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Experimental Optimization of Big Data Cleaning Method for
Agricultural Machinery

YUAN Yanwei XU Ling JI Fuhua GUO Dafang AN Sa NIU Kang
(The State Key Laboratory of Soil — Plant — Machine System Technology,
Chinese Academy of Agricultural Mechanization Sciences, Beijing 100083, China)

Abstract: Data quality issues are the bottleneck hindering the development of agricultural machinery big
data platforms. The existing data cleaning algorithms are not suitable for large-scale, multi-source
heterogeneous, high-dimensional, and strong spatiotemporal correlation of agricultural machinery real-
time streaming data. To this end, the source and characteristics of the abnormal data of agricultural
machinery in complex environments were analyzed, the detection and correction technology of abnormal
data was studied, and an online cleaning method for agricultural machinery operation data based on
sliding window mechanism was proposed. The method determined abnormal data based on the principle of
variance constraint; generated preliminary candidate data based on the principle of minimum change;
based on the time correlation of data, the final repair value was obtained through AR and ARX model
optimization ; relying on the Flink distributed computing platform, it was suitable for large data throughput
and high concurrency of agricultural machinery. The validity of the algorithm was verified based on the
agricultural machinery operation data of a certain province. The results showed that when the amount of
data reached 1 x 10° and the proportion of abnormal data was 5% , the abnormal recognition rate of the
algorithm reached 0. 94, and the root mean square error was smaller than that of the existing cleaning
algorithm. The experiment was designed based on the Box — Behnken method, and the regression model
was obtained through response surface analysis to study the influence of algorithm parameters on the root
mean square error and time. The hybrid genetic algorithm based on binary coding optimized the
parameters, and the optimized parameter combination can make the root mean square error of the
algorithm reach 0. 16 and the running time reach 0. 13 s. The data cleaning method can provide high-
quality data support for the real-time processing of the agricultural machinery big data platform.
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Tab.1 Basic information of agricultural machinery data
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Tab.4 Experiment design and result
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Tab.5 Variance analysis of root mean square error
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Tab.6 Variance analysis of algorithm running time

KU EE AME ¥7 F P
B 1127.24 9 125.25 10.36  0.0028
332.01 1 332.01  27.47  0.0012
430. 41 1 430.41  35.62  0.0006
10. 02 1 10.02  0.8292  0.3928
AB 0.507 4 1 0.5074  0.042  0.8435
AC 0.1917 1 0.1917 0.0159  0.9033
BC 6.27 1 6.27  0.5184 0.4948
A2 174. 88 1 174.88  14.47  0.0067
B 153.57 1 153.57  12.71  0.0092
c? 6.28 1 6.28  0.5193 0.4945
i 84.59 7 12.08
ES 1.78 3 0.5932  0.0287 0.9925
R 82.81 4 20.7

B 1211.83 16

TR & IR BT HU5 1 815 D7 72 5 SEBR A
AF, BT S L8 AR i 2 I 1] 5 B8 L IS T E
KANZIRIRIRFR , TEORUERE AL A] SE AT HE T, Al
[ AT B fe il o) X0 45 R AT T, B0 oA
T %k [ A AL AL IR 2 | 53 5045 B E e F1 T 1Y
[l A Sy

Epyee =11.28 —=24. 854 —13.89B +17. 16A° +23. 468’

(A,B€[0,1]) (10)
T=17.22 —12. 644 —38. 57B +25. 52A% +23. 908>
(A,Be[0,1]) (11)

g [ VSRS ke SR [ Ji 25 [ ] A
Epyee = 11.28 =2.76m = 55. 567 +0. 21m* +375. 367

(me[0,9],7€[0,0.25]) (12)
T=17.22 —1.4m —154.287 +0. 32m* +382. 47°
(me[0,9],7€[0,0.25]) (13)

HEL 6 nTRIE S BIE 7 —Em, B B m
ARG R, 507 R AR 22 SE il A S 3 R, I U ] e R
W EOF A SRS A O HERR I, B g —
P, 24177 R 2 2 B 08 R 6 K, 3 15 D B /)
9 B {ELRE S i B i ET I

