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WE AL @M AN, 2B —FHRREF T F AR ZE M % (convolutional neural
network , CNN) #f 3038 9 3% B3 #4740 ml 69 75 ik, & 28,48 A A T TensorFlow R &+ T &4 =
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Traffic congestion detection based on deep learning

DING Jie , LIU Jinfeng, YANG Zuliang, YAN Gaowei
(College of Electrical and Power Engineering, Taiyuan University of Technology,
Taiyuan 030024, P. R. China)

Abstract: Aimed at traffic congestion detection, a method of detecting traffic congestion images using
convolutional neural network (CNN) was proposed. First, a neural network classification model with three
layers of convolutional layers was designed based on the TensorFlow framework. Then, the classification
model was trained and evaluated using road congestion and non-congestion pictures. Finally, the well-
trained model was used to carry out road congestion detection. Compared with many other deep learning
classification models, the proposed convolutional neural network model showed high efficiency in
congestion detection, and the detection accuracy reached 98.1%.
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B 2 1T AL 1 5 J B I 1 4 B BB A 0T M s 1 S B, A Rk T A PR T A A A I R T RS . H
T A ] % 118 5 3 A0 A3 ) 3 RS 4 T o) e R S R AT R 8] e U R DX AT A B R B
B BAR AGETE A0 K, P AR R A AR A S T A 3 A0 A . R R R 22 000 R 22 92 o BT TR B
FRAS AR B0, AT A5 H T8 0% 2 ] o A R RIS ) o A 3 DL T T B B RS B0 L DL R B RS A I Oy vk B 2 A
Ba AR A B 52 R, o' BRI B R BT OGS TR T AN R g s,

WA, B B 2 W 4% (convolutional neural network, CNN) 7& B {5 Ab ¥ 45 58 /%) b FH & #i 18 2, R & A
IR R AE B R AR SR SE 5 . Lecun %5 X F 5 FAF M BTk $E T LeNet-5 BIREGIFIR,
AT AR RCR . Alex 3 3 IR N 48 )2 80 # H CUDA #4711 2555 J7 s3RkA3 T8R4 AlexNet™,
ME » A3 B GoogLeNet 54K H 1Y VGG (visual geometry group) #5 B DL#E /N1 3 FRAZ R ) 18
ST % 1 2 FH M R B I L 20 RS 2014 4F TLSVRC T 3B — 4 58 4 B VGG 1TEZ N iTE
5 I RIE T GoogLeNet™™ . ZJF 4T CNN 43 KB T LK R He 551 7E 2016 AR5 T
TG 1 TR 5% 22 B ResNet, i o8 i 3R 25 25 M 46 TR )2 CNN #558, Howard %' F 2017 4542
TR R A MobileNet, Hoii i ¥ B2 7] 3 B & A0 AL T B AL S Ay 4G Dl R K i . HAG, © A WFSE
N A 28 S REUR 28 ) 2% 445 g oy ) T T B 0 B R v, G 280 S S 5 ol B AllexNlet B AU Y 00 2% 45 ) >k
ARG 0 T 4P A 15 0 A T S R B T 0012 s /ML {E R A R RS D b ARG R NS A Bk L PR, S AR
25 0 238 A T8 A B U b i AT A R R

BT UL EWRSE 28 35 4 0 — b R IR B 27 >0 45 FR bl 28 IO 246 114 5 ok R A7 T 66 0 1% 4 O, ST B 0 T B 4 B 1
PRSI, - ELAS ) 8 A5 ) ik AR SCRE SR — R4 Bt 1 T A 0 A R 28 I 2K R AU S L O X R AL AT
W2k, FE5E 8B4y HEAT T X5 Lb SE 50, F) FH 22 Fh 45 BUR 28 I 25 B TR (1 73 IS 285 SR AT LU ARE , OF X I 28 25 M ik AT T
THRESE Y, o =R X SC s a5 R AT TN,

1 &3t CNN 4 ZEiEa

ASCHR TS T CNN 70 2SR 20 ek 3 MR AL A AN 1 Bz 20500 08 - P P ok BRASE B L 36 B
22 ) 2 B e RS A AR . T TR X B N A AT PR A

P A AL TR BB RSB DA ,< R O
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Fig. 1 Module composition
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Fig. 2 The preprocessing effect of a picture
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Fig. 3 CNN model structure
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Fig. 4 Function image of ReLU and Leaky-ReLLU

