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Abstract: Radio frequency (RF)-based indoor positioning technology is recognized as one of the important research direc-
tions in the sixth generation wireless communication (6G) systems. With the advancement of artificial intelligence (Al),
deep learning-based indoor fingerprint localization methods have achieved significant improvements in positioning perfor-
mance. However, these methods still face the following challenges, including lengthy RF data collection periods and high
annotation costs, which lead to poor environmental generalization capability of existing deep learning algorithms across
different scenarios. To address this issue, a few-shot transfer learning indoor fingerprint localization method based on a
Siamese graph convolutional network (Siamese GCN) was proposed. The Siamese GCN model was combined with a
maximum mean discrepancy-based domain adaptation approach, requiring only a small number of channel state informa-
tion samples to be collected in the current environment. Pre-trained network weights from other environments were re-
used, significantly reducing data collection and annotation costs in new environments. To validate the effectiveness of the

proposed method, real environmental data were collected in two typical indoor scenarios: a laboratory and a corridor.
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Experimental results demonstrated that the proposed transfer learning method achieved satisfactory localization perfor-

mance using only 30% of the labeled samples.
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R E M #E SR . B e iR EZE R NEK3. &
Y AE S 56 2 PR B R 1 58 A 22 RS A R 2
(CDF, cumulative distribution function) 1 8 AT7R .
MEI 8 LLFE HY, Siamese GCN # % 5 GCN B )
VR EAARZE NN 1.322 5 m A 1.428 5 m, K
F SCNN-CSI #: % (1.513 3 m) 5 Res-Loc f& Y
(1.844 8 m) . I4b, Siamese GCN 5 Al 5 GCN #5
HYTE 80% 43 Ar i AL TR E AL R 2243 2N 2.012 3 m 5
2.043 8 m, 7%t SCNN-CSIAAMK 0.2 m F10.1 m.
5 GCN A ALFH E, Siamese GCN A% 7Y 6 Hi HY 55 4R
AR, WIHAERNBRERZ BN T, CL
FHEG T Softmax 151 25 B A B 5RK 73 K A ml6e 77 . ik
—3PHh, M CDF #IZn] ., SCNN-CSIF%4! 5 GCN
BRI FEHT 40% [X (8] 3 19 -F 3 1R ZE AT, {H M 50%
e, GCN iz 2 B KT SCNN-CSI# A, H &I

=3 EfNRE
80% 731 s Ak 11
782 A PYJRZE /m S
-~ SRR /m
Siamese GCN 13225 2.0123
GCN 14285 2.043 8
) SCNN-CSI' 1.5133 22491
Res-Loc!”! 1.844 8 2.380 1
CiFi®! 2.1547 2.9412
DeepFil™ 24568 3.8479
Siamese GCN 2.1337 32138
GCN 2.244 8 33221
SCNN-CSI!! 24535 3.724 5
A JER

Res-Loc!”! 2.8571 4.176 4
CiFi® 3.1171 4.8537
DeepFi®*?! 35141 5.734 1

SRR B BRI SR N 1 € £ 1% 22 CDF 418 9 B
Ne HTEMAE PAAAE ZIEME (NLoS,
non-line-of-sight) &1, WA= A FHRE, 555
G vE, FBUEMRER M. EXMELT,
Siamese GCN 5 2 (1) ~F-35) 52 fr 1% 22 5 80% 73 1% 22

1.0 : : 2
0.8
0.6
59
a
©)
04Fh X —— Siamese GCN
—— GCN
—+— SCNN-CSI
0.2F —*— Res-Loc
CiFi
—*— DeepFi
0 1 2 3 4 5
ftiFiRZ2/m
K8 BBV A SIS ST 1€ AL iR % CDF
1.0 T T B
0.8 F
0.6 -
3
a
o .
04+ —e— Siamese GCN
—— GCN
—+— SCNN-CSI
0.2F —*— Res-Loc
CiFi
—#— DeepFi
0 2 4 6 8 10

filii 5% 22/m
K19 SHERYTEE IR G T 158 7 1% % CDF

Sy92.133 7mA13.213 8 m, 3SR HiAl DL A
B, ISR, SCNN-CSIHLM [FIAERH 148
LR AR, (ATCIRIEMTFIIREE TS, HoEhiiR
{5 T Siamese GCN #:7 , 54l CNN BB A L, &
SCHE H R B DX 5% e A% B A A5 kb A B CST 284 (1) 72 []
EIRZRRE, 15 NP ERE = LS — 2B i T T
TENREE . 2F BRTIA, Siamese GCN AR Y 7E B /N A
[F) ) SE BRI 53 R 5 R 30 A R ) s A 1k e
53 T RESHAIFEM

