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Domain Adaptive Object Detection Based on Attention

Mechanism and Cycle Domain Triplet Loss

ZHOU Yang' HAN Bing' GAO Xin-Bo"? YANG Zheng' CHEN Wei-Ming'

Abstract Most current deep learning algorithms rely heavily on large amounts of annotated data and exist defi-
ciency in generalization ability. The unsupervised domain adaptation algorithm can extract the common implicit in-
variant features from the labeled data and unlabeled data, so that the algorithm can achieve good generalization
performance on the unlabeled data. At present, domain adaptation object detection algorithms are mainly designed
as two-stage object detectors. For the one-stage object detectors, the difficulty of explicit aligning instance-level fea-
tures leads to the absence of a number of domain invariant features. In this paper, an image-level domain classifier
combined with channel attention mechanism is proposed to strengthen domain invariant feature extraction. In addi-
tion, to address the issue of reduced accuracy caused by inaccurate alignment of category features in domain adapt-
ive object detection, a prototype based cycle domain triplet loss (CDTL) function was designed to construct cat-
egory centers through prototype learning, thereby we can achieve precise category feature alignment guided by pro-
totypes. One-stage object detection algorithms are used as detectors, and experiments are conducted on various do-
main adaptive object detection public datasets. The experimental results show that our method can effectively im-
prove the generalization ability of the original detector on the target domain and achieves higher detection accur-
acy than other methods. Meanwhile, the experiment on different detector indicate our method is universal for the
one-stage object detection network.

Key words Unsupervised domain adaptation, attention mechanism, cycle domain triplet loss function, object de-
tection
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st (12) iz
Fmask = Fobj © FMAX (12)

cls
Hor, FAWCGEI R (13) 53, BRI 54— A4
R I 4 B KA 26 A R e ot LI 51, © ARG
B
Fo™ = [max(F,,, (11 K)),
max(Fegar (1 K)), max(F,q (1 K))J

(13)
EAFIER A, BERT Y Fraa 88000 B BTH7E, &)
Foask (i, §) =1, 1€ (1,2, -+, K). 85 FI H Foaa 13
B 1K EARE By RREALE N (6, §) L AHRRAE, D
N FL st (14) FI3K (15) o,

Fll:F1®Fri1&sk (14)
Frilas 1, 5) =1, Flas 1,7 =1
{ l k(i ) (i, ) 5)
Fmask(i’ J) = 07 FmaSk(iv .7) 7é l

e, WL (16) WAFEIEA] LR Py R o)

1 W H
v = NZZF{(Z’, 7), le(,2,--- K) (16)

i=1 j=1
Hp, w R H 53308 FL RS R R BT 4
WM N 32 /iR (MiniBatch) Il 2R 808 MU R
i, AR R (Batch) H 4 FREGE TS 210
JE 2 AN RE 52 AR R A Jey B A DR b A SO A
Batch o4 3 8 & 8 N5 &6 IR &
vl e (1,2, -, K), RIEEH 3 & 153
AR IR AL K B8 B S B I s AR B AT B
TSR B, 84S R D 5 B A 0 S 4 R R R
o e (1,2, -, K), BRI 4 R SR G
I =ik sk B, HOm BB 1 R, Hoy
Epochs 8RS IZ55 %50, epoch ACFR M H bl i
BRI Z). NG E R R, A CEHLE
USSR R 3 B EJE B A 5 = i e R A, A
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(8

50 %

¥ i

10 H AR R Dy R85 R 1K RATR 2. R =
TeiR R R B S N (17) B,
Lepr =
max(d(vl", v{") — d(v*, vi') + margin, 0),

‘m 76 n, (iter) mod 3 < 2
max(d(v", v{") — d(v{"*, v{") + margin, 0),

m # n, (iter) mod 3 = 2
(17)
Horpr, dter ARRINGRIEARKEL, v ARERVEEIE O,
2 m B4 R R BRRAE, op AR B FR R O,
W B4 R R B RRAE . R 3 o7 AR SR VR IR A
Qs I n 14 R JERARAE, o AREE H AR
Qp T m B4 R R BURHE. A SCECE N H bRl
2 R 73 451 R0 A5 38 Hh 42 BT A 491 ) AR I B
N 2, TAEVE B U 7~ 9 AE H AR e BUIE 7R

