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Unsupervised Cross-domain Object Detection Based on Progressive Multi-source Transfer

LI Wei*>  WANG Meng"*?

Abstract To address the difficulty of collecting manually labeled training samples for object detection tasks, this
paper proposes an unsupervised cross-domain object detection method that gradually adapts the model at pixel level
and feature level. The existing pixel-level domain adaptive methods generate translated images with a single style
and inconsistent content structure. To solve this problem, this paper embeds the input images into domain-invari-
ant content space and domain-specific attribute space, then cooperates different space representations to synthesize
diverse translated images that preserve the spatial semantic information to enable label transfer. In addition, for
feature-level domain adaptation, to alleviate the source-bias problem caused by single source domain, we treat the
generated diverse labeled images as source domain data and design a multi-domain discriminator to get multi-do-
main-invariant representations. Finally, To further enhance the detection performance on the target domain, we
propose a self-training framework to alternatively generate pseudo labels on target training data. The exploratory
experiment results from the Cityscapes & Foggy Cityscapes dataset and VOC07 & Clipart1lk dataset demonstrate
that compared with the current unsupervised cross-domain detection methods, the proposed detection framework
achieves better transferability.
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Diagram for unsupervised cross-domain object detection
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Fig.4  Modular network structures used in the disentangled representation framework
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Fig.6 ~ Multi-domain-invariant representation
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%1 KR ERREIT 7 mAP PERERTLE (%)
Table 1 ~ Comparison of different detection methods on

performance of mAP (%)

Jiik ERE 1 B 2
Lk 71k (SSD300) 17.4 23.2
DAANES 25.9 28.4
CycleGANI 27.9 30.0
DT 23.3 25.6
BRGXFF 29.5 31.8
ZIRRHER T 32.7 36.2
EN[E 20.1 23.9
ZUFFHEX T + BlZR 32.9 38.6
A 33.0 48.4

Cityscapes — Foggy Cityscapes fJiL #2250, @
AR (M = 3) BIBEEIR, SeBl TR RE
55, BRI 25 AR T 12.1%. 3E— 5 b St £ PR 35
RFAEXS 55, Al 45 SR B 0JIR I 17.4% $RTH 2 32.7%;
R F B IZRT7V, Rl g B2 T+ T 2.7%. &5,
I ZRE ZURRHER 55 5 B UIZRT7 ik, Rl 4 R 4%
THET 32.9%, R4 BRI 45 R 0.1%. &
VOCO07 — Clipart1k SE56 9, Ji ik 250 (6 2 FE 1 E
BB, M =3 MANE RIS . R ER
XoF S S Bar rh, A b R 2R A AL A WS I R AR T T
8.6%; 12 PEHFAEN Tk 06, Al 45 2R i 23.2%
PETHH 36.2%; 1B F LR, KNG RIEF T 0.7%;
LRSI T B, AR R T T
15.4%. [FIN;, A5 5 HAh 5 it A7 17Xk, £ 2%
AL HE I H & BN P 4% (Domain-adaption ad-
versarial network, DAAN)®. CycleGAN LA} 38T
% (Domain transform, DT)!". Hr DAAN F#
T B A N 2% S T RS AR SRR IR 2 6]
FF, AEUIZRIT, R4 5) 2K 28N AE SSD M 2% v i)
Conv4 3 relu Z. CycleGANTS 2 M\ 2] H br
s BB R, R AR S BT B
B, FEAE AR VRS B b 11 20 P A 28 7 36
KR BRI gR. DT F 51k 5 ARSI B R Hs
i, HAE CycleGAN H2EaE &, d#t—20 1 i H Il 2k
TP AR LE B bR A b A D bR 25 9 14T 0
DAAS B e R M ASE AL . AN [) T A SO BAE A5 2
PobriE, DT ¥AE H AR SR8 o K155 i m i)
TMAHEVE AR, AR 1 alH, AR SCHER T
PLE&F 7k, L Cityscapes — Foggy City-
scapes HIIEFE LI NI, ML DAAN, A 4%
LERIRTET T%. CycleGAN 5AXHHIB RS A
TE L) AR AR B, AR SCHE T REAE 2 A 1
BIGRE, AR AR B 2 R, T 13

