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Abstract; The feature location noise from feature-based homography estimation methods is isotropic
and non-identical distribution, and it effects the accuracy and robustness of homography estimation
methods significantly in practical applications. Therefore, this paper proposes a high accuracy and ro-
bust homography estimation method based on location noise of feature points. The method uses a co-
variance matrix to characterize the location noise of feature points and takes an inner point verification
method based on Covariance matrix Weight SAmple Consensus(CWSAC) to improve the robustness of

the homography estimation method. Finally, a high accuracy homography matrix refined method, Co-
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variance matrix Weight Levenberg-Marquardt( CW L-M) is proposed by combining covariance matrix
with Levenberg-Marquardt method, and it improves the estimation accuracy of homography matrix by
redefining a optimized object function. The experiments on simulation data and real images show that
as compared with state-of-the-art methods, such as RANSAC(RANdom SAmple Consensus) , .LMedS
(Least Median of Squares) , PROSAC(PROgressive SAmple Consensus) , M-SAC(M-estimator SAm-
ple Consensus)and MLESAC(Maximum Likelihood SAmple Consensus), the accuracy of homography
estimation has improved greatly and the root mean squares of reproject error has reduced 3% — 21%
than that of the subprime method in the same location noise and the same inlier proportion. In addi-
tion, the proposed method is robust to the noise level and inlier proportion changing.

Key words: homography estimation; feature localization noise; covariance weighting; RANdom SAm-

ple Consensus( RANSAC); Levenberg-Marquardt
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Fig. 1 Classification of feature localization noise
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Tab.1 Average RMSEs of different algorithms
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75 LM PRO RAN M- MLE CW &5
&% edS SAC SAC SAC SAC SAC /(%)

0.1 54.71 1.600 0.049 0.047 0.045 0.038 16.0
0.2 44.28 9.503 0.065 0.064 0.067 0.053 17.4
0.3 39.28 0.082 0.086 0.087 0.080 0.068 14.7
0.4 43.94 49.94 0.096 0.092 0.135 0.080 12.2
0.5 44.52 11.86 0.114 0.106 0.104 0.094 9.3
0.6 42.16 23.06 0.125 0.117 0.119 0.106 9.5
0.7 37.44 8.040 0.132 0.131 0.129 0.109 15.7
0.8 42.94 3.661 0.134 0.145 0.131 0.110 15.4
0.9 45.17 5.027 0.158 0.144 0.160 0.122 15.8

1 43.59 23.09 0.169 0.158 0.151 0.141 6.5
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Tab. 2 RMSE varies with different noise levels when inlier ratios are 0. 3 and 0. 5
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Tab.3 Average RMSE varies with inlier ratios
WA LM PRO RAN M-
Bl edS

MLE CW #&
SAC SAC SAC SAC SAC /%

0.3 187.1 96.14 0.244 0.224 0.214 0,207 3.0
0.4 156.9 12.04 0.126 0.128 0.122 0,106 13.3
0.5 5.967 0.099 0.110 0.110 0.107 0,091 7.5
0.6 0.097 0.095 0.092 0.093 0.100 0,074 19.4
0.7 0.094 0.092 0.089 0.085 0.098 0.074 13.7
0.8 0.082 0.082 0.085 0.081 0.086 0,066 19.1
0.9 0.075 0.076 0.081 0.077 0.079 0,063 16.5

1 0.072 0.072 0.076 0.072 0.077 0.056 21.5
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Tab.4 Average RMSE of different image pairs

for different algorithms

RAN MLE CwW R AR

gt edS SAC  SAC SAC /%
1—2 75.05 0.954 1.139 0.880 7.78
1—3 154.0 2.102 2.121 1.926 8.37
Bark 1-—>4 107.7 0.906 0.905 0.908 —0.37
1—-5 114.3 0.562 0.527 0.530 —0.58
1—-6 114.5 0.972 0.967 0.975 —0.86
1—-2 67.07 0.868 1.289 0.729 15.97
1—3 186.9 0.521 0.489 0.388 20.72
Boat 1—4 82.89 0.804 0.865 0.468 41.75
15 114.6 0.855 0.998 0.782 8.58
1—2 165.6 0.562 0.613 0.494 12.18
Gral 1—3 220.7 1.334 2.619 1.344 —0.69
1—4 220.3 3.859 2.506 1.761 29.73
1—-2 9.075 1.324 1.334 1.326 —0.10
1—-3 289.5 0.937 0.904 0.880 2,67
Wall 1—>4 243.8 1.407 1.686 1.392 1.08
1—-5 260.9 1.534 1,375 1.448 —5.35
1—6 267.8 2.100 2.727 1.978 5.79
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Fig. 5 Comparison of RMSE and AGR of different image pairs
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