BIFIEARIREON 1, PEA B BEAT I 25,

2 KBRS
S IRE ST EHT

BARELTR
ARSIV FRFRER A B ARSI o i~ 2k
J (Average precision, AP) F1-F ¥k B 35 1E
(Mean average precision, mAP) ZEATPEHIAL, b
T I & R H BRI SRR I B & R RE T BV
Wrfatn: PG EHK 77 (AP growth potential,
GP) FI-FH K A K 77 (mAP growth poten-
tial, mGP). 7E7C I B 80 H 1 N B A 4, wF 72
N G A A FH RIS 2R 47 W B N ZRIRAE H FRis
LTI S5 SR (Source only, SO) 1E NI H &
PEEERE SR T2 2% . IRl IR {5 E bm i s 3k
AT BN GRIFAE B bRIggEAT M 45 45 3 E i E
&ML B AR (Oracle). AT LA ] B b HAR
Dy i BRI R B R IR AN E S B PR (H T
FEN 53 e FH P 2 RS DU 25 A (7] A S I 2R R 2 4
AN TR B L, Jor A IO 85 5 A0 AT 48 1 o o B R I
AR IR B (SO) e Fr AN F. X (A3 7E
AN RIS #8 A 25 2 B0 B BT He B & R B
BURZ T A R IR DA IR AR
DR N 2% A Rar U B2 B R AT B, B B T
A5 FH H AR IS AT W VIR P ek B ) BB, 2
Tk, FIREEEE K ) (GP) AP 240K B A E 18 K
71 (mGP) {E#7 R H i N S R 52 T ) [R]
7% JE B AR FL A I 2 b RERS BE SR T E RS L

THE =R (18) M1k (19) Fiox.
GP _ A]Drcs - APSO

APoracle - APso

2.1

2.1.1

(18)

MmAP,es — mAP,,
MAPoracle — MAPy
o, AP, AERI A &S B ARAS IS A I 45 5
212 SRS

ARSI LW Je 11 AN EAREE, v H SN 4
Fhscge b 5t WH R 5 T RAUR HIE R 15 13%
EOINKTRC A PEY N oE Sl b R MK b A S R VY WS
B ST 3] P 1 IR Y

1) WHRA 50T 8 H & R

AR5 N B & B S0 A A I B R
KBRS RS E & B CityScape—~FoggyCity-
Scape, i8I E R B T W A3 H &R SunnyDay—
DuskRainy PLA g B F R BRI T FY )48 H o B
SunnyDay—NightRainy.

a) CityScapes: CityScapes Zi#a4E" &) V2 M
T BAsll, 15 #1551 H A S35t T
eSS . 284 i Daimlerand TU Dresden
AT b H ARkl AR LA S 8 AR IR
% (car)s RZ (truck). BEFEZE (motor). HATH
(bike) ‘K% (train). AV E (bus)s #F (rider)
FIN (person). 1% YA T 50 AN, WG T
FME RIS 5. BEEAS 2975 RIS E
&A1 500 MK EE.

b) FoggyCityScapes: 5| H 3B 45~
[R5 R A AR 25 R SIS, SCRR [43] S T —
D F g PER 2 E T CityScapes £ 5E L, KH
EYNZ Y. 5 CityScapes —Ff, 128 EM
2 975 IRV ZR R AT 500 M@K ER, H5 City-
Scapes H FEHE — — X .