K6 B BE 4 75 AR 25 52
Fig.6 Influence of order and threshold on

root mean square error

HIPEL 7 ATRUA B R RE i, Bl B {4

AR LB AT IN (6] 32 T /0 5 2 B (/N 5

B AN T A 25 B — R N, B384 I [ i

WY ROE R MG, 255 B RO 207 iR 22 9 52, 6
A 1 BB I TR 1Y 7 5 S5O B 1 22 HLAICR AR

30~

25

ZATIE) /s
—_ U\ 3]

iz

BT B B AHE T 6 S
Fig.7 Influence of order and threshold on running time
=GB H BT, Br 2R BT REFE R
ANTR] A7 B G R 1 A7 SO TSGR S,
W, AR SR A il 2 B 1) VR 5 it A 0, o il 6
A (12) L (13) Pros B BLHEAT AL SR A, 86 2 AN ]
PERETEAR TSR & , AL R 8 .9 PR,
BOERMRENRELE A 15, 28 RN 0. 8, 2 AR
O?IZGS*}J!WM‘#E%“? KAACHTRIFIRE K RUCRIEE g7 aiRas

0.15

B

0.10

0.05

0 2 6 8

) i
B8 MR

Fig. 8 Iterative optimization of root mean square error

KHUAFORE K DUALPRIRE K UM 21t/
0.25

Bl

0 2 4 6 8
Wik

Ko FrikasfrmtEEs At

Fig.9 lterative optimization of algorithm runtime



5 6 1]

BT A s AR UMY KRB e 7 2 S R e 41

H0.08, EACRAGE], HBECY 6. 6, F{HN 0. 07
B 35 MR R 22 e /N 0,165 B 80k 2, BME

—

0.2, Bz ElEH/NR 0. 13 s,
4 #Hig

(1) BIF5E S5 BOyR A6 ) e i6 1E F R 42 Hy — Fib
FET0 v AL B e 4R TR, IR KT
Flink 23 203507 6, I B (0 Se ki vk, DA
I AL EE = 9 & A i KR

(2) IR B AR 1 x 10745 S50 R H
5% ECEAE S T R/INE 100 | B £ 4 | B4
BLO. 1 B K5 A R ANZE A PR AR 2 K8
HVEER . 5 SWAB BIE A Holistic HILEE F K

P17 iR 22 X T B AR SCAR R i 3y AR 22 T
AN NITTUE B T A SCRRVR A 3ot . AR SO R 13
5 M 2 PRSI RS 1) 38 K T /) | B R S o
(BEIMH , Ui B B8 FH T 5 Rk K
FRRBIE 5

(3) 3T Box — Behnken JF TR 4, 49 1) 4
SRR 2 BB AT A S B B L R
AN 1N o AT G S i B 1 25 B~ o v B2
R A B AR LR s R A PR RE TR br 1 2 S 8w
HE, HHECh 6.6 FI{E R 0. 07 I, 577 R % ik
/N 0,16, S ECh 2 BIE R 0.2 I, s AT
BN 0. 13 s,

HETEERIKBIREA ], RIVEDISE, 2020, 42(12) ;

& % X #

[1] HAOTIAN Y, SHUMING X, AKWASI F S, et al. A consortium blockchain-based agricultural machinery scheduling system
[J]. Pubmed, 2020, 20(9) .1 -3.

[2] SUNF, WANG X, ZHANG R. Task scheduling system for UAV operations in agricultural plant protection environment[ J].
Journal of Ambient Intelligence and Humanized Computing, 2020,11(5): 1 —15.

[3] Wil BRILALVEIAERETGIN]. o ELYLTH,2019 - 09 - 09(006).

(4] FEWHE, EARE. T Java KRHEL IS Web S AUGHEARBIFE[ )], RHUEBITE, 2019, 41(10) : 224 -228.
CHENG Yawei, WANG Dongxia. Research on Web platform architecture of agricultural machinery scheduling management
based on Java[ J]. Journal of Agricultural Mechanization Research, 2019, 41(10) ; 224 —228. (in Chinese)

[5] GkKER, 248 FHRCE, 55 ROWEAL SRR GRS
17 -22.