1) X LA 2% 1 margin Z 80 5200 . 7E AN A
A8 T, margin BUE M 1.0 2 11.0 B (19725 52 47
%% (MEE, mean estimated error) Z& 4k U118 10 At
No HHE10R %0, 24 margin = 5.0F, MEE#/),
ENL M RE I . AN 18 margin {5 K T8 & /N F1Z 5L
H, et . Wik, EESEMART
Siamese GCN [ 5& fi7 £ 4 1, ¥ 44 margin ¥ 5&
H5.0.

2) ks or A . IR Rk, SE kX
AR A EE RN . ASE k{E T Siamese GCN
BRI 8 ST e 2R B 11 B, B k35K, IE



« 72 ¥oOBE M % 9%
2.4 2.4 — : : : : : : :
221 221 W 1
—— I —— %
201 —— S 207 o TE
£ £
m18 m18
= =
161 161 1
e ‘\/ﬂ 1.4+ \\//i/?/‘A 1
12— ‘ ‘ ‘ ) ‘ 12— : ] : ] : ‘ :
1 3 5 7 9 11 1 3 5 7 9 11 13 15
i HRZE/m ki
10 K[ T margin [ MEE Bl12 A kfE T Siamese GCN #7A! [) MEE
1.0 =4 AEIERFEI RGN FEMIRE
0.9 . NN SE 1R ZE/m
T VEviE
1-shot 2-shot 3-shot
0.8
" TL 27279 24451 22749
jﬁ 0.7 Siamese GCN Without TL  3.9451 3.3945 29426
06 Baseline 21337
TL 3.0317 26513 24015
0.5
GCN Without TL  4.0405  3.7649  3.2311
4 : ;
0 1 3 5 7 9 T 3 T Baseline 2.2448

KfE
E11 AR k{E T Siamese GCN #E R (1) & i AEff %

AL B T8 NG AA AR AR G R 2B W 4 1 o 7 7B R
Wi, Hk=708, {Fi&ALRESME EFAL
B MEZR 0 80%; T 7E LI IS, AR bnit
— BRI B L190%. SR, kARSI RN, %M
R KR AR T 2% -

AN kAT Siamese GCN #i ! ff) MEE 114 12
Fi7Re TEPRISEROIAEE R, S8k MEUETER Y 1.0~
15.0. HE 12775, Mk=500, LiLRIELK
HIEAE AN, MEEYIERIRL. BEE kY
KEGE/DN, PR R ETE . thah, 4
kit — BRI, PR AR E T E R .
256 79 M1 Siamese GCN F& 71 AN S 56 38558 1 1 8
PitERE, BRIk = 5.01E RIS
5.4 E-T Siamese GCN 5 GCN#BIFIFHBES R
FZEMMERERTEE

EF TL &% 11 Siamese GCN 5 GCN A& 7 [ *F
YBe iz W€ 4. H i, Baseline &/~ 7E1#H F 7€
R GE I T Rk B 1) B FE B AL PERE, m-shot RoR
AL B AL CSIFE AR . HER 4 LLEH,
IS S R ORI RS, E R R T

