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One-Shot Object Detection Based on Cross-Domain Learning
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School of Electrical and Information Engineering, Tianjin University, Tianjin 300072, China
Abstract This paper proposes a method based on cross-domain learning to address the problem of small sample sizes in
one-shot object detection. The proposed method begins with the aim of data enhancement and progresses with the addition
of datasets in other domains as auxiliaries to enhance the network learning capabilities, simultaneously a cross-domain
learning algorithm based on image and instance scales is proposed to solve the problem of differences between domains. A
domain classifier model 1s added to the input image features and candidate features of the detection network to enhance the
background of the network to cross-domain data and the target domain adaptability. Experiments for two different cross-
domain scenarios are conducted, the PASCAL VOC dataset is compared with current mainstream one-shot object

detection algorithms, and it presents an improvement of 2. 8 percentage points on the current best algorithm. This proves

that the proposed method can effectively improve the performance of one-shot object detection algorithm.
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Fig. 1 Cross-domain one-shot object detection framework
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P 265 B\ i A PR X B O R AIE F 23 531 56 ARG
AU 2 2%, I 23 3 A0 RS 00 468 2K PR K L A Je A K
PRECLAF 0 AR BB, O 1 00 28 A5 5 2 14 G D00 25
R, ELX SR 25 1 73 26 1R 22 AT BE K, 78 2 1) % 7 1 filE
FHT ASTR Y 6 B2 T K5 1], DX T2 550 o3 26 4% L T IE

0B R 1 48 B 5 aa’;,rrﬁmﬁiajzﬁ%ﬁ%%& S
T AR P A0, 1) 4 — A a;; P A K

F14 Sz 1] P22 48 i 7 K

GRL B S 1] £ 338 45 W0 2% ] LAAE 95 A4~ J7 1) I 3
FARAL B B — B A7 A0 DT R A Bl 2 M 45 o 78 N 4%
HIA GRL X027 >, i 45 0 265 BE % 7 O I AG: 00 28 SR
F14 ) s 1) 583 0 AN [ 3 1 X 5300 E 77, 145 i 48 R 28 g
055 A58 79 4 AN [+ 3ol Al A — s A9
2.2 ETERREMIGRENBEEFIAZE

eV RUBE i JH A AN T By 3 702 i 20 i/
T ()M (Q), fEHE AN BT e s Z A, e id — A
GRL, i GRL 15 45 fiF £ H 0 26 22 8] HE A7 XS BT, (45 4]
Fr RUBE B8 3800 2 8 BE 06 B AL RS AR 48 19 2K

1 D, R 5 i 0 I iy A B bR 28, Horp D, =
O FH AR AU, D, = 1R AR A Biri, [
IR H A A5 B0y 38 50 S i Hh 3R by i, o A ) H s
8 A 3o S i 2R O pit, BE T AE SCH s B R 40 2K pR
B L R A ) PR A 5 2% pR B L o, I 8 T 52 SUIR A 2K oA
KPR H b s B R IT

Li==S[Dbp +(1—D)b(1—p)], (2)

i

Lo=—>[Dibpt+(1—D)b(1—p2)]. (3)

H s BRI 53 25 25 A 9 RS 53 2 4 1 7 2
i —A> GRL W 48 47 B 1) s B AL 4, DT A 8803 26
T3 ARG 00 D) 8% 7 A AT A5 X B AR, O R AR 2 R
W28 BE S 25 5 — F BTG H Ar bR 005 31 B 28 1Y FRAE £
W o 38 33X P A A S A IR A A 2T BIRT LR I
R H BRI T AR S AT BT R A N, AR A
TN A 21 28 S5 B, B8 % 1 AR 0 488 T 28 LA B 4 1 25
KZALRE T .

Xof S5 RRE A B 07 BB T, X A T 9 4% RPN i
HE A A B RE AT, A T J80 0 288 e R AT S 40 RUBE 1Y ST S
22 AT LU/ Jag 0 S A0 7 A ) Bl 2z ] 1 25 5 . S
Fr ROBE B 15— B, B 5 sk I 5
PERFAE S A B 2E 8% B B KA RER N p,, &
SCSEAR RUBE F R BB Ly, BAR R IR N

Li==>Dibp,+(1—=D)b(1—=p,)]. (4

BEAh B T — ARG LY A0 pRRL L, £E R IR
# B R AR ROR Y R BEAE 18] 7 RS 1) 22 [l 7= A —
TE —BUME , (A5 38003 245 AT RLAE AN (] A9 ROBE 8 5i 15
o BRI BARE R

Le=2 |t =pul, + Xl ot =pul, (9

o 4RO B R RSB o R as O . A

0415004-3



SC A T 4 HE S8 48 B T Faster R-CNN' (46 I 451 2%
PROEC Ly, FOAL AR T 28 91 45 % MRS 0 AE 453 %, 0 2% 19 sl
PR PR L o 7R
Loa=Lpo+pu(Li+ Lo+ Lg+ L), (6)

S s B SR, T 98 A T ) 46 R i )3 ) 26
i Z [0 B SF-

S SCHY BIGE B 0 26 A5 19 B Al LS B AR A ) 4%
£1% i 21 i Y| 2 5 8 B 1 A% B I, GRL M 2% F T 2028 S
Ti] 2 1% I A6 B2 T ek 149 D7 i), S B B0 2 ]

fill F ResNet-50 Rif 3 J2 1 4 F5 AE 5 B 45, fe i 1
JEAE g EUARAGE I 0 265, T 100 0 A 614 288 531 5 A i A
BLE PRGN T 3X3BERES IX 1 EREMH
L AR EREG)Z a4 )2 15 3 826

