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A feature matching method based on the images of inland
river navigation environment

PENG Shumin', LIU Lei’

(1. College of Public Administration and Humanities, Dalian Maritime University,
Dalian 116026, China; 2. Faculty of Education, Liaoning Normal University,
Dalian 116026, China)

Abstract: Image feature registration is a critical step for stitching and generating large-field images during the inland
navigation of ships. To address the problems of sparse water surface feature points and low efficiency in traditional feature
matching algorithms for image registration in inland navigation environments, this paper proposes a feature matching method
based on image super-resolution reconstruction. Firstly, the input images are subjected to super-resolution reconstruction
using generative adversarial networks to enrich image details and increase the number of image feature points. Secondly, the
ORB operator and BEBLID algorithm are employed for feature point detection and description. Then, coarse matching is
performed based on Hamming distance. Finally, an improved random sampling consistency algorithm is utilized to further
eliminate gross errors and purify inliers, achieving robust matching results. The study conducts experiments using five sets
of inland navigation environment images with challenges such as low visibility, varying lighting conditions, scale changes,
blur, and rotation. The results demonstrate that the proposed approach, leveraging image super-resolution reconstruction for
feature point extraction, achieves an increased number of feature points and outperforms comparative algorithms in terms of
matching accuracy and speed. This method meets the requirements of high-precision and real-time image matching in inland
navigation environments.
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Fig.1 Flow chart of feature matching of inland

navigation environment images
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Fig.2  Generator network structure of SRGAN model
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Fig.3  Discriminator network structure of SRGAN model

2.3 REARKR R

SRGAN HRRY S R85 oA 2 FT I 2401 2K PR
FIXSHT A5 5K oK RS S 2 o

1) AR BB VGG 2853 A8 Bl
FOPERER S HE R PERERZ R 257 K
P B 1R 0 B R P A L2 R o R IR A R i A2
BRI 2% I S O b BE S8 R A AL 1A
IR i T SR P 22 T 14 DG R B A A 2 45
PN /N W

W.. H: -
) 1 L) L]

lbi': (i'(l)x'_
V/ij W H,, 21 ;:1 b (L),

¢:,(Go,(1)),,)" (1)
KD H VI VGG MGs5i,j A j IRGBURH i 1
BRI b HZTE SR J RERBUR S @ A Fokibik
BUARATAGRFAE BRI 5 W, JH 2 VGG 928 A B 119
FEAE B PLEE 5 G, D9 A2 Jl e B BRSI 5 1, A 1R 0 B %
BI85 1, 9o BER R
2) XU R BT TR AR AR A E
TG, 55Dl 1 ) s B A Afy X 0 B 52 JR 4 A A i
PR o RPTLA J BRI SICHE T A JCt A 1) g 2 ) £ %
LRI g g BN

e = > =log D, (G, (1)) (2)

K (2)H:D, A HEGE A R = o HE R A
% log Tois FPR, Fom—FX 8O R
S55 NI sRECRIG LR 2% PR %, SRGAN 5
AU SR 5% s B
ly =13, +107°%,, (3)
Ji RN 43 7 2 i GO0 BRI LI 4 | (5] 4
AL IR 4 SRGAN BIAYH /3 Ab #L 5 , HA40 75 15 B
WS AR TS SR S A

3 KB
1) THAE PR EGS  F EREA PR




72 S A ST A 72

() EAEAEEEG

(a) JE
B4 P AE G B ST L

Fig.4 Comparison between the original image and

the reconstructed image
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SIFT 417/404 174 163 93.68 787.49
SURF 855/819 398 366 91.96 428.80
ORB 1 001/976 348 338 97.13 347.22
¢ AKAZE 789/840 376 365 97.07 615.59
BRISK 1 047/1 099 84 76 90. 48 368.52
RSO 1 401/1 368 376 98.85 260.32

(a) RJEZE (b) Ttk
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Fig. 10 Visual comparison of matching results of different algorithms
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