WERTE. XK, Siamese GCN A5 7 g8 % 1 i )
FH HAR IR 5T o B YN ZRAE A R $g v o Rk 5 &
o HIK, BEEn IR, A BA R RE A B
Tt AHE LR 22 1 O S I H A BRI AN . A
1-shot £ 2-shot B B, 5 057 14 BE (1) 32 T 1 E B 5 AR
THA B, X —I R 0T AULEH . Bl IR A%
RN, wg R EE S TRE. &fE, ET
Siamese GCN A KT 5 ) RGAE BRI PERE | W3
L F GCN Y, 7E 3-shot 1%L T, Siamese GCN ]
SFHIEARZE AN 22749 m, T GCNAEALA2.401 5 m.
PEREIR T R R AE T, 5 4% 4t 1Y Softmax 47 25 AH
b, 242 X 2% 0 1) CL Re 8 76 FRFEAS 2644 T B8 4
HFZIRAE AT BN AERIROC R, AT HR AR A (1) 1)
aee 1 5z A RE

N B R AR R 4 RS RN P T RE R, BT
TR TTRAN T RS (Baseline) & 7% 2 1) H
B, HERWE 13 R, 1E3-shot LT, &T
Siamese GCN [1) TL #5843k B | 5 28 1% 58 11 95%,
1M GCN BB 85% . X — 45 it — LI IE T A
TR NARSUE AL N RS, BIREAE A 2%
5 AR o ORI EE . @ I 2R b s



54 3] MR BT 2R BB A I AR 1N AIE AR 2 2) T N R EUE L <73 .

RUERS 2B AT, AT 25 PR AR AU SR A S ARV 1
A

100%

I Siamese GCN
I GCN

80% |-

60% |-

R 2 L]

40%

20%

0

1-shot 2-shot 3-shot
YILFEA

BI13 ARG T RRAT O 3 2 5 i 18 22 1 L)

55 ETMK-MMDBLERE S RGEMIERE
NG UETE MMD AE 28 T V% 5 AT 38 Y ) 25 1)
T ERE, W& I ELA 7 2T Siamese GCN [ 7€ fiL
RGLELL T 3FTH TR N MEE: OfUHEAT fii B
fine-tuning; @7E H.A>FC 2 LW H 2T MMD 140
BHEN:; @FEZFCZE ENHET MK-MMD [
YU EIERN . ARIVIGFEARS, 3T TR TFTL
ARGMMEE W 14 FioR. 5847 ZMH,
K FH 5L T MMD [ 885 5 3 B AE % AL 2R 30
W R EA R, XK, I AFET MMD 1k
LRSS A RARTHE RS MERE . —2DHh, Xtk MMD
5 MK-MMD P #8085 H & )% 77 %€, 1E 3-shot 15 /L
T, T MK-MMD [ 77 235 8 (i iz 2 h 2.188
1 m, 0T MMDHI2.2456m. BIfEAEREAER/DH
THOLR 3T MK-MMD (¥ 77 S8 bb s a3 i 1 35
ATHETFZ1 8%, AHLEMMD$HEF2)4%, XK, 3T
MK-MMD (1R E TL 75 S RE% A %08 H 2~ FC )= (1)
BTERHIEE R, STt M ERE .

—%— fine-tuning

2.1 ;
1-shot 2-shot 3-shot

HEREZN
E 14 3FNERTTE T TL R4 H MEE

1E MK-MMD #E 22 | 3 F Siamese GCN it #
ORI CDF M4 i 15 Fron . 45 RR M, Bt
PR TL RS 1E 7L 37 5 AU FH 30% (AR vERE
A R AT SEE S I S AL 1 R

1.0
-
-
A -
0.8+ -7
’
’
,

0.6 | / = = Baseline|
5 Pl —— 3-shot
O ’ 2-shot

L v
0.4 , 1-shot
7
02+ Y
/
0 1 2 3 4 5 6

A% 2% /m
15 7£ MK-MMD HE42 T %5 T- Siamese GCN [
IEAS 2 SRR Y CDF 28

6 4ERIE

A 7 — P gL T Siamese GCN H /M AR
TL &%, HTENBLUEN. ARG ETE S
SRR B N\ AR AT A% A D AR A
(IR EE R, SEH T 2 3 PR R AR 5 hRvE A
P EbR. LIREE R, EWFRETET, AR
JIT B B8 2 2] RGuANAE I 30% FIFREAE A A] 5k
R ENYERE . BEAh, AT R ATREL
SERLHE WL AR SO PE R AR . T 5IT A )
ML T A R AT .

