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Abstract To meet the requirements of real-time and robust image stitching of unmanned aerial vehicle (UAV)
aerial photography, this paper proposes an aerial image stitching algorithm for UAVs based on an improved fast
feature-point extraction and description (ORB) algorithm combined with a progressive sample consensu (PROSAC)
algorithm. First, the feature points are detected by the speeded up robust feature (SURF) algorithm and described
by the rotation-aware binary robust independent elementary features ( rBRIEF) algorithm with rotation
characteristics. Next, the bidirectional matching algorithm and nearest-neighbor distance ratio algorithm are used to
implement feature point coarse matching; subsequently, the PROSAC algorithm is used to eliminate mismatches.
Then, the global homography transformation model is used for image registration. Finally, the gradual-in and
gradual-out image blending method is used to seamlessly blend the images. The experimental results indicate that
the algorithm achieves excellent balance between accuracy and speed, and realizes fast and good image stitching.
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Fig. 1 Determination of feature point main direction
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Fig. 2 Gradual-in and gradual-out image fusion method
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Table 1  Average time of each algorithm for feature point extraction
. Time /ms
Algorithm - - - ; B ;
Fig. 3(a) Fig. 3(b) Fig. 3(c) Fig. 4(a) Fig. 4(b) Fig. 4(c)

SIFT 1.875 1.396 0.923 7.664 8.321 7.853

SURF 0.486 0.355 0.241 2.275 2.031 2.132

ORB 0.079 0.058 0.042 0.422 0.387 0.438
Proposed 0.186 0.137 0.103 0.821 0.933 0.877

B4 TP IS EAR . oMK 15 (M 25 (oML 3
Fig. 4 UAV aerial test images. (a) Test image 1 (b) test image 2; (c) test image 3
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Table 2 Matching accuracy of each algorithm

Algorithm - - - R(M/%‘ - -
Fig. 3(a) Fig. 3(b) Fig. 3(c) Fig. 4(a) Fig. 4(b) Fig. 4(c)
SIFT+RANSAC 97.35 96.79 95.28 98.12 97.23 96.46
SURF+RANSAC 96.25 94.83 95.04 96.67 95.48 95.79
ORB-+RANSAC 92.37 90.31 90.21 91.73 92.47 89.86
ORB+PROSAC 95.03 93.76 93.44 94.39 95.29 93.53
Proposed 96.58 96.27 95.53 97.53 96.79 96.21
# 3 A FLNY TN A E]
Table 3 Matching time of each algorithm
Algorithm - - - Time /ms - -
Fig. 3(a) Fig. 3(b) Fig. 3(c) Fig. 4(a) Fig. 4(b) Fig. 4(c)
SIFT+ RANSAC 112.88 115.34 120.74 133.55 154.79 125.56
SURF+RANSAC 102.53 97.64 104.27 115.57 123.26 99.74
ORB+RANSAC 93.79 90.56 93.85 92.49 117.38 103.19
ORB+PROSAC 51.69 50.73 51.22 58.35 64.28 55.86
Proposed 53.87 56.42 55.79 64.39 73.54 60.83
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Table 4 Root mean square error of each algorithm

. Erus
Algorithm - - -
Fig. 4(a) Fig. 4(b) Fig. 4(c)

SIFT+ RANSAC 0.479 0.545 0.527
SURF+RANSAC 0.545 0.683 0.603
ORB+ RANSAC 0.717 0.741 0.692
ORB+PROSAC 0.613 0.662 0.644

Proposed 0.529 0.567 0.586
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