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Single image 3D model retrieval based on instance discrimination and
feature enhancement

DIAO Zhenyu'?, HAN Xiaofan'?, ZHANG Chengyu'”, NIE Huijia"?, ZHAO Xiuyang'*, NIU Dongmei'*"
(1. Shandong Provincial Key Laboratory of Ubiquitous Intelligent Computing, Jinan 250022, Shandong, China; 2. School of

Information Science and Engineering, University of Jinan, Jinan 250022, Shandong, China)

Abstract: To reduce the modal gap between the image domain and the model domain in 3D model retrieval algorithms, a neural
network algorithm model consisting of four modules was proposed. The data exchange module exchanged image and 3D model data
with a certain probability, allowing the image domain network to learn model domain features and the model domain network to
learn image domain features, thus initially reducing the modal gap. The feature alignment module included an instance sample
discrimination loss function and an image-model pairing loss function, which further aligned the image domain and model domain.
The instance discrimination loss function treated each instance as an independent class and classified it, making the features of the
same instance’s images and 3D models similar. The image-model pairing module aimed to bring closer the images and 3D models of
the same instance and push apart the images and 3D models of different instances. Based on contrastive learning, a feature
enhancement module was added to the image domain to improve feature discrimination within the image domain. The experimental
results showed that the proposed algorithm achieved good results on three common datasets: Pix3D, CompCars, and StanfordCars,
improving retrieval accuracy by up to 4.5% compared to existing classical methods. This aligned the image domain and the 3D model
domain, reduced the modal gap, and improved the accuracy of image retrieval of 3D models.

Keywords: 3D model retrieval ; metric learning; contrastive learning; multimodal; cross modal retrieval
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