¢) SunnyDay, DuskRainy, NightRainy: Wu
SR I T BDD100 #i M Wit 1T AE SRR
N EE N, S0 R B B R E R R B
FITHE BA A R BN YA A B R A
(SunnyDay) M BDD100 4 £EUEE 1T 27708 i i
B R B EME. R R 55 2 5 (DuskRainy)
AR W B M A3 48 (NightRainy) 23 B4 & 3501
ME D 2 494 TR MG, H Hi47 7 — & F2 5 E 4L A
ORI AR . =AM R4 R A8 BDD100 H
WL 7 RAZE H AR, AEEAZIEAT (light). 2@
i (sign) PASKZE (train).

2) AR Sk I A [ 3 VL

PE TR AG K 38 & B S 56 KITTI— CitySca-
pes. KITTT #4541 7R 2 A VGl ) 1 H 8 25
BB AR 2 —, 1 EUR R AR TR E 2 A I T
B A28 5, B 2D RGB B brfa il dn 45 41 iE i
IR PS5 IR B A s R AR BIVR BEAS B 4, 75 B AR
G I G 4 vh 05 7 481 WRUIZRIEME AN 7518 T
WEME, AR E RE RETA BTE AE

mGP =

(19)



11 34 JERAESE : BETE R HLH RGPS = Te 40 Rk (380 E 18 R H Al 7

N BEURZERNA 8 2. S RS AR — AN,

3) K A0 3 TS (1 AU 1 3 B R UL I B SE 1) 4
H & MV S5 A Sim 10K — CityScapes.

7 RSB L S A AR SRR AR B B R A DA
S e WA, 2017 4, & R A Sim10K M
FH I X% B 5 08 42 F BT PE A | R A . B A 10 K I
BIE, (H R —ANARZEZE A, 3E 58 701 4R 42549

4) B 21 e ] ) 40U 1 3

I Si 1 P i ) ek H OE B SR8 4 A VOC—
Clipart. VOC—Comic. VOC—Watercolor.

a) VOC: Pascal VOCU J& £ it (1) B st 7 H
FRASINRCHE S. RAE SCik [22] SeER v, f# ) VOC-
2007 1 VOC2012 A G AE AP, L5 16 551
e B A AT 20 N353

b) Clipartlk: Clipartlk Z#E£E" &—N 58
SEFRE RS A 5 1 P SR 4, B8 S VOC
FHIE T 20 28 HAR. Clipartlk 35658 1 000 1@ &4,
SEEG HORIX 1000 i EUE RIHE S B ARl 215
FIPREE.

c¢) Comic2k fl Watercolor2k!™: =3 73 Jil AR
T AR KA TR SE 505 45 Comic2k Al Water-
color2k %07 2 000 1@ EE, Fr Il g Al 48
%4 1 000 . A[FTF Clipart1k, Comic2k A1 Water-
color2k RAE T VOC 4 1 6 25 HER.

2.1.3  SLIRHTS

AL FELL YOLOvV3 Ml YOLOVS {E A 3Eht G
D2, B0 E B H 3 3 Y H s R I 92 1 A RK
PE. 7E3ET YOLOv3 MIsiai v, s PR sz o i A1
£, KX DAYOLO H A scie S5 &, Jiil
St E AL (Batchsize) 4 8, H 4> Batch

1 1/2 KA, K4 1/2 k8 BEsik, BG5S
R ENA16x 416 155, AN, ASCRHERET
YOLOv5 M3k 5 & B 77 A-DAYOLOP Fil S-
DAYOLO® [R5 241X B R T YOLOVS 1
szEG Bl Batchsize N 8. BG4 #HE R N 512 x 51214
X, R R A YOLOvVS R A ) small bl
A (YOLOvSs). BRI ZAMREFTA IR YOLOv3 Ml
YOLOV5 S E L B & 45 0. UL T S2ii
KA #K RTX 3090 & K7 Ubuntul8.0, Pyt-
orch1.8.1, CUDA 11.1 HI¥85 T 58 B

