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(c) MRMS segmentation
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Medical Image Segmentation Network based on

Multilevel Residuals and Multi-scales
LI Wei, WU Cong
(School of Com puter Science s Hubei Univ. of Tech.,Wuhan 430068 ,China)

Abstract: At present, in most U-shaped networks, it is difficult to extract features with a single convolu-
tion kernel scale in the encoding stage, and it is also difficult to train and optimize the deep network. A
new neural network based on multi-level residuals and multi-scale is proposed, which makes the neural
network easier to learn, improves the depth of the network, and enables it to have richer feature expres-
sion ability, without reducing the performance of the model. In this paper, a multi-scale cross fusion mod-
ule is proposed, which extracts features through different sensory scales. Cross-fusion also enables feature
information to be more fully exchanged and fused. After testing on the data set CHASE _ DB 1, the per-
formance is excellent, especially with ACC being 0.9744, and SP being 0.982. The depth of the proposed
network is increased without affecting its learning process and performance.

Keywords: blood vessel segmentation; deep learning; u-net; residual learning; multi-scale
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Fast Charging Method based on Improved Cuckoo Algorithm

ZHANG Yu,XU Si
(Hubei Key Laboratory of Solar Energy Efficient Utilization and Energy Storage Operation
Control , Hubei Univ. of Tech., Wuhan 430068,China)
Abstract: In spite of the current rapid development of electric vehicles, the problem of rapid charging of
lithium-ion batteries has become a bottleneck in the application. This paper presents a fast charging method
based on an improved cuckoo algorithm. Firstly, the equivalent circuit model and thermal model of lithi-
um-ion battery are established. Then a multi-step charging method is used with charging time and temper-
ature rise as the optimization objectives. Finally, the improved cuckoo algorithm is used to search for the
charging current at each stage. The influence of the weighting factors of charging time and temperature rise
on the battery charging performance is discussed. Compared to the conventional cuckoo algorithm, the op-
timised cuckoo algorithm charging method is able to reduce the charging time by around 5% with almost
the same temperature rise, balancing the charging speed and temperature rise and extending the life of the
Li-ion battery.

Keywords: Lithium-ion battery; improve the cuckoo algorithm; charging time; temperature rise
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