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Abstract: In order to solve the problems of limited information that can be learned by the model due to the
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R EHE: 2025-05-11
EE&TH: HRAKFFEIE4 (62272426 5 1L PE 4 FHE TR L300 “ #8500 711 H (202201150401021) 5 LA H R B 5 4
(202203021212138, 202303021211153, 202203021222027) 5 [l F4 & BHE MR AL E] F£ 35 (202104021301055)
EEEIv: 2= HU(1979—), B, i, ik, F2 S N T RE 7 TH AR5
EEIEE BEXOKR(1979—), B, BIEEZ, 1A, EENFE AT . BB m 5T . E-mail: hopenxfg@nuc.edu.cn,



264 hodb K 2 2R CARBRMERD 2026 45 3 1

of the object, and the catastrophic forgetting of the base class knowledge, a few-shot object detection algorithm
with improved Faster R-CNN was proposed by following the transfer learning method. Firstly, in the feature
extraction stage, the central coordinate attention mechanism was added to guide the model to learn the core
features of the object, and multi-scale fusion and deformable convolution were introduced to enable the model
to extract rich feature information on the feature map at different scales. Then, a gradual RPN was introduced ,
and a two-stage regression method was used to gradually optimize the generated regional suggestions. Finally,
the knowledge compensation module was introduced to decouple the prior knowledge from the new knowledge
with the help of the decoupling mechanism, so as to maintain a good memory of the base class. Experimental
results show that, in the three novel class splits of the PASCAL VOC, compared with the mainstream small
sample object detection method FSODCR, the proposed algorithm achieves an average increased in nAP by
8. 37 percentage points and 6. 63 percentage points in the 2-Shot and 5-Shot settings respectively; on the MS
COCO, compared with FSODCR, the proposed algorithm achieves an average increase in nAP and nAP75
of 1. 2 percentage points and 0.9 percentage points respectively under the 10-Shot, and nAP and nAP75 have
increased by 1. 2 percentage points and 0. 8 percentage points under the 30-Shot, which significantly improves
the accuracy and stability of object detection under few-shot conditions.

Key words: object detection; deep learning; few-shot object detection; transfer learning
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FEARR N R, HAEARISE N YA —E s,
% 1-Shot B ¥ I B2 Ik T FSODCR; 7E Split3 )
2-Shot~5-Shot ¥J15 FXF H ik, HARTE 1-Shot g
T FSODCR. 7 10-Shot ARG Ik T LSC, {HZE A
Jr A Shot & T IR, A7 2 BA B RS E
PERRE RS RE , XA GE ] T AR SCR R AR o RS A0 A
BRAAE T A B
# 2 7EPASCAL VOC $di4E Split2 #r2 By nAP 45 541 He

Tab.2 Comparison of nAP results on novel classes of Split2 on

PASCAL VOC
nAP/%
ik
1-Shot ~ 2-Shot  3-Shot  5-Shot  10-Shot
TFA w/fc!'V 18.2 29.0 33.4 35.5 39.0
TFA w/cost'™ 235 26.9 34.1 35.1 39.1
FSCEM 27.3 29.5 43.5 44.2 50.2
Lsci 20.8 25.3 32.7 38.6 46.1
FSODCR™ 32.6 27.4 35.9 41.8 49.5
FSRW!!7 12.3 19.6 25.1 31.4 29.8
Meta RCNNU!  10.4 19.4 29.6 34.8 45.4
FSDetView!™  21.6 24.6 31.9 37.0 45.7
DCNet? 23.2 24.8 30.6 36.7 46.6
LSTD®! 11.4 3.8 5.0 15.7 31.0
ARy Ik 32.4 38.2 44.6 50.3 55.9

6. 1 E 4385 5-Shot i & F AEHT I L nAP -4
T+ 6.63 E 4y, Horp, Splitl | Split2 A1 Split3 7&
5-Shot [ nAP 23 2T+ 4. 6 43 5., 8.5 F 43 1 Al
6.8 F /T, 1ERMI R, 78 Splitl Bk rh , A
154E 3-Shot #110-Shot i & FYnAP LT FSODCR,
Split2 4= Shot % # T REFE 4T br L3585 T X Lt
J5¥, Split3 Y 2-Shot Z& 5-Shot & T nAP & T H:
Pl XF LT i

