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Basic Connotation, Realistic Patterns, and Optimization Paths of Visualized
Communication in College Ideological and Political Education under the

New Media Environment

ZHANG Liyuan', LOU Jiaping®
(1. Department of Teacher Work of Party Committee, Henan Normal University, Xinxiang 453007, China;

2. School of Marxism, Henan Normal University, Xinxiang 453007, China )

Abstract: In the new media era, images, as a carrier of ideological communication, are increasingly
becoming an important source of knowledge and information for people. Ideological and political education
in colleges and universities uses images as a medium to carry out ideological propaganda for college students
through symbols, narratives, empathy and demonstrations, which has a good ideological and political education
effect. Faced with the diversified, diverse and changeable development trend of college students' ideology and
culture in the new era, it is urgent to optimize the path of image communication of ideological and political
education in colleges and universities. To this end, we can promote the widespread implementation of image
communication of ideological and political education in colleges and universities by strengthening the foundation
of image representation, enhancing the ability of image narrative, constructing scenes of image empathy and
improving the skills of image demonstration, so as to promote the full, all-round and whole—process education
of colleges and universities, and effectively implement the important task of cultivating morality and cultivating
people.

Key words: new media era; ideological and political education in colleges and universities; image commu

nication
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Comparative Study of Classification Algorithms for Threatening Objects in

Millimeter—-Wave Imaging
XIU Supu', MU Guangchen®, YAN Leibing', HONG Guoqing®
(1. School of Electronic and Information Engineering, Henan Institute of Technology, Xinxiang 453003, China;

2. Department of Science, Henan Institute of Technology, Xinxiang 453003, China )

Abstract: To enhance the accuracy and inference speed of concealed threat object recognition in
millimeter—wave imaging, a four—category threat object dataset was constructed using a Coded—Aperture
Computational Imaging (CI) physical model. A comparative experiment was conducted to evaluate three
classification algorithms: K—Nearest Neighbors (KNN), Random Forest (RF), and Convolutional Neural Network
(CNN). The results demonstrate that: For classification accuracy, CNN achieves a significantly superior F1-
score of 90%, outperforming RF (86%) and KNN (82%); Regarding inference speed, CNN requires only 3.5
ms per sample, compared to 63.1 ms for RF and 38.5 ms for KNN. The CNN algorithm exhibits high accuracy
and computational efficiency in millimeter—wave threat object classification, serving as a reliable solution for

security screening applications.
Key words: threat target classification; CI; KNN; RF; CNN
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