2.2 MEESLI S

SCI6 1. CityScapes—Foggy CityScapes %%
RAWHCT BRI SES:. 546 CityScape F#E
EAE NI Foggy CityScapes 14 B frisl, T
YOLOv3 # YOLOv5s A&l #5 14 52 56 45 543 5l tn
1 . NSEEEE Rrh el DLE W, A7
H AT 1035 F YOLOV3 [k F & R %L DAYOLO
2.3%, L3 T 38.3% [k K B2, R, mGP &%
T 83.9%, T DAYOLO #&m 1 22.9%. {E%:
T YOLOvS MISES, ATNEIER T 34.3%
mAP Fl 83.8% i) mGP, # I K Jjfebrizm T H
A AR 1% S-DAYOLO. SEEGIERA T AL
T A R, R 00 WA S T AT BLUE RS T A
I YOLO REIM%Z. K 3 R T AL ITIELE
Foggy CityScapes 4 £ kil =M 45 8. Kb 28
1 %04 SO ByAs i &5 R, 5 2 IR A LT IEAE
YOLOv3 LRyl gh &, 5 3 SRR AT AL
YOLOv5s EREIgs R, 58 4 5 b % A
(Ground truth, GT). M EMGRFTLAE i, A3
TR — B R EoRah 1 RS T I 25, 72 B b5

# 1 AFEJFIELE CityScapes—Foggy CityScapes 55 % Hsis &5 3 (%)

Table 1 The results of different methods on CityScapes—Foggy CityScapes (%)

WIRES R 2% person rider car truck bus motor bike train mAP mGP
DAF!M Faster R-CNN 25.0 31.0 40.5 22.1 35.3 20.0 27.1 20.2 27.7 38.8
SWDAU! Faster R-CNN 29.9 42.3 43.5 24.5 36.2 30.0 35.3 32.6 34.3 70.0
C2FM Faster R-CNN 34.0 46.9 52.1 30.8 43.2 34.7 374 29.9 38.6 79.1
CAFA Faster R-CNN 41.9 38.7 56.7 22.6 41.5 24.6 35.5 26.8 36.0 81.9

ICCR-VDD?! Faster R-CNN 33.4 44.0 51.7 33.9 52.0 34.2 36.8 34.7 40.0 —
MeGAP Faster R-CNN 37.7 49.0 52.4 25.4 49.2 34.5 39.0 46.9 41.8 91.1
DAYOLO™ YOLOv3 29.5 27.7 46.1 9.1 28.2 12.7 24.8 4.5 36.1 61.0
ATT (v3) YOLOv3 34.0 37.2 55.8 31.4 44.4 22.3 30.8 50.7 38.3 83.9
MS-DAYOLO® YOLOv4 39.6 46.5 56.5 28.9 51.0 27.5 36.0 45.9 41.5 68.6

A-DAYOLO® YOLOv5 32.8 35.7 51.3 18.8 34.5 11.8 25.6 16.2 28.3 —
S-DAYOLO™ YOLOvV5H 42.6 42.1 61.9 23.5 40.5 24.4 37.3 39.5 39.0 69.9
AT (v5) YOLOv5s 30.9 37.4 53.3 23.8 39.5 24.2 29.9 35.0 34.3 83.8

Vi SRR R BT IR (v3) FRRIEE YoLov3; (v5) FoRAE ) YoLovBs; MIARALIE 767 H S e ) di 24 51



50 %

AKSCI7E (YOLOVS)

K3
The subjective results of our method on CityScapes—Foggy CityScapes

Fig.3

AT AR A AR IR A A 2, (HAEXT T 4528 B
ATHAFAE — 78 RAL.

