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Abstract: This article addresses a novel and challenging problem of knowledge transfer from the source domain and
the intermediate domain to a single target domain, where each category in the target domain has few labeled samples. The
knowledge transfer process in this situation faces two difficulties: the target data is extremely scarce, resulting in insuffi-
cient target domain feature distribution. Existing few-shot learning methods often extract features from each part indiscrimi-
nately, resulting in poor performance in few-shot object detection. To solve the above problems, this paper proposes a few-
shot multi-source domain object detection method. A new meta optimization mechanism is proposed to align the source do-
main and target domain by introducing a mixed domain, alleviating the problem of scarce feature distribution in the target
domain. Firstly, image-level mixing is used to generate mixed images, which together with corresponding labels form the
first mixed domain. Then, fine-grained features are generated through a dual-channel attention mechanism, and feature level
mixing is used to generate feature level mixed features, which together with corresponding labels form the second mixed do-

main. Finally, region of interest features are generated through a region recommendation network and a region of interest
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network, and then ROI (Region Of Interest) level mixed ROI features are generated through feature-level mixing of the re-
gion of interest, which together with corresponding labels form the third mixed domain. The three generated mixed domains
are used together to calculate the loss function and complete the meta optimization process. A dual channel attention mecha-
nism including convolutional layers and feature calibration is proposed to learn more discriminative deep feature representa-
tions, where convolutional layers are used to prevent the loss of key spatial information, and feature calibration is used to se-
lectively enhance important features and weaken non important features. Firstly, the convolutional layer submodules are
used to generate coarse-grained feature representations. Secondly, the feature calibration submodules are used to establish
attention weights based on the correlation between features, and these attention weights are integrated with the original fea-
tures to selectively enhance important regions while suppressing unimportant regions. A large number of experimental re-
sults on the COCO dataset and PASCAL-VOC dataset demonstrate the effectiveness and robustness of the proposed meth-
od. It surpasses other methods in the same field in terms of detection performance, while maintaining good generalization

performance on different datasets. Furthermore, the model’s parameter count has significant advantages compared to other
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methods in the same field.
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CRENet 493 | 552 | 550 | 64.7 | 643 | 304 | 34.6 | 483 | 49.7 | 534 | 42.6 | 44.1 | 509 | 584 | 62.1
FSMT B! 446 | 53.1 | 51.5 | 60.7 | 63.5 | 284 | 335 | 444 | 47.0 | 51.3 | 41.7 | 457 | 469 | 545 | 57.1
OPN 1 53.7 | 588 | 602 | 650 | 669 | 41.8 | 464 | 50.1 | 53.6 | 47.1 | 533 | 56.1 | 60.0 | 61.6 | 54.2
IFRCNN 1 357 | 389 | 469 | 60.1 | 62.2 | 22.1 | 284 | 38.6 | 39.4 | 432 | 31.0 | 36.8 | 423 | 51.6 | 55.0
DRC-FSOD ¥ 472 | 534 | 56.6 | 63.5 | 656 | 285 | 329 | 463 | 469 | 533 | 424 | 449 | 495 | 56.6 | 59.6
Ours 583 | 647 | 653 | 709 | 68.7 | 424 | 46.7 | 51.3 | 51.5 | 55.7 | 53.6 | 574 | 609 | 64.4 | 629
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A, o Y B AR AR S L, =AY
MAPS0 4338 A0 T 21.5.24.2 F125.9. 5 3CHk[32]4H 1,
M H AR A K o 5 B AR SO A = AN B
MAPS0 753 = T 9.1 .4.9 F17.6. 5 H A /DA HARK:
W5 A8 L AR SO R R PR Rt AT — e R
MS COCO2014 SZHe 45 J . 3 2 Fr /s S 56 445 S n]

LT 458 . 5LV, 25 B AR AR 2 1
I, A5 S0 43 5 MAP . MAPS0 F1 MAP75 25 1 2.8
6.3 F15.5. 5 Meta Faster RCNN"'AH [t , %F T/ [ $ i
B H RIFEAS , A SO e i MAP 43512 55 1 1.1,0.8 il
1.3. 5o B REA B ARSI 5 32 A8 He , AR SO 2k 1A
W e 2 4 R, R IIZ O R LA AR e 4 )

