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Figure 1 Microfiber recognition model training and
testing process
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Figure 2 Microfiber recognition model
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Figure 3 Feature reconstruction module structure
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Figure 4 Pooled fusion structure
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Table 2 Recognition results of microfibers reconstructed

from different location features
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An Improved MobileNetV2 Algorithm for Image Recognition of Microfibers in Water

LYU Lulu', CHEN Shuyue', WANG Liping®, XU Xia®

(1.School of Microelectronic and Control Engineering, Changzhou University, Changzhou 213164, China; 2.School of Environ-

mental & Safety Engineering, Changzhou University, Changzhou 213164, China)

Abstract; Aiming at the problems of time-consuming and labor-consuming manual identification of water

microfibers, and the weak robustness of traditional image processing algorithms for identifying water microfiber

images, an improved MobileNetV2 network identification method for microfibers is constructed. In the feature

extraction part, the feature reconstruction strategy is adopted. Firstly, the deep convolution features are com-

pressed to obtain the global receptive field. Then, the fully connected layers are used to generate weights for
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each channel to establish the interdependence between the channels. Finally, the channel is weighted to the
original in terms of features to complete the reconstruction of the original features. In addition, different sizes of
downsamplers are used to capture and fuse feature information of different scales to enhance the detailed
feature information of microfibers, and to improve the model’s learning ability and recognition effect of microfi-
bers. The improved MobileNetV2 network’s microfiber recognition accuracy rate reaches 97. 96%. Compared
with the original MobileNetV2 network, the recognition accuracy rate is increased by 2.54%. At the same
time, the false recognition rate and the missed recognition rate are also significantly reduced. In comparison to
ResNet, DenseNet, VGG16 and NasNet networks, the model size is compressed several times, the accuracy of
microfiber recognition is improved, and the false recognition rate and missed recognition rate are greatly
reduced. Experimental results show that the network model can extract more complete feature information for
microfiber. While strengthening the microfiber feature to identify the directivity, the model is reduced, and the
difficulty of deployment in mobile devices is reduced as well. The improved model recognizes microfibers with
higher accuracy and better stability.
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Anti-occlusion Target Tracking Algorithm Based on Image Depth

WANG Xipeng, LI Yong, LI Zhi, ZHANG Yan
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Abstract; Due to the limitation of video information, target tracking in the case of occlusion is still a difficult
problem to solve. Aiming at the problem of occlusion in the target tracking process, it is proposed to introduce
image depth into single target tracking algorithm. Firstly, the monocular image depth estimation algorithm is
used to estimate the depth of the image to obtain the depth information of the image. Secondly, the target
tracking algorithm based on the siamese region proposal network is combined with the image depth to construct
an occlusion discriminating module, which uses the change of the target depth information to determine the
occlusion. Finally, the occlusion discrimination score and the anchor response score are weighted integrated.
According to the final response score, the anchor of the target tracker is reordered to avoid interference by
obstructions. Experimental results on the OTB-2015 dataset show that the algorithm can effectively deal with
the influence of occlusion on tracking performance, with an average success rate of 0.623 and an average
tracking accuracy of 0. 853, which is 1. 7% and 0. 9% higher than the benchmark algorithm, repectively.

Key words: siamese network; deep learning; target tracking; monocular depth estimation; anti-occlusion



