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Abstract: Object tracking is an important problem in the field of computer vision, and different types of technical methods have
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been gradually developed since it is proposed. Due to the complementarity of visible and infrared light in target tracking, the fusion of
the two methods has more advantages than traditional target tracking in performance and robustness. In recent years, the develop-
ment of artificial intelligence has promoted the rapid progress of the visible and infrared light fusion target tracking. Facing the devel-
opment history of the visible and infrared light fusion target tracking technology, firstly, the classic method of visible and infrared
light fusion and the technologies emerging in recent years are sorted out and concluded, especially the research progress in the past
two years is summarized, which are based on Transformer, attention mechanism, time series, self-adaptive fusion and multi-modal

decoder; then the visible and infrared light fusion datasets and target tracking evaluation index are introduced; Finally, the future de-

velopment of this field is prospected.
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WY R EE S FEAS [R] Y 37 S5 F0AS [ (9 BsF R] 3#E 47 40 48 17 75 31 (9
UGB A, RS BEE T 320 X240 1R K . LITIV 4
L LA E 9 NSISTE I .
3.1.3 GTOT $#li 4

KELLAN HER R (GTOT, grayscale-thermal object
tracking) Hda 45 AL & 50 NASIE S R AR, 4 B
B oK. SEERE SR X, k2y 15 800 Wi, b, ARVER
PORER HARI N 428, T, AN RIBE,
3.1.4 RGBT210., RGBT234 %4

RGBT210 ¥ 45 47 2 th — A~ #2040 1% 1L (DLS-
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H37DM-A) Fl—4> CCD A1l (SONY EXView HAD CC) AR, A Hdi o = i A BF 58 N R Ut T
BB, HepaE 210 A4, 3629 210 000 Wi, 4 LasHeR By, ZBWR AN 1 224 A 0] WG F1 L SN I
AP Fe 2 4 7% 8 000 . XPALAG . S RS 730 000 i, LasHeR Fdls R dE T

RGBT234 $IE £ & 234 N4, H 2 233 800
Wi, A AT A D 4 I ARG T LG R T A AT 1 . A
BT RGBT210 #s 5. RGBT234 HiEEHWR T H RN Z
FEPE, WM TAERPBCRITMHFEHAS (& 49, BT RG-
BT234 ¥4, 4T 2019 4 2/ i) Visual Object
Tracking $k fi% 2254 52 VOT19-RGBT, iZ ¥ s FE & 234
A, I B TS ERIRAE VOT J5 5 R P IAE 11 4k
R AR ERE,

4 RGBT234 1l RGBT210 % ¥ 4 €

3.1.5 VOT-2016 $#i4

HF_ kiR GTOT. RGBT210 4R EALAAEE —EH R
FRAME, AR 46 b iy W00 2 Ll IR — PRk & R4 R
FEPE RN R B B AR [, O R TR AIE H b R R R
EAFREE R RN AR, BT EEHIEE. WL
BepE, “WE BAREREE” KB (VOT, visual object track-
ing) ffif 10 FlOR [ AS BB REE . DA 9 A ] 28 28 1 S
el g AR BlE . M T VOT-2016 B 40, %5
PEAE BT B P 4 B 740 Wi, 2 BEREE M 305X 225 1§
FF 1920 X480 B RS, HAMBIGEw S T H iR SR
T 7 K R 20 SN AE AR 1L

JZWA R, NAFMEERMAR NS, #4177
EHK. R BEWWBMERE, AU — DT
TSR, W E A AR AT T TR
3.2 EMIER

AT DGR ARl A 0 B b R R R RETE AL H A e bR A 5
FRES BIORERA AR . RRIh AR . WEWG TR . & MR AT O 1y
wEE (WED,

# 1 REERRIT M SR
AN 6 b &
it A R VL A A A 1Y RS R B S PN A T L A
iRk H bR 55 28 X8 K T (5 {1 A T i 5 L
2 T A 0 E 5 ST S HE R AR R,
i . | Area(B, N B, |
MW 1 5= | Area (B, U Bo) |’
Horpr: B, # B, 43 2 7 F00 320 54 AE A0 ELAR
Py i PR A A R e R R K H AR (B BEE SR O Y
& 1 .
WHL
B RS W e M A M R AR I U E | el iR = g 08 2R [

