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Abstract: Main-bearing fault identification in full-face Tunnel Boring Machines (TBMs) impacts excavation safety and
efficiency. In practice, stringent reliability requirements and proactive maintenance yield extremely imbalanced
monitoring data (fault samples <1%), resulting in difficult-to-learn sparse fault features and a very high missed-
detection risk. To address this issue, we propose DRLimb, a deep reinforcement learning driven TBM main bearing
fault identification model that reformulates the traditional static classification problem as a sequential decision
optimization problem under a reinforcement learning framework. Specifically, the process is modeled as a Markov
decision process; a dual-network architecture (online and target Q-networks) with soft updates is used to ensure stable
convergence of the policy learning process. Moreover, we design a decision-history-aware asymmetric reward
mechanism that assigns higher rewards to correct fault identifications and stronger penalties to missed detections,
forcing the agent to focus on sparse yet critical fault patterns and enhancing the identification sensitivity to minority
fault modes. Theory shows that setting the majority-class reward coefficient proportional to the imbalance ratio

balances inter-class gradient contributions. Experiments on multiple TBM main-bearing datasets with extreme
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imbalance show that DRLimb achieves G-mean and F1-score above 93.2%, outperforming state-of-the-art imbalance-

aware diagnostic models and baselines.
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Case A (p = 0.01)
Case B (p = 0.009)
Case C (p = 0.008)
Case D (p = 0.007)
Case E (p = 0.006)
Case F (p = 0.005)

0.9330+0.0022
0.9329+0.0011
0.9354+0.0051
0.9320+£0.0116
0.9327+0.0021

0.9342 +£0.0014

0.9343 +£0.0021
0.9341+0.0009
0.9366 +0.0046
0.9336+£0.0121
0.9338+0.0019

0.9352+0.0013
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Case B (p=0.009) Case C (p=0.008)

Tk
G-mean Fl-score G-mean Fl-score G-mean Fl-score
ResNet32* 0.6920+0.1482 0.7311+0.1386 0.696 5+0.203 7 0.7297+0.158 8 0.7100+0.1708 0.7391+0.1373
BiLSTM 0.7137+0.1484 0.7386+0.1305 0.8118+0.0402 0.7912+0.1373 0.7730+0.0680 0.7900+0.0739
Transformer 0.8743+0.0330 0.8832+0.0592 0.867 7+0.0559 0.8721+0.0548 0.8750+0.0166 0.8829+0.024 5
MW-Net 0.8868+0.0464 0.8919+0.044 2 0.8804+0.0319 0.8861+0.0308 0.868 6+0.048 6 0.8755+0.046 1
Novel-CNN 0.923 5+0.008 5 0.9255+0.008 1 0.9203+0.0145 0.9225+0.0142 0.9103+0.0094 0.9134+0.0092
Normalized-CNN 0.7972+0.2804 0.8353+0.1768 0.7918+0.2797 0.8304+0.1766 0.7133+0.3767 0.7839+0.2385
Focal-loss-CNN 0.8252+0.1787 0.8425+0.1457 0.7939+0.185 1 0.8150+0.1530 0.6563+0.203 8 0.698 6+0.1659
OREM 0.8935+0.040 1 0.8971+0.0384 0.8858+0.0224 0.8895+0.0214 0.8872+0.0314 0.8909+0.0306
DLMR-CNN 0.9254+0.004 5 0.9275+0.004 2 0.9289+0.0025 0.9308+0.0024 0.926 1+0.0050 0.9281+0.004 5
BBN 0.9266+0.0107 0.9249+0.0114 0.927 7+0.0099 0.9257+0.0105 0.9144+0.0217 0.9117+0.0234
BALMS 0.928 7+0.004 4 0.9265+0.004 7 0.9353+0.0008 0.9336+0.0009 0.9327+0.005 5 0.9310+0.006 1
DRLimb 0.933 0+0.0022 0.9343+0.002 1 0.9329+0.001 1 0.9341+0.0009 0.935440.005 1 0.9366+0.004 6
%<6 Case D ~ Case F  DRLimb 5Efth 57ARIXTEL
. Case D (p=0.007) Case E (p=0.006) Case F (p=0.005)
ik G-mean Fl-score G-mean Fl-score G-mean Fl-score
ResNet32* 0.6755+0.2119 0.6999+0.1994 0.5454+0.1784 0.6091+0.1632 0.3796+0.1050 0.5033+0.1325
BiLSTM 0.6812+0.0926 0.6976+0.1269 0.5101+0.3153 0.6074+0.208 0 0.5666+0.1804 0.6279+0.1658
Transformer 0.8143+0.0854 0.8020+0.1210 0.7735+0.176 6 0.7573+0.2104 0.8280+0.041 1 0.8097+0.1319
MW-Net 0.8463+0.0510 0.8555+0.0483 0.8589+0.0596 0.8670+0.0562 0.7849+0.064 7 0.8012+0.0600
Novel-CNN 0.8847+0.0219 0.8899+0.0210 0.8339+0.0427 0.8442+0.0402 0.8711%0.0610 0.8778+0.0572
Normalized-CNN 0.6764+0.3620 0.7507+0.2269 0.5272+0.4540 0.6641+0.2850 0.5254+0.3939 0.6439+0.2470
Focal-loss-CNN 0.6310+0.2137 0.6789+0.1724 0.4557+0.402 8 0.6022+0.2586 0.5104+0.2272 0.5846+0.1835
OREM 0.9095+0.0253 0.9115+0.0244 0.8655+0.053 1 0.8715+0.0508 0.8712+0.0407 0.8759+0.0394
DLMR-CNN 0.9194+0.0113 0.9217+0.0103 0.8801+0.0287 0.8859+0.0262 0.9080+0.0054 0.9114+0.005 1
BBN 0.922440.0139 0.9202+0.0148 0.9243+0.0202 0.9229+0.0215 0.9064+0.0145 0.9028+0.0155
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DRLimb 0.9320+0.0116 0.9336+0.012 1 0.9327+0.002 1 0.9338+0.0019 0.9342+0.0014 0.9352+0.0013
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