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Fig.1 The framework of visual geo-localization
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Fig.2 Network structure diagram of LoFTR
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Fig.3 Training process of distillation knowledge
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Table 1 Model parameters

o2 ik LoFTR AR

VAT 128 16

ResNet
HREGRZ 128,196,256 16,32,64
HIEEL 256,128 64,0
Transformer JEZHN 8 4
Wk 8 1

3.3 ETFRZBIUEENR T

Rz RS THSE R o 1 25 UM 22 R 2% 358 20, %) T
AT ARBARE TR DU PC i i Hh S B F B0 A . Sl
FW], LoFTR 7 v 3 SoftMax 1 HLVC it Jy 315745 4E
o ASCEETARIXBE B U THICHC % 32T 1 VLR B

R 3.1 95 B IA , LoF TR AR (¥ AL DL BEAR B Sz B
T AR A AR . ISRl e, i TR 5T
(1 23R, 75 B SoftMax fil Hh AbR 45 o W 7E 4 B FE A,
SoftMax pRECAN LAY , UG THERHEAR DR - i Fre ok
{ERIAT B ARUCIC . fh ot , RERLRE T 1330 P R i AR A
FFAE AR S, ACH R B B HH DR IS, 28— 2 g
FORBINE 6 Pirzn o S5 HRRZRI R T FLOFTR 647

§[>
PR

K6  JETARuXEE s R IC AL

Fig.6 The coarse matching module based on cosine distance
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Table 2 Precision of homography matrix

3px LIPY 3~5px Spx P b
SIFT 61.52 9.45 29.03
LoFTR 80.20 5.68 14.12
KD 60.47 19.48 19.69
FLoFTR 66.51 11.75 21.74

IR B 45 5L AT DL % B, FLOFTR £5 45048 BE 8t T8 4
SIFT )5, {5 J5# I LoF TR HoAA — & kS B T R, 1%
S H T R AR J5 5 AN TSRS RS B G . LA BT
KB IRZEIE MR R DL AR R, SRR 28 R 5 1 2R
AR 2, 1 FLOF TR SR U B 4 b R B 17 DR RN 1
JEURAERFAE 15% LA o R BETE 3~5px 18 B0 6 R ASiie o5
M Z . X FAR IR ZE L Spx, NIRRT R
2 FLOFTR Y H50i: 7 L3S Ky il 7 7% 24 . BRI,
HFZEIROREE T B W REARRE B T O R F b T 43 Bk
J90.5m ) TR SEAR , Spx R 25 7E 2.5m i Ay, BB /2 TN
HLsE R
4.3 EfulitsExdt

ASCHERIRB X H A EHR A E T E A REITEAG . TG
AN AL AR T 1A R V8 s, A BE AL 4 FE — 2
(RANSAC) SIEAG 11BN M 938 i Fo R T AMLAR
OFE TR 2 A b , SR J5 AR 1052 ] £ b 3 A
Rt 395 30 T AL 2285 B AR

ARSCEAT TS R 2 B Hik s, K FL g ik AR
SCAEAETCAMUAN A AT i BE T 098 A vk, i e 2
435114 200m . 250m 1 300m 1485 5 I IX AR o 152
RN 3 R 8 B, B 21 € 4R AR 3 FLSE Il , 4 et
7% SIFT S35 A 4300 , i €403 LoF TR S5k Fl i , 2%
£ 2 LoFTR 55 3 1 R Z8 18 J #0000 ol | & (2 40 3%
FLoF TR %32 FUi 435 .

IAASTR] 85 B TC AHILE 7 356 45 S v] LR B, SIFT 553



92 LIRAEE L P N

May 25 2023 Vol. 34 No.05

xR3 WHIRELER

Table 3 Localization precision of city scene

R B FHiR 2 /m fRiR 22 /m
SIFT — —
LoFTR — —
200m
KD 1.943 56.917
FLoFTR 1.881 32.345
SIFT — —
LoFTR — —
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Fig.8 Localization trajectory of city scene
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Table 4 Localization precision of wild scene

SRR SR /m I KiRZE/m
SIFT — —
LoFTR 1.59 4.74
KD 1.65 6.59
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Fig.9 Localization trajectory of wild scene
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Table 5 Model inference time(Unit: ms)
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Real-time Geolocation on UAV Based on FLoFTR Algorithm

Liu Chang', Li Jiajie', Sui Haigang', Lei Junfeng', Ge Liang?

1. Wuhan University, Wuhan 430072, China
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Abstract: Developing an efficient and robust intelligent visual localization method is an effective means to solve the
navigation and positioning of UAV under GNSS denial conditions. However, the accuracy of traditional visual
localization method is poor, thus leading to lose location easily. By improving and optimizing the high-precision image
matching algorithm LoFTR, this paper propose FLOFTR algorithm to achieve real-time localization on the UAV.
FLoFTR uses knowledge distillation method to compress the model size and improve the inference efficiency. By
improving the feature extraction module and applying the cosine distance, FLoFTR further reduces the matching time
and maintains comparable matching performance. The experimental results show that the average localization error
loss of the optimized model is less than 0.1m. And the average localization processing time is 47ms, which is
increased by more than 7 times and can meet the precision and real-time requirements of UAV localization.
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