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Abstract In order to prevent or avoid the occurrence of tax evasion and taxation caused by non-invoicing of mineral resources
such as coal,sand and gravel,it is an effective way to use the deep convolutional neural network to automatically identify empty
vehicles. Based on the AlexNet model, this paper proposes 5 kinds of improvement ideas for the difference of empty car and heavy
vehicle images,and finally obtains a structure of 6-layer convolutional neural network based on maxout-+dropout. The test results
of the picture of the 34220 empty cars and loaded cars show that the model has achieved good results in terms of accuracy,sensi-

tivity, specificity and precision. In addition, the model is highly robust and can successfully identify a large number of empty car

images with different angles and different scenes.
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Fig. 1 Multi-layed structure for deep learning

TR 24 3] T WA I 2 AT 43 AT 2 2T 14 Bl 48 Y 4%
R N 27 =3 500 0 R Ok foe e R B LB S IR
M IEE TR B B ORSTBN . — ok U, B AR,
{HUR TR JE F IR B 5 3 1 R 31 4338k, B0 40 48 10 3R IR <> R 3
3¢ e Rh M A 2% A i PR T 0T BB 2 ST E X — U F AR 9 AR
b (ELJ B TR B 2 AR T LA SE AR B R B A IR
2 37 7 BRI AU L B Sk AS T BB 1) i 3
1.2 HEMHEME

A R 20 0 2 700 SR VR E 2 3T 1 i 20 T 5 B R, L DR
R FH 1 5 G 10 3 B DA B Ak 3z 5 % R e A R A L AT A
T JI0A % BARAE T 3 B A 2 I 4% SR T 1) 4% % D R AE
{8, P 5 i 1 A% 35 DR AR R RV L 2 5 )2 2 TR R a4
(R W) SRS ) 4 BURp 28 I 2 A5 D £l 25 B2 it 1k
EMEEZERAN . B MY HES ERNT .

CD ¥ S5 b T e 8 4 o — 81 8 ROST IRV S AR Yy i AL 4
={zosxi s anr sy b N A BRI E .

) EMzH

3 BUR AP A R/ AS [/ 56 1 AT R B2 8 3, B R
2 B S B AR A i 0k DL RGR AR ROR B AR 4 BURI 45 1
5 L2 BHT— 2 BRE B 5 B B AT 4 B Rl
WG R B HZE AR IR o s (D BTR

v = f( le’fl®/z§.,)+b§) (D

et
Forpr, ARG RAL QR B IREAE . AR H 0 UK
i B okl ARRE TR 2 RN | RRARIER S .
i3 R RHIE 2 )5 81 X R AE B4R BAT A —Fp i 25
P78 P it B A T R AR Ok IR 2D 4 ARUZ A R AT 4E K XA [
7 B W REAE BEAT R B et s () PR

yi = f(down(y:™ ") * w)+b) (2)
Horbr s down Coo) S SR8, B A B I AL R 43 4k )
HRLE,

EERR - WEETEMRRG . 20— R 2%
JZE R SRR WA SR A BT A R AL SR I AR RS R B
PR AFHAE , a0 =0 (3D TR

F=f(w, * 2" ' +8) (3)

BB A T 2A PR I 3R B R S gt

ZEY W B A P A A AR I /NI /N T A R RN
BRI RIS B LW 4 BB R — A e E ARk
HEMARR NG —MEES L mEdE P RHEET 4
SHEA RSB BT A MR R ocE P, X R
PR A 2 5 Gy A — A 227 % 227 (R ZER AL I E 2 s .
T 2R e P A% 5 0 4 2 T 2455 7 A 2270 AN B A0 R T 4
M W%, BB KANN 5 5, WASHE RA 227 %
227 % 5 % 5 A% B2, 1 HL 40 S 5 B2 I 2% R [R) — A4 4 B
TR G AT BRAE AN IR B2 M 42 o0 i RS Ji T, 5k 22 ] g 2k
ESERA 25 A, O H AR 28 4 TR B LY

EGHERS ERHE AL

B2 BB 2 5 L G0 28 I 45 X 1L

Fig. 2 Comparison between CNN and traditional neural network
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Fig. 3 Image comparison after adjusting brightness and contrast
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Fig.4 Diagram of AlexNet network structure
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Fig. 5 Model structure of algorithm 1
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Table 1 Model evaluation data of algorithm 1
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Accuracy Sensitive Specificity Precision
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Table 2 Model evaluation data of algorithm 2
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Table 3 Model evaluation data of algorithm 3
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Table 4 Model evaluation data of algorithm 4
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