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Title label detection using convolutional neural network and hybrid attention mechanism
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(1. Library of Qingdao University of Science and Technology, Qingdao 266061, China;
2. College of Electromechanical Engineering, Qingdao University of Science and Technology, Qingdao 266061, China)

Abstract: To realize robot intelligent shelving in library, this paper proposed a title label detection model based on
convolutional neural network and hybrid attention mechanism. DenseNet121 was applied to YOLOv4 to improve the
transfer efficiency between features and gradients. The spatial pyramid dilated convolution(SPDC) module was used
to achieve local and global feature fusion. Then the model’s feature representation ability was improved through
channel and spatial attention. Experimental results show that the average accuracy, overall performance, parameter
amount and model size of the proposed model outperforms those of the compared methods and it is easy to deploy to
embedded devices to achieve online detection, thus improving the intelligent level of book disorder management.
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Fig. 1 Network structure of the proposed detection model for title label
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Fig. 2 The architecture of the spatial pyramid pooling and spatial pyramid dilated convolution
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Table 5 Experimental results of algorithms in comparison

Ak FETM% Kt/ % HIEHR/ % F1 {f TR %
Faster R-CNN VGG 60.79 97.36 75 91.08
SsSD VGG 97.84 82.93 90 96.30
RetinaNet ResNet50 96.46 83.13 89 94.84
YOLOv4+ SPDC DenseNet121 90.84 96.02 93 97.44
YOLOv4+CBAM DenseNet121 90.79 96.14 93 98.70

FINCRES DenseNet121 90.81 97.22 93 98.85
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Fig. 4 Feature visualization results
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Table 6 Comparison of different algorithms in terms of size, parameters and time

ik M 4% R /N /M W % 250/ M A6 I B 1] /s
Faster R-CNN VGG 521.0 137.08 108.29
SSD VGG 90.5 26.15 105.03
RetinaNet ResNet50 138.0 37.97 76.14
YOLOv4 CSPDarkNet53 244.0 64.36 70.64
YOLOv4 DenseNet121 61.7 11.43 68.50
YOLOv4+SPDC DenseNetl121 62.1 13.42 68.69
YOLOv4+CBAM DenseNetl121 62.4 16.78 69.57
NGRS DenseNet121 63.2 17.11 69.92
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Fig. 6 Example of title label test results Fig. 7 Sample of failed book claim number area detection
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