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Abstract: Objective How to recognize the target from blurred image is one of the fundamental problems in computer vision and
pattern recognition. Image blurring caused by abnormal energy accumulation during exposure time because of relative rotational motion
between imaging system and objects. Our work is different from most of others which need “deblurring”. We try to find the invariant

features between original image and blurred image based on the mathematical model of blurring and the theory of moment invariants,
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instead of restoring the blurred image. Method In this study, based on degraded model of rotation motion blur and Gaussian Hermit
moment, we demonstrated how the rotation motion blur Gaussian Hermit moment been built and proved the existing of low-rank
rotation motion blur Gaussian Hermit moment invariants. Correspondingly, rotational motion blur invariants based on Gaussian Hermit
moment is built. We filtrated 5 Gaussian Hermit moment invariants from exiting rotation geometry moment invariants which had been
extended to Gaussian Hermit moment invariants to construct a highly stable 5-dimensional feature vector and named it RMB_GHMI-
5, and we verified that RMB_GHMI-5 had great properties of invariability and distinguishability through experiments. Finally, we
introduced RMB_GHMI-5 to the field of image retrieval. Result In invariance experiment, We validate the properties of invariance of
the proposed feature vector on the dataset USC-SIPI. Tow set of 18 composite blurred image and been made to test RMB_GHMI-5.
The result shows the feature distance between original image and composited blurred image are extremely tiny which means
RMB_GHMI-5 has great properties of invariance. In addition to the image retrieval experiments, we introduce two image database
including Flavia and Butterfly for original image. Composited image which are blurred by different degree of rotation. rotational
motion and Gaussian noise or Salt-pepper noise have been used to validate the invariability and distinguishability of RMB_GHMI-5.
Compared with 4 state-of-the-art saliency approaches, for leaf image degraded by rotation, rotational motion and Gaussian noise, at
80% recall rate, the recognition accuracy of RMB GHMI-5 is 25.89% higher than others. For leaf image degraded by rotation,
rotational motion and Salt-pepper noise, the recognition accuracy of RMB_GHMI-5 is 39.95% higher than others. For butterfly image
degraded by rotation, rotational motion and Gaussian noise, at 80% recall rate, the recognition accuracy of RMB_GHMI-5 is 7.18%
higher than others. For leaf image degraded by rotation, rotational motion and Salt-pepper noise, the recognition accuracy of
RMB_GHMI-5 is 3.04% higher than others. Conclusion In this study, we proposed a highly stable 5-dimensional feature vector
RMB_GHMI-5, and we verified that RMB_GHMI-5 had great properties of invariability and distinguishability through experiments.
The experiment results show that RMB_GHMI-5 outperforms several state-of-the-art saliency approaches and has stronger practical
application value.
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Table 1 The value of RMB GHMI-5 for ﬁg.l after transforming

B4 rmb_ghmi(1) rmb_ghmi(2) rmb_ghmi(3) rmb_ghmi(4) rmb_ghmi(5)
(a) 84.7168 101.0554 2.0799 -0.6936 4.8070
(b) 84.6731 108.2887 2.3876 -0.8025 6.3445
(c) 84.6729 103.5799 2.1928 -0.5783 5.1428
(d) 84.6817 104.1599 2.1987 -0.8564 5.5677
(e) 84.6690 106.8092 2.3566 -0.6577 5.9861
® 84.6732 103.2998 2.1365 -0.7039 5.0600
(2) 84.6800 105.6663 2.3067 -0.7935 5.9506
(h) 84.6724 104.8973 2.2457 -0.6483 5.4632
(1) 84.6721 104.9468 22115 -0.7647 5.4752
1)) 84.6839 104.5411 2.2806 -0.7161 5.7140

FEIERE 55 0.000245 0.019720 0.040619 0.052012 0.077913
£2 fig2 £(b)-()ALE S5 RMB_GHMI-5 F1E
Table 2 The value of RMB_GHMI-S for fig.2 after transforming

K& rmb_ghmi(1) rmb_ghmi(2) rmb_ghmi(3) rmb_ghmi(4) rmb_ghmi(5)
(a) 265.5766 275.0017 0.5352 0.6770 0.7449
(b) 265.4339 260.4324 0.8625 0.8574 1.4791
(c) 265.4332 273.4146 0.5232 0.8623 1.0172
(d 265.4561 265.5616 0.7646 0.6556 1.0144
(e) 265.4284 266.2609 0.7156 0.9415 1.3986
® 265.4347 270.2790 0.5872 0.7187 0.8612
(2) 265.4554 265.7084 0.7937 0.7957 1.2631
(h) 265.4292 268.1728 0.6229 0.8544 1.1181
@) 265.4323 267.5903 0.6961 0.7366 1.0271
G 265.4572 268.2214 0.7076 0.8323 1.1934

RIS 0.000257 0.014253 0.128001 0.087622 0.207178
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