SC4E 2. SunnyDay—DuskRainy %% K375
T H bR seEs. CARE B A R E RS SunnyDay 1E
VRS RN R B 4R DuskRainy 1E 9 H AR
HEATSE5G. T YOLOv3 F1 YOLOvS5s Kl 5
e Rk 2 Frox. T DuskRainy F3% A M
AR, WX FEH T AR FE B B R XS b SR IR 45 R M
SEIGEE R A LUE 2T YOLOvV3 BIAR L 7 i
A3 T 40.2% ) & s ks DkS B AT SO ik ig
7.4%. 3T YOLOv5s HIASIERAT T 36.5% H)
o DA B, AHXET SO TkiE 9.4%, 5 H ez s 4
R tE T ICCR-VDD ki 23

SCI% 3. SunnyDay—NightRainy %% K53
SN AR ELES. DA B E R i £4E SunnyDay
YE VRIS T M BRI EHE 4 NightRainy /E 8 H

A7 (YOLOV5Ss)

A ITELE CityScapes—Foggy CityScapes b 3= WA I 45 5

PRI AT 5286, FET YOLOv3 #1 YOLOv5s Kol 2%
(PS8 45 AT iR 3 fs. 2848, BT NightRainy
FEARTRALMREE, Fr LAIX BT SR P YRS P 16 & o0t
EE AR [ 7 355 B S 06 45 51 . S G 45 SR ] DU Y
HF YOLOvV3 WA IERAR T 25.3% B =k
WK B, A% T SO BKilE 5.1%. 3T YOLOv5s )
ASCTTERAR T 21.5% PRSI R, AT SO ik
& 4.7%. SunnyDay—DuskRainy A SunnyDay—Night-
Rainy () FE L5645 A0l 4 s, BB RisiiT N
SunnyDay—DuskRainy 1 Hi& M 45 R, FEWHITA
SunnyDay—NightRainy 3 H i& M 45 %, 7] LLE
FEAR S HINEE R R YOLOv3 1 YOLOv5 £l
BT R R B 5 R A F A A ARk
TR

SCIG 4. KITTI—CityScapes B % k75t H
FRA I s256 . KITTI A1 CityScapes %3 £ 79 il &

* 2 AFEJFELE SunnyDay—DuskRainy $#842 - 195 LRt 45 8 (%)
Table 2 The results of different methods on SunnyDay—DuskRainy (%)
Vikis JiswlllES bus bike car motor person rider truck mAP AmAP

DAF!M Faster R-CNN 43.6 27.5 52.3 16.1 28.5 21.7 44.8 33.5 5.2
SWDAL! Faster R-CNN 40.0 22.8 51.4 15.4 26.3 20.3 44.2 31.5 3.2
ICCR-VDD?! Faster R-CNN 47.9 33.2 55.1 26.1 30.5 23.8 48.1 37.8 9.5
AT (v3) YOLOv3 50.1 24.9 70.7 24.2 39.1 19.0 53.2 40.2 7.4
AT (v5) YOLOv5s 46.2 22.1 68.2 16.5 34.8 17.5 50.5 36.5 9.4

