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Prediction of Compressive Strength for Gold-Tailings-Based Concrete by DP-CNN-GRU Model and its Engineering Application
LIU Xinzhong » MA Shusen, GE Yan, ZHAO Jin

(School of Ecological Environment and Urban Construction, Fujian University of Technology » Fuzhou, Fujian 350118, China)

Abstract: As an environmentally friendly material, gold-tailings-based concrete has a wide range of potential applications.
However, the complexity of the material composition of gold-tailings-based concrete, traditional prediction methods of
compressive strength are often difficult to capture the nonlinear correlation and multivariate coupling characteristics within the
material, resulting in insufficient prediction accuracy. Thus. a strength prediction model for gold-tailings-based concrete was
proposed based on a deep learning binary fusion model (DP), a fusion Convolutional Neural Network (CNN) and a Gated
Recurrent Unit (GRU). Firstly, the mineral, chemical composition and particle size distribution of gold tailings were analyzed,
and their leaching toxicity was tested according to relevant standards to ensure their safety and stability as concrete materials.
Subsequently, the gold tailings concrete dataset was constructed through experiments and applied to the training and validation
of the model. In order to further verify the predictive ability of the model, it was applied to real engineering cases. The results
show that the proposed model exhibits high accuracy in both the training and testing process, and is capable of effectively
predicting the compressive strength of the gold-tailings-based concrete. The actual engineering cases show that the error range
between the predicted and measured compressive strength of concrete with 20%-40% gold tailings is —4.1%—-5.7% , which
further proves the potential of the model to be applied in engineering practice.

Key words: Gold tailings, Concrete, Convolutional neural network, Gated recurrent unit neural network, Hybrid optimization

algorithm, Compressive strength prediction
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Table 1 Main technical specifications of cement
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Table 2 Basic physical properties of mineral admixtures
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Table 3 Chemical composition of gold tailings %
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Table 4 Results of gold tailings leaching toxicity assay
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Fig.1 Particle size distribution of gold tailings
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Fig.3 Gated recurrent unit neural network
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Fig.2 Convolutional neural network
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Table 5 Dataset of gold tailings concrete (600 total,randomly selected 20 sets)
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(kg/m?®) (kg/m?) (kg/m?®) (kg/m?*) (kg/m?®) (kg/m?) (kg/m?) (kg/m?) MPa
1-0 162.00 190 148.0 179.0 19.0 838.0 741.0 0.0 28 33.76
1-1 162.00 190 148.0 179.0 19.0 838.0 592.8 148.2 28 27.20
1-2 162.00 190 148.0 179.0 19.0 838.0 444.6 296.4 28 21.13
1-3 162.00 190 148.0 179.0 19.0 838.0 294.6 444.6 28 15.22
2-0 475.00 0 59.0 142.0 1.9 1 098.0 641.0 0.0 28 57.23
2-1 475.00 0 59.0 142.0 1.9 1 098.0 512.8 128.2 28 48.76
2-2 475.00 0 59.0 142.0 1.9 1 098.0 384.6 256.4 28 42.10
2-3 475.00 0 59.0 142.0 1.9 1 098.0 256.4 384.6 28 36.71
3-0 213.50 0 174.2 154.6 11.6 1052.3 775.5 0.0 14 33.70
3-1 213.50 0 174.2 154.6 11.6 1052.3 620.4 155.1 14 29.3
3-2 213.50 0 174.2 154.6 11.6 1052.3 465.3 310.2 14 24.28
3-3 213.50 0 174.2 154.6 11.6 1052.3 310.2 465.3 14 16.72
4-0 212.00 0 124.8 159.0 7.8 1 085.4 799.5 0.0 28 38.50
4-1 212.00 0 124.8 159.0 7.8 1 085.4 639.6 159.9 28 33.21
4-2 212.00 0 124.8 159.0 7.8 1 085.4 479.7 319.8 28 28.70
4-3 212.00 0 124.8 159.0 7.8 1 085.4 319.8 479.7 28 22.91
5-0 153.10 145 113.0 178.5 8.0 867.2 824 0.0 28 26.23
5-1 153.10 145 113.0 178.5 8.0 867.2 659.2 164.8 28 22.81
5-2 153.10 145 113.0 178.5 8.0 867.2 494.4 329.6 28 19.13
5-3 153.10 145 113.0 178.5 8.0 867.2 329.6 494.4 28 14.64
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Fig.4 Effect of gold tailings admixture on compressive

strength of concrete
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Fig.5 Structure of CNN-GRU model
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Table 7 Parameter settings of the optimization algorithm
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Fig.6 The fitness of DP-CNN-GRU

x8 AREXHDPIERFEHESH

Table 8 Hyper-parameters after different iterations of DP

AU B X X2 X3 X, X5 X X7 X I 7
1 69 64 3 3 54 Sigmoid 0.009 4 0.168 7 16.92
2 103 101 3 3 55 tanh 0.010 0 0.3211 13.42
3 124 16 3 3 47 Sigmoid 0.010 0 0.199 3 11.44
4 128 40 3 3 48 tanh 0.008 9 0.000 0 10.60
8 128 16 3 2 64 tanh 0.008 1 0.000 0 10.47
11 128 16 3 2 64 tanh 0.007 5 0.000 0 10.00
16 128 16 3 3 64 tanh 0.006 6 0.000 0 9.39
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Fig.7 10-fold cross validation of CNN-GRU model on the training set
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Table 9

of the optimal model

5000

Index values for 10-fold cross-validation

WA E  MSE RMSE MAE MAPE R?
1 13.593 3.687 2.220 0.079 0.949
2 6.994 2.645 1.657 0.057 0.965
3 13.035 3.610 2.306 0.080 0.952
4 4.572 2.138 1.358 0.045 0.981
5 8.761 2.960 1.544 0.056 0.965
6 5.209 2.282 1.390 0.048 0.979
7 7.130 2.670 1.534 0.062 0.974
8 5.208 2.282 1.245 0.043 0.979
9 8.532 2.921 1.468 0.050 0.970
10 8.209 2.865 1.963 0.070 0.967
T 8.124 2.806 1.668 0.059 0.968
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Fig.8 CNN-GRU model predicted values and actual values



s d % KT DP-CNN-GRU ## #9 & B 7 LR L ERERMN S T2 8 RAFR]]F LTS 4 ,2025,45(10). 287

0.50
0.25
Q:S
&
P‘.ﬁ 0.00
-1',_—(-
Z
-0.25
0505 00 800 1200 1600
BIREHE
(a) Y&

0.50
0.25 |
<
(a9
&
e 0.00
'
Z
~0.25
0505 50 100 150 200
BREEHE
(b) JiR4E

B9 CNN-GRUMBHEEHH
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