R2 AEFEEMS COCO2014 HIRER LI LR

. LA 2 FEA 3REA

ik MAP MAP50 MAP75 MAP MAP50 MAP75 MAP MAP50 MAP75
DAML™! 45 11.6 5.2 5.9 1.2 6.4 7.6 13.8 8.1
CCSAR 4.1 11.1 4.5 53 10.3 5.8 7.1 13.3 75
TFA+CORPNs"" 3.4 5.8 3.8 4.6 8.3 48 6.6 12.1 6.5
IKDP? 5.3 1.2 6.1 7.8 9.5 7.0 8.9 1.5 9.0
Meta Faster-RCNN'™! 5.1 10.7 4.3 7.6 16.3 6.2 8.3 152 8.0
FSMT™! 5.3 10.7 7.2 7.6 12.9 73 9.2 16.7 9.5
OPN“! 5.2 9.9 6.6 6.4 12.4 6.7 7.6 13.7 8.1
FSDetView'"! 3.2 8.9 1.4 4.9 13.3 2.3 6.7 18.6 2.9
MPF-Net"*! 44 11.4 4.9 5.7 10.9 6.2 7.4 13.5 7.8
DRL*! 5.6 11.7 8.2 7.9 15.2 7.6 8.7 17.8 9.2
Ours 6.2 12.1 9.3 8.4 16.6 8.2 9.6 19.3 10.7

4.3 HRELEIG W LU 125 B R R & SR g 2 B T A7 P RE P 24k

431 TRHAHEESEIE

N 3 7 S22 ST LAAS DL R 4598 (1) &3]
213 MG PERE 2 L TR 51 12 U 3RmE X R W A
SCHT R A R 1 PR 5 (2) B SRR SR & 3R

AT 4,05 (3) AR HREVEE— 1SS, 5 BUF AR ¢
TR SRR B R, AN SR S it AT R, 115
IR SR W MVRE I 20 T SR et A9 2 45 T i — A e R
T ERfPE

%3 PASCAL VOCHiR&E EARHIRILRRIEAHRMSIIER

23] EMRY | FRfiEg | B53R 41 42 43

- AN | REN | G 1 2 3 5 10 1 2 3 5 10 1 2 3 5 10
1 v — — 1368 39.1 | 43.6 | 487 | 50.0 | 202 | 25.0 | 29.4 | 32.5 | 34.0 | 27.7 | 31.6 | 38.5 | 44.7 | 4822
2 N — 1395|452 | 476 | 502 | 52.1 | 22.6 | 27.7 | 31.5 | 35.1 | 36.6 | 28.9 | 32.9 | 30.1 | 46.3 | 49.5
3 — v 427 | 492 | 503 | 532 | 549 | 25.0 | 29.9 | 333 | 373 | 39.5 | 31.1 | 347 | 39.9 | 48.6 | 51.1

VRSO e

TE PASCAL VOC %4 5 b dE 47 X LS 58, w52 A
Ivi) 38 [ 35 7 5 g% o A R 1k B AR S . SR (47 2R
J~Beta (0, 1) 18 2 B R & LR A SR WS, A SCR F 4n
X (6) IR 1 [ 3 BB IR A LSRR SRS . IR 4 7
TR LER A AT LLF 4518 (DA F A~Beta(0, 1) JEX
SR A LR FE SR, 78 SC B 3l 3T R SR A L R A
TR LB A PERE 5 (2) A ST AR A LR FE
TR I B A SR T B R A, s i R

ME 3 iR £ nT 45 DU 4518 . (1) [E 2 R FE
TR ) I AL S B 3018 5 (2) AH 3T [ o SR SR
Beta KSR Mg T AUREAUAR E P32 5 (3) AHAX T Beta R
R SR S R [ SR A SRS, 1 ) 0 R e WSS e
FEORAFPUR T - 22 11 AT 8

P 4 25 SR 5 BE A RHERAE T FE (1 — ) XPRE R PE fiE
BIFEE , Horp g FoR SRR R, (1-¢)FRR s
FIbR e R . i 18] 4 (o) FToR SR 25 R TR, i T
TR S i 1) RS 30, TR A5 FUAE U Gioicd i v A W g
. i 40) FrRsese g R, al LA LR E5E : (DI
SRR B, R A BOE T A AR (2) B SR A L
R T2 T I, R Sl T A A0 U, A T B TR SR
B S A R i T 2R . 18] 4 (o) g I Rad R v oA ]
B 3 RS A I P RE . BT 4(d) 45 R R A 3
SR R ARG 1 B