X+ MS COCO %t 4 4 , #£ 10-Shot Al
30-Shot L PFAR L REMIPERE , . 4 JB/R THEH
2 FfInAP FInAP75(oU K 0. 75 F A nAP),
FMS COCO Bl B EHm, Kulhz, A
Y s W o A2 A, X (AR TR M R 4 T T I
KRB PelR . NE R RATLUE L, fELEATE
FRnAP b, A SCHE A 10-Shot fil 30-Shot % & T
KT LSCs B2, K5 B nAP75 b, ARSCH L
#£ 10-Shot 1 30-Shot #% # & ¥ 7 T H Ath XF Lt
ke

4 TFEMS COCOBIHERZE ERYnAP LSRR L

Tab.4 Comparison of nAP results on novel classes of the MS

# 3 fEPASCAL VOC dli4E Split3 B2 L nAP 45 3%t

Tab. 3 Comparison of nAP results on novel classes of Split3 on

COCO %
10-Shot 30-Shot
ik
nAP nAP75 nAP nAP75
TFAMY 10.0 9.3 13.7 13.4
FSCE! 11.9 10.5 16.4 16.2
Lsch 12.5 10.2 17.3 15.8
FSODCR!M 11.2 9.9 15.7 15.5
MetaDet!'?) 7.1 6.1 11.3 8.1
FSRW!™ 5.6 4.6 9.1 7.6
Meta RCNNU! 8.7 6.6 12.4 10.8
ATy 12.4 10.8 16.9 16.3

PASCAL VOC
nAP/%
ik
1-Shot  2-Shot  3-Shot  5-Shot  10-Shot

TFA w/fc 27.7 33.6 42.5 48.7 50.2
TFA w/cos™  30.8 34.8 42.8 49.5 49.8
FSCE! 37.2 41.9 47.5 54.6 58.5
Lsch 39.5 33.7 40.2 47.3 58.8
FSODCR" 31.6 36.4 42.1 49.1 54.3
FSRwW! 12.5 21.3 26.8 33.8 31.0

Meta RCNNU) 143 18.2 27.5 41.2 48.1
FSDetView!”  21.2 30.0 37.2 43.8 49.6

DCNet2 32.3 34.9 39.7 42.6 50.7
LSTD®! 12.6 8.5 15.0 27.3 36.3
RS 35.6 425 48.1 55.9 57.8

[, FrEEEAE PASCAL VOC BdlifEny 35h
B, 5 F AR HARKN 575 FSODCR
FHEE: 2-Shot & E T, 78126 E 1Y nAP V142 7t
8. 37 E 4., Hirfr, Splitl , Split2 Al Split3 7 2-Shot
PEE T I nAP 4> B2 TF 8. 2 [ 43 15, 10. 8 T 43 s

[F i), £ MS COCO dig 4 b, Ak
FSODCR, 7F 10-Shot % & T nAP T 1. 2 H 45
B, nAPT5#ETFF0. 9 H 43 455 30-Shot i E T nAP
T2 A4 A, nAP7S 4271 0.9 [ 4r 5, H
10-Shot . 30-Shot B nAP75 ¥4 Nl , bik4h
Bk T TSRS ETE /AR SR T O A K B A ik
FHRFE, TEREIE T FSODCR,

AR ST 4 T 1 B EUAS A A (RS DO B, R
B35 T — RS . 1D Ho AR bR B PR
5| AR I A SR AL, (AR AR/ NREAS T BE
UMb PR IOCA 8005 B 5 2) W AR BURHIE 4 I8 25
GG RS FRIE 4 3, G5 T R A ]
REEFIES AR RHERHERE JT 5 3) ¥k X RPN
RN EATVERY WA NS R S O =Eoainal I Ert =
B A 5 4) R HR AR P 50 A TR 5 B
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P, B AR R A 2 ) B S i g R SRS T, T
ZEAPEF T RIRIZE MS COCO B 45 57 26 v
BPERE, T 2806 k.

3.3 HREICLG

A B R AR SC BT R RO A bR T T L]
(CCAMD | "] AR L & BURHIE 4 738 (DFPND | it

RPN A HIR MR H 1 A7 501, 78 PASCAL
VOC 3888 19 Splitl B2 it TiHmsegm . 58
55 VLR 4G Faster R-CNN S REAR AL sl B4 S
JMCCAM . CCAM~+DFPN., CCAM-+DEPN+#f
X RPN, &R, XF Fb A R 4145 78 1-Shot
2-Shot., 3-Shot. 5-Shot #il 10-Shot ¥ & F A
nAP, G55 5 i,

