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Application of PSdropout convolutional neural network in
inspection car for hazardous chemicals

SHA Yun, LI Qifei, GAN Jianwang, LIU Xuejun, WEI Li’ang

(School of Information Engineering, Beijing Institute of Petrochemical Technology, Beijing 102617, China)

Abstract: The storage environment of hazardous chemicals is complex and changeable. To adapt to different environ-
ments, visual-inspection vehicles based on convolutional neural networks require fast training methods, but the problem
of improving the training speed of convolutional neural networks remains to be solved. To improve the training speed of
the algorithm, effective neural cell in network must be extracted from the network more quickly. In the traditional al-
gorithm, the removal of neurons from the fully connected layer is typically performed using the dropout method, which
is based on the Bernoulli distribution hypothesis. In this paper, we propose a dropout method based on the Poisson dis-
tribution. Theoretically, by making full use of the historical behavior of neurons, the maximum likelihood function based
on the Poisson distribution is similar to that based on the Bernoulli distribution. The experimental results show that
while maintaining the correct rate, the training can be converged in advance, thereby saving the training time.
Keywords: storage of hazardous chemicals; inspection vehicle; convolutional neural network; dropout; Poisson distribu-
tion; subnetwork; full link layer; network architecture
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Table 7 Training results for Mnist data set
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0.60 AKiEE 10000

ZEA 2 7 W) Mnist B0HE 5 01 2k
PEAT 40T . FESCES Mnistl [, ¥ FH 838 8O0k Y
B #1722 2 I 5, PSdropout FiliFE 557 I 25 1 )
RN ARAT 1Y loss {H T R, 4RI SE i
#] 0.7, 1 Dropout & L& 5% 0.7, 1 H PSdro-
pout M FEE 1L 5 Dropout 57 4 I 1 vHE A R AH 22
AN 7E Mnist2 5250, SR [ (B 5 2 AT
= 2] Y145, PSdropout fliAE B L AEYIZRE] 10000 25
A, e 2 U S {E 34 3] 0.6, Tl Dropout 5.7k A 15
#] 0.6, PSdropout fli # 5 7 I 3K o ff % ik )
97.84%, 1fii Dropout 5k M HEH % R 97.06%, 1M
HAEYN 255 #2 b PSdropout lAE 5 2l 5 /)N, BT
FFSAE o FE Mnist 205 4R I, FHEL T 38 5 > %
Y27 > J7 28, PSdropout AR 57 B 38 A [ 58 2 )
FHEERE I, 45 9% Mnistl , Mnist2,
PSdropout il £ 55 & . F Dropout 5.3k )

4 HRKiE

A SR KA R 28 I 4% o T a4k i 2R
B REMCAE 4, 425 loss WSS B FIX B FE AR 1Y
iE N PR, B — R L F IR FA 53 4 B9 Dropout J5
7%, B PSdropout il #E 5%, B b 77 vk H T & F L p
25 W 2 A R 2, MR T I AR A8 IR T X

M TR 2 B A G, 1 2 T A 25 BRI D O
RN I3 A, 3853 F) A 28 0 38 5 19 D sl i 0, bR
AP S A REA R R 25 200 . B LR, TR
FEr M I 2 0y S AT O A R A, AR SCRY i 22
JC % B AR5 IR IR 1Y) Dropout 5535 25 B AR 1 i
RALIR pREE M) LR 25 R R B, 1R FF IE 7 R
A BT, YRR AT, 172y 1IN ZRmtfa], I A
PR 1A A X AN R A2 2 BEIE B R PR BE 1T o R
2 n] LR Z 7 14 5 4 B 22 0 265 R BT B 48 07 7
SEEESR, Mt — LR 2 M A G

£ % Lk

(1] X2, T, #k, 55, 56T ARM BISEALh G e %

B B R E RIS S 0T & (0], il A 3hik, 2016,
38(4): 11-14, 25.
LIU Xuejun, JIANG Fan, DAI Bo, et al. The research and
development of stack safe distance monitoring device for
the chemicals warehouse based on ARM[J]. Manufactur-
ing automation, 2016, 38(4): 11-14, 25.