K (DK Leaky-RelLU BRELA K a; 52 (1, +oo) X[ N K [E E S8, Leaky-RelLU 43 i A7 A {EIK T — 4>
AEERR BT —EWRERCR . M5 K 3 Y Batch-Normalization J2 38 i #4645 B A4 4 i1 61753
% BRI 01 l \(E REE A KT A S SRR 1y DI sl S 7 T R TR

X 1f1’,>09

Yi—/\x; . (@)
L lf.T,'<Oo
a;

1.3 iR

A SO i B RO R I 28 S5 A WL 5 TR .

EE 5 E5 T Flatten BB BRZ 3 M HE R 824 A — 4L, LB RZ R & E#ZZED
i1V s Dense |2 Ry 2 7522, X6 R 45 R AT RRAE A — 2032, o, 55— Dense )2 & 128 P4



110 TR K FFHK % 14 K

—] Flaiten |
| prI=n | ] Dense(128) |

] ReLU |
[ B |

] DropOut |

] Dense(1) |

] Sigmoid |

Bs5 MUEREN

Fig. 5 Optimization module structure
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Fig. 6 The role of DropOut in neurons
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Fig. 7 Scenes under different angles and different lighting conditions
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Fig. 8 Training process
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F1 OHEXE

Table 1 Ablation experiment

AR LAY YRR R 1 U 2
LeakyReLU N N
DropOut J N

ALY 1 B SEA Y 2 AR R AR AN ZREE R, LA 2 3R 0.001, B B0k #E 32 skl gh 82 | 7 3R AT
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Fig. 9 Training process of model 1
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Fig. 10 Training process of model 2
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et AN 2 iR,

R2 AUEBSELER

Table 2 Classification results of our model

SRIEH o IEEER O MEER/ X

Biithr 1103 20 98.2
i % 994 20 98.0
Bt 2 097 40 98.1

2R 2 R AR B A A4 2 455 SR T A5 AR S ff AR A B 40 2R ME R R O 98.1 % . 4, 43 ZRps A b 3
R K B RO 0.004 s,
i FHES UEAR A 1 X 45 B B b A7 0 25 R N3k 3 s,
£33 WIERE 1 HELER

Table 3 Model 1 classification results

IrRIEH SRR MERR/ Y%

15 1028 95 91.5
i 1% 908 106 89.5
Bt 1936 201 90.6

M2 3 il 4L R (43 2845 T A 0 IE R A 1 M 2 R ME R R 90.6 %0 IR B 4 FMH T
DropOut BARSCEERS . IFZ5HENAE T % T T DropOut B9 W 28 4544, JE R 28 72l RIS A0 5 T k47 T
WGREEY™ 58 . IR T8 AT DUTE IR v 4R B — AR A, (75 2R A 78 I iR 19 4 1 i) i o 405 2R A g i
| DropOut Ji7 BIZCR » B LA A — K DropOut & AR TR 1T AEAS , (515 W 45 e 16 2 ] | o - & 3 i FH
fiE 73 RO ARG

il FH 9 EARE Y 2 68 AR PR AT 0 2R B 2 SR ANk 4 B

x4 WIEEB2HKER

Table 4 Model 2 classification results

SRR REER MERER/ X

% 1101 22 98.0
i W 974 40 96.1
J=87n 2 075 62 97.1

H1 3 4 Aol AR (K R i 43 S 45 SR AT A5 B e A A0 2 A A0 R UE R Ty 97,100, RIOCR IS 22 TAEH] T Leaky-
RelL.U MASCHERL . EEFHAE T Leaky-RelL U AI#E T ¥ 1 9 ReLU 3 &KL 38 1 25 BT A7 LB IR 3 —
R RPRILE T Z AL, P R RCR B A,

