X Bt 5 ¥ iE R
¥5& FH3WH 2023 £ 9 H

RNERSTGEEE

HUERS

&

F AV: THHED ZERH!
(1. PEFFRLHEHFER P, b7 100190;
2. PEAMAFRRXFEFEFTEFREEARTEZ JFE 100190)

i M:[BR/EX] #EREEEIALFEENMENEERE, 2EMMARBEREF RN ERE
AR, HYROARTHAREEREGTEENHIFERNE, [77E/SE ] XA AR LA 47%, 5 Web
of Science %/ B IEEF 16 053 HH e Ak 4 56 X R A £ 7 £ HAT T 207 [ER /&g ] B4
MAEFRERKLENT RENHKESE, AR I0RFHREDEHRT RO R EMEAERLT %,
EHRFP, FRE (AFELLAERE) BEMAZZIRNHARAET W, KELY. ER. ZAUREH
B RS EwmA A NR TR, FRERKE. WA W% . Dempster—Shafer IEHFE B U ZALE %3 (&
EREF ., XHFRENE) SERERESNAE T E, ABERGARTEEHRT % 7 ELAME L%,

Kitin): #E@HE GE@MAE HR@me ZRBWER HEAL VOSviewer

A G202

DOI: 10.31193/SSAP.J.ISSN.2096-6695.2023.03.03

SR, AR o RE TR, R R BTN RAFHCRRAE AN ML B i 1
A SETRAERL G TERE G X R i b A N B, 20 T4l 90 4R, 36 4E G TT i
SR I FE R il 1)L, 20 128 80 AFAX, iy SE[EI [ Bl FR K 45 52 85 %5 JDL (Joint Directors of
Laboratories ) £5, M7 &G TAELL (Data Fusion Working Group ) '), FFif R G I s @l
FHIOFTE . FEOTTEH, IDL ARG A EXPER RS AR, R EdERE G e SO R A 2K
i AE R IR A BE IN LI OCER (association ), AHIE (correlation ) DL KB ( combination ) 13 7,
PISRASHERA AL A B Ak (position & identify estimation ), M4 AN T A5 B FIEE
BRI EAS 12 IDL AR RS LS A, Rk AR RS TS S R R T AR

* ORI F P BAF R AR IRAE A X F AR B PR HIEALRE ARG E AR AR (R B %5 E1290002 )6 BT MR Z —,
[fEE®E N ] & (ORCID: 0000—-0002-4096-2795) , %, &AL A, -+, Email: lijie2022@mail.las.ac.cn (GBIRAEH ) 5
TH 4 (ORCID: 0000-0001-8777-1171) , %, @I#F5%4E R, ML, Email: yuqianqian@maillas.ac.cn; £ £ FH (ORCID:
0000—0003—2539—2218 ) , %, 485, A4, Email: wangyj@maillas.ac.cn,

026



FXR, TERE TEH . JUEREMRNERSFEES [J] . XM E5EIEFER, 2023, 5(3) : 026-041.

IR, BARRLG e SEIR T2 30 RAEM DI, (AREERARULRE, Bsn) ik E & 4
T AEFTRECTARRHT O AR R TR SR A
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SRR R B RS A O, TEIZSIE 2K RIE I T — BBy e B R R S e . AR
M ORI I AELMERIBEZEEERS L, Sy 1 S 4 i DA R R Rl 5 A AIF 5 B SRR IR AP
ARSCHI I PRIERT Web of Science K, AR AR AL-G AOBFFE SR, SR F S i) Rl RO A AL
T (co—words ) BYTTIE, X BREERLG BB FT AL BAZ 0 B R Bl & ik A T or o 5 00
Br, VIORIREIEEAMGRIMET , TR MKl A SRR BRI S 4%

1 #BESHE

1.1 HHEEIR

ARSCEAEATE T Web of Science #2055, F 48U B 1 SCUSSCI Y HIIE SCH CPCT 2%
BORSCEUR . TEBAER RN, f AT RO A R, EdREG . 5 BRE AR RS B =
THMAUE R RN, AU “BIERS " SRGAR =R Bl ml a4 k. R R b o sl ]
fusion . integration, aggregation >AE K “RET BSESCERIN, FTEERE R . R A R]E R
4 1900~2021,  LAZRIEIE 2] 2021 419 BrA Bl il 5 BHOSCR e . SRRt ==k .