(2] 25k, T UWB SE A7 1Y fE Ak b€ R 48 B BT A DE

¢ [D]. AEat: JLnthBE R, 2018.

LI Lin. Design and research of hazardous chemicals ware-

house management based on UWB positioning[D].

Beijing: Beijing University of Posts and Telecommunica-

tions, 2018.

W, FIPEEE, oA, S Sa A O E A A B B

ARG [7]. A T2AR, 2019, 70(002): 707-715.

DAI Bo, ZHOU Zeyu, ZHANG Yan, et al. Design of safe

[

(3

distance monitoring system for hazardous chemicals stor-
age stack[J]. CIESC Journal, 2019, 70(002): 707-715.

(4] 8, BWT, XI%A, 55 BT UWB U % ik AR

FE AL A G AR BT ) T I [0]. AR AR, 2016,
67(3): 871-877.
DAI Bo, LU Xin, LIU Xuejun, et al. A UWB-based four
reference vectors compensation method applied on hazard-
ous chemicals warehouse stacking positioning[J]. CIESC
journal, 2016, 67(3): 871-877.

[5] DAI Bo, LI Yanfei, REN Haisheng, et al. Research on op-
timization for safe layout of hazardous chemicals ware-
house based on genetic algorithm[J]. IFAC-PapersOnline,
2008, 51(18): 245-250.

[6] SRINIVAS S, BABU R V. Data-free parameter pruning
for deep neural networks[C]//Proceedings of British Ma-
chine Vision Conference 2015. Swansea, UK, 2015: 1-12.

[7] HAN Song, POOL J, TRAN J, et al. Learning both weights
and connections for efficient neural networks[C]//Proceed-
ings of the 28th International Conference on Neural In-
formation Processing Systems. Montreal, Quebec, Canada,
2015: 1135-1143.


http://dx.doi.org/10.3969/j.issn.1009-0134.2016.04.004
http://dx.doi.org/10.3969/j.issn.1009-0134.2016.04.004
http://dx.doi.org/10.3969/j.issn.1009-0134.2016.04.004
http://dx.doi.org/10.3969/j.issn.1009-0134.2016.04.004
http://dx.doi.org/10.3969/j.issn.1009-0134.2016.04.004
http://dx.doi.org/10.3969/j.issn.1009-0134.2016.04.004

<1138 + O R

S S

F15E

[8] CHEN Wenlin, WILSON J, TYREE S, et al. Compressing
neural networks with the hashing trick[C]//Proceedings of
the 32nd International Conference on Machine Learning.
Lille, France, 2015: 2285-2294.

[9] HAN Song, MAO Huizi, DALLY W J. Deep compression:
compressing deep neural networks with pruning, trained
quantization and Huffman coding[C]//Proceedings of 2016
International Conference on Learning Representations. San
Juan, Pucrto Rico, 2015: 3—7.

[10] MA Rongrong, NIU Lingfeng. A survey of sparse-learn-
ing methods for deep neural networks[C]//Proceedings of
2018 IEEE/WIC/ACM International Conference on Web
Intelligence. Santiago, Chile, 2018: 647-650.

(110 27, BB, B UK, 55, DR 22 W 25 B TR A 25
R [7]. TAERMF2R, 2019, 41(10): 1229-1239.

LI Jiangyun, ZHAO Yikai, XUE Zhuoer, et al. A survey
of model compression for deep neural networks[J].
Chinese journal of engineering, 2019, 41(10): 1229-1239.

[12] ZeoRuee, BRAIE, 587K, 55, TREEPN 2 2% He i 5 Ik 25

R[] THEHLIFE S KR, 2018, 55(9): 1871-1888.
JI Rongrong, LIN Shaohui, CHAO Fei, et al. Deep neural
network compression and acceleration: a review[J]. Journ-
al of computer research and development, 2018, 55(9):
1871-1888.

(13] E WA, fprtts, Sl 56T 2 R L3 M ity 52 2%

WO 2% F 4 AR [J]. fL T 505 B, 2009, 31(4):
968-972.
WANG Xiaohua, YANG Xinyan, JIAO Licheng. Com-
pression of complex networks based on multiscale geo-
metric analysis[J]. Journal of electronics & information
technology, 2009, 31(4): 968-972.

