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Abstract  Bioturbation refers to various sedimentary textures or structures formed on sediment surfaces
or within sediments due to biological activity. It plays a crucial role in analyzing paleoenvironmental
conditions in sedimentary strata, predicting distribution patterns, evaluating the hydrocarbon generation
capacity of source rocks, assessing the sealing capacity of caprocks, and revealing the mechanisms and
effects of bioturbation on hydrocarbon reservoirs. Traditional methods for analyzing bioturbation intensity
mainly relies on manual identification, followed by semi-quantitative classification using bioturbation index
charts. This approach is highly subjective, inefficient, and prone to large errors. In this paper, we
proposed a residual network model that incorporates an attention mechanism (Res-EMANet) by integrating
the Efficient Multi-Scale Attention ( EMA) mechanism into the ResNet—50 model. During training, the
model employs stochastic gradient descent (SGD) with an initial learning rate of 0.01, a weight decay
parameter of 0. 0001, a batch size of 16, and a total of 300 epochs. Model performance improvements are
evaluated based on five aspects: accuracy, precision, recall, F1-score, and the confusion matrix. We
validated the model using a dataset of 3,028 core images from 16 wells of the Ordovician in the Tarim Basin,
which contain various levels of bioturbation. The results show that: (1) The model can accurately classify
bioturbation intensities ranging from level 0 to 5 in digital core images, achieving an accuracy of up to 91%.
This significantly outperforms traditional manual methods as well as the original ResNet =50 model. (2) The
model not only improves the accuracy of bioturbation grade recognition but also effectively reduces
dependence on expert knowledge, as well as the labor intensity and subjectivity associated with manual
bioturbation assessments. It demonstrates significant advantages in the automation, intelligence, and
quantification of bioturbation feature analysis. This research offers an efficient and reliable quantitative
analysis tool for the automated processing of bioturbation degree assessment and identification, which is of
great significance to the sedimentology and paleontology studies in the field of oil and gas exploration.

Key words bioturbation, deep learning, image classification, carbonate reservoir, Ordovician,
Tahe oilfield
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Fig.2  Schematic diagram of bioturbation index of labeled core
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Fig. 3 Enlarge bioturbation core image block
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Table 2 Test results of various attention mechanisms on core image dataset of the Ordovician in Tahe Oilfield

Tk 3= T P % ( Backbone) W (A) /% KR (P) /% H A (R) /% F1 5350/ %
Baseline 86.73 87.22 87.13 87.07

+SE 89.32 89.80 89.70 89.62
+CBAM 89.32 90.25 89.07 89.54

ResNet—50

+CA 88.03 88.15 88.83 88.28
+ECA 89.64 90.22 90.06 89.95
+EMA 91.45 92.22 91.42 91.54
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Fig. 7 Training accuracy and validation accuracy curves of five models
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Table 3 Comparison of experimental results for five models

oA 2% 1 TR (A) /% R (P) /% HIEIZ(R) /% F1 5350/ %
Veg— 19 85.76 86.81 86.81 86.26
DenseNet121 87.38 87.95 87.91 87.72
ResNet— 50 86.73 87.22 87.13 87.07
EfficientNet-BO 88.67 89.14 88.98 88.90
Res-EMANet 91.45 92.22 91.42 91.54
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Fig. 8 Visualization images of different attention comparisons in classification process of the Ordovician core dataset in Tahe oilfield
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