TR B2, TR 2 B R R A R
WAL HARI R BA — & BAHME, A BeA 20k
DUNGRIT [RIFIRAS . G RN s [0 22 Rt ok,
TR MR T REZ IR, 2 75 Bk H R 25
B s e A RE A R B AR MERE . UbAh, B EIERE
EAMIK ST ISR, & n] gextPERe =4
M. Bk, 7E49ATF B, AR T s
B EEEH TSRS . FE—P 1, APk
PR IR T BN [ — M N AR S 8
RIAGRE R R, SNitt, o A SR A A DI B 3 5
A S EL ), TR EON R AT K S b R4S
1E. BRI, AR FTT7 R AT A4S 5] A MAML 4§
TG SJHEZREHS), PR RILEA [F] 5 A=A 55 (R 30
AIEMHLE, DUk — 20 1 58 A SCHE H Y Siamese
GCN RGPS a1



- 74+ Wow R ¥ 9%
SECHR: [14] LIU K, ZHANG H, NG J K, et al. Toward low-overhead
fingerprint-based indoor localization via transfer learning: design,

(11 FORE, K, BT, & A E A E AR R IVRERR ], implementation, and evaluation[J]. IEEE Transactions on Indus-
SR E AL 2ER, 2019, 7(4): 5-12. trial Informatics, 2018, 14(3): 898-908.

YAN D Y, SONG W, WANG X D, et al. Review of development [15] SHEN W X, ZHANG H X, GUO S S, et al. Time-wise attention
status of indoor location technology in China[J]. Journal of Navi- aided convolutional neural network for data-driven cellular traffic
gation and Positioning, 2019, 7(4): 5-12. prediction[J]. IEEE Wireless Communications Letters, 2021, 10

[2] ZHANG L, CHEN Z H, CUI W, et al. WiFi-based indoor robot po- (8): 1747-1751.
sitioning using deep fuzzy forests[J]. IEEE Internet of Things Jour- [16] CHIOU M J, LIU Z G, YIN Y F, et al. Zero-shot multi-view in-
nal, 2020, 7(11): 10773-10781. door localization via graph location networks[C]//Proceedings of

[3] SHAO W H, LUO H'Y, ZHAO F, et al. Accurate indoor positioning the 28th ACM International Conference on Multimedia. New
using temporal-spatial constraints based on Wi-Fi fine time measure- York: ACM, 2020: 3431-3440.
ments[J]. IEEE Internet of Things Journal, 2020, 7(11): 11006-11019. [17] LIANG C, ZHANG H X, YUAN D F, et al. Location property of

[4] WANG Z, GUO B, YU Z W, et al. Wi-Fi CSI-based behavior rec- convolutional neural networks for image classification[J]. IEEE
ognition: from signals and actions to activities[J]. IEEE Communi- Transactions on Neural Networks and Learning Systems, 2021, 32
cations Magazine, 2018, 56(5): 109-115. (9): 3831-3845.

[51 BRxtiE, XMEAT, BRaGom, 55 . i3RI WiFi 880 HE N = [18] LI Q, LIAO X W, LIU M M, et al. Indoor localization based on
N SE A 7 VD). AR AR 224, 2015, 28(5): 729-738. CSI fingerprint by Siamese convolution neural network[J]. [EEE
CHEN B T, LIU R R, CHEN Y Q, et al. WiFi fingerprint based Transactions on Vehicular Technology, 2021, 70(11): 12168-12173.
self-adaptive indoor localization in the dynamic environment[J]. [19] LIJJ, LU K, HUANG Z, et al. Transfer independently together: a
Chinese Journal of Sensors and Actuators, 2015, 28(5): 729-738. generalized framework for domain adaptation[J]. IEEE Transac-

[6] AIEfE, ¥ER, sk 5134, 4 . AT RSSII % N WiFi & fL R [T]. tions on Cybernetics, 2019, 49(6): 2144-2155.

