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Fusing Local and Long-Range Information for Image Feature Point Extraction
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Abstract: Existing learning-based feature point extraction methods neglect long-range context information.
Thus, existing learning-based feature point extraction methods perform poorly in repetitive-texture and
low-texture scenes such as oil production scenes. This problem poses difficulties for the analysis of safety
video surveillance and the construction of digital twin platforms in oil field production. To solve this prob-
lem, we propose a novel and efficient feature point extraction network that fuses local and long-range in-
formation. Firstly, the proposed network utilizes efficient large-kernel convolutional layers to capture
long-range information. Then, the proposed network can extract local descriptors with higher discriminative
ability by fusing the long-range information and the local information captured by vanilla convolutional
layers. To further enhance the matching accuracy of feature points, we propose a novel method of adaptively

constructing hardest descriptor triplets within entire images. The proposed method extends the scope of con-
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structing triplets from covisible areas to entire images, which raises the similarity between the training pro-

cess and real application scenarios. On the HPatches dataset, the mean matching accuracy of the proposed
method is 2.89% higher than those of the comparison methods. On the Aachen Day-Night v1.1 dataset, the

visual localization accuracy of the proposed method is 2.10% higher than those of the comparison methods.

On the InLoc dataset, the visual localization accuracy of the proposed method is 3.70% higher than those of

the comparison methods. On the dataset of oil production scenes with repetitive and weak texture regions,

the average number of feature point matching inliers of the proposed method is 20.37% higher than those of

the comparison methods.

Key words: image matching; local descriptors; feature extraction; hardest descriptor triplet construction
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PR AR M L A IE B DL, (-} R 1IE A DT RO
ATLVE Y, fEEE s 5tt, LKCRF-Net ffiif i
) 1E i DG A5 i 2 K T A 3 T LR 22
25 0 R IR S AR U %, I DR 5 2 T 46 BLpp
25 W24 1975 A b, LKCRF-Net FOH A 1% s
B A% AR A2 T R [ A MR DX, G KBRS R
SCAw BAUR AR B, $EHCH X 8 S S0 g S

e. R2D2{18} f. ALIKE {24}

g HiR 1{15}

P38 M SR IE SR IR AE HPatches 386 4R 1 i 7 M S0 00 45 21

h. LKCRF-Net{69}
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TR P B B 5 KR 2224

%37 %

SRR T, EREEHAE 3 R, Hidh, MS %
RMZA R FHRBURRIE 5. FTLAE Y, 7R AR
K 3B ERM 54 ZE M, LKCRF-Net B8 T 5 5 i
MMA 1 HA #5345, BIEUAS T fedd it DT e A% B Fn s
7 R B A R R

3 7 #75ETE HPatches BUIEE PSSR R

34 EHKIFEMREEN

K Aachen Day-Night v1.1 B 8 PHER A
SCHFIEAE A K S 58 8 AT 55 P R RE . B
LKCRF-Net 5 7F HPatches %0454 AR 19 %F b 5
AT .

%

- MMA MS HA

( NS 3BE SRR NS 3BE SRR IR &S 3IBRE SRR
RootSIFT(MS)P*7 35.35 51.37 54.77 17.85 25.38 26.95 47.59 74.26 83.70
SuperPoint!"! 34.30 65.39 73.80 23.06 42.93 48.14 35.56 71.85 83.70
D2-Net!'?! 11.74 43.58 66.66 6.26 21.93 32.74 6.48 35.74 62.96
ASLFeat!" 39.79 72.26 82.13 24.19 41.95 46.98 37.96 72.59 83.89
R2D2!4 29.88 66.92 74.47 13.18 26.87 29.34 32.04 64.26 75.74
ALIKE!™! 41.50 68.10 74.23 24.03 37.90 40.98 42.96 75.18 84.26
LKCRF-Net 40.09 75.15 82.27 22.59 40.42 43.75 40.56 76.11 85.37

IE. HliAFRR RILE.

AR Aachen Day-Night v1.1 BIEEEH
PR AR A AL T R AR LA %5, BT A
PR BRAE S5 85, X5 A COLMAPPEf7 &%
BiefE; SR FHTE(0.25m, 2°), (0.5m, 5°)FI(5m, 10°)iX
3 25 2 (S BBl P 1 PG A R ) 2R A Sy 1T
febn. U5 RBUA M TAE, e —mEIgR, &
BAFE SR 1 2 2420 20000 ANMEAE . &
AR 4 iR, ATLLE Y, 7R304 115 25 1)
{HYEH(0.25m, 2°)F1(0.5m, 5°)/, LKCRF-Net H{
157 Jm 5 7 LA AE(5m, 10°)15% 2 B {H 70
FEl N, LKCRF-Net YT ALIKE. 325450,
LKCRF-Net X il 5156 fE A4S Ak RN A0 £ 75 117 150 45

%k 4 7 #753E%E Aachen Day-Night v1.1

BiIEE LHWEMER %
- ﬁ;.s?%% 152 S (AL
AE 025m,2°) (0.5m,5° (5m,10°)
RootSIFTE? 128 53.4 62.3 72.3
SuperPoint"! 256 68.1 85.9 94.8
D2-Net!'?! 512 67.0 86.4 97.4
ASLFeat!" 128 71.2 85.9 96.9
R2D2M 128 70.7 85.3 96.9
ALIKE! 128 67.5 85.3 97.9
LKCRF-Net 128 73.3 86.9 97.4