[14] YU Jie, TIAN Shen. A review of network compression
based on deep network pruning[C]//Proceedings of the
3rd International Conference on Mechatronics Engineer-
ing and Information Technology. Dalian, China, 2019:
324-335.

[15] HINTON G E, SRIVASTAVA N, KRIZHEVSKY A, et
al. Improving neural networks by preventing co-adapta-
tion of feature detectors[J]. Computer Science, 2012, 3(4):
212-223.

[16] BALDI P, SADOWSKI P. The dropout learning al-
gorithm[J]. Artificial intelligence, 2014, 210: 78—-122.

[17] J&ate, Bbkie, #%E. BRI M ZR AR LR IA (1], 1T
ML, 2017, 40(6): 1229-1251.

ZHOU Feiyan, JIN Linpeng, DONG Jun. Review of con-
volutional neural network[J]. Chinese journal of com-
puters, 2017, 40(6): 1229-1251.

(18] A4, Mboit, T, BRRIZE M ZRAI Y LRIA (1], 1T
BV, 2016, 36(9): 2508-2515, 2565.

LI Yandong, HAO Zongbo, LEI Hang. Survey of convo-

lutional neural network[J]. Journal of computer applica-
tions, 2016, 36(9): 2508-2515, 2565.

[19] BRAEE . BT R 2 I 25 A R i 2 ) B8k 5 1 T

5% [D]. B : #vE TR K2, 2014,
CHEN Xianchang. Research on algorithm and applica-
tion of deep learning based on convolutional neural net-
work[D]. Hangzhou: Zhejiang Gongshang University,
2014.

[20] GIRSHICK R, DONAHUE J, DARRELL T, et al. Rich
feature hierarchies for accurate object detection and se-
mantic segmentation[C]//Proceedings of 2014 IEEE Con-
ference on Computer Vision and Pattern Recognition.
Columbus, USA, 2014: 580-587.

(21] XUARFE. — b 5T IR BE 27 ~J 0 28 45 K ) ek i S D).
KA HMRE, 2019.

LIU Yipeng. A strategy for improving the structure of
deep learning network[D]. Changchun: Jilin University,
2019.

(22] #75, VR, 20, 25, O TARRNERIE pRB I TR B~

252 BT (0] TP B TR 224, 2018, 39(3):
76-83.
YANG Guoliang, XU Nan, LI Fang, et al. Research on
deep learning classification for nonlinear activation func-
tion[J]. Journal of Jiangxi University of Science and
Technology, 2018, 39(3): 76-83.

(23] JKoKk i, EeB, 7R, HE T 2R BRI 7 ] S 1K R

BALAL R 2@ bR UL (1], BUCH THOK, 2018,
41(15): 133-136, 140.
ZHANG Yongxiong, WANG Liangming, LI Dong.
Traffic sign recognition algorithm based on multi-in-
stance deep learning and loss function optimization[J].
Modern electronics technique, 2018, 41(15): 133-136,
140.

[24] WAN Li, ZEILER M, ZHANG Sixin, et al. Regulariza-
tion of neural networks using dropconnect[C]//Proceed-
ings of the 30th International Conference on Machine
Learning. Atlanta, GA, USA, 2013: 1058—1066.

[25] R FAe, WU IAAN AT PE B SN HIESE (], UL
4R FHIR), 2006, 04: 132-133.

XU Yuhua, ZENG Ming. Poisson distribution properties
and application research[J]. Journal of Yangtze Uni-
versity (Natural Science Edition), 2006, 04: 132—-133.