ZHANG Fan, LI Man, CHANG Shuhui, et al. Research on route planning strategy of agricultural machinery operation—based
on intelligent agricultural machinery big data platform[ J]. Journal of Agricultural Mechanization Research, 2020, 42 (12) .
17 =22. (in Chinese)

(6] kB, Behk. JETRBARIRPUE AT SRR ST ], WALl 2018(7): 13 -14.

ZHANG Yuting, TENG Guifa. Agricultural machinery operation management and decision-making system based on big data[ J ].
Hebei Agricultural Machinery, 2018(7) : 13 — 14. (in Chinese)
(7] JafiE, kIR, RRIIAS. & T REHEA QT MANEI N EE 26 RGBT J]. RHUEDFIE, 2019, 41(7) : 207 -211.
ZHOU Qian,ZHOU Linmei, KANG Lijun. Design of cloud platform system for supply chain of agricultural machinery parts
based on large data and QT[J]. Journal of Agricultural Mechanization Research, 2019, 41(7) ; 207 —211. (in Chinese)
[8] ARHE. HETHREABIRGUEFTEMDITL[ D], M/REE: M/RE TR, 2015.
70U Wang. Research on data cleaning algorithm based on clustering[ D]. Harbin: Harbin Engineering University, 2015. (in
Chinese)
[9] BENNANE A, YACOUT S. Processing missing and inaccurate data in a condition based maintenance database[ C] // The 40th
International Conference on Computers & Indutrial Engineering. 1EEE, 20101 -5.
[10]  VSZEHL, S L. BE T DBSCAN MR EEEHIEDIFEL )], TP 5807 T/ ,2020,48(7) :1572 - 1575,1686.
FENG Xiankai, HUANG Shucheng. Research on missing value filling algorithm based on DBSCAN[J]. Computer and Digital
Engineering,2020,48(7) :1572 —1575,1686. (in Chinese)

[11] OREILLY C, GLUHAK A, IMRAN M A, et al. Anomaly detection in wireless sensor networks in a non-stationary
environment[ J]. TEEE Communications Surveys & Tutorials, 2014, 16(3) ; 1413 - 1432.

[12] SHAHID N, NAQVI I H, QAISAR S B. Characteristics and classification of outlier detection techniques for wireless sensor
networks in harsh environments; a survey[ J]. Artificial Intelligence Review, 2015, 43(2); 193 -228.

[13] Rk, £ 8 BUEN 55 T Rm kB i no g 2w R [ 1], BSR4 ,2021,55(5) :598 — 606.

WU Jin’e, WANG Ruoyu, DUAN Qiangian, et al. Collective data anomaly detection based on reverse k-nearest neighbor
filtering[ J]. Journal of Shanghai Jiaotong University, 2021,55(5) :598 - 606. (in Chinese)

[14] LIU L. A new method for outlier detection on time series data[ D]. Vancouver: Simon Fraser University, 2015.

[15] bk, SRPHE, BRLL2E. oL AL B I 2% vh B TR B i S i A i (0], R B R 5 /4842 42, 2018,

37(1): 70 -75.
SHI Xiaobin, WU Danping, CHENG Hongju. Anomaly detection method based on pattern frequencies in wireless sensor



42 K ok HLOBR R 20214
networks[ J |. Information Technology and Network Security, 2018, 37(1) ; 70 —=75. (in Chinese)

[16] ISLAM R U, HOSSAIN M S, ANDERSSON K. A novel anomaly detection algorithm for sensor data under uncertainty[ J]. Soft
Computing, 2018, 22(5); 1623 -1639.

[17] YUAN H, ZHAO X, YU L. A distributed Bayesian algorithm for data fault detection in wireless sensor networks[ C] /2015
International Conference on Information Networking (ICOIN). IEEE, 2015. 63 —68.

[18] DING X, WANG H, SU J, et al. Cleanits: a data cleaning system for industrial time series[ J]. Proceedings of the VLDB
Endowment, 2019, 12(12) :1786 — 1789.