BB A A T H bR 2 AN E RS R B
F 1A LLE W, HBT CycleGANIT J5ik, A il
R 2 B 2% RS I RE R T T 1.6%
(27.9% b 29.5%). DT fERE— 548 FH B Il 4507 1%
Je, PERE M PR T 4.6% (27.9% Lt 23.3%), 5
RITET DT 8B 2 HE 44 43 215 50 5 o7 (1 0 121
MEAE N U I P AR, 7775 K& 2 A5 7 IR AR 1 4l
AR, IR T U2 RN IERE AR bR, T AR
SCHR F 11 3 - BRI BUDh b 6 D7 v Ul AT DA JkE
G KB R PR VE 5 B R AR TR, AT 47 H 3 T+ 6
D BE.
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RS AELEAS [FRE B ) B A AR R 1 000, T AR S v
A3 2] (PRSI 5 R 2 B 4T
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A28 EERET SSD M MMELR e ik, AT
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2 NG RE L KN BN 600. 7E I ZRIEAKE:
MRS PE S 2 ) AKER Faster R-CNNE b 12 %)
BB . AR I B IE R A S A A ) A
RUATRIRBE AL, 52 2] R E 8 0.001, £k
10 NEM. FERRERIRE N LT, R EE N
0.001, EARUZ 10 ME. KB EENYS
Faster R-CNNU thAH[E]. PS5\ = 1, Sig sk
FINE VGG16 M Convs 3 relu)Z, %R
790.0001, FH Adam TRACEE, —BrAAS TR
BRI B WEN 0.9, ZH T Fe S E
Bo BETEN 0.99. 78 H Rk fEd, RiEAT — ik
WZR. BUSIME 6 = 0.5, 1 FH 22 YR 4R AIE X 55 9 25 11l 5
U RS RUAE A TUI SR B A 52 2] 358 0.0001, Atk
REARSCN 1, FLEACIZR 20000 Wk, HAh & E 5
Faster R-CNNU AH[A]. tb4b, AFETF LA R 2
Wt gRi i, [FIRE B BL VG G16 7B A TR
B K15 21 5 R AIE 8 1 3 B Y 2 AT BBl
Sr. Ho, WIG2E 212N 0.01, ZRIXECH 60000,
TEIEARIRECH 40000 B, 2 ) KA N R K1 0.1 fis.
HAh HAB % B 5 Faster R-CNNU A [F. #4145
R IR RN E N 1. RIS Rk 2 By
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# 2 1t Cityscapes — Foggy Cityscapes 525 H 3T Faster R-CNN FIAS [ B 384G I 77 VR REXT L (%)

Table 2 Comparison of different cross-domain detection methods based on Faster R-CNN detector
in Cityscapes — Foggy Cityscapes (%)

Ty Person Rider Car Truck Bus Train Motorcycle Bicycle mAP
F4Ji1% (Faster R-CNN) 24.7 31.7 33.0 11.5 24.4 9.5 15.9 28.9 22.5
3 H &R Faster R-CNN! 25.0 31.0 40.5 22.1 35.3 20.2 20.0 27.1 27.6
DT 25.4 39.3 42.4 24.9 40.4 23.1 25.9 30.4 31.5
B dl k] 5 33.5 38.0 48.5 26.5 39.0 23.3 28.0 33.6 33.8
2 PR PRIEE X I AR 25 2 28.2 39.5 43.9 23.8 39.9 33.3 29.2 33.9 34.0
TR 5 3 A X 29.9 42.3 43.5 24.5 36.2 32.6 30.0 35.3 34.3
Tl 38 R e 2 2 30.8 40.5 44.3 27.2 38.4 34.5 28.4 32.2 34.6
— RN AR R R 30.6 41.4 44.0 21.9 38.6 40.6 28.3 35.6 35.1
E o IEFIVAR 33.2 44.2 44.8 28.2 41.8 28.7 30.5 36.5 36.0
LTIt 35.1 42.1 49.2 30.1 45.3 26.9 26.8 36.0 36.5
BRY + ZHRFAENTF (S VIZR) 32.3 42.5 49.1 26.5 44.6 32.8 315 35.6 36.9
BRGNS 33.1 43.0 49.4 28.0 43.3 35.2 35.4 36.3 38.0
ZIRHEX 55 33.0 43.8 48.5 26.7 45.2 44.6 30.8 37.0 38.7
BRE + ZHFRHENF + BN 35.7 45.6 51.7 31.0 47.0 41.4 30.3 36.7 39.9
Sl 35.4 47.1 52.4 29.6 42.7 46.3 33.8 38.4 40.7

SREE, 75 B bR Ep ks Y BE N 38.7%. A )5 it
— B H N, FRERRIES] T 39.9%, X R
] Faster R-CNN M $EF 1 17.4%, AR T4
W, R20.8%. [FIE, MR RH 555
FREAE N 55 W 4 3EAT BB I 5, 20 it DIl 2 i 7
EERAS T EIFRRCR, RN R R E A 1.8%
(38.7% tL 36.9%).

