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Abstract

Membrane damage can easily lead to instantaneous rupture and progressive collapse of tensile
membrane structures. Traditional methods relying on manual visual inspection are commonly
characterized by strong subjectivity and low efficiency. This study proposes a dense convolutional
network-based deep learning framework (DenseNet121-ECA-PTL) for membrane damage identifi-
cation and classification. Firstly, the dataset containing five typical types of membrane damages was
constructed based on the typical tensile membrane structure experimental platform. Secondly, an
Efficient Channel Attention (ECA) module was embedded into the dense blocks of DenseNet121 to
enhance the representation capability for early-stage micro-damage. Finally, a transfer learning
strategy was introduced to improve convergence performance, and comparative experiments were
conducted to validate the effectiveness of the proposed model. The results demonstrate that the
DenseNet121-ECA-PTL improves the feature extraction capability of the baseline model for subtle
damage characteristics. The proposed model achieves an accuracy of 98% on the test dataset, with
an inference time of 0.04 s per image. Furthermore, the proposed model exhibits excellent compu-
tational efficiency while maintaining high accuracy, providing strong technical support for intelli-
gent monitoring and real-time mobile deployment of membrane damage detection in tensile mem-
brane structures.
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Figure 1. Diagram of the Dense Block
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Figure 2. Diagram of ECA-Net efficient channel attention mechanism module
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Figure 3. Diagram of the improved DenseNet121-ECA-PTL dense convolutional network model
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Table 1. Mechanical parameters of the 250T PVC membrane material
= 1.250T PVC M hESH
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o g =853 T % (KN/m) (N/mm) THRALL
e (mm) (g/m?)
2 i) 2] i)
250T 0.87 112 94 996 840 0.2
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Figure 4. Diagram of the typical tensile membrane structures
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Figure 5. Damaged membrane images under different lighting conditions
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Figure 7. Sample prediction time comparison of the improved model with different sampling sizes
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Figure 8. Confusion matrix comparison of the improved DenseNet121-ECA-PTL model under different sampling conditions
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