[19] ZHANG A, SONG S, WANG ], et al. Time series data cleaning: from anomaly detection to anomaly repairing [ J].
Proceedings of the VLDB Endowment, 2017, 10(10) : 1046 - 1057.

[20] SONG S, ZHANG A, WANG J, et al. Screen; stream data cleaning under speed constraints[ C ] // Proceedings of the 2015
ACM SIGMOD International Conference on Management of Data, 2015 827 —841.

[21] &wifh. BT Spark MY REIREHRAER BT S D]. Bl WL K, 2016.
JIN Hanwei. Bigdata cleaning framework design and implementation based on Spark [ D ]. Hangzhou; Zhejiang University,
2016. (in Chinese)

[22] ZEEM. JET Spark B AT E SCHLINEHE HE R SR BT 5B D], a#: BrRHR Y, 2019,
LI Zhipeng. Design and implementation of a data cleaning system with definable rules based on Spark [ D ]. Chengdu:
University of Electronic Science and Technology of China, 2019. (in Chinese)

[23] QUZY, WANG Y W, WANG C, et al. A data cleaning model for electric power big data based on Spark framework[ J].
International Journal of Database Theory and Application, 2016, 9(3) . 137 —150.

[24] KEOGH E, CHU S, HART D, et al. An online algorithm for segmenting time series [ C] // Proceedings 2001 IEEE
International Conference on Data Mining. IEEE, 2001, 289 -296.

[25] CHU X, ILYAS I F, PAPOTTI P. Holistic data cleaning: putting violations into context[ C] //2013 IEEE 29th International
Conference on Data Engineering (ICDE). TEEE, 2013 458 —469.

(E¥E25T0)

[28] MISEIKIS J, GLETTE K, ELLE O J, et al. Multi 3D camera mapping for predictive and reflexive robot manipulator trajectory
estimation[ C ] //IEEE Symposium Series on Computational Intelligence, 2016 1 —8.

[29] ALENY G, FOIX S, TORRAS C. ToF cameras for active vision in robotics[ J]. Sensors and Actuators A: Physical, 2014,
218 10 -22.

[30] CHEN X, CHAUDHARY K, TANAKA Y, et al. Reasoning-based vision recognition for agricultural humanoid robot toward
tomato harvesting[ C] // Proceedings of the IEEE/RS] International Conference on Intelligent Robots and Systems, 2015
6487 —6494.

[31] LEHNERT C, ENGLISH A, MCCOOL C, et al. Autonomous sweet pepper harvesting for protected cropping systems|[ J].
IEEE Robotics & Automation Letters, 2017, 2(2) . 872 -879.

[32] SA 1, LEHNERT C, ENGLISH A, et al. Peduncle detection of sweet pepper for autonomous crop harvesting-combined colour
and 3D information[ J ]. IEEE Robotics & Automation Letters, 2017, 2(2) . 765 —772.

[33] LEHNERT C, MCCOOL C, PEREZ T. Lessons learnt from field trials of a robotic sweet pepper harvester [ J]. arXiv preprint
arXiv;1706. 06203, 2017.

[34] SORIA P R, SUKKAR F, MARTENS W, et al. Multi-view probabilistic segmentation of pome fruit with a low-cost RGB — D
camera[ C] // Proceedings of the Iberian Robotics Conference, 2017:320 —331.

[35] XU4kRE, RHHT, =Y. B ARG R SR ERRIE WU A I/0L]. A4, 2017,48(10) ; 32 -39.
LIU Jizhan, ZHU Xinxin, YUAN Yan. Depth-sphere transversal method for on-branch citrus fruit recognition [ J/OL ].
Transactions of the Chinese Society for Agricultural Machinery,2017,48(10): 32 —39. htip; / www. j-csam. org/jcsam/ch/
reader/view_abstract. aspx? flag = 1&file_no =20171004&journal _id = jesam. DOI: 10. 6041/j. issn. 1000-1298. 2017. 10.
004. (in Chinese)

[36] LIUJZ, YUAN Y. Experiments and analysis of close-shot identification of on-branch citrus fruit with RealSense[ J]. Sensors,

2018, 18(5) : 1510.