N T BUE AR ST VA R, AR S5 M AT
BE) 9 FhJc W B B 3 B ARG 7 vE AT T b B
H ) 3 36 R Faster R-CNNU SR B 2 5 Sz 41
R AE X SF R 5 9%, SEBLVR IR H bR X 5E
DT S/ CycleGAN 7521 M JE 3 21 H Frisk 54
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B SURFAE 3k 22 55 SR BB SO0 55120 A T R 4
JRREE X 55 A R PR, JE e 2R U7 SRR BN [ Y
PEHUIX 3k, DASZELRE A0 1 A6 5% 2 X P ik
TH X I A AR N 45 290 5 55 2 A 6 SR R 2 R 0 H i
87 24038 3 S AN AR 2 1 5%, BASE LGS 5 B AR
R 2 R AE 5 R 2 R AE S . 30 38 N 3R R 2
S AEH Cycel GAN AE R 2 FEPE R I, 85 52
T 2 U8R PRFE R IR — B BUm B R R
WM FH T — S UM ) 7 v SE B 5 5 S B
AP B Sl ST I 5 I MR bR 2 SR F TR H bR I b AR K
PbRiE I — 2D X FRE AT S 1E 107 sSORIR THE
H AR LR PERE. 3 2 iTRLE Y, A0k
BRAS T B o P s el 0 e, R E AN D )1

TRERIE LT, TERFIE O 55 W 45 o 45 21 (1) A I 25
SRAW B S 1) TV M AR A et 2.29%. Bk
Ui, 3 HIEMN Faster R-CNN. #1555, £
X470 BRI X I AR I 2% L 9 55 23 AT 5 22 R
HE N AT MTOR 2248 1 AN [6] SR FR) AR5 AE 2 %)
FEOTVE, AL T AR ) 2 380 Bt i) 77, AR
3T EFR YR, DT M DMRL 46 H
CycleGAN A= SO 3 H Ardek i 1% B 45, RIS
78 S AR R 00 55 W 28 (OG0, A ST Aan il 45
AT, 0 bR A% ) 32 2L A H B I 2RI SR
BARSAS B B 45 by deiln . g bs 25 i 78 YR I
L UNGREF RERYLE B AR b T AR RS A 7S 0 O
PRy, SR 5 18 40 28 I 4% X 3K 28 O bRy AT 12 OE,
FHE—PH T HIIZ. X IZ5RE, (1843
s, B, kA — AN AR I &5 R b, AT
PAE BIASTHR B TT VAN S T~ K e DK 2 1)
AL, T H A SEEL T 200 i e sk I A e 1R T
SRS DU RE BT R 14 R 42 T
2.3.2 ATREHIESE LHMEELLER

7E Cityscapes — Foggy Cityscapes S£56H, J&
5 H AR SR s B AH A, H Foggy City-
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Eeb oy |G CTESY AR DSl AR S RS =R e
Bl 22 A 8N 7E VOC07 — Clipart1k S5
PRI 5011 5KIEA, AR A A 500 5KillZkE
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W25 5 AR G TS 4R 2 AT DAAS 31 i &
SEIF AIAIAE DO ARYE, DT A T A R R 42 7t
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Fig.11 The mAP gain of each component
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FIESE G SR e EER S S, X FER
Hbrs b i @, B 12 JE7R T | Cityscapes
— Foggy Cityscapes 42 51 3 FiA [A] XUk 1 B F.
Hp B3NN FRANEREER T, & b
—AT 9 3 BN E B H AR JE 1, HAEBU(.
W BUHE RS S5 T TH A7 AE 22 . T8 B — ok IR I
WAEE 5 H bRt X @ YA ZS A, AT AT LN
ok WA B A 2 M H FRIEAS R XURS ) B
PEEUR. ARATT 53 I OREE T RIS ] B () 25 1) A R RRALE
i A AR 1 AR g . IX R AR B 2 AR T
T BARIEANE T S B, i RE SR BT LA
B ZFEVERRHIERIE, SR 5 FATFH 22 33URFAE XS 55 I
%%, 13 3] 2 AN R I RHIE R AR, T B A B A
a5z e rge. shab, kiR K F 5 bE
B 1 vy S0 e 75 AH 5, R AR RRBE AL ) 22 A 1
BEEEME. HE 12 v CUE H, (FH B AsEUR R e AR
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BAKME R, HER4TUER, E£HFT
SSD &f Faster R-CNN S IGMIHESE | i@ i fi
FH B An 345 8 & A 30 I RS ) &t SR AT B AR T BE AL
JeB A 2 A 5 SR

# 3 1E Cityscapes — Foggy Cityscapes 3L A1 Y%
B MO Rl B SER (%)

Table 3 Impact of the number of source domains M

on the detection performance in Cityscapes —

Foggy Cityscapes (%)

