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Abstract  This paper uses the “AM-GoogLeNet + BP” combined data-driven methods to predict the uniaxial
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compression stress-strain curve of the concrete meso-model (including mortar, aggregates, porosity) effectively by
combining the good performance of GoogLeNet convolutional neural network and BP neural network in image data
mining and data analysis, respectively. The physical interpretability of the neural network is improved by introducing
the mechanical parameters to optimize the image data-driven training results. The automated modeling of the concrete
meso-model in Abaqus and microscopic image generation process are realized by Python language, and the generated
mesoscopic image database and the corresponding compression stress—strain curves are used as the training dataset.
Three typical attention mechanisms, SENet, ECANet and CBAM, are introduced into GoogLeNet respectively to
enhance the analysis ability of neural network for each phase of concrete in an adaptive manner and the performance of
the three attention mechanisms is compared and analyzed. The initial stress-strain prediction curves of the concrete
meso-model are obtained with this method; In order to improve the prediction accuracy of the peak stress, the physical
parameters such as aggregate volume fraction, porosity and initial peak stress are introduced into BP neural network as
inputs. It is also compared with the method of introducing the physical parameters directly into the convolutional neural
network input layer. At the same time, the weight of influence of aggregate volume fraction and porosity on peak stress
is given quantitatively. The results show that this method has high prediction accuracy for the concrete meso-model
with different aggregate volume fraction and porosity. In this paper, the “AM-GoogLeNet + BP” combined data-driven
prediction model is used to solve the complexity of the traditional method in the analysis of mesoscale parameters from
the statistical point of view, which provides a new idea for the study of the cross-scale mechanical behavior of

composite materials.
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Table 1 Mechanical parameters of the two meso-components

Elasticity modulus Poisson’s ratio Compressive strength Density Dilatancy angle Eccentricity Stress ratio
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mortar 25 0.2 35 2.40 38 0.1 1.16
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Fig. 5 (a) The mesoscopic finite element model of concrete and (b) the image in RGB format
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Table 3 The training process parameters of different GoogLeNet
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Fig. 9 The prediction results of CBAM-GoogLeNet with different aggregate volume fraction and porosity
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Table 4 The weights and biases of BP neural network

I/Vinput
Neurons Bias W output Bias
Peak stress Volume fraction Porosity
1 —0.00172 —0.12354 0.59741 -2.15972 —2.69027
2 —0.173 80 1.08733 —0.53564 1.61095 2.00213
3 —1.36082 0.33879 0.01926 1.44915 1.63320
1.21105
4 0.33198 —1.49304 0.67236 1.67449 1.404 09
5 0.03562 -0.19979 —1.14093 1.756 58 1.35286
6 1.12495 -0.56972 —1.04270 1.19552 1.38380
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