 Y 30 T T S A A 0 O
IEARLE 1207 6 A 32 B8 N 2 A R2 0, A 36 3T
S S B S NP AGE I, H AT B R 2 A b SR
s VR, 03 v A <A B 92. 7% , i B R ALK
1.94% . {H fy T % 42 ok B HBC R, B AR B HL
TN (AR S TE A 1 R O R A B BAR K
. A R A B 2k 2 B e A R T A R R, R R
— Wit B AT TAE.



22

S BN o (S G

2 ) 2019 4

S Uk -

(1]

(6]

[7]

(8]

[9]

[10]

5 8. B T AL L 58 1Y 52 1 48 Mz 3h H A s
[D]. "M B TR A dh kBl 5 T %
Bz ,2016.

R LT, B0k ST B &R 2% (CNN) 15
AT I P R [T ] B R S A,
2018,224(5) :18 - 19.

AR X =R, AT BT ONN R % 5
9 23 PR 5 U [0 ] BB 8108 5 5 L 2018,
224(4):19 -20 +22.

SHERRINGTON C S. Observations on the scratch-re-
flex in the spinal dog [J].
1906, 34(1/2) 1.
FUKUSHIMA K.

Journal of physiology,
neocognitron; A self-organizing
neural network model for a mechanism of pattern recog-
nition unaffected by shift in position [ J ]. Biological
cybernetics, 1980, 36(4) :193 —202.

LECUN Y, BOTTOU L, BENGIO Y, et al. Gradient-
based learning applied to document recognition [ J].
Proceedings of the IEEE, 1998, 86(11) ;2278 —2324.
KRIZHEVSKY A, SUTSKEVER I, HINTON G E.
ImageNet classification with deep convolutional neural
networks [ C ] // International Conference on Neural
Information Processing Systems. Curran Associates
Inc, 2012:1097 - 1105.

SIMONYAN K,ZISSERMAN A. Very deep convolutional
networks for large-scale image recognition[ C ] // Interna-
tional Conference on Learning Representations (ICLR ).
San Diego; arXiv: 109. 1556v6 [cs. V] ,2015.
SZEGEDY C, LIU W, JIA Y, et al.
with convolutions [ C] // IEEE Conference on Computer
IEEE Computer

Going deeper

Vision and Pattern Recognition.
Society, 2015:1 - 9.
HE K, ZHANG X, REN S, et al.

Deep residual

[11]

[15]

[16]

[17]

[18]

[19]

learning for image recognition[ C] // IEEE Conference
on Computer Vision and Pattern Recognition. IEEE
Computer Society, 2016.770 —778.

M SCHE X, £ UK, 55 5 T IR BE B TR Pl & M 4%
930 28 AR [T . BN R 2 4R (L2 )
2018,39(2) .11 - 17.

WANG D L. Deep learning reinvents the hearing aid
[J]. IEEE spectrum, 2017, 54(3) .32 - 37.

LANE N D, GEORGIEY P, QENDRO L. Deep ear:
robust smartphone audio sensing in unconstrained
acoustic environments using deep learning[ C] // UBI-
COMP 15 ACM International Joint Conference on Per-
vasive and Ubiquitous Computing - September. ACM,
2015:283 - 294.

GE M, LIU Y, JIANG L, et al. Genome-wide analysis
of maize NLP transcription factor family revealed the
roles in nitrogen response [ J ]. Plant growth regula-
tion, 2018, 84(1):95 -105.
KRIZHEVSKY A, SUTSKEVER 1, HINTON G E.
ImageNet classification with deep convolutional neural
networks [ C ] // International Conference on Neural
Information Processing Systems. Curran Associates
Inc, 2012:1097 - 1105.

CHAWLA N V, BOWYER K W, HALL L O, et al.
SMOTE: synthetic minority over-sampling technique
[J]. Journal of artificial intelligence research, 2002,
16(1) :321 -357.

BB, INEE, 5 0, GE. R T IR UM 2 R 45 Y
JK e AL A 7 vk [0 ARk AR A 41, 2017, 33
(20):169 - 176.

JA A Bl gs = I [M ] b a1 R R R
#t, 2016.

HHAR AP S ARG R, AL T 2R I H T R R IR
FVEE R 4 X B b 0 5 vk B9 [ 7] Jb st 3R
Ed,2012,32(12) 11247 - 1251 + 1257.

Traffic Jam Detection Based on Convolutional Neural Network

LUO Ronghui, YUAN Hang, ZHONG Fahai, NIE Shangshang

(School of Physics Engineering, Zhengzhou University, Zhengzhou 450001, China)

Abstract: In order to solve the increasingly serious congestion problem of urban roads, a road congestion de-

tection method based on convolutional neural network was proposed in this paper. This method was based on

the application value of road congestion rapid detection technology to alleviate the traffic jam problem. Be-

sides,it combined deep learning with image processing technology. Compared with traditional methods, this

method did not need to extract the road background in the early stage, and was not affected by the illumination

brightness and the actual environment. It had the characteristics of fast recognition speed, less occupied com-

puting resources and good generalization. It has been applied in practical projects and achieved good results.

Key words: convolutional neural network ; deep learning; image recognition; congestion detection; smart city



