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YOLO-DSM method for detecting multi-background visual
micro-defects in TFT-LCD panels
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Abstract: A deep learning image detection model based on You Only Look Once-Double Spatial-
Squeeze Module (YOLO-DSM) is proposed. First, the Hierarchical Mixed-scale Unit (HMU) module
is introduced after each Dark module to improve the detection accuracy of target defects on TFT-LCD
panels. The original Spatial Pyramid Pooling (SPP) is replaced with Simple Spatial Mlp Attention
(SSMA) to enable the network to focus more on targets with low contrast against the background.
Second, the Double Spatial-Squeeze Module (DSM) is introduced to help the network enhance useful
features and suppress useless ones, thereby enhancing the integration of semantic information. Finally,
the Omni-dimensional Dynamic Convolution (ODConv) module replaces the down-sampling
convolution of the original network to refine local feature mapping and achieve full extraction of local
defect features. In comparative experiments on a self-made TFT-LCD defect dataset, the YOLO-DSM
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network achieved an mAP accuracy of 97.40% and an FPS of 77.42 frames. This meets the

requirements of TFT-LCD defect detection tasks.

Key words: visual micro-defects; YOLO-DSM; omni-dimensional dynamic convolution; spatial and

channel squeeze & excitation
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