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Image processing strategy for object recognition in artificial vision based on salient object

detection
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Abstract: Objective To propose a image processing strategy based on salient object detection algorithm for optimizing the
presentation of prosthetic visual information at a limited resolution level, aiming to detect and enhance the salient objects in
the scene and remove the background information. Methods A salient object detection model combining CNN and
Transformer was used to extract salient objects. On this basis, methods such as object magnification, contour enhancement
and contrast enhancement were utilized to optimize the image information. Psychophysical experiments were carried out at 5
resolution levels (16x16, 24x24, 32x32, 48x48 and 64x64). Results In the simulated prosthetic vision, this image processing
strategy had a remarkable effect on improving the object recognition ability of the subjects. Regardless of the resolutions of
16x16, 24x24, 32x32, 48x48 and 64x64, the proposed strategy achieved the highest recognition accuracies, specifically
34%+6%, 56%+9%, 72%+9%, 89%+4% and 96%=+2%. Conclusion Using the salient object detection method and image
processing strategy to extract and enhance salient objects can help prosthesis implant recipients effectively improve their
object recognition ability.
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Figure 1 Process demonstration of 3 different image processing strategies
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Figure 2 Architecture of salient object detection model
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Figure 3 Examples of object segmentation results of some experimental images
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Figure 4 Examples of results of 3 processing strategies (DP, PSM and the proposed method) at a resolution of 32x32
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Figure 5 Image recognition results
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