20265 2B = F IR February 2026
_#0% %M JOURNALOFGRAPHICS  Vol#7 Nol_

—H XA TR = TRIEIR A G A

@gﬁﬂ‘, _/%\;/\‘77 ’ /T\}f/ﬁ]m, T W%
(ZBAFHENERF LR, #Hl T E 443000)

i B A ARG ERGTEERAA LR FT P B E o CRAFLE TR, T
Pt 69 E-LoFTR BRI B k. B, KALMABEBHMERR S, RE T —A 36L& SIFT AL A
HEARL S, HERELTRE Xiﬁémiéﬁ(smn ERHMATRTEREE G iwﬁ(homography)éﬁmﬁﬁ%ﬁ%
N1, RETHANSKAATHGERR A, RE, BRF T FTa&RNEZZANG, RS TaE RS

P BN RIER(Q). A(K) H(V), EANMIUTAB I EFRA TEAGEHME., RE, A TBLIFIER
A dAL P4 S MK F A, 1% B Fusion-DySample LR F A% 3 42 A IEBL M AR o 2/ FF 2L 4% 5 MegaDepth L 49 5%
LR EY, IRBG T ERERBEZELZEMAN 5°, 10° = 20° TN ZELEFRTHEXT ORI HN
57.1%, 72.7%%= 83.9%, # E-LoFTR % #I#&H 0.7%, 0.5%F= 0.4%; & F MegaDepth # ey 2 EHE
NewMega Ao fa 7 Tk 445 b, e &t & Ao R he 4553 2 E R,

* # i8: BB EE; E-LoFTR; XM AT #k; SIFT; & 7 Ukl

B ES: TP39141 DOI: 10.11996/JGj.2095-302X.2026010090

X Ek R iR ES: A X E 4 5: 2095-302X(2026)01-0090-09

An image matching method for large viewpoint variation scenarios

XIANG Mengli, HUANG Zhiyong, SHE Yali, DING Tuojun
(College of Computer and Information Technology, China Three Gorges University, Yichang Hubei 443000, China)

Abstract: To address the significant decline in matching accuracy and the number of correspondences exhibited by
existing image-matching methods under large viewpoint variations, an improved image-matching approach based on
E-LoFTR was proposed. Firstly, based on a strategy of viewpoint rectification followed by fine-grained matching, a
novel two-stage SIFT-based viewpoint-rectification module was proposed, which leveraged the viewpoint invariance
of the Scale-Invariant Feature Transform (SIFT) algorithm and the geometric alignment capability of homography to
enhance matching accuracy under large viewpoint variations. Then, a directional-gated attention mechanism was
designed that employed a cascaded structure of multi-directional convolutions and dynamic gating to extract queries
(Q), keys (K), and values (V). The injected geometric priors significantly enhanced the model’ s robustness. Lastly,
to mitigate information loss during the upsampling of fused features, the Fusion-DySample module was incorporated
to further improve performance. Experimental results on the public MegaDepth dataset showed that our method
achieved relative pose estimation AUCs of 57.1%, 72.7%, and 83.9% under rotation error thresholds of 5° , 10° , and
20° , respectively, outperforming E-LoFTR by 0.7%, 0.5%, and 0.4%. On the newly constructed NewMega dataset
based on MegaDepth and on a private industrial dataset, our method also demonstrated substantial improvements in
both the number of matches and matching accuracy.
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Fig. 1 Overall framework of the method ((a) Preprocessing; (b) Feature extraction; (c) Feature reconstruction; (d) Coarse

matching; (e) Feature fusion; (f) Fine matching; (g) Inverse transformation)
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Fig.2 Two-stage SIFT-based viewpoint rectification Process ((a) First stage; (b) RANSAC filtering; (c) Second stage;
(d) Homography warping)
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Table 1 Comparison of homography estimation

results/%

Jiid @3px @5px @10px
DISK+NN 523 64.9 78.9
SP+SuperGlue 53.9 68.3 81.7
SP+LightGlue 54.5 68.7 82.1
LoFTR 65.9 75.6 84.6
MatchFormer 66.2 76.1 85.6
E-LoFTR 66.5 76.4 85.5
Ours 67.0 771 86.2
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Fig. 4 Example images from NewMega dataset ((a) Original image; (b) Image rotated by 60°; (c) Image rotated by 90°;
(d) Image with weak homography transformation; (e) Image with strong homography transformation)
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Table 2 Image matching results on NewMega dataset/(m/p/MSR)

NewMega (r = 60)

NewMega (» =90)

NewMega (H-easy) NewMega (H-hard)

s m P MSR/% m p MSR/% m P MSR/% m p MSR/%

SIFT 5995 6340 94.6 7 446 7 643 97.4 2558 2877 88.9 571 759 75.2
LightGlue 0 15 0 0 14 0 790 1449 54.5 649 1207 53.7
E-LoFTR 0 0 0 0 2 0 5602 6542 85.6 1755 3063 57.2

Ours 13310 13 366 99.6 12404 12515 99.1 16330 16341 99.9 14531 15879 91.5

e R R R

5 NewMega /] EHRUTHEC o] 4400 b 25 R
Fig. 5 Qualitative comparison of image matching on NewMega dataset ((a) SIFT; (b) LightGlue; (c) E-LoFTR; (d) Ours)
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Fig. 6 Example images from OurData dataset ((a) Original image; (b) Image rotated by 60°; (c) Image rotated by 90°;
(d) Image with weak homography transformation; (e) Image with strong homography transformation)
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Table 3 Image matching results on OurData dataset
. OurData (r=60) OurData (=90) OurData (H-easy) OurData (H-hard)

i m p MSR/% m P MSR/% m P MSR/% m P MSR/%

SIFT 856 959 89.3 1305 1349 96.7 329 503 654 117 251 46.6
LightGlue 1 20 5.0 0 35 0 485 789 61.4 373 691 539
E-LoFTR 6 71 8.5 9 647 1.4 3352 4107 81.6 1432 2847 503

Ours 7 843 8640 90.8 7920 8 682 91.2 9575 10 093 94.9 9286 9623 96.5

T ISR AR .

(@) (b)
7 OurData b [¥) EHZ UUEC w] #0425 S
Fig. 7 Qualitative comparison of image matching on OurData dataset ((a) SIFT; (b) LightGlue; (c) E-LoFTR; (d) Ours)
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Table 4 Ablation study

J5 i @s° @10° @20°
LAY E-LoFTR 56.4 722 83.5
A 56.9 72.5 83.8

B 56.7 724 83.7

C 56.6 724 83.6

D 57.1 72.7 83.9
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