(TI= ( “data fusion*” OR “data integrat*” OR “data aggregat*” OR “information fusion*” OR
“information integrat*” OR “information aggregat*” OR “knowledge fusion*” OR “knowledge integrat*”
OR “knowledge aggregat*” ) AND FPY=1900-2021 ) AND LA= ( English )

BR8] 1966~2021 4[] & 1 16 053 ARl A M8 30, 7 A aniE 1.
MABTC BT BERFEAR T, AT LUK Rl 5 1 R R 3 g DAY . Wi 2R3 St R il
AR (1) FIpRig A R (1), 1966~1989 - Kk fill & A ST SCE BEARML, X5 24 I HicHis il
B I SRR A K AR FU B G B B A b B5cdha b BROAASE LU A/, B —BRdi R
o3 A ELAL T/ NS, X ZUEAE RS T ORAR D . 1990~1998 4, Hidla il & 1918 30 H 2
o bE—BrBamER, (ERR AT IRAL T U AR, AR 1999 4R L T /MRS R I
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1999~2009 4, Bdiml & e 30 I EE AR I (1), R0 EK G, RUNZH BT
BER A AT R FNICTERE I . 18307 I AE 2010 4E 20 /Mg RS, SO R T Hes g, it
AP Z R (1), 2010~2021 4, K8l . ATRGE . PSR | Bamab B/ Hr
ARE R, BdEal A B AR RS BRI TR T 25BN, ZdiEmn & rRHIE™ t 3Gk T8
R

1.2 BARBE

h T BREBHE A WA ST BRI, A ST D TRI AR 3] A 4 B T SO A Y S R T
It e TAARGE T AT R LA RS B0 il A 18 SO R AT, B S & (1 S8R £ B (DE)
t, SRBORGEHH R — A A P AR, LA BB A G BRI P L R SR BRI 43
Breb, 38R0 e A0 ) O BT e RAE SCERAIHE AR M BIF IR A . SCBHIR) IR 23 B (A M R4 52 3
SCHREUEAE O IFIE N2, (22 Xof SCA) 5 SR 2 (A1 SUOC R I8~ . PRI, ZETR330 20 B 11 S i
b, dE—E IR TR s, X EE B ORI R 4 T AT

LR B R R T LB BT R 20 tH42 80 AFAR, LATEERMERFFT O Callon AL H
WA CRHFRAR SN EE ) AR, BEE RNz, HAEAR s &
e, B, TE ORISR AR, A R AR ; 7R X SRk e B
MM LR, EARESARIEZ AR, SRG, WA B e 56 MR AT 5 127 s 8
SEARER, LASR BRI SIS S ARAE o R A SR R (B SPSS SR TANEE,  LASE RGIR) X
P 2572 0] B B SRT RIRHE MR 2 RS . ARk, B R R R RS TR R e, (i
HegE) A Hr N EE . BN, U AE R 24E Y CiteSpace . VOSviewer DA K SCIMAT #1445, 551 &
VOSviewer B4 T 8] BT RIS R, AR 3RS 7348 A e FRcR . R,
ARG OB Rl 18 S SRR SR A BT B 52, (T VOSviewer BHFEITR L T H X} G5 n]
(A TRD BTN 1) X 2 A 7 404 L1213

2 HIERSHIRSERSRHEST

21 HIERMSHRSEFTNREER

SCHETR B R AE TR SCIIRETE N2, Sl i SCHREAE SEAT R A e S i i 2T R
AHEFEN 16 053 F 16 S F& BORATUR /N T 10 IR 418 A SCHETR], M EE 1 B0 fil 5 3 ) 2%
WmE 2 (s 1 TOP 500 FYIEZ ). ARWTFEN BRI IEAT TIHEATH LB, RVINER 1o Y
KA, GO 1 IBR AR S T T AR RS A DR I R S i, TR b i R
HROR A A28 3P SRS il 5 1) ) SOCRERI A T 5 T F