VE: AmAP FoR mAP [HkIRFEE.
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# 3 AFEFELE SunnyDay—NightRainy Za4E b xS thaib 25 5 (%)
Table 3 The results of different methods on SunnyDay—NightRainy (%)
ViRis e % bus bike car motor person rider truck mAP AmAP
DAF! Faster R-CNN 23.8 12.0 37.7 0.2 14.9 4.0 29.0 17.4 1.1
SWDA! Faster R-CNN 24.7 10.0 33.7 0.6 13.5 10.4 29.1 174 1.1
ICCR-VDD™ Faster R-CNN 34.8 15.6 38.6 10.5 18.7 17.3 30.6 23.7 7.4
AT (v3) YOLOv3 45.0 8.2 51.1 4.0 20.9 9.6 37.9 25.3 5.1
KRILTFE (v5) YOLOv5s 40.7 9.3 45.0 0.6 12.8 9.2 32.5 21.5 4.7
ARILT7E (YOLOv3) AT (YOLOVSS)
4 ARIHVELE SunnyDay—>DuskRainy 1 SunnyDay—NightRainy = f=E MUS I &5 R
Fig.4  The subjective results of our method on SunnyDay—DuskRainy and SunnyDay—NightRainy
i o 4 N e -
;‘Ef; E T;%{iﬁjfﬁilﬁﬁﬁﬁiﬁég{f;ﬁﬁi;ﬁ %tﬁaé RE #* 4  KITTI—CityScapes 1 Sim10k— CityScapes
NS ZN ISP VPRI Cltydcapes BELE bt b szs gk (%)
N H ﬁﬁ/ﬁ, T+ YOLOv3 fil YOLOv5s il 23 ) Table 4 The results of different methods on KITTI—
SEIS AN 4 pras. BT KITTI 2048 K HE CityScapes and Sim10k—CityScapes (%)
ji ﬂ: Cit y Sca pes B,(] UII éﬁr\ % IZE[ 1% ﬁ % ’ E‘ %E KITTI—CityScapes Sim10k— CityScapes
KITTI—CityScapes SE56 AL K H B 2 HIIR 4 ik AP Gp AP ap
K, HOHECF 525 1 0% BERRONT S, 2k e mn we me
P A LA SR BN M SELEA s Ly =
A E:Ji%éﬁ jz\jjﬁﬁj x, Fﬁum‘ﬁ‘@\a&, R Iy ik SWDA! 37.9 19.5 423 30.8
SR B SR AR, AT YOLOVS R,
M YOLOv5s [t il as b5 ik £ 61.1% M CARAL 150 0 100 o
60.0% P55t B TURS B LA R 29.4% Fi 50.4% (¥4 eGAS 150 o s 50
'H‘i—& ) € . . . .
B E'r.ﬂjz . . . R DAYOLO™ 54.0 82.2 50.9 39.5
SLI6 5. Sim10k— CityScapes KL FIEL 5247 5 o
6 E RRARS T S8 Sim10k— CityScapes i sis H KI5 (v3) 61.1 29.4 60.8 37.1
A N = Ny - (32] A . . .
AARKHI N O A, BRO9BL S35 S ol g Wb An A-DAYOLO T o
v B e oo . A e . 34 _ _
BRI o AR (1), T E REAL 0 BOFR 35 U AT AR 2 FPAYOLOT o3 529
55 MO SR EE R PR A S S 3ok 38 R TR AXFECE) 600 c04 €03 6.3
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Eitd 50 %

g
¥

FRAE AT BB R I Gl B2 A L S A BE A R
HUAS AN R IUAS . B T KITTI—City-
Scapes 3546, Sim10k— CityScapes A & —4~2
BT ZE, DRI A DR BE SR T /. ot IR N3k 4
. W4 Hal i, &R3CT73 L YOLOv3 i
YOLOv5s 1E AR &%, 535148 2] 60.8% F1 60.3%
P ARSEWUKS 2, (R B K BE 39 B2 37.19% FH 56.3%.
Horos B K LR AT 7 iR Rl B .

2.3 HERSCIE S
2.3.1 CADC #1 CDTL B;EEhsCIs

TETH AL SEIS SO R IR L AT
WS IAE B AR AE k47K, Oracle fRFAL
8 B AR SRS 3 AT I R IR 75 H brdd st 47 I,
CADC Fl CDTL 73l 3 7~ H A FH 3@ 18 v 3 77 3k
I3 BTG = o % s AL

7t CityScapes—FoggyCityscapes _I F7H ffi 52
gk 5 Mk 6 Fros. g5 FaRuH, 2 HAH A
IR PR 2E% (CADC) HIRHE, 42 YOLOV3
M YOLOvSs E7rml#& T T 8.8% Al 12.7% ¥
FEEEYE (mAP), 780k T 3Tl v = I pL)
HI 43 2528 7E CityScapes— FoggyCityscapes SZ56
A R, 247 YOLOv3 1 YOLOvS FAXAE
PEIRIR = JeHi 2k (CDTL) B, PR thaefs
F 2.19% F1 4.8% MRS, W4 = FHILFERH TR, 78
YOLOv3 1 YOLOv5s AT SO 43538 1
9.9% F1 12.9% HI~V-35K5 FE, [FNAE YOLOv3 A il
a5 EXT KSR I 25T Oracle, 153 50.7%
(1) e 4 e, HE— S5 UE B T P e 7 3 TR A R