TR LR 5 BT, 2020, 41(10): 2958-2962. [20] LIU F, LIU J, YIN Y Q, et al. Survey on WiFi-based indoor posi-
ZHU Z W, JIANG W, ZHANG G L, et al. Indoor WiFi location al- tioning techniques[J]. IET Communications, 2020, 14(9): 1372-1383.
gorithm based on RSSI[J]. Computer Engineering and Design, [21] QIU T, LIU J, SI W S, et al. Robustness optimization scheme with
2020, 41(10): 2958-2962. multi-population co-evolution for scale-free wireless sensor net-

[7] GONULTAS E, LEI E, LANGERMAN J, et al. CSI-based multi- works[J]. IEEE/ACM Transactions on Networking, 2019, 27(3):
antenna and multi-point indoor positioning using probability fu- 1028-1042.
sion[J]. IEEE Transactions on Wireless Communications, 2022, 21 [22] 4, HE, PVIE, & . B TE RIS B 1) WiFi IR AT
(4): 2162-2176. R[] FARTHE 2240 (E AR RR), 2016, 36(1): 94-103, 110.

[8] T E i, AT, 9%, 55 3T 8RR QU ) WiFi = N & ZHU H, XIAO F, SUN L J, et al. CSI-based WiFi environment
AL J7E[T]. HhER 2 (RME 2., 2024, 22(8): 102-106. sensing[J]. Journal of Nanjing University of Posts and Telecom-
NING X W, XIA LY, ZHU H Y, et al. WiFi indoor location munications (Natural Science Edition), 2016, 36(1): 94-103, 110.
method based on enhanced fingerprint feature[J]. Geospatial Infor- [23] GHARAT V, COLIN E, BAUDOIN G, et al. Indoor performance
mation, 2024, 22(8): 102-106. analysis of LF-RFID based positioning system: Comparison with

[91 WANG X Y, WANG X Y, MAO S W. Indoor fingerprinting with UHF-RFID and UWB[C]//Proceedings of the 2017 International
bimodal CSI tensors: a deep residual sharing learning approach[J]. Conference on Indoor Positioning and Indoor Navigation (IPIN).
IEEE Internet of Things Journal, 2021, 8(6): 4498-4513. Piscataway: IEEE Press, 2017: 1-8.

[10] KO C H, WU S H. A framework for proactive indoor positioning [24] BAHL P, PADMANABHAN V N. RADAR: an in-building RF-
in densely deployed WiFi networks[J]. IEEE Transactions on Mo- based user location and tracking system[C]//Proceedings IEEE
bile Computing, 2022, 21(1): 1-15. INFOCOM 2000. Conference on Computer Communications Nine-

[11] PAN S J, YANG Q. A survey on transfer learning[J]. IEEE Transac- teenth Annual Joint Conference of the IEEE Computer and Com-
tions on Knowledge and Data Engineering, 2010, 22(10): 1345-1359. munications Societies (Cat No 00CH37064). Piscataway: IEEE

[12] LT L, GUO X S, ZHAO M X, et al. TransLoc: a heterogeneous Press, 2000: 775-784.
knowledge transfer framework for fingerprint-based indoor local- [25] REZR, AT MRTME, 5 HET KT 4BV R WiFi & AL 78 5
ization[J]. IEEE Transactions on Wireless Communications, 2021, ] THEAL AR, 2017, 43(3): 289-293.

20(6): 3628-3642. WU Z T, CAIR Q, XU S Y, et al. Research and improvement of

[13] ZHANG Y, WU C B, CHEN Y. A low-overhead indoor position- WiFi positioning based on K nearest neighbor method[J]. Com-
ing system using CSI fingerprint based on transfer learning[J]. puter Engineering, 2017, 43(3): 289-293.

IEEE Sensors Journal, 2021, 21(16): 18156-18165. [26] YOUSSEF M, AGRAWALA A. The Horus WLAN location deter-



ELE B -

BT BRI 2 IR INEARIE RS 2 2] B IR EUE Ar

e 75 e

[27]

(28]

[29]

[30]

(31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

mination system[C]//Proceedings of the 3rd International Confer-
ence on Mobile Systems, Applications, and Services. New York:
ACM, 2005: 205-218.