B A SR TR A AT A R s s BR TR RRILASE, TEATAS /N T 100 YR AYHR EOCEE Ry
wireless sensor networks ( JCERALIRRER 4%, 872 YK ). kalman filter ( K/RE &N, 228 K ). mulii-
sensor data fusion( (LR EIERLE, 213 YK ). sensor fusion( fZEGEE, 209 YK ). neural network ( fifi
2245, 205 YK ). D-S evidence theory( D-S iEFEHHEE, 201 1K ). internet of things( #HER, 195 1K ).
ontology ( 44/, 195 ¥ ). machine learning (#L##5%>J, 180 ¥X ). fault diagnosis ( #(FFEI2Wr, 174 ).
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sensor networks (fZEZR /2%, 164 YK ). deep learning ( IRE2%>), 152 YK ). support vector machine ( 37
Frj e, 148 YK ). remote sensing ( #EJE%, 144 X ). clustering ( 32, 135K ). sensors (fZE#s,
135 ¥X ). multi-sensor data fusion ( ZAEAREHREREIS, 127 X ). multi-sensor ( ZAEES, 124 %),
classification( 432, 116 ¥ ). big data( KEHE, 114 K ). security( 224>, 112 %) LLK smart grid( %5
AEHLIM, 102 1K ). Mk SEms FOCHHRAI A RO , LRGBS M RTAT I PR U (9 5
[ 755 A 3] A wireless sensor networks, multi—sensor data fusion, sensor fusion, sensor networks, sensors
PAK multi-sensor ). X2 F S, NTHEE. YHKIMAEF MR L RRYLIR . T, JCEAL A
RIZ (LAUR AR “WSN”) SR AL AR . LA R HOR, J&—Fh 4585 B R4k
PR, TEZEA . PREERLE . BRI L R 2 ] R S5 U A s L A I 4 il
WSN AP —LE AR, BN WSN BUEAATEIRRIIUAY, 15 WSN AR BlLsf v ),
A DMESERI P AT (5 B R A 5, 3270 7 RGN RE S A IR AR . Bt G A
Ky e Bl U A RO IR) ORISR KB . LU RER ISR RO A AR
IR RN 2 (b)o [, SCHETRAY Y B (e e (5, D0 S 1) 7 0 B K
ST AR RN, BHERES TCE RAE R R 5, 3 R TR B BOR T AT e S I R
HFT,  Hhs 5 SR S BRI -+ IOCHER 730 covid=19 GBI ) | task analysis ({1:55 73
¥ ). computational modeling ( 7184 ), knowledge graph ( HIHREE ), transfer learning (iE82%2>] ),
cameras ( 2L ). blockchain ( X% ). convolutional neural network ( FFRAHZE LS ). sentinel—2 ( I
2 2 SR RR 2GS A ) LK deep learning (TRIE2:>] ).

A1) O 45 (1) ff B S R AT R T, SRR 1. R, EAR T SOR fusion,
integration BT aggregation #BPEY A" . (M 0L A B 1112 0 £ FE M o 11
FHRILF . METAOCHERERE, FE RIS R, 55 #1 data fusion,
#2 data integration 1 #3 data aggregation, 2 #1 FIERZE #3 T 5 LAY 78 AR AE S T AL B B s 11
G, BIMLIRES B Al & 9 iiF 58 241 data fusion F1 data aggregation >k R AER PR Al 5. HR
#1 M #3 HRAL RS EIERL S, (HWAFE—ER 2SR, Ho, #3 data aggregation Y JCHETRHf %
FEHAE WSN P8Rl A HF9E 7716, #1 data fusion WIS e ZPL GBI IAL G . 2R 42 data
integration FOCHTRITAIREIN] 5 #1 F1 #3 BRI, SRR WK BOCHREHRE iR G .

