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A Multi-objective Classification Technique Based on
Improved Residual Deep Network
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(1. School of Information Engineering, Southwest University of Science and Technology, Mianyang 621010, China;
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Abstract: Due to the influences of scene, visual angle, illumination, scale change and local deformation, the recognition accura-
cies of overlapping target, crowded target and small target are low, an improved multi-branch Resnet50 convolutional neural network
is proposed to improve the accuracy of multi-objective recognition. While retaining the constant maps after the first convolutional re-
sidual block Layerl; The short branch of one by one is added to preserve as many original features as possible; A space _ channel at-
tention mechanism module (CBAM) is embed to modify the activation function ReLLU6 in parallel; The last three feature graphs are
fused. The fused feature layer focuses on the significant information in space and channels, thus enhancing the feature expression abil-
ity in the feature graphs. so that the convolutional neural network (CNN) can obtain more discriminant features, thus greatly impro-

ving the accuracy of object recognition. The comparative experiment on the FashionMNIST and Cifarl0 data sets shows that the im-

proved Resnet50 algorithm is suitable for a target recognition model with a medium accuracy and speed.
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