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[1] Tong et al. (2022). Pavementscapes: a large-scale hierarchical image dataset. arXiv:2208.00775.
[2] Tong et al. (2020). Advances of deep learning applications in ground-penetrating radar: A survey. CBM.
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[3] Tong et al. (2023). Evidential transformer for pavement distress segmentation. CACAIE.
[4] Tong et al. (2009). Pavement-distress detection using ground-penetrating radar and network in networks. CBM

[5] J. Deng et al. (2009). ImageNet: A Large-Scale Hierarchical Image Database. CVPR.
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[6] Z. Tong, Ph. Xu and T. Denceux. An evidential classifier based on Dempster-Shafer theory and deep

learning. Neurocomputing, Vol. 450, pages 275-293, Aug. 2021.
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[9] Z. Tong, Ph. Xu and T. Denceux. Fusion of evidential CNN classiers for image classication.
In Proceedings of the 6th International Conference on Belief Functions (BELIEF), pages 168-176, Shanghai,
France, October 15-19, 2021..
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Z. Tong, T. Ma, W. Zhang, & J. Huyan, (2023). Evidential transformer for pavement
distress segmentation. Computer-Aided Civil and Infrastructure Engineering, 1-21.

Ok, Elif, sk—058, sk{Ek, (2023).ETZHMmREMEMENEE EZUSIE=4F
EHE B EARFR, 2023,36(03):70-80.

Z. Tong, Ph. Xu and T. Denceux. An evidential classifier based on Dempster-Shafer
theory and deep learning. Neurocomputing, Vol. 450, pages 275-293, Aug. 2021.

Z. Tong, Ph. Xu and T. Denceux. Evidential fully convolutional network for semantic
segmentation. Applied Intelligence, Vol. 51, pages 6376—6399, Sept. 2021.

Z. Tong, Ph. Xu and T. Denceux. Fusion of evidential CNN classiers for image
classication. In Proceedings of the 6th International Conference on Belief Functions
(BELIEF), pages 168-176, Shanghai, France, October 15-19, 2021.
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