3.3 ETHREFINARRERA EMERE
A S LN S B AR BRERAESIA T IR T AR Z

JE . BRERNRCRSEM TR (K2, B2, MEkFHp
— AT WG B AR R ER . AT ULG H LA B B Rl A b B4
BORUN O R, PR S a R R T W 5 a4 A B
T BB S B 9 I — A TR A
4 kRERFM

AR TG AL Ah Rl G B AR R R U A R H OB
A5, (BARfFE— S EEAR, —FERFY 256

3.1.6 LasHeR ¥4 BURMTT WG AL AN EMS. J5 — 5 g B S W] WG H 4L
X RMBEBIRAE gl . AR E B — . a2l ShRA EARERER iR R . AT HE — 25 4 2 S K T .
2 oy WS LA Al A BRI AR 0 M e R I
VOT-2016 GTOT-50 RGBT234
Methods Year - - - S
WP ES | dEE | SN | IR ALD | IR ALL | KR ALL | B3 (ALL)
C-COT 2016 0.331 1.98 1.95 — — — — Y
MDNet 2016 0.257 1.72 2. 80 81.2 63.3 71 49 N
SiamFC 2016 0.277 1.30 3.17 65.5 56.5 — — Y
ACFN® 2017 — — — 70. 2 57.6 — — Y
CFNet™! 2017 — — — 66.1 55.3 55.1 38.0 Y
DAT 2018 0.320 1.47 2.10 77.1 61.8 73.1 50.3 Y
SiamDW"*" 2019 0.240 0.53 0.46 68.0 56.5 — — Y
LTDA 2019 — — — 84.3 67.3 78.7 54.5 N
HDINet 2021 — — — 88.8 71.8 78.3 55.9 N
CANet 2021 — — — 85.8 70.2 76.8 55.3 —
CMC2R 2022 — — — — — 73.2 52.6 —
MaCNet 2020 — — — 88.0 71.4 79.0 55.4 Y
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4.1 BEREBEH
411 RBTETHXFF 2R BRIy ik

iy T8 [E] 2R AT DG R 2L A R (BRI R
B 538 AH AL A B v, T LA AT L ' 0 2T A1 303 4R AH X 4
Ao W Ah . TG LTS R G 0 B bR R T T A R
XFFF (Align) FEEZA BOm A EOR . H2 BUA /] WG F2L 4
Bm . RN 52 4 TR R 55 1 AT L o't JRIR 02 4k I 5 8k
PEEAIRAE T2, T A 2 T A5 B30 X 5 199 R RS B0 48 4R
TEFEHRB R MM . HIt, 7 HEERICTEX T8
A EARERE T L, SEBULE ol LG rar A % 5 S B R R
FIAEOC 3E T B bR BR S AR . FESL T 1 b, T AR R 1A
RIS WG T — MR, ITUEHENFRIEHEEH
b SRy B B B R ATATRYC
4.1.2 FEMERRRREIA BRI S 3R

A WG ML A BRI AT 5. &% SHBR
BEARAL I AE X (TC, thermal crossover) WM, 1EME
TE AR 22 BB ¥ 4% JC I 3 A s 58 8 B bR R BR A 55 . BBAh, Y
HIA] DG 2T A mh G 0 B A R SR 1k A T I 2 2 B bR BB
RO, R BRPE AR AATE . BEXE R IR, 7R R ORI
WFoE v, B LA AR ] OB AT Sh A B bR BRI Y A R
RABEEREE HAR RS sh A, IR E £, HE NS
[F1) 60 ) 155 20K B T R R B A R
4.1.3 B0 £ R BARE AR A Iy ik

Hul, Yr2nl Wt s & r B Af R Bk £ B
e e R B, B £ K B AR S R AT R Y
Tige, —H EZRPIMER B AR, XMELLHEAT Z R EE. fln
IEEHAEAE RS ) . 45 5 B IRl — A~ B AR AE I B TS B
200 U B A AN TR H AR, X 0 AR Bk e X R E R
TRREEMESPERAR, EESBUREAE SR, X F ik
()R, B — 2 WF 90 & K B bR JE AT A 0 A R R 1Y
Ik, MREE TIYWAEENE XS5 T, 7 emash
il Y AR PR B B AR AR AT LA R AR
Ao Lo4 a9 A B8 2 X T O

