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Figure 3: The overall framework of the proposed method, mainly includes four steps: image representation, feature extraction, Tablle i >ROCC values of the proposed method in cross dataset
evaluation.

- ) out-of-focus (b) relative motion feature aggregation, and quality prediction. The choices in all steps are determined by the performance on validation data of BID.

Conclusion

How to represent an image? Which pre-trained model to + A novel NR-IQA framework is proposed based on

extract features? high-level semantic feature aggregation, whose
superiority and generalization capability are

verified on four popular image blur databases.
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Figure 5: Comparison among different layers in AlexNet. Table 1: Comparison among different aggregation structures.
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