H1 2 5 BT 735 S92 56 45 S ] R0 SRR TR 5+ DR I 7Y
BRI PEREOL TR AR IR A 8. X2 KR SR AR IR & U
23 S BUBIE A 2 TR T SR AR HRE 5 o+ D el T e K



3666 H, + == 1R 2025 4
%4 PASCAL VOCHi#ESE F ARG BIER RIEHIHBL SN R
A - 41 42 413
1 2 3 1 2 3 1 2 3

RGHIR A 37.7 39.4 43.9 20.9 25.5 29.2 27.8 31.6 38.8

[#] 7 SR SR FHAE SR A1 39.2 455 47.7 22.8 27.6 31.3 28.6 32.8 39.6

PR A 42.6 49.1 50.8 24.9 29.4 33.1 31.1 34.5 39.2

EEGOR A1 38.1 40.2 44.5 215 26.3 30.1 28.2 322 39.4

Beta SR g FRIEG IR A1 39.9 46.3 482 234 28.5 32.6 29.3 335 40.0

BERIR A 43.1 49.9 51.2 25.8 30.6 33.8 31.9 35.7 40.6

EE R A1 38.8 41.1 452 223 27.1 30.9 295 33.1 402

1 3 5T SR FEERIR A1 40.6 475 48.9 245 29.2 33.7 30.4 34.1 41.6

B BRA 44.6 51.7 52.7 27.6 33.7 38.1 35.6 39.3 443

T LA i L4

24 F R SRR TG LTS5 8 (D) 7E = HAREREEAR B R F T,
2 [ ——— B A TR B P 43 ) A B A PR B 4R R T 4.1% . 4.6% I
F 2.2%; (2) BT B AR, B5 C-Mix-Up 5

Xk B He 25 (3) 5 ResNetS0 Fll ResNet101 AH L, i FH & FR
2 L) BB ResNetS0 AE S 3178 T A7 MU MERE , 17 240k 0
CRER L /b BCHE I T A SRS 2 BT RO AT SR R
;‘8’ : 1422 )2 40 B T2 | B DR AP X TR 6 42 2800 %2

06 b KB M.

0 20 4I0‘)][m|J " 50 30 100 227 5 O RGETA T 1 BT A AT g R — T TR
K3 H 21]%%&%**{%”2&;3%%4’1@;;? T M 5 T (BB ML R S %m@ﬁ{f%ﬁjﬂﬂ/jm KR E/J %iﬁ ' %:ﬁﬁﬁﬁﬂ o
- T TR BT LR e+ SRR A [ A5 e A 4 I

JE 2 E AR IR AT it i A TR A T Ak 2R 5
PR3 5 H ARk A AT RS
4.3.2 MEEEENERAE RS

6 25 HH PASCAL VOC £ 4545 174 Al S5 45 5L, 56
TE T 4 B A H AR BE 1SS R . 2 6 TR SE 56

B BB R A+ BRI A8
FRAN ARG JZ GO - &R I (0 5 A5 A AH
() ARp AE AT, X PSS B 8 A 1 R AR 2R 4T 70 3R A
Feiz B, “C-Mix+CN" KR S BUR A MG )2 . R T
NI AR LIS R LU T 4518