# 5 FEPASCAL VOC ¥4 Split] #i2s b Ay Rl s u6 45 58
Tab.5 Ablation experiment results on novel classes of Splitl on PASCAL VOC

nAP/%
CCAM DFPN Wik RPN S e
1-Shot 2-Shot 3-Shot 5-Shot 10-Shot
X X X X 30.1 35.8 37.6 45.5 52.0
J X X X 32.1 37.6 41.3 47.4 54.1
N J X X 36.2 41.8 46.3 52.0 59.8
N N/ N/ X 37.5 43.6 47.2 54.7 60.3
N J NG N 41.5 46.7 51.7 57.2 64.1

AT R 5 HEHE AT, ARG AT M BE 1Y
PETH 20 2 AR

1) FELRIRL . fE 1-Shot & 10-Shot i% & T 4
nAP AR, BRI A A A P ie2E, Bk
T/NEEA S5 T JRAG Faster R-CNN B R R o

2) CCAM: #H % T 2 #1 &, 1-Shot~
10-Shot [ nAP 435l #E 7+ 2. 0 F 43 45, 1. 8 EH 43441,
3TAMM, LA M2 1 H A, £
A bR B AL E o R AR R AR O IXEREE A
R s T BRI X OCHEE B A S BE Oy, U HAE
3-Shot & & Tt W .

3) CCAM+DFPN: £ CCAM &4t I it —25
SIAT AL B RUHIE & I8 5, MERESCIAE Ik
KT, 1-Shot £ 10-Shot ) nAP ¢ | — i Bt 43 5]
T4 1 EH S, 4. 2H M, 5.0 A, 4.6H
Ay RS, 7T 4y, Hirh 10-Shot 13 B R $2 7 i
K, R 2 RERHEGL G 5 0l 488 6 BN 45
A, W UGE TR ASF R E | ES BAsRiE
NP, O /INEEAR Y e N R IE SR I B G T

4) CCAM~+DFPN-+#i it =0 RPN LA B By
Bl A Ak i X3 I 2% )5, nAP 7£4% Shot 1%
BN EERTA L3 E A ~2.7H S A, Hrp
5-Shot BB FHETF 2. 7 H 43 A, ULBA k=0 RPN
A ) R T X A U SR SR AT 55 B T
Pt A, 980 TR o % 8 AE X 4325 5 T 0 Y
.

5) 4 ¥ #5 H (CCAM-+DFPN+ #r i =
RPN+ FHEAMED « A4 A 7E T A Shot I B T
YR B f A BE , 1-Shot & 10-Shot AY nAP 43 5|

J41.5%, 46.7%, 51.7%, 57.2% F164.1%, %
B BT 2. 5 A i ~4. S E Ay, L
B B KR Tk 14, 1 A 43 45, (3-Shot % ) . iX
2% WA TR M AR B 3 i R 2 36 N TRV R L
RS T BN TS ), (A R A 2 o
FERHE BT BE AR R XT O A R, DT S 30
PERE MR R

i b, WAL 25 R e - AR SO R Y
AABEHTFIETUAR T, T NRRIESR IR, X el
WAL ARG ER 3 AN SCEE BRI L E kb, L[]
T T /NFEAR B An e I 0 4E B SRk . Hidr,
DFPN 7£ 2 R RHIE @l G 5 T ot ik el 28 1 G2y
P4 727 F 43 450D, FIPRME AR AR 7 figk 9 e
15 7 AR 3 CE 42 7 3. 58 | 4k a5, i
CCAM 5 iff =X RPN W 3 i E % DR IE R B
B HE T R B A T AR AR IR

3.4 AT

9 A& 10 43511k Faster R-CNN 5 4% 3¢ 4
B EAE PASCAL VOC 4l 5 B i m] 4L Ak A i
ZEIRNT L .

D K 9% —47, Faster R-CNN7£7E W i I
&, ARBETR A “cow” Al “sofa” ; MiEl 10 2 —47 i
TN 2R SO DA I S 3 2 H AR, 0K 1
UM H 2 =5k BUR R 73 1B 58 19 “sofa”;

2) 9 % — 47+, Faster R-CNN BE s K T
“sofa”, ¥ “cow” HEIR 4SS K 10 5 AT R
W, AR SCOREL T A7 50K Hh B ™ FE 9 “sofa”, JFIE

IR “cow™ ;
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K 9% =47, Faster R-CNN ¥ “sofa” i= 3
Fr“bus”; B 10 8 =A7H, A SCRIEXHZZE HbRSE
B TRE UEAS I

9  Faster R-CNN Kl 25 5L il ¥ Ak
Fig. 9 Visualization of detection results based on Faster R-CNN

P10 ASCREE A A5 2R il AL
Fig. 10 Visualization of detection results of the algorithm in this paper
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