EEE AN

U, Bl EEOT5 T
Kz AR



http://dx.doi.org/10.7544/issn1000-1239.2018.20180129
http://dx.doi.org/10.7544/issn1000-1239.2018.20180129
http://dx.doi.org/10.7544/issn1000-1239.2018.20180129
http://dx.doi.org/10.11897/SP.J.1016.2017.01229&nbsp;
http://dx.doi.org/10.11897/SP.J.1016.2017.01229&nbsp;
http://dx.doi.org/10.11897/SP.J.1016.2017.01229&nbsp;
http://dx.doi.org/10.11897/SP.J.1016.2017.01229&nbsp;
http://dx.doi.org/10.11897/SP.J.1016.2017.01229&nbsp;
http://dx.doi.org/10.11772/j.issn.1001-9081.2016.09.2508
http://dx.doi.org/10.11772/j.issn.1001-9081.2016.09.2508
http://dx.doi.org/10.11772/j.issn.1001-9081.2016.09.2508
http://dx.doi.org/10.11772/j.issn.1001-9081.2016.09.2508
http://dx.doi.org/10.11772/j.issn.1001-9081.2016.09.2508
http://dx.doi.org/10.7544/issn1000-1239.2018.20180129
http://dx.doi.org/10.7544/issn1000-1239.2018.20180129
http://dx.doi.org/10.7544/issn1000-1239.2018.20180129
http://dx.doi.org/10.11897/SP.J.1016.2017.01229&nbsp;
http://dx.doi.org/10.11897/SP.J.1016.2017.01229&nbsp;
http://dx.doi.org/10.11897/SP.J.1016.2017.01229&nbsp;
http://dx.doi.org/10.11897/SP.J.1016.2017.01229&nbsp;
http://dx.doi.org/10.11897/SP.J.1016.2017.01229&nbsp;
http://dx.doi.org/10.11772/j.issn.1001-9081.2016.09.2508
http://dx.doi.org/10.11772/j.issn.1001-9081.2016.09.2508
http://dx.doi.org/10.11772/j.issn.1001-9081.2016.09.2508
http://dx.doi.org/10.11772/j.issn.1001-9081.2016.09.2508
http://dx.doi.org/10.11772/j.issn.1001-9081.2016.09.2508

5% 6 4 V3%, 55 PSdropout 5 AR 25 W 45 7 1 Ak i 38R 4 v i) 17 <1139 «

B WL, BRI
FIAREE

HHE, SR, BT
6] A UG AL B S LA~

AR N T 68 AT 2021 Hi ARG o5
GLOBAL AI INNOVATION CONTEST

B E AR A T e+ R G135 K% (Global Al Innovation Contest) J2& H1 7 B A T8 fig 27 2 Mt N i bt X
N R BUR FEE B I, AT T AR SRR IS 2 | BT = 8 R A L 35 18-OPPO oA >k 2 i £ AR 5% o0
A 7RI, B3 G kKO R PR AL B AL S 8F . RIER o 2 B PR LT, RAERTERHE 50 FHAHT, ik
N TR RS AR AAEF AR KRR LSRN HSA, 7T AN TN A LR -6 570
A AR YR KPR ] 2 BRIF I, B PR 222 A 5 5 K2 . PANDA K175 2 X kI BRER . /N Bl
X 6 6 SCAR i SCDE R = A4 BB A VA SR IE , WG AH S4B I T & 4 L S AE MR N B S 5, el P i 56
PRI, T — N TR BERTRE Y R .

BFENT G

AR YR K FE T 7] 42 BRIF 0, AN BR AT 15 [ 5 i 46 Be I FE A 22 A (B dd s B s & L AR g 2B ) DA BB
Al Dol A B34 7T 238, BARZER AT .

Al LA H NS 38, HLARA] A ELSK LS TE A L

SFEBE TN AR UER 44 15 B A R, W AR 5% 15 B G 2K, % &8 AUBTH A AL 2 5§
e SN o

R T ARUERFER AT, B 2R DU 2R B B4 S 93%

RFE T IR SRR AT WA HIL 2 B2 o % 0 FAH DK 1 N AR et 598

e AL I FEER B OR S S8 A A RLiF S 9%

FERE L HE:

WA RPN 2021 41 H 15 H—2021 44 H 7 H
WIFEARE 2021 4E3 H 2 H—20214E4 A 7 H
WIFEBKE: 2021 4E4 A 8 H

EFE 2021 4E 4 1 15 H—20214E5 A 10 A
MPLFE. 2021 £ 5 H R A)

AL -
EIpEAL: o E TR REA 2 L BUM T AR XN RBUM
HRIPEAAL : BUIN KRR BHEIRAE 22 25 | BT 1L 2 AT R 7] | 15 52 OPPO AR £ i B AR W5 Hh s