(1) B4 51 A 4 J5) fr Kk (Global Max Pooling,

0.9 0.90 07 B Mix-up

caccsA

0.8 0.85 0.6 [ m3 pav

W P Mip )
0.7 0.80 0.5
0.6 0.75 0 0. ’ 04
~0.5 To70 § <
i i / = P-Mixup 203
/ == CCSA 02
03 0.60 / wm= DAML z
0.2 0.55 “ @ Mix-up 0.1
0.1 0.50 00
2000 4000 6000 8000 10 000 2000 4000 6000 8000 10000 2000 4000 6000 8000 10000 ’ Mix-up CCSA DAML P-Mixup
AR U8 AU BAC A ENEPF IR
(a) 2 (b) 1-¢ (c) MAP (d) AR5k
4 PASCAL VOC H 42 I il it rh AU S 40 (b 3 ANy ¥h M B LA
&5 PASCAL VOCHBE il REEEAERMEINLE R
\ 41 42 43
RAH 2 Jrid
1 2 3 1 2 3 1 2 3
o SRFEIRA Sk 413 47.8 50.1 23.3 28.8 31.1 29.8 33.5 38.2
Beta A M EURNN N
RAEIR A R+ IR, 43.1 49.9 51.2 25.8 30.6 33.8 31.9 35.7 40.6
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%6 PASCALVOCHIIEE L ARBTMENHBEINER
C-Mix Fik M Al A2 A
1 2 3 1 2 3 1 2 3

N Resnet50 35.8 446 | 507 52.7 276 | 327 | 371 356 | 40.3 453

N Resnet101 423 455 509 | 54.6 | 304 | 348 | 392 | 366 | 415 46.0

N BT A H(Resnet50+CN) 39.9 46.2 51.2 56.8 32.6 37.1 41.7 38.3 428 475

e DO et b
%7 PASCAL VOCH#EE&E FWBEFENHHB SN R
i 1 2 43
C-Mix+CN Ik ZHEM HEFRETR] /fps

1 2 3 1 2 3 1 2 3
N GMP+GIR 322 4.33 482 | 54.9 | 60.6 | 34.6 | 39.8 | 45.8 | 41.8 | 485 | 54.0
N GAP 30.2 4.67 488 | 55.4 | 61.6 | 34.8 | 42.0 | 48.1 | 422 | 494 | 54.9
N GAP+(GMP+GIR) 33.4 5.12 50.1 | 57.2 | 63.4 | 352 | 43.1 | 49.0 | 433 | 51.2 | 55.8
N (GMP+GIR)&GAP 33.4 3.98 493 | 558 | 61.3 | 344 | 39.7 | 46.9 | 41.6 | 482 | 53.9
N (GMP+GIR)+GAP 334 3.68 48.0 | 54.9 | 60.7 | 34.0 | 393 | 46.2 | 412 | 48.0 | 53.3
N SENet?! 30.8 4.83 477 | 544 | 60.2 | 33.5 | 38.4 | 457 | 40.4 | 474 | 52.1
N CBAM" 31.2 4.56 46.6 | 53.9 | 59.5 | 31.0 | 36.7 | 43.4 | 399 | 45.8 | 50.6
N SENet?'+CBAM!™ 31.4 4.95 47.9 | 54.8 | 60.5 | 33.9 | 38.6 | 459 | 40.7 | 47.8 | 52.5
N CBAM'+SENet?" 31.0 4.83 47.6 | 545 | 602 | 322 | 37.7 | 44.6 | 40.1 | 46.8 | 51.6

TE IR Ay de ple 2

GMP) + 3 4 & % [X 35, (General Index Register, GIR)
A, TR T i e A A, X PR Sl Bl A VR B A e
JfE BANTERE .

(2) 4965 A4 513t 4k (Global Average Pool-
ing, GAP) , 15| A4 Jryi Rt Ak + SR AR ISR X Sk (GM P+
GIR) I}, AR P Bk B e A, I Y a3 P 5 DU I, A
RUPEREA FTREAIC, O R 2R AL (GAP) iR 3

TR M2 R A+ R A OGER X B (GMP+GIR) 45 5
ZBIRAEFZ A, PRI, AE 3G i I 2 RRAE B BE Al L TR
U B A 300 T AP A ) 2 7 A Al 22 , 3 T 5 M A 7
PERE . PRI, AR S gk A op 8 e i 42 e P Ak
(GAP) A2 E B VR 2R ot Al + R A%
ARIX I (GMP+GIR ) I fi 2 X3, DT 44 8 e 2 1
TR Z R H ARG AT 55 iR JE

(3)SENet {U i FH 42 Jai “F- 2134k (GAP) 2B B AL R
AR AR R AR, DT T OB Y TG 1 O v H AR U AR 1)
BEFL.

