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THE APPLICATION OF DETR TO IMAGES IN CIVIL ENGINEERING AND
VERIFICATION FOR UTILIZATION OF FEATURES IN PRETRAINED CNN

Yuta TAKAHASHI, Masahiro OKANO, Junichi OKUBO, Masazumi AMAKATA

For the reasons why Al application, especially deep learning and image recognition, to the civil engi-
neering field, has not progressed, because it is difficult to set boundary conditions for features due to the
diversity of image backgrounds. Additionaly, it is difficult to expalne the results mathematically. DETR is
a detection Al model with Attention with Pretrained CNN by ImageNet for feature extraction. In this study,
DETR learns dummy illegal dumping images on rivers taken aerial by drone, and the trained model is
applied to the same data and images of passing vehicles taken by the side of the road. For river images, the
score exceeded average precision in previous studies, and for unlearned passing vehicle images, vehicles,
etc. could be detected with a usable confidence. Therefore, it is suggested that DETR can learn with keep-
ing the features of ImageNet and has the applicability of the Attention mechanism in the civil engineering

field images which have a diversity.