M 0 1 2 3
B Z IR F mAP 17.4 27.3 28.9 29.5
ZIFIREFAEXT 55 mAP 17.4 29.6 30.3 32.7

% 4 Cityscapes — Foggy Cityscapes SZ46 7 & 4
AR ASE DU B B 52 (%)

Table 4 Impact of attribute features on the detection
performance in Cityscapes — Foggy Cityscapes (%)
ik HEZE mAP
BEEXFF (FEHLENE) SSD 29.0
BRI T SSD 29.5
ZIRFIERT 55 (FEALJE 1) SSD 31.6
ZVRIRHIERS 55 SSD 32.7
BEREF (BEHLURTE) Faster R-CNN 34.7
BERF Faster R-CNN 38.0
ZUFIRHERT 5 (BENL IR ) Faster R-CNN 36.5
Z RIS 57 Faster R-CNN 38.7

DU TIAE 73 5453 53 RAE BN AR VE. 4 BI{E 0 BUE TR =
W, RES B P ARE ARG, Ha s KEM
A HARE. BE 0 BB/, TIN5 25145 7 5K
(I RE AL A e AT 3 K B A R A v . TR
B ME 6 1 e EAE R B A R AR E R &L R 6
51T VOCOT — Clipart1k w5, A[A 0 BUE 5
BRI SR, ATLVE R, R — AN G e,
20 = 0.2 REUS T B4R ROR. BT H AR
B> (R 500 5KE R, ZR1MH 0 B,
KEME R LI RAARE. AN, KXo T
ZRH NGRS, W B AR RE 0, fE55
Hillg)a, EBUR R 0. HT28 1 e Bl )E
BV e E 3R T, 72 — 5 | IR, o ik
BRI 0, DAA s N mT SE R D bRy, sk 6 B
N, MILHT T 3R A, fE5E 2 B H IR, 78
BRIE 6 = 0.6 BL0 = 0.7 BT BUAS T B i iR ). T fE
5 35 HUIGR, O T8 $E A A A G I
T I 22 B VRS T B T R 0 1 E I SRR
A LA SR FHE B ARI_ b ORI BE.

# 6 fE£ VOCOT7 — Clipart1k 25 i 6 1)
BURNE ST (%)
Table 6  Sensitivity analysis of 6 in
VOC07 — Clipartlk (%)

2.3.4 SEAERMESH

FE 2 PR AE X S i gl #E b, 50 (1) B2
HON HBCE R II 2R - 5 6 A 2R 1l 31 o
TER. % 5 41 T VOCOT7 — Clipart1k SZ4g, A
A X BUE A B Ak g5 ). IR P BLE W, E2
VSIBARFAE XS T 0 2 v, S0 AU I R B /4R
AR F BRI SR, MBS W/, 2RI
) 59 5 AR P8 I el A% B R T/, DR AN REAR 4
Mo I 50 501 5% LAAS 21 2 A GUSAAZ (R IE R R 24
SR LRI, 2 & 2 B A AR B AN I
BRPEAE, AR T R e RO BT

# 5  1£VOC07 — Clipartlk s2ib 25 \ 19
UK T (%)

Table 5  Sensitivity analysis of A\ in
VOC07 — Clipartlk (%)
A 0.1 0.5 1.0 1.5 2.0
mAP 34.0 36.1 36.3 36.1 35.7

2.3.5 [HE 0 BOBURME S
EE NGRS R, ARIEAE B Ani)I 2R L7

0 01 02 03 04 05 06 07 08 09
1% mAP 37.8 383 38.1 37.8 37.7 372 36.2 357 35.0
#2228 mAP - - 380 383 384 38.6 386 383 384
3% mAP - - - - - - 386 383 384

3 ZHERIB

ARSCHR T R Tl T A O M s
PRETIN . 12, B LA BUG BRI b AR R
PRI B — T A RAE B A — S e, s R
Sy SN SR ALA RN LR b i s
b5 H AR IR B PERFAE S 7, A2 T M 2
H BRI 1K) 2 AR R, RIS IRO M bR A5 BT
W B, KL T BRI A EN,; Ik, N T
88 G BRI AL AR XS S B Y B3 i 12 17 1]
AR, Vet 2 U IS N R 4%, 49 31 2 A AR )
MR, SEL T ZREERF LU B G N f i,
HINZRAE B brssk B bR %E, it — 2371 7R
FasS g e A (o] o2 NG I A4 €17 MR v 4
KW, AR MEERAE T NHENRR. 5
BRI, T ASCAE SR i i 48 7 1 B
VSINEA [F) S5 OB 25 B8, T B 25 FE AN [ RE AR X
H AR IIERE ROR, XA R @] {0 ek — 25t
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