. LR R A
3.5 EARAXMREMTEEN

K InLoc B 82 P9 A S 0748 % AR
W ESAT S PR BE. B LKCRF-Net S5 7E HPatches
BOEE AR XS 7 e AT He AR

W UG R AE SSRGS A4 J2 8 o T HAR P e
AT B AL Z Akt R AIAE(0.25m, 10°), (0.5m,
10°)F1(1 m, 10°)iX 3 2H 15 2= [ (B Bl P 17 S E or
FRIRAE R PEI A AR, (A3 E R Z, InLoc $¥E
RS HRZREE LM S EZ. 7 InLoc %X
P45 b AR AE A VT IC AT AR 2 SR & 4 s, mT LA
F i, 7 SO S 20 X 4, LKCRF-Net fiiif
Y ERVCRCEOR T ALIKE! Ui 4 % TF A DT i
B.EMERSRME 5 Fiw, Hd, DUC Al
DUC2 /K InLoc 4l 4E iy 2 AR 5. WL
F i, LKCRF-Net B T $5 i 19 % L0 28 0 K
FE. K 4 FIEE 5 BAIF T LKCRFE-Net % T 5 &2 403
585 SO 5N SR
3.6 AME~HRPIITENLE

FI E R B Ah A 7= 58 s P LKCRF-Net
FIPERE. Xt =AM R RGBS HERZE 1
S9ECHICER, =N A SRR SR AR 24 1E 5
A GO X R A, AR SO E S 3 =
A P d A A BEALIEFE 100 X 2 4 SR8 IX J5
MIEE. T A SR EE B = E 5 B8 % DS HLE,
R A SC8 A Fan S USIRG PR 5 %, b2
RANSAC ik . NI EURRRIE 25 3 U 1
RRAE S UC N S B S T RRIEA T oA, AR AT
TE AR IO R 1 i EE 2 2520 5000 IR
A, IR B R U L 5 A T HRRAE SR VE L. o
TIRLERINGE 6 FrR. WTLAEN, 7 2 Fiigsh,
LKCRF-Net PG T 5 R I F- B4 Ak A UT Y A
B, UER T HAE A A g s
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a. LKCRF-Net

b. ALIKE!"?!

Bl 4 3 N RHUBEIL S 52 (AT 55 1 9 REAIE A5 DT FC T LA 25 1L 4]

F5 7HISEATE InLoc BUIEE LHEMER

%

DUC1 DUC2

Fik

(0.25m, 10°) (0.5m, 10°) (1m, 10°) (0.25m, 10°) (0.5m, 10°) (1m, 10°)
RootSIFT?7] 14.1 23.7 27.8 3.8 6.9 8.4
SuperPoint!'" 36.9 58.1 68.7 34.4 50.4 61.8
D2-Net!'? 29.8 52.5 66.7 35.1 48.9 57.3
ASLFeat!" 36.4 56.1 66.7 36.6 55.7 61.1
R2D20 32.3 52.5 64.6 29.8 41.2 48.9
ALIKE™! 29.3 46.5 59.6 25.2 38.9 473
LKCRF-Net 38.9 56.1 69.2 40.5 55.7 64.1
TE. AR FR AL,
*6 EAMEFGEINTHFESRERNSH

Jr ik EC/RTEEEE75 N FENETY 5 Jrik FE MY R ESN i h
SuperPoint!"! 92.34 284.07 R2D20 111.90 390.70
D2-Net!'?! 106.98 443.07 ALIKE!™! 162.64 270.29
ASLFeat" 145.86 549.07 LKCRF-Net 195.32 655.06

T HARIOR R AL,

AT b i et s Lk 7 oy
R, ATLVE G, 75 S 580 X = A2 iyl
UEMEAELZ BB ENE R,
LKCRF-Net i i1 H 9 RHE 5 19 1E 8 VT Bc £ K+
ALIKE" il H B IEAfPCEC L, UERA T LKCRF-Net

TEAT I A 53 A DR
4 2 iE

AR SCHE Y — ol A R R B B A R LR
FRIE SO 5. Bt th—> LKCRF #idk, Jf
FFZ A b T —A e 280 PR AR A5 H )
2. R T S0 A 3 A R 2 I 4% 1 [
RRAE S FR U I, 1A B BB 8 SR R R R Rl 1 5]

I, Fo 00 MR K BE B B S5 8 ok 9 4]
4R R 0 R M, Al R R Y TR R
TR UCHD. SRJG 3 —Fl TAHT J5ik, AT LK
38 T = TC A AL Y B ER R X R R
PG, 1 ELAE F A R b 26 5 e DA X 43 A Al DE i
SO, R A ISR A R T oo,
AR T EURFRAE 25 B DC L PR B, 76 R IT D | B
FEFEAL T AN K I 0 5 6 P RS
SE AT S5 Y SE G 45 S R B, LKCRF-Net 1 F%F
Feyid. (B2, 5RTA 3T 2 RS ARAE 25 4 HL
J7 5 AR, LKCRF-Net 78 #4358 7 B i 28 i 152
& L ORRRSERHE AT, Ak, KBTI Ak
PR AERAE 5 3R B 36 R A T 10 k0 22 B R A
G ik
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