7£ SunnyDay—DuskRainy _I 117 @S5G 45 5
Sy lnge 7 M 8 fron. 7ELL YOLOv3 1E el
e st b, A B SunnyDay B 48 1)1 2R 7Y
BN ) H bR DuskRainy 8R0S B N
32.8% (RPR A SO). F4b, X Hpdin N\ i i
BI85 (R AF1¥ CADC), Kl 5
e 3 39.6%, 1M 24 N AU NAE IR I = Jo 4 2k
BEAT IR (BR et CDTL), P94k kS F 1 s
B 35.7%. HIF I 0N SCHE H I8 T v = T L
1135k 73 88 FIAE PRI = J0 45 2 BR B, 28 1T Lk
B 5% e BRGNS FE 40.2%. #£ LA YOLOv5s 1F s
W25 B S56 H, f5E FHYR IR SunnyDay £ 42 I Zx A
R 328 F 3 3 Arisl DuskRainy FIRIIAS 4 27.1%
(BPER R SO). X Bpuin N I8 38 73 2= S pLa) 1 3
Iy (AR ) CADC), # ks FE N 35.9%,
AT SO #2511 8.8%. 11 24 NI L AU NG I,
e RTINS (RRR AR CDTL), Ak B
H 30.4%, FET SO #2151 3.3%. KRB IR
SCHR S A IE T R AL o) A FE I = e i
SR RRET, 2 AT LUk 31 fe i RS RS P 36.5%.

7E SunnyDay—NightRainy _I ff) i fill 5256 45
FaRlngE 9 M 10 Frzs. 7£LL YOLOvS 15 A
2% 5256 v A8 R SunnyDay $id 891 2045
B 2 8% 31 H FRis NightRainy PRI N 20.2%
(BPR 1 SO). MM IEE = /1380 58 (RI%R
I CADC) B, #Ef 252 = 21 24.8%, 1M 4 5400
NEFIE = Feii 2k (CDTL) BT I 2R, HEH
REEFH] 21.7%. M FEFIINASCHE H 0 E =
FINLH 5 S FOE PR3k = e 2k ok i), ik 31 B

