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Research on Classification Method of Sand and Gravel Aggregate
Based on Convolutional Neural Network

Yan Ran', Liao Jideng, Wu Xiaoyong, Xie Changjiang, Xia Lei
School of Mechanical Engineering, Chongqing University of Technology, Chongging 400054, China

Abstract In the current process of detecting commercial sand and gravel aggregates, the manual detection is
inefficient, greatly affected by subjective factors, and the detection accuracy is not ideal. This paper proposes a
convolutional neural network (CNN) based on the sand and gravel aggregate image classification model (CNN13).
This classification model refers to the classic CNN visual geometry group 16 (VGG16) model to improve the
network structure and optimize parameters. The CNN13 model uses the TensorFlow deep learning {ramework to
build a 13-layer CNN structure. The experimental dataset includes 5000 digital images, which is collected from the
sand and gravel aggregates in the daily production of a commercial concrete manufacturer. The model uses GPU for
high-speed calculation during the training process. Compared with the VGG16 model, the CNN13 model has fewer
convolutional layers and parameters, lower requirements for GPU memory, faster training speed, higher
classification accuracy, and classification accuracy for each level of sand and gravel aggregates is more than 99 % .
Key words image processing; convolution neural network; sand and gravel aggregate; image classification; high
speed calculation
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Fig. 1 Process of maximum pooling calculation
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Table 1 Parameter settings of each network layer in CNN13
Network layer Input Filter Output
Input 384 X275X1 384 X275 X1
conv 1-64 384 X275X1 3X3X64 384 X 275X 64
maxpooling 1 384X 275X 64 2X2 192X 138X 64
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Network layer Input Filter Output
conv 2-128 192XX138X 64 3X3X128 192X138X128
maxpooling 2 192X138 X128 2X2 96 X69X128
conv 3-256 96 X69 X128 3X3X256 96 X 69 X 256
conv 4-256 96 X69 X256 3X3X256 96 X69 X256
maxpooling 3 96 X 69 X256 2X2 48X 35X 256
conv 5-512 48X 35X 256 3X3X512 48X 35X 512
conv 6-512 48X 35X512 3X3 X512 48X 35X 512
maxpooling 4 48X 35X512 2X2 24 X 18 X512
conv 7-512 24X 18 X512 3X3X512 24X 18X512
conv 8-512 24 X18X512 3IX3 X512 24 X 18 X512
maxpooling 5 24 X18X512 2X2 12X 9X512
conv 9-512 12X9X512 3X3X512 12X 9X512
conv 10-512 12X9X512 3X3X512 12X 9X512
maxpooling 6 12X9X512 2X2 6X5X512
FC 1-1024 6X5X512 1024
FC 2-1024 1024 1024
FC 3-1024 1024 1024
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Table 2 Classification standard of sand and gravel aggregate

Mass fraction /%

. Particle
Grade . Needle and Round or
size /mm

flake(Q) square(P)

1 10-15 0<Q<2 98P <100

2 10-20 2<5Q<5 95<<P <98

3 10-25 5LQ<10 90<<P <95

4 10-25 10<KQ<20 80P <90

5 10-25 20<KQ<30 70<<P<<80

A TR TR A PR R B 0 RS A kL B RE R T A
N 2R TS R A B R R 3 TR, B SRR D
AERE 4 iR,

B3 WaakRER. ()RE RO AR S
(b) 2 T 1% 18 09 70 A 7
Fig. 3 Schematic of sand and gravel aggregate. (a) Sand

and gravel aggregate with dry surface; (b) sand

and gravel aggregate with wet surface
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Fig. 4 Schematic of all grades of sand and gravel aggregate. (a) 1* level; (b) 2™ level; (¢) 3™ level; (d) 4™ level;
(e) 5™ level
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Table 3 Comparison of original image before and

after preprocessing

Image Size /MB  Width /pixel Height /pixel
Original image 10. 00 3840 2748
Processed image 0. 10 384 275
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Fig. 5 Comparison curves of loss function between

CNN13 model and VGG16 model
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Fig. 6 Comparison curves of accuracy between CNN13

model and VGG16 model
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Tabel 4 Comparison of memory consumption between CNN13 model and VGG16 model

Model Number of Total Model Output Maximum
ode

convolution layers parameters memory /MB memory /MB batchsize
CNNI13 13 31692160 120.9 73.2 37
VGG16 16 138357544 527.8 58.1 33
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