4

o

3 SEEREE AT

SC G A BT 3K ] Python 3.6 #l PyTorch 1.6
HE 2 45 7 pif 28 ) 4% 5 B 4 fd T NVIDIA RTX 3090 2
Ko SE A, 2 F XK B (Mean average precision,
mAP)VE R & PERE DTN Fe b5 . SEIR S50 1,
FE H AR R0 R SR/ R 608 X608, 2 i AR 1 R~
K/ANH 128X128, FEMRA AR LSy f, 4 T Adam
B BE A AL 7 ik, 2% 20 B AE FT 20000 WK 3% AR B 15 BN
0.001, 7€ J& 5000 ¥ & A B 35 & 0. 0002, 78 M 45 1

£ 605 FE4H/2023F 2 A/HAEREFRHE

S, 2 (6) TP B 0.3,

P 25 HE 5 2 5k BB AR i A - — 5k 2 A il 1]
B —akie Hin R . Al AW E R &K E
B L A0 2 50 I 0 R A R AT WAL B 4 A bR
25 D\ 5 B PR rh B A ah) IR AR I X AN ] D
& B A FE A R RE R b 0 5y 2 ifg P45, AT 5 31
Xof BAEAS B 2 2] S A T o S5 36 Il P B R R Y Al L
A YNGRt , It ol AN AT DL 2 A Sy i 4

T B R AR S B A 2] AR b B AT U A Y
S5 I J7 A B0 Ok R T B T 2 B A AT
S50 UE , 73 ) 56 TR AR B R 0 B4R A B B 22 S ) O
AR AL 5 EL 921 Fr 22 (8] 6 el s B 1) 155 2y ) i
J1o AE AT 4Bl 4R AR A B B b o Bl 4R
Cityscapes "' \Foggy Cityscapes' " Fl 2 4~ i Ff 25 5 B ¥
£ PASCAL VOC"" Clipart'™,
3.1 HERRERNBENFIRIE

fifi I Cityscapes ., Foggy Cityscapes Fi T % ¥ 4E ¥
B% 25 S ) 3EE N IE o Cltyscapes J& — > 5 F 3 T 5
S AR T SO B P R Bl AR L Aok B 50 S R ek
M 5, 3k 8 AN 2RI, IR f % 2975 5K Kl , B e
412 500 5K &l | . Foggy Cityscapes [R] B & — 4~ 3
T 15 5 B 46 , 16 Cityscapes RYJERE B3 hn T R A5
SRR R R % R B ROR 24 B S R R
ROR X LN 3 s .

(@)

(®)

K3 FdlE4E & . (a) Cityscapes; (b)Foggy Cityscapes
Fig. 3 Diagrams of example datasets. (a) Cityscapes; (b) Foggy Cityscapes

it Cityscapes & B M IE Ik S, ¥ Foggy Cityscapes
BCE N H AR T, o T SRR A E AR AG I AT 55 AR TR
R V€ Rl Ve B b I e S NI U S 2
8AEHIH AN N K EAE AT I AR 526
VE AT W2 I AN Z , 2D g K B A S8R I8 380 7Y v]
U2 A S I B 2k AT 45, 5353 D 1927 5K A 3854
G R NS R 7 A R N U =3 (S Rl 7 o € e o
A18 5K J .

N T BAEAS SCBET FER RUBE RS2 4] R 1Y i85 4K
o3 2 2% B A A 0 Hh i e X 2% 17 S8 R RE L 4 )il
Ly Lo Ly AL B0k 55438 70 %68 0 45 P BE A 2 THACR
) 245 AN 33 A e del i 7 7 3 AT U R, BIVAS X K al
Sl 2 ) Y 2 S ARAE A A B, R R TR BRR R R R
B ah B A D B s R I A 2k

95 380 > AR BRI AR AL b 5 T W] L S A Je e
RE RN T s . s Thal g, 0 7 30(06) 1y

0415004-4



K1 BFEURITEIREL 22 5 T Bl Al
Table 1 Cross-domain classifier ablation experiment under

environmental differences

No. L, L, Ly L. Person Car Train mAP/%
1 28.6 44.2  28.6 33.8
2 N 32.5 55.2 32.1 39.9
3 N 33.6  53.1 34.2 40.3
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5 N oV 34.8  56.7 35.9 42.5
6 ~ v 35.1  57.6 36.3 43.0
7 NN NV N 358 571 36.9 43.3
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Table 2 Cross-domain classifier ablation experiment for virtual

and real pictures

No. L, L, Ly L. Aero Cat Cow Sheep mAP /%

1 35.1 64.7 76.2 64.5  60.1
2 46.2 79.2 80.1 69.2  68.7
3 N 46.6 78.3 80.6 67.1  68.2
4 N 45.1 78.9 79.5 68.9  68.1
5 N 49.5 80.5 81.2 69.8  70.3
6 ~ v 48.2 81.0 83.1 70.3  70.7
7 N v N N 486 81.7 83.5 70.1  71.0
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Table 3 Comparison of different algorithms under the PASCAL
VOC dataset

Method Aero Cat Cow  Sheep mAP/%
SiamFC 12.4 31.6 6.8 2.3 13.3
SiamRPN 3.5 21.7 15.9 15.7 14.2
OSCD 25.3 47.9 75.3 60.0 52.1
COAE 46.2 75.6 83.9 67.1 68. 2
Ours 48.6 81.7 83.5 70.1 71.0
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