F1 BiERSXEEREPHSTE
KRR (IR = B3XH)

TR

F A . data fusion ( ZXHRfl4, 2384 ) . information fusion ({5 B fl4&, 988) .
multi-sensor data fusion ( ZIEERESEAERIG, 213 ) | sensor fusion ([ZJEEES RS,
209 ) . fault diagnosis ( W2 Wi, 174) . remote sensing ( A, 144 ) | sensors
(fLE&AS, 135) . multi-sensor ( ZALEES, 124) | feature extraction (FFMFHREL,
#1 data fusion 77) . lidar (BEOGHEIEL, 75) .
1 (MG IRE B 515
BHRE) J7 B . kalman filter ( 52K 2 J€ W7, 228) . neural network ( #1245, 205) .
D-S evidence theory ( D-S jIEHEEEIE, 201 ) | machine learning ( HL#¥2%2J, 180) |
deep learning ( 7 £ 2% 2], 152) | support vector machine ( 37 $F 1] &t AL, 148) |
classification ( 7325, 116 ) . fuzzy logic ( FEORIZ 5, 90 ) | convolutional neural network ( #5
UL 45, 80) o
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H/S K2R R B

KEERIASA (A5 = BT H )

F Ui : data integration ( ZC 3% fl &, 688) . knowledge integration ( %1 & A,
251) . information integration ( {7 & @l &, 231) . ontology ( A {&, 195) . web
service ( [ 2% iR 55, 73) . xml ( Al §" AR iC 18 5, 65) . decision making ( P
%, 63) . semantic web ( IF XM %, 61) . knowledge fusion ( HIHENA, 56) |
#2 data integration knowledge management (RS, 51) . interoperability ( HEAEME, 50) . mulii-

2 (R4 FREE agent systems ( Z FIKR RS, 49) . database ( ${#E )%, 48) . information retrieval
g ) (fE K%, 40) . service—oriented architecture ( [ff [1] R 55 B 14 R 24549, 38)

bioinformatics (E¥ER 2, 37) . component (%4, 36) .

Jrin): big data ( KEHE, 114 ) | data mining (BHEIZHE, 90) . GIS (HLPR(E B R4,
64) .

A wireless sensor networks ( JGZEAERER [ 25 , 872 ) | data aggregation( LG EIA,
845) . internet of things ( #HKR, 195) | sensor networks ( fZEAR M 4%, 164) |
security (%¢4x, 112) | smart grid (FREHLX, 102) | aggregation (@&, 91) |
energy efficiency ( BEZL, 88) . privacy—preserving ( RUFARY", 84 ) | privacy ( &AL,
77 ) . information aggregation (fEBRE, 63) . reliability (AT &EME, 52) . energy
consumption ( REFE, 51) . network lifetime ( (M Z&H 1, 49 ) | data privacy (BHR B AL,

#3 data aggregation

3 ( ToL AL AR 9 4%

L 48 ) . homomorphic encryption ( [EZSfN%E, 48) .
JriE: clustering (2%, 135) | cloud computing ( =115, 57) | algorithms (5
¥, 48) | optimization (fifk, 46) .
2.2 HIERMSHRREIESES

e Al A 7 T R A X SR R B R A YA AR R . AR MR,
Jitendra 2! 85 R G0 PE KB RS B BB RO T B85 R ERBAR RS Tk RO R ]
REMEFE I BARRL S ; wEiE . HARBEAE e EdRm G ThOoBdRm G RE; i S5
Pl G LR GBI A5 45 . AEEIY, B RG 515 B RlE AR DL IR M s R T R 2 S
R, WA ARRZ I LRSS T B A Tk s, AR A DGR AR I 4 Y SRR L, i —
AARICT TOP 30 FEERLG 7k, aniEl 3. Bl ml &8 B AR5 o ROR 28I (228
W), FZEMYs (205K ). D-SIEHEELE (201 %K ). HLAF#>) (180 ¥k ). IR (152K ).
SCRRmEAL (148 ). 2K (135, BAiJrsk ). 28 (116K, Bk ). KEdE (114K,
i) BT (90 K, AR ) DIKBORIZEE (90 U)o M S SCIF- 24 ]
KE, BWIZE . N PN LS s G Sk S R e R — R Al e ik . ARLIBT Y
BN HRE, RRZIEN | RIS DA SRR AL B Al A rh B s o R, R
e PGS s IEIATE BRI TR BB 5T, BEMEML . W= . IR LIRL
P ] SO B R S T . B TR R 4T, FRER T TR R R, W T IER
FIEER | PR RE NP, B 4 LB TS R TR R M4, Ak 2 A
2R, DA RN T A AR (RIS B 00, 2 A 5 D P A A — e e P AR b . R B2
TERFN R REEE ] — BB ML | MM —E2 . MM %E—DS IEREHIE . IR
2] —HLgRe ) | R ) SR, M M —i ik . SR RAL—a 2 HLERE
ML | SCHFI AR, 45
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HRAE LA F o ar, SEBULR S SCBOR ISR . B iz EdERL S ki T4

