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Intelligent Rock Recognition Based on Lightweight

Network and Transfer Learning

LI Shun-yong, LI Qing-hui, XING Yu-man
(School of Mathematical Sciences, Shanxi University, Taiyuan 030006, China)

[ Abstract |

Among the challenges faced in intelligent rock recognition is the issue of image blurring caused by environmental factors such as lighting

In rock image recognition, achieving rapid and accurate identification of rocks is crucial for the digitalization of rocks.

and humidity. In light of this, a novel deep learning approach ( MobileNetV3-small-RegNetX) was proposed for rock image recognition,
which is suitable for scenarios with limited resources such as mobile devices. Building upon the RegNet network, transfer learning meth-
ods, combining the advantages of the MobileNetV3 residual structure with squeeze-and-excitation (SE)modules was employed to effectively
optimize feature extraction and network structure, leading to a significant improvement in detection speed. To validate the accuracy of this ap-
proach, comparative experiments were conducted between the new model and current mainstream lightweight models (DenseNet and Shuf-
fleNet). The results demonstrate that the new model proposed exhibits high precision (82.15% ) and fast processing (0.06 GFLOPs). Addi-
tionally, the model demonstrates good adaptability to environmental factors such as lighting and humidity-induced image blurring.
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Fig. 2 Point by point convolution
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Fig. 3 Inverted residual structure
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Table 1 MbileNetV3-Small network structure
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224% x3 conv2d,3 x3 — 16 — HS 2
1122 x 1 bneck,3 x3 16 16 vV RE 2
56% x 16 bneck,3 x3 72 24 — RE 2
282 x 24 bneck,3 x3 88 24 — RE 1
282 x 24 bneck,5 x5 96 40 Vv HS 2
142 x40 bneck,5 x5 240 40 Vv HS 1
142 x40 bneck,5 x5 240 40 vV HS 1
142 x40 bneck,5 x5 120 48 Vv HS 1
142 x 48 bneck,5 x5 144 48 Vv HS 1
142 x48 bneck,5 x5 288 9 Vv HS 2
72 x96 bneck,5 x5 576 96 vV HS 1
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Fig. 7 Experimental technology route
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Table 2 Distribution of rock image data
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BRI R R Z 07 (k4 s ) a2k
Padam , B SRS INIE 9 BiR . e, A
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Table 3 Various rock image grid clipping specifications

HAFPY P s LA BT P KA
A 4 x4 RER Ay s 3x2
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RS 4 x4 — —
F a4 HIEHEIFERE
Table 4 Data enhancement details
B3R Ty 2 SR E
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Fig. 9 Example of data enhancement effect
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Table 5 Data enhancement effect ( quantity)
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Fig. 10 Accuracy and loss value convergence curve
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Table 7 Model comparison experiment results

LAY 255 KR/ % A2/ % F/% FEREHR/ % FEH R % I F, /%

0 94.48 96.74 95.60
1 69.61 63.64 66.49
2 71.19 68.34 69.73

DenseNet 3 86.16 95.86 90.75 75.72 76.35 75.83
4 59.01 46.99 52.32
5 75.62 84.91 80.01
6 73.98 77.94 75.91
0 95.10 96.96 96.02
1 65.35 66.67 66. 02
2 69.23 68. 54 68.88

ShuffleNet 3 86.22 94.94 90.37 75.49 76.19 75.34
4 62.45 38.89 47.93
5 75.66 87.07 80.96
6 74.40 80.30 77.24
0 95.97 98.26 97.10
1 74.86 68.43 71.50
2 78.32 76.75 77.53

MbileNetV3 3 88.54 97.71 92.90 82.15 82.41 82.21
4 69.68 65.97 67.78
5 84.44 90.09 87.17
6 83.22 79.66 81.40
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