Y2 3R W R A Y Rl I R A 8 K Y O A, (IR BE 2E ) h & LY VGG 16, ResNetvl
InceptionV3 Fl1 MobileNet &5 gE 47 Xt 36 iE, VGG16, ResNetvl 1 InceptionV3 #5212 i F 08 45 FL
2P0 2% o SRR HC DL 2% 5 A0 L RE o3 R PR RE R A B AR A D 4T, T MobileNet W J2& 42 A i B4, B34
EALFEE R, I 2k 4 X VGGI16, ResNetvl, InceptionV3 il MobileNet # % Jf 45 Yl 25, 24 2 R hy
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0. 001, BEREARESE 32 SR UNZRE I R AT U 25, P T3 BE R 700 245 g L 358 K o 17 R I ) 265 A WAL 84, 358 o
TIUNZR IR K epochs =100 000, I H 78 [f] — A4~ M 328 48 Lk 47 00 38, H 0 22 38 41 35 1 4 25 45 S
£ 5~8 iR,

£S5 VGGI6 HELER
Table 5 VGGI16 classification results

SYRIER PR MERER/ X

% 1039 84 92.5
i % 999 15 98.5
J=872 2 038 99 95.4

H 2 5 Pl e B R A4 2 a TS R H VGG16 BRI 43 S HERfG RN 95.4 % . &k, i H VGG16
T G PR PR SR ] e B R 0.027 s,

& 6 ResNetvl SELER

Table 6 ResNetvl classification results

OPRIER  rREIR O MERRER/

EiiiEA 1031 92 91.8
i 15 988 26 97.4
it 2019 118 94.5

6 PR E R 255 Rrl 5 F) ] ResNetvl #E R 2K\ R N 94.5% . 2R, {#
ResNetv] 15 A4 4 B B 5K [K] A9 R 0.017 s,

& 7 InceptionV3 Sy EER

Table 7 InceptionV3 classification results

SPRIER  MREEER MEERR/ X

Eiiigra 1085 38 96.6
iH 1% 984 30 97.0
joSan 2 069 68 96.8

2 7 fPl a4 B R Y 4 2845 9 AT 43 R InceptionV3 A6 T 4 43 28 e B Rl 96.8% . £, i F
InceptionV3 71 kb #f 515K ] | (1) 34 4 0.025 s,

# 8 MobileNet 724 R
Table 8 MobileNet classification results

SPRIER  rRER MERRR/ XK

S 1015 108 90.4
3 1 951 63 93.8
Bt 1966 171 92.0
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H e 8 Pl sk 42 R 19 4> 2 45 SR T 45 ) B MobileNet BE % i85 4> 25 ME MK Sl 92% ., £k, fifi FH
MobileNet 1527 4b 3 515K €] {9 35 4 0.005 s,
3 HRITLE

B AR SO I B RLFR B Our-net, XK 2~8 9458, IF 115 FPS(frames per second) J5 N5 9
i

R DERERIL

Table 9 Comparison of classification results

UREER N HER R/ % FPS

Our-net 98.1 250
Our-net(without DropOut) 90.6 250
Our-net(without Leaky-Rel.U) 97.1 250
VGG16 95.4 37

ResNetvl 94.5 59
InceptionV3 96.8 40
MobileNet 92.0 200

AT AR SCRT BT A B L 5 R 26 280 0 I L S O D . BETE RIS RS 0 20 R 25 1R L o0 K
R KT VGG16,ResNetvl Fl InceptionV3 BEHI, FPS ik 3] 1 250, b HAb AL (14 fie £ 45 J AT 5 505 1M 18
A5 43 B 1 S R 40 290K BE R A T MobileNet %5 8870, K57 ME A 2R 35 5] T 98.1%0 , b HAth 8 780 ) B
SR AT 1.3 %,

4 4 iF

BT 2 8 B [0 0, 07 T A5 BRp 28 I 2 AT T B IRl 43 26, AR B A SR R W] AR SCrh it iy CNIN AR AL
Fi8) A T 3 SR R KA F R VGG16 . ResNetvl  InceptionV3 il MobileNet & 5 432 Jy vk, BRI 53 FE A 8K
M4 15 5 BE A A5 XoF 22 3 A 14 0 A7 T IR 43 25 e 2% 28 3 1 4 R A B2 A B T 98,1 060, G T R B 3K ] 250
FPS, oy 28 48 B JE A7 w18 B A8 B it T — D or &
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