(1) R/RZPEPE (Kalman Filter )

1960 4F Kalman 161 % 3 1 138 A J5 125 A e 5 BICKRHI S AP i e ) A8 3T, e AR R 2R
SUENE . ZINERIEAR IS DU/ N RS A TN | SRAME 5 5 M A R A s )
Y R — B 220 A8t R >4 T s 20 ) O (A B X AR S AS A T, SR YT 20 i kit
(B BEVEARAE ST 1 FR 87 R AU 75 R0t 75 2 A J A 155 A0 06 dme /N T R 22 Akt L7
IR S B 1A R AR IS G AR SR A AR IR AT B R G TR 2, H AR R R
e — 2P T R IR S R A USRI T R R SR L0V BRSO e . AT, R/REE
Pk O &)z O HER R Rl i pEIE 5 e b, B, ZEJrR AT SEH, Sun 55 (20052 T —
P %) Pt et die/ N5 28 58 SO RO A AL A B U B RS HEN, 23 i1 T —Fh AT 2 il
S5 Y8 ] 25 A T AR B RS 0 R /- S B, Smyth &5 20 R —Fh 2 3R R IR = &k
T EAR AR SN A 2R G (57 % RN B o 157 ) B il 5 (PR, A T AR B Rl & i Sl b, v Sy
GURALE TR . B SRR TE N R G

(2)D-S iEHEFEE (D-S Evidence Theory )

1967 4, M KA HUF 5K Dempster (2 FERIH] b T HESORARR ZAE WL & AT, B
BT ZEE AR . R NS EERE b, 1976 4F, Shafer 123 F—2 588 FIUE B TiZz3E, 5IA
TAGIERREL (belief functions ) AUMER:, EE7 THET “UEdE” F1 “41H7 RA AN & 1 n) & ) L
O, IR TACERMEEAE GIEEREIEFEIE ) (4 Mathematical Theory of Evidence ). %Pt
ST AR E PR RS RIS, 7R ERE . BXRRS . B SUAG2) 1Tz N H
D-S TESR IR AR B B SR b il i ey i 7 R AR S, R YR EdE RS BT P i
M Z—, W, FESEBRR RN T, 1z ke g 2] T HLES A ERLS 2 2WiE R
fl 20 ATEEEREE RS 200 LR IR 7 AT TS . A, PR R, X0y
BHMBIE [250 R Z ) el G B i ARG R

(3) MM 2% (Neural Network ). #L#52%~] ( Machine Learning ) . IRJ¥%.>] ( Deep Learning )
53 Fm L (Support Vector Machine )

1943 4F, BHSES Meculloch 52 Pitts 133 S HY 1 4 22 [ 268 AU AR SCHE S IR, JH 1
P2 LS BIETE I SET . Pl 28 R 28 43 BT 1 A SEURE R AL A B 2R AT A A B 7 =, 15 B o ik
MR AR, TEE (FBREUZ ) M)z Mg Al Dok, Wi TIRKER. B
B, PR AR S T BP ML | REF 2R 44 DR AR 2 Jr B of 1 45 R 28 I 244 45
I, MMk T BIERE GO S BB KA P s . TEARDIR SRS, phzep g
F T s ml A 0T LU B B 2] 1989 4F, Whittington 45 134 fifi R ZE 28 T, X EROR AL Jls
R LG AT 00T, JF AR 2R 5  ZE BIEAT 1 o3 M ABIESE . B TR 2 2% 1) o3 B 5
%, CEEHIEmMA AR T ZMNH a0, Chen 45 135 fi A R 28 P 265 FILAN 25 D1 30 1)
ARG i, AT TR TIREE 2 A RS A5 . Kolanowski 45 1300 fifi H] Elman #4128 J 26 Xf
ZAG AR RS FEAT 0TI SE . A, BE TRl 2 ORI G DT AR HARERER 17 S
W 38T R 1) SRR A T AR ) TR
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UEH, MLge I TR EE 2 > iR 2 M A T B dsm S ot oeh, R8RS Ik S HOR
FRBTE . ALy ) AT RN L X e I s SR AU AROT I #4757 ), AT B 10 [) 26k
PR I ) A, RN TR BRI — BT, DLde 4k B 2] D7 g ml LAYy e
o) L AR R R B A ) IR R ) R R — A3, H B R LA A
—HEEAITRE S . HLERS ) RENE LB — b B Sh AL RRBEE RIS . 7 2 ul iU, R T4
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)Tk, LA ) S A ) O AN BRI T T ey )T LR 2R AR . TR
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(4) B2 (Fuzzy Logic )

