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Abstract: With substantial improvement of computer hardware performance and rapid development in artificial
intelligence research, artificial intelligence recognition technology has been applied in many industries, such as
medicine, education, industry, commerce, exploration and other professional fields. In geological exploration, the
classification and identification of rock samples is an important link in geological analysis. However, the traditional
manual classification faces high economic and time costs, and is vulnerable to subjective judgment which may affect
the recognition result. In order to avoid these problems, research is carried out on the specific application of computer-
based artificial intelligent recognition technology in recognition of rock images and the performance difference caused
by different parameters. The sample data used in the experiment are lithic fragments and core samples capture by
industrial cameras at the well logging site, with a total of 350 images which cover 7 types of rock samples. In this paper,
the 350 rock images are divided into training set, validation set and test set based on certain proportion. Since the data

set is too small and the quantity of each type of rocks varies, data augmentation technology is used to expand the
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original data before training. During the expansion, the quantity of different types of rock samples are balanced. At the
training stage, the open-source deep learning framework Pytorch is used to construct a multi-layer convolutional neural
network for learning and classification training on the training set. The best accuracy rate in the tests reaches 82.86%.
However, the recognition rate is poor for stretched images, which required further optimization of the network structure.
Based on the experimental results, the optimization orientations of neural network training are summarized, including
improvement of data set quality, optimization of network structure, and adjustment of training strategies. In order to
display the experimental data as intuitively as possible, data visualization tools such as PlotNeuralNet and Python
matplotlib are used in the experiment for specific visualization work, after which the experimental data and model effect
are analyzed from the perspective with combination of data and images.

Keywords: In-depth learning; Convolutional neural network; Recognition of rock sample images
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	为了更好地提取抽象特征，实验中神经网络使用了4个卷积层。
	函数第一个参数表示输入通道数，即cin。由于每次卷积都需要接收上一层神经元的输入，因此每层的输入通道
	对于大于零的值，ReLU 表现出线性函数的特性。当使用反向传播训练神经网络时，它展现出许多线性激活函
	(1)更好的反向传播：由于当输入为负值时导数为 0，神经元不会被激活，也不会变得越来越小，从而更不容易出现
	(2)更高的计算效率：由于函数定义简单，ReLU 仅包含比较、加法和乘法。因此，编译器可以通过位移操作来优
	(3)加速梯度下降：由于ReLU函数的线性和非饱和性，神经网络可以加速梯度下降，直至收敛到损失函数的全局最

