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Imbalanced Lithology Identification Based on ECA-MSCB ResNet

PEI Mou', LI Bo'*, HU Yong’

(1. School of Computer Science, South-Central Minzu University, Wuhan 430074, China;
2. College of Resources and Environment, Yangtze University, Wuhan 430100, China)

[ Abstract] In order to improve the prediction accuracy of lithology affected by imbalanced geological data, an ECA-MSCB ResNet
model was proposed. The model integrates ECA (efficient channel attention) and MSCB ( multi-scale convolutional block) into the
traditional ResNet architecture to achieve efficient extraction and representation of lithological data features. For the issue of imbalanced
lithology categories, prior probability-balanced logit bias was introduced during model training, and the focal loss function was modified
to enhance the recognition of minority lithology classes. Experimental results show that the model based on ECA-MSCB ResNet performs
well on the imbalanced geological lithology dataset, achieving an average prediction accuracy improvement of approximately 7. 45%
compared to the original ResNet model and 27.33% compared to the random forest method. Notably, the recognition of minority
lithology classes improves by an average of 17.9% . Furthermore, the model demonstrates strong lithology classification ability on
public datasets, achieving an F,-score of 75.77% . In addition, the recognition accuracy of the proposed model outperformed both
traditional and mainstream methods. The ECA-MSCB ResNet method holds significant application value in the field of imbalanced
geological lithology recognition.
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1l ps/ft =3.28 ws/m,
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Table 3 Performance comparison of recognition algorithms
Fik K PR H s 4 NFHEHEEE Council Grove
W%/ % BEE/ %  HEHE/ % F-scoe/%  KEHE/%  BIEHE/%D  HEHE/ % F-score/%
Random Forest!'*] 59.19 46. 93 46. 94 52.35 71. 84 70. 18 72.45 70. 02
BP Neural Network**] 56.38 50.23 50. 45 53.13 58.47 52.49 52.67 55.38
U-CNN!#] 66. 81 65.20 65. 18 65.98 65.77 68. 69 69. 22 66. 78
EMResNet 73. 86 73.47 74.27 73. 65 77.46 77.14 77.46 75.77
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Fig. 6 Comparison of algorithm performance
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Table 4 Results of 5-fold cross-validation

P KR/ % BER/ % HEFHR/ %  F -score/%
EREn 73.12 70. 19 70. 19 71.81
%29 73.91 71.12 71.32 72.23
524 73.91 71.12 71.32 72.23
%39 75.74 72.35 72.87 74.12
a4 73.58 72. 47 72.35 72.55
ERE 73.59 72.28 72.28 72.56
SEHIE 73.98 71.68 71. 80 72. 45
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Table 5 Model ablation experiments

ik W/ % B/ % WEHZR/ % F -score/%
Baseline 69. 21 66. 82 66. 82 67.89
Baseline + MCSB 72.48 69. 12 69. 13 70. 46
Baseline + ECA 73.32 70.25 70. 00 71.18
Baseline + ECA&MCSB  73. 86 73.47 74.27 73.65
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Fig. 8 Accuracy variation curves for each class
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Fig. 7 Predicted results for the test set
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Fig. 9 Convergence curves of the ECA-MSCB ResNet model
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