1965 4, Zadeh 3% T (HUMIES ) 300, bRl BMIBC A e . feddim &, I
FIkAZFILA, HE T fuzzy control (FBUIFE] ). fuzzy inference (BIMIHERE ). fuzzy sets (BIH
) LA fuzzy theory (FIRIFRIE ) 45, RO BN UG B fl & 7k A s RIHESIER], 1R
KRR Bt TR S AT SE B dn, R RTSORE R n] LA 80 o MR, o i il
55 TRAERE TAEMITRE, M1, BOB2 O 2y BdER& iz 0 InEz —, #HORE N
AT BARG 5 T EIRR SRS h . fln, 25 183 A% B WA ) A0 E R e s,
£ 1994 4, Abdulghafou %5 52 gl 1| FIASTHI 2 8T K 1 ik TR0 B2 EZ ARG A 20, ROB He
BT T RS RBEFE o Ak, BORIZ A e AR ) BRI D LR R shflde N T
fit > A T R RS AR ) TV H]

(5) /NS (Wavelet Analysis )

INBEI T SRR/ N AR S, 2 i A S S AL PR T AR J. Morlet T+ 1974 4E 15 Je 42 Hh
RS T /NBAES ( B A — Ry e s, B TR - S RE A 1R
NECE— DG 3, TR C G RN TE 500 . EUGAL BB S A S5 s e, 43
S TE BT SR AWIE KBS 5T, /AN E R AL B EHSR Rl & b A4 T B Z
an, ARGER/NEAR R B, RO LRI T USRS o Hr S AR, ROy RBLIE A
WA i A CALIR R 200 e, AN i DT N ] T R R S 7 AR R
il o8 LS TR B Rl >0 S5 0T T

(6) DM ( Bayesian Networks )

DL H7 28 SRRAE 2 25 (belief network ) s FRAT [ LI EI LAY (directed acyclic graphical
model ), JE—FHERERI  VENRE T REAREAE RS R J7%, FIIROTFE S N 32 2R AR A ] 5
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(7) 185 XX ( Semantic Web )
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Trends of Topics and Methods in Data Fusion
Research

LiJie"? Yu Qiangian! Wang Yuju!
(1. National Science Library, Chinese Academy of Sciences, Beijing 100190, China;

2. Department of Information Resources Management, School of Economics and Management,

University of Chinese Academy of Sciences, Beijing 100190, China)

Abstract: [ Purpose/significance ] Data fusion is an important way to realize multi-source data value.
Comprehensive analysis of the overall topics of global data fusion research has an important scientific and
technological information value for the current data fusion research. [ Method/process ] The hot topics and
research methods of 16053 literatures from Web of Science core collections were analyzed by word-frequency
and co-word analysis. [ Result/conclusion ] The data fusion research has shown a significant growth
trend, and after more than 30 years development, core research hotspots and methods of data fusion have
been formed. In the research, the data fusion of sensors ( including wireless sensors ) is the core research
direction in this field. Fault diagnosis, remote sensing, security and smart grid are the hotspots of the data
fusion scenario. Kalman Filter, Neural Network, Dempster-Shafer Evidence Theory and Machine Learning
(including Deep Learning, Support Vector Machine, etc. ) are the main methods in data fusion, and the
synergy network of methods have been formed in data fusion.
Keywords: Data fusion; Information fusion; Knowledge fusion; Multi-source data integration; Co-word

analysis; VoSviewer
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