WANG XY, WANG X Y, MAO S W, et al. Indoor radio map con-
struction and localization with deep Gaussian processes[J]. IEEE
Internet of Things Journal, 2020, 7(11): 11238-11249.

LI D, ZHANG B X, YAO Z, et al. A feature scaling based k-
nearest neighbor algorithm for indoor positioning system[C]//Pro-
ceedings of the 2014 IEEE Global Communications Conference.
Piscataway: IEEE Press, 2015: 436-441.

WU K S, XIAO J, YIY W, et al. CSI-based indoor localization[J].
IEEE Transactions on Parallel and Distributed Systems, 2013, 24
(7): 1300-1309.

WU G S, TSENG P H. A deep neural network-based indoor posi-
tioning method using channel state information[C]//Proceedings of
the 2018 International Conference on Computing, Networking and
Communications (ICNC). Piscataway: IEEE Press, 2018: 290-294.
XIAO J, WU K S, YI'Y W, et al. FIFS: fine-grained indoor finger-
printing system[C]//Proceedings of the 2012 21st International
Conference on Computer Communications and Networks (ICCCN).
Piscataway: IEEE Press, 2012: 1-7.

WANG J, XIONG J, JIANG H B, et al. Low human-effort, device-
free localization with fine-grained subcarrier information[C]//Pro-
ceedings of the IEEE Transactions on Mobile Computing. Piscat-
away: IEEE Press, 2018: 2550-2563.

HARSHANAND B A, SANGAIAH A K. Comprehensive analysis
of deep learning methodology in classification of leukocytes and
enhancement using swish activation units[J]. Mobile Networks
and Applications, 2020, 25(6): 2302-2320.

SANGAIAH A K, GOLI A, TIRKOLAEE E B, et al. Big data-
driven cognitive computing system for optimization of social me-
dia analytics[J]. IEEE Access, 2020, 8: 82215-82226.

WANG X Y, GAO L J, MAO S W, et al. DeepFi: Deep learning
for indoor fingerprinting using channel state information[C]//Pro-
ceedings of the 2015 IEEE Wireless Communications and Network-
ing Conference (WCNC). Piscataway: IEEE Press, 2015: 1666-1671.
WANG XY, GAO L J, MAO S W. CSI phase fingerprinting for in-
door localization with a deep learning approach[J]. IEEE Internet
of Things Journal, 2016, 3(6): 1113-1123.

CHEN X, MA C, ALLEGUE M, et al. Taming the inconsistency
of Wi-Fi fingerprints for device-free passive indoor localization[C]//
Proceedings of the IEEE INFOCOM 2017 - IEEE Conference on
Computer Communications. Piscataway: IEEE Press, 2017: 1-9.
WANG J, ZHANG X, GAO Q H, et al. Device-free wireless local-
ization and activity recognition: a deep learning approach[J]. IEEE
Transactions on Vehicular Technology, 2017, 66(7): 6258-6267.
WANG X Y, WANG X Y, MAO S W. Deep convolutional neural
networks for indoor localization with CSI images[J]. IEEE Trans-
actions on Network Science and Engineering, 2020, 7(1): 316-327.
ZHANG L Y, WU S H, ZHANG T T, et al. Automatic radio map

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

adaptation for robust indoor localization with dynamic adversarial
learning[J]. IEEE Transactions on Industrial Informatics, 2025, 21
(2): 1615-1624.

ZHANG L Y, QIU Y F, WU S H, et al. GraphLoc: enhancing
fingerprint-based localization with graph representation learning[J].
IEEE Internet of Things Journal, 2025, 12(12): 21593-21603.
SHOKRY A, TORKI M, YOUSSEF M. DeepLoc: a ubiquitous ac-
curate and low-overhead outdoor cellular localization system[C]//
Proceedings of the 26th ACM SIGSPATIAL International Confer-
ence on Advances in Geographic Information Systems. New York:
ACM, 2018: 339-3438.

CHEN B J, CHANG R Y. Few-shot transfer learning for device-
free fingerprinting indoor localization[C]//Proceedings of the ICC
2022 - IEEE International Conference on Communications. Piscat-
away: IEEE Press, 2022: 4631-4636.

