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Recognition and Analysis of Ready—Mixed Concrete Slump using
Image Processing and Deep-Learning
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Abstract

The quality management of the slump of ready-mixed concrete is currently inspected by sampling, which is less
accurate than the full-scale inspection, and it takes longer to use the current method. In this paper, instead of the
current method using a slump cone, a method of grasping the toughness of a concrete slump based on video images
acquired through a camera was described. This method was implemented using basic image processing and Optical
Flow of Local Binaray Pattern (LBP) and Gray-Level Co-occurrence Matrix (GLCM), and then a long short-term

memory current neural network (LSTM) was used to analyze the slump.
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Fig. 1. Slump video capture image
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Table 1. Classification of experimental data

Train Validation Test Total

3% 66 66 528
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Fig. 5. LBP histogram of 210 slump
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Table 2. Results of GLCM characteristics analysis

Each slump

60 | 70 | 80 | 100 | 120 | 130 | 140 | 150 | 160 | 170 | 180 | 190 | 200 | 210
ﬁ?r:‘”aS” 142 | 187 | 306 | 302 | 279 | 248 | 317 | 262 | 292 | 212 | 300 | 257 | 309 | 260
ﬁ?r:‘"aﬁz 204 | 31 | 4% | 389 | 358 | 357 | 406 | 385 | 384 | 315 | 415 | 39 | 423 | 38
E:;S‘mi"m 925 | 109 | 1358 | 1321 | 1245 | 12207 | 1384 | 1272 | 13.19 | 11.18 | 1278 | 1236 | 1351 | 122
Contrastt 262 457 | 261 | 584 | 504 WM 534 | 659 | 73 776
median
Contrast2 410 584 | 571 | 655 | 632 WMo 649 | 768 | 895 898
median
Contrast! 334 627 | 579 | 659 | 697 WM 778 | &1 | 90 997
three—quarter
Conirast2 570 | 1120 | 826 | 782 | 688 | 798 | 849 WM 934 | 946 | 1125 1127
three—quarter
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Table 3. Accuracy of each method
Method Accuracy
Combined speed neural network
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Synchronized speed-time neural network o
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Subtract image neural network
62%
(3 Class)
Synchronized velocity-time neural network o
82%
(3 Class)
71Ee €HZ Fo=8 £9% A& MEY 4
At aRths B e H9A shizte B
@ A% AAE B9 9= FAE SAse B
o] ANAE RAET
B i) e ERUA0R S AAuA
7 Shgol o ol AYHA P o) Hwo
MEYt £4.47 $718 AR B¢ M
FUHEE 6% A= L/RT + UL £3-
AZE B718F AR AL 57 S 2E 81%9

o sk=n7)7| % &k

AHEE HlolE 2 14" JhetE
4 29 4= B F=E FAske ZFssinh

5

3



168 94Ae 2 HedS ol&F ArIE U= A7) 4 5

g2 =R 2de g2 §39 YAAE F
Z HolHE st SFAITH H
UL Aoz dadn
2 ST Y& 574

Mz
i
ol
£
e g
o

2 oAlA olE Z-goto] AL
Z FA Al Agete] 2ntEAED] Y F3H
29HAl elsle AR BUEHC] Thss

=
o Adso] 80%UAAM HEEH ol €HZE
BR8] sl Agd EA F2o] AREHJS F
qom olg 37 WO IHes AJAY TE
Ao ® AFE sfojof & AoF BT o]& F
T AFE B A7 Aot

References

[1] Suyeon Kim and Ki Bum Park, "Design of
mobile management program and real-time analysis
of slump iamge for the quality control of concrete
mixer", Korea Information Processing Society, Vol.
51, No. 67, pp. 231-234, May 2019. https:/doi.org/
10.4028/www.scientific.net/amm. 182-183.1174.

[2] Nguyen Manh Tuan, Quach Van Hau, Sangyoon
Chin, and Seunghee Park, "In-situ concrete slump
test incorporating deep learning and stereo vision",
Automation in Construction, Vol. 121, Jan. 2021.
https://doi.org/10.1016/j.autcon.2020.103432.

[3] https://e-ks.kr/streamdocs/view/sd;streamdocsld=
72059226393090409. [accessed: Dec. 14, 2021]

[4] Fangming Deng, Yigang He, Shuangxi Zhou, Yun
Yu, Haigen Cheng, and Xiang Wu, "Compressive
strength prediction of recycled concrete based on
deep learning”, Construction and  Building
Materials, Vol. 175, pp. 562-569, Jun. 2018.
https://doi.org/10.1016/j.conbuildmat.2018.04.169.

[5] Ramazan Unlij,

learning models for slump flow and examining

"An assessment of machine

redundant features", Computers and Concrete, Vol.
25, pp. 565-574, Jun. 2021.
https://doi.org/ 10.12989/cac.2020.25.6.565.

[6] Liu Yang, Xuehui An, and Sanlin Du, "Estimating

workability of concrete with different strength

grades based on deep learning", Measurement,
Vol. 186, Dec. 2021.
https://doi.org/10.1016/j.measurement.2021.110073.

[7] Zhongcong Ding and Xuehui An, "Deep Learning
Approach for Estimating Workability of Self-

Compacting  Concrete  from  Mixing
Sequences", Hindawi, Vol. 2018, Nov. 2018.
https://doi.org/10.1155/2018/6387930.

[8] Kim Seong-kyu, Park Jeong-min, Lee Won-gok,

and Bae You-suk, "Slump Viscosity Recognition

Image

and Analysis Using Image-based Image Processing
Of Concrete Dough", Journal of MITA, Jul. 2021.

[9] T Kroeger, R Timofte, D Dai, and L Van Gool,
"Fast optical flow using dense inverse search",
European  Conference on  Computer  Vision,
Amsterdam, The Netherlands, pp. 471-488, Mar.
2016. https://doi.org/10.1007/978-3-319-46493-0 29.

[10] https://e-ks.kr/streamdocs/view/sd;streamdocsld=
72059208339091495. [accessed: Dec. 14, 2021]

[11] K. Cho et al., "Learning phrase representations
using RNN encoder-decoder for statistical machine
translation”, Proceedings of the 2014 Conference
on Empirical Methods in Natural Language
Processing (EMNLP), Doha, Qatar, pp. 1724-1734,
Jun. 2014. https://doi.org/10.3115/v1%2FD14-1179.

[12] Has,im Sak, Andrew Senior, Franc, and oise
Beaufays, "Long Short Term Memory Recurrent
Neural Network Architectures for Large Scale
Acoustic Modeling", google, pp. 338-342, 2014.
https://doi.org/10.21437/Interspeech.2014-80.

[13] Timo Ojala, Matti Pietikainen, and Topi Maenpaa
"Multiresolution Gray-Scale and Rotation Invariant
Texture Classification with Local Binary Patterns”,
IEEE Explore, Vol. 24, No. 7, pp. 971-987, Jul.
2002. https://doi.org/10.1109/tpami.2002.1017623.

[14] A. Baraldi and F. Parmiggiani, "An investigation
of the Textural Characteristics Associated with
Gray Level Matrix  Statistical
Parameters”, IEEE Explore, Vol. 33, No. 2, pp.
293-304, Mar. 1995.
https://doi.org/10.1109/tgrs.1995.8746010.

Cooccurrence



Journal of KIIT. Vol. 20, No. 1, pp. 159-169, Jan. 31, 2022. pISSN 1598-8619, elSSN 2093-7571 169

K KEATN i 7 4 (You-Suk Bae)

1993 02€ : Aestn
7138 FH(FEHAh

19951 02€ : Aetistn
7138 FHF A AR

2000 022 : KAIST
AA-F 8 SHHEAR

2003 099 ~ @A :

z 2 2 (Geun-0Oh Choi)

19984 249 : 7St
$85A%K(F A

20004 10€ : sAdst

ARR TRV BRI T

’ 20149 09€ ~ @A : gadlzletstn AFESET ur
ZEA 2GR 71e9d BAER : AEAS, 2rESE, HEIA, A5A

WA o puop: ane3eTE,

Z' M 7 (Seong-Kyu Kim)

20208 02¢€ : =4kl Egt
” AAF (31
' 202113 03€ ~ dA) -

= Al s gt
N < ok R § st (44

_d
‘x. YRk : PFE, 2ETE

o] ® & (Won-Gok Lee)
T 2006 029 : S EH S

AR EFIHF A
2020 049 ~ @A :

, AlaaE], et A28, Al

ol & Ml (Jong-Se Lee)

19899 02€ : ©=thstw
HIE F ST AN

1990 039 : YgoprE

19974 12€ ~ A} . F2 34
LRIt 2 E g

BA R} ; 2r}EZH




	영상처리 및 딥러닝을 이용한 레미콘 슬럼프 질기 식별 및 분석
	요약
	Abstract
	Ⅰ. 서론
	Ⅱ. 연구 내용
	Ⅲ. 실험 및 결과
	Ⅳ. 결론
	References