TEA] WOt 5 21 41 fh A TR AR 504 1 3 0 1 & A B T
KB R 2= ) TR B TR Z . ARETR
Tk B . Pk, nl DUAE Al nT L8 B bR R EE B
SRR B, TP RITR A I HORPSE. MER AT IE
e 2 B A S R S A7 5 7 R e, TR T BE £
i AN AT O B B B AL 2 ) BB R . SO SN
FRAE . SRARTE AT WYCFLL A Al G i) H bR IR B B AR .
4,105 WFFE 0 B B B B AR BRI O ik

Al ERN L MR SR N TAR P TAE R K. K%
i TR A T80, ) B PR I A 3 B o R AR 9% B N ) A AR
o T HT L2 B A AR T A R B LR, AT L
JEAF T 3 T 0 W B B WB G BT O AT A Eh S H bR IR
FE, JFEMPR I RFEA B AR S B, S AR AR,
X FEREAS TR — & P2 BE b G2 B0 28 Bn T 1 AN 2 11 ) R
4.1.6  WFEIRE B bR LB 7 R E 42

AR, Transformer FIEE IHLHIMTIA L 4507 1%

FELLAMA Y HARIR R e PEBE RAF DLAR SR T, BT LIE
W RFOR 7R R S22 5 T T DL RN LT ARl A B bR R B
REERBMA RGRAR . BUH I Y B 15 AL ALK A
HESN AT WAL Ah Rl & B bs BRER SR 22 1) i R R
4.2 BABRUEA

WEE T IOG S L5 a5 BRI AR B L 8%, &%
BEARNGAE AN A R 52 B 3 5 op 7= A AR R O T (B
4,21 ST PRI RN R B K

SRR WOG B bR R EORAH L, TER T A5
CO R IR B2 s B IRBE L AR By AT L 54 5h s B
PRERER B BA BN WA, I T —E i E Bk,
BN A2 B X AT N HEAT AR I . SR ER AR St . A, fE
FOEEEEE RT . ZEOR W R N TR DU SR AR E 3
F1A N B 1 I 1 0 U AR R . BRI A, AT
WAL A fl A B bR B ER BR 8 BT g TN A RE TR A
bia N C N USRS AR S MERTY Y E5 N (N7 R 581
IS L SNy R I RSP S o S 2B (T 2
FERCR BT .
4.2.2 HESHZ ALY AR & R

AL S Ln ARG B AR ER R WIS T 2 R R R
W i, BHIF G TR . N Z O R A 8 R AE
B N Sl AR IR E P L T R XA - AR
BLUE L GIAN . BE R H ) R A I AE R I A T
KUY RTDMRFE T WOE S A A HARIREERER . e
FE B BN AT @k R, (i
AL TR A R G, ST T X B 1 AR A
Wik o oAb, FETH B %407, KR B ) AT LG E B
Dy BV T, AH L0 A0 AR U 3 BT S8 A R 000 T A
THATAAARER . Bk, RIEX AR, R T A
VIS RS EAR AN B E R 71313 2N G @ R A/ I D e P - K =1
B KORAER SN AR B L,
4.2.3 LR MBEE A B

ARG S LA Eh A B bR R ER T TR S T A AL R
MG N RE ) B A BN E X, B, BTt
LLAMREG HARERER Y B 3l 28 B H R Z B H #5348 2 19 K,
BASMERBBIA BB o, nT LA AR & B 3h 2 5 i
WG Wes F WA KA T L RITHAET . o, ZHER
AT MR B SRl SR AL T R AR R, LT A
BLSEBL T B 2% 1 R AZ e SO 250 1 1 GO 26 R H A B
ERITIRET
5 4RiE

AR, TOGS ARG B bR BRI BOR & R
AR T M 0RO 2 A ah A B AR IR B O ik
Bk G MO MR FIRE AT Wk, Kb g
ks S R O . BT AR M . T EW
T BTFWMEFRRN T L. SR EES S m. v Ll
NFET Transformer 1 F 5. ETFEZE NI TE, BT
W) A0 R T vk . B3GR T 2B O A
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