(4)CBAM {FERE BT A st 2240, N8>
FEAR A SRR ) il A

(5) AR Ay 71240 T SENet+CBAM F1 CBAM+SENet
Z5K . SENet A 2T 4 R 4 Ak , CBAM AR Ji
LR T A R B KA AR SO D YA e L T
LR E ) FH 3R 4R BB (X I (GIR) ik — 5 4 U %
R XIARAE , PRI A SO AR T IR PR 25544

NS T 7 B BT et 5 mT R AR SO AR AT 3042
WCEEAE B, FBH T E R X SA SR —3:
LR T YA T T AR AR R AE S A £ B P 4R
O N T i X P v S =S

CBAM

GMP+GIR+GAP

GAP+GMP+GIR

(GMP+GIR)&GAP

5 ARSI



3668 W T

EE 2025 4F
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B6 45 T T B R R A R AR B AR K 2 7
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N VER MF, BFREZENA R EIL S k% AT R
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TRAEB RE AR I 25 A B KR TR R B /b | [
I 00 %) A S R v s e A, RV VRS S 0 H A

o

s T
4

VFAH

IRPS® MPF-Net %!

SIS ) 1) 2K 1) 22 S BRI RIS 1) A A 4K )
RO VA A B8 0 o7 VA FEE R AR ST, 3K 150 WY A (] k]
VR R ANAFAEIEA 8] O 22 5 73 50, X T UG A7 A I
PERIEEFE A AT NSEXMER I FAR L B R 9 A 1 o
W SRRSO, AR SCTTEE TS SR BEMER A . S BE AR L
TrEA R T 322 S o RS 14 R AL IR X )

[ 7.

6 AN[FDREA B FRASIN Iy i R AT AR LY

4.3.4 ZWMHESH

Mk 8 Fizn , A T B uE A Y () vz Ak v fg |, 7 Tl
23 B SR I MS COCO2014 B0ds 857 Jy il 2k %k s 4
KHIMS COCO2017 Bl L FEATRIBIPERE SR UE . 53R 2
P4 A TS 000 A5 SR %o B, AR SO v 19 AR PR RE R A ELAR
T N A Ty L BN, 2 H bR AR 1R,
ARSCTTVER MAP \MAP50 Fl MAP75 AL A% T 0.1.0.2 1
0.2, DAML "*'fi§ MAP . MAP50 Fl MAP75 F&1X T 0.7.0.6
F10.7;5 4 H bp BURE AR S 3 B, A 3C T 1 19 MAP,
MAP50 F1 MAP75 {X F& i 7 0.1.0.2 1 0.2, CCSA™ (1)
MAP MAP50 Fl MAP75 [%4I% 1 0.6 ..0.8 F110.7.

+R8 AREAZEFEMS COCO2017HIBEMTIRER

ik 1 BEA 3REAR
MAP | MAP50 | MAP75 | MAP | MAP50 | MAP75
FSDetView'" | 2.5 8.1 1.1 6.1 18.1 2.4
MPF-Net*! | 3.6 10.8 4.1 6.6 12.6 7.1
DRL ! 4.5 10.9 7.4 8.0 16.8 8.3
DAML 3.8 11.0 4.5 6.9 12.6 7.4
CCSA Y 3.5 10.5 3.9 6.5 12.5 6.8
Ours 6.1 11.9 9.1 95 | 19.1 10.5
5 #ig

ARSCHR T — A B PR A A S P Ay 1] AL, D
AR Z2 PRI A ARSI A1 . AN Sy, F AR Gk 1

FEAE 73 A1 S /D AR 22 D F s G D0 P Pk K, e i o
DA 2 B 2 IR IR H AR R RIRIE RS . & o, 4R T
— i R A A, R RO IE = SRS e A
PR . U, B T — ol i Ok 5 S
e SR A L A A b SRR SR ) ) e 22 . AR
Je, BT — i OBUE G T AL ) A A
P H EREAE , BT A A 00 ] 22 S LRSS R R
ORI — AR T RS FAR AR I A o 1
Pk

RO ¥ T IR R A A BR A S 0 T
BRI R, DT FR A 1 8 5 Xt (8 22k, o T B
FURRZ I A3, S BRI AT 55 A2 A5 MR ME . RSk wF
FEIT 113} 25 MR T 008 22 A DU Bl A 0 L s Sl e 4 ik
Frddni , JE— 2P K3 9 Bedle 1) 2 e
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