LI X N, GUOY, LI F F. Few-shot indoor localization model based
on simplified graph convolution and adversarial Gaussian process
regression[J]. IEEE Internet of Things Journal, 2025, 12(13):
24490-24502.

PAN S J, TSANG I W, KWOK J T, et al. Domain adaptation via
transfer component analysis[J]. IEEE Transactions on Neural Net-
works, 2011, 22(2): 199-210.

LONG M S, WANG J M, DING G G, et al. Transfer feature learn-
ing with joint distribution adaptation[C]//Proceedings of the 2013
IEEE International Conference on Computer Vision. Piscataway:
IEEE Press, 2014: 2200-2207.

LIU K, ZHANG H, NG J K, et al. Toward low-overhead
fingerprint-based indoor localization via transfer learning: design,
implementation, and evaluation[J]. IEEE Transactions on Indus-
trial Informatics, 2018, 14(3): 898-908.

WANG L, SHAO Y, GUO X S. An adaptive localization approach
based on deep adaptation networks[C]//Proceedings of the 2019
International Conference on Control, Automation and Information
Sciences (ICCAIS). Piscataway: IEEE Press, 2019: 1-5.
HALPERIN D, HU W J, SHETH A, et al. Tool release: gathering
802.11n traces with channel state information[J]. ACM SIGCOMM
Computer Communication Review, 2011, 41(1): 53.
BERTINETTO L, VALMADRE J, HENRIQUES J F, et al. Fully-
convolutional Siamese networks for object tracking[C]//Computer
Vision - ECCV 2016 Workshops. Cham: Springer, 2016: 850-865.
LIU B, YU X C, ZHANG P Q, et al. Supervised deep feature ex-
traction for hyperspectral image classification[J]. IEEE Transac-
tions on Geoscience and Remote Sensing, 2018, 56(4): 1909-1921.
LUNGU I A, AIMAR A, HU Y H, et al. Siamese networks for few-
shot learning on edge embedded devices[J]. IEEE Journal on Emerg-
ing and Selected Topics in Circuits and Systems, 2020, 10(4): 488-497.
WANG X Y, GAO LJ, MAO S W, et al. CSI-based fingerprinting
for indoor localization: a deep learning approach[J]. IEEE Transac-
tions on Vehicular Technology, 2017, 66(1): 763-776.

WEI W, YAN J, WU X F, et al. A meta-learning approach for



© 76 ¢ o W

$9%

device-free indoor localization[C]//Proceedings of the IEEE Com-
munications Letters. Piscataway: IEEE Press, 2023: 846-850.

[55] TAO JY, WANG X J, HAN C P, et al. Few-shot meta-learning for
dynamic indoor fingerprinting localization based on CSI images[C]/
Proceedings of the 2025 IEEE Wireless Communications and Net-
working Conference (WCNC). Piscataway: IEEE Press, 2025: 1-6.

(EEEN]

FEBL(1987—) 53, L, Rl K8
F5E B TR A, FEPA TN
NEREEE AR LR LR T
[

i (1996— ), 55, B RKFE R R B
Betd A, EEWFI T M T LA )
HEIME S, EREMFE. BT R
itAzZE (EDA) Hidk.

iE(1994-), Y, W, mEatlpE RS
G SE R TGN, 3SR 55 W
BB AE . KA MIMO. &AM
HfE.

FHU99%6-), T, 14, FIRIHBHE K
BESEE TR, FEPAITN
NEGEE S, MR R4,

Eiiﬁ(l991—)v %’ T@j:’ @j‘?’ifﬂﬁ%ﬁ
PRI, EEWTUT RGBT
P2, AL, KRR MIMO.

BOEEF(1983-), B, ML, BEHiHR
SRR B . ARSI, 38
FLJT FNEZ AR RIS 5 . &3
FHA.

RHEE (1956-), 5, (WM 2A4Rk) $AT
Bt PPy (DN 2 C N /) PR B I A
Bete, thEEEASMBEN TR RS T

MR, FEEBTEBEESSEE, FE

(E%) DIRMBE LB e e, ZHE 71
NTELMEEML . 238 E 5P .



