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Research on Adaptive Attention Dense Network in Camera Source Recognition Method

WU Haoxuan, WEN Zhiqiang
( School of Computer Science and Artificial Intelligence, Hunan University of Technology, Zhuzhou Hunan 412007, China )

Abstract: In view of an improvement of the recognition accuracy of deep learning models in the field of camera
source recognition, an adaptive attention dense network structure has thus been designed, with an adaptive weighted
attention method proposed. The designed network structure includes four parts: prepossessing structure, dense
connection structure, attention structure, and regularization structure. The adaptive weight attention method is adopted
in the attention mechanism structure so as to introduce adaptive weight factors for an parameter adaptive optimization,
thus obtaining the optimal attention weight that adapts to different data characteristics and improve the model's feature
learning and feature expression capabilities. Comparative experiments and ablation experiments are conducted on two
classic datasets. In the comparative experiment, a comparison is made between the designed network and three classical
networks, with the experimental results showing that the recognition performance of the designed network is improved
by at least 5.547% and 9.283% on two datasets, respectively, compared to the other three networks. The results of the
ablation experiment show that the recognition performance of the proposed method is at least 1.143% and 5.000%
higher than other ablation methods on two datasets, respectively.
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Table 3 Comparison of experimental results

BEE  rE ORI % MR % BRI % FJ/%

DEPS 79.642 80.529 79.642  80.745
Spc2018  RES 75.714 76.59 75714 75714
Bl ENV2 93214 93.418 93214 93214
AADNet  98.928 98.965 98.928  98.928
DEPS 79.500 80.720 79.499  79.499
Dresden  RES 70.000 71.883 70.000  70.000
B ENV2 48.500 56.029 48.500  48.500
AADNet  90.000 90.300 90.000  90.000
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Table 4 Results of ablation experiments

SEEGALR L TR % MERR % TR % FU%
NATW  96.071 96.313 96.071  96.071
RAM 96785  96.858 96.785  96.785
Spc2018  AWAM 98928  98.965 98.928  98.928
BdlifE SPAM 95200  95.400 94.800  94.999
SELFAM 94500 94700 94200 94349
CNAM 93800  94.000 93500  93.649
NATW  83.500  84.898 83.500  83.500
RAM 85000  85.575 85.000  85.000
Dresden AWAM  90.000  90.307 90.000  90.000
BdifE SPAM 84.200 84.900 83.800  83.999
SELFAM 82500  83.000 81.000  81.743
CNAM  81.000  82.000 80.500  80.749
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