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Mobile Landmark Recognition using Convolutional Neural Networks,”

no. 1, pp. 3-8, 2012.

K. Yap, Z. Li, D. Zhang, and Z. Ng, “Efficient mobile landmark  (3)
recognition based on saliency-aware scalable vocabulary tree,” 2012, p.
1001
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Recognition using Image processing with MQTT protocol,” pp. 2405—
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K. Banlupholsakul, J. Ieamsaard, and P. Muneesawang, “Re-ranking (1)
approach to mobile landmark recognition,” in 2014 International Computer
Science and Engineering Conference (ICSEC), 2014, pp. 251-254.

K.-H. Yap, Z. Li, D.-J. Zhang, and Z.-K. Ng, “Efficient Mobile Landmark  (2)
Recognition Based on Saliency-aware Scalable Vocabulary Tree,” in
Proceedings of the 20th ACM International Conference on Multimedia,
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D. G. Lowe, “Object recognition from local scale-invariant features,” in (1)
Proceedings of the Seventh IEEE International Conference on Computer
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T. Chen, K. Yap, and D. Zhang, “Discriminative Soft Bag-of-Visual  (2)
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Detection,” in Proceedings of the 2005 IEEE Computer Society
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Volume 1 - Volume 01, 2005, pp. 886-893.
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M. K. Benkaddour and A. Bounoua, “Feature extraction and classification (1)
using deep convolutional neural networks, PCA and SVC for face
recognition,” Trait. du Signal, vol. 34, no. 1-2, pp. 77-91, 2017.

G. A. Hembury, V. V. Borovkov, J. M. Lintuluoto, and Y. Inoue, “Deep 2
Residual Learning for Image Recognition Kaiming,” Cvpr, vol. 32, no. 5,
pp. 428429, 2003.
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A. Krizhevsky and G. E. Hinton, “ImageNet Classification with Deep (1)
Convolutional Neural Networks,” pp. 1-9.

C. Szegedy et al., “Going Deeper with Convolutions,” 2014.  (2)

K. Simonyan and A. Zisserman, “Very Deep Convolutional Networks for  (3)
Large-Scale Image Recognition,” pp. 1-14, 2014.

G. A. Hembury, V. V. Borovkov, J. M. Lintuluoto, and Y. Inoue, “Deep  (4)
Residual Learning for Image Recognition Kaiming,” Cvpr, vol. 32, no. 5,

pp. 428-429, 2003.
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