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Fig. 1
corresponding images in mixer
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Tab.1 SCC mixes performances test record
i=2 fid & L SSF/mm Tsoo/S TAEMHERE
1 1.00+1.00% 453 i Bl AN
2 1.05+1.00% 455 WA R
3 1.1040.80% 401 TS A
4 1.10+0.90% 557 10.39 &
5 1.104+1.00% 583 10. 87 G %
6 1.114+0.85% 552 10. 71 B
7 1.1140.90% 693 3.06 A
8 1.13+0.85% 617 8.21 A
9 1.1340.90% 689 6.29 A
10 1.134+1.00% 69 6.28 A
11 1.1540.85% 604 6.60 A
12 1.1540.875% 688 7.49  EAHr
13 1.1540.90% 658 4,27 8
14 1.154+0.90% 400 i Bl A
15 1.15+0.95% 662 5.64 A
16 1.154+1.00% 658 9.83 A
17 1.17+0.85% 685 4.67 B
18 1.1740.90% 662 6.77  H
19 1.175+0.85% 669 5.33 A
20 1.1940.85% 581 6.04 A
21 1.19+0.90% 707 4.66  EHT
22 1.1954+0.90% 697 4.50 BT
23 1.2040.80% 588 8.93 A
24 1.20+0.90% 689 4.91 BT
25 1.20+1.00% 687 7.41 BN
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Tab.2 The number of images corresponding to

the three SCC performances

SCC TAEtEfe HEL & HL/ ik
Gk 16 6 400
WA R 4 1 600
B 5 2 000
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Tab.3 Network structure and training parameters

of AlexNet model

] 26 2% iyt R EYig
Conv2d-1 [—1,64,55,55] 23 296
Relu-2 [—1,64.55,55] 0

MaxPool2d-3 [—1.,64.27,27] 0
Conv2d-4 [—1,192,27,27] 307 392
Relu-5 [—1,192,27,27] 0
MaxPool2d-6 [—1,192,13,13] 0
Conv2d-7 [—1,384,13,13] 663 936
Relu-8 [—1,384,13,13] 0
Conv2d-9 [—1.,256,13,13] 884 992
Relu-10 [—1,256,13,13] 0
Conv2d-11 [—1,256,13,13] 590 080
Relu-12 [—1,256,13,13] 0
MaxPool2d-13 [—1,256,6,6] 0
AdaptiveAvgPolol2d-14 [—1,256,6,6] 0
Dropout-15 [—1,9216] 0
Linear-16 [—1,4096] 37 752 832
Relu-17 [—1,4096] 0
Dropout-18 [—1.,4096] 0
Linear-19 [—1.,4096] 16 781 342
Relu-20 [—1,4096] 0
Linear-21 [—1,1000] 409 700
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Fig.2 Image feature
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Fig.3 Darknet-53 network structure
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Tab.4 Data set partitioning for different performances
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Fig.4 Cross-entropy loss function descent curve
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SCC Performance Prediction Technology Based on Deep Learning
HE Shi-qin' ; GAO Peng-fei' , WANG Chun-yue’ , WANG Hui'
(1. School of Civil Engineering, North China University of Technology. Beijing 100144 ,China;
2. R & D Department, Beijing Zhongtuo Xinyuan Technology Co. , Ltd. » Beijing 102206 ,China)

Abstract: The deep learning technology was used to study a method of predicting the performance of SCC based on
the mixture image information during the mixing process. Twenty-five sets of videos of the SCC mixing process with dif-
ferent performances were recorded. According to the slump flow and T';,, measured values and combined with the visual
inspection, the SCC mixes were classified into three performances: qualified, insufficient fluidity and segregation. By pro-
cessing the videos into image sets, the deep learning models were built using image classification and target detection re-
spectively. The models learn and train the image features of the mixes to realize the prediction of SCC performance. The
results show that both image classification and target detection methods can achieve more than 98 % accuracy on the valida-
tion set, which provides a reference for adjusting the mix proportion in real-time and realizing the smart production of SCC.

Key words: self-compacting concrete; performance; deep learning; target detection; image classification