# 5 CityScapes—FoggyCityscapes #E4 5:T YOLOv3 MR SLIe 45 R (%)
Table 5  The results of ablation experiment on CityScapes—FoggyCityscapes based on YOLOv3 (%)
Jiik person rider car truck bus motor bike train mAP
SO 29.8 35.0 44.7 20.4 32.4 14.8 28.3 21.6 28.4
CADC 34.4 38.0 54.7 24.4 45.0 21.2 32.1 49.1 37.2
CDTL 31.1 38.0 46.7 28.9 34.5 23.4 27.8 13.7 30.5
CADC + CDTL 34.0 37.2 55.8 314 44.4 22.3 30.8 50.7 38.3
Oracle 34.9 38.8 55.9 25.3 45.0 22.6 33.4 49.1 40.2
# 6  CityScapes—FoggyCityscapes £#E 5 LT YOLOvSs HITHRLSEIEE R (%)
Table 6  The results of ablation experiment on CityScapes—FoggyCityscapes based on YOLOv5s (%)
ik person rider car truck bus motor bike train mAP
SO 26.9 33.1 39.9 8.9 21.1 11.3 24.8 4.9 214
CADC 32.6 37.1 52.7 26.8 38.1 23.0 38.1 32.6 34.1
CDTL 29.7 36.7 43.2 13.1 25.5 17.1 28.7 13.1 26.2
CADC + CDTL 30.9 374 53.3 23.8 39.5 24.2 29.9 35.0 34.3
Oracle 34.8 37.9 57.5 24.4 42.7 23.1 33.2 40.8 36.8
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# 7 SunnyDay—DuskRainy $#E4E F3F YOLOv3 RIS 4E R (%)
Table 7 The results of ablation experiment on SunnyDay—DuskRainy based on YOLOv3 (%)
7 bus bike car motor person rider truck mAP
SO 43.7 14.3 68.4 12.0 31.5 10.9 48.7 32.8
CADC 50.0 22.6 70.8 23.2 38.4 18.7 53.5 39.6
CDTL 45.4 20.1 69.2 15.2 34.8 17.2 47.8 35.7
CADC + CDTL 50.1 24.9 70.7 24.2 39.1 19.0 53.2 40.2
# 8 SunnyDay—DuskRainy Z#i4E 5T YOLOv5s FIH RS 45 R (%)
Table 8 The results of ablation experiment on SunnyDay—DuskRainy based on YOLOv5s (%)
Jiik bus bike car motor person rider truck mAP
SO 37.2 8.4 63.8 5.5 23.7 7.9 43.4 27.1
CADC 45.6 22.1 68.2 16.6 34.5 15.4 50.1 35.9
CDTL 41.6 13.1 65.5 7.6 29.7 10.2 44.9 30.4
CADC + CDTL 46.2 22.1 68.2 16.5 34.8 17.5 50.5 36.5
# 9  SunnyDay—NightRainy ##i4E LT YOLOv3 FiHRL IR R (%)
Table 9  The results of ablation experiment on SunnyDay—NightRainy based on YOLOv3 (%)
Tk bus bike car motor person rider truck mAP
SO 39.2 5.1 44.2 0.2 14.8 6.9 30.7 20.2
CADC 44.4 8.1 50.9 0.6 20.2 11.3 38.3 24.8
CDTL 40.4 8.2 45.8 0.6 16.2 7.2 33.4 21.7
CADC + CDTL 45.0 8.2 51.1 4.0 20.9 9.6 37.9 25.3
# 10  SunnyDay—NightRainy (4 4 F5T YOLOvSs HITHRh 545 R (%)
Table 10 The results of ablation experiment on SunnyDay—NightRainy based on YOLOv5s (%)

ik bus bike car motor person rider truck mAP
SO 25.4 3.2 36.3 0.2 9.1 4.4 20.8 14.2
CADC 38.7 8.3 42.7 0.3 12.3 6.4 32.0 20.1
CDTL 34.3 6.2 44.2 0.5 11.2 8.7 30.3 19.3
CADC + CDTL 40.7 9.3 45.0 0.6 12.8 9.2 32.5 21.5

RS MRS B 25.3%. 7ELL YOLOv5s fE Jyf il 25
fs2a 48 F R SunnyDay VI 255 R B4 5 H 5|
H 4538 NightRainy FIE RS E A 14.2% (BRI H
() SO). 4 BUin N\ T8 vE = FI ML 4 25 38 (B
F ) CADC) I, RS FEEA 20.1%, FHET SO
PR T 5.9%, 1024 M NG =k (B3R
H1f) CDTL) I, A IkS B4 19.3%, AT SO 2
11 5.1%. [ DI A SR HS a2 L]
35853 A ANIE PR IR = Jo 40 2% oR HUN, 1K B A s i A
MKEE 21.5%.

KITTI— CityScapes 75 @hszio 45 B ank 11
M55 1 BIBE TN, M3 11 R LLE H, YOLOv3
FE A8 R 38 KITTT 347 I 2594 76 H 45 35% City-
Scapes AT MHAIKS BN 59.6% (SO), M H
Pl CityScapes #AT I 25 I 7E H bR 48 City-

Scapes EHEATMIAIKE 22N 64.7% (Oracle), XA
1 5.1% 3 T+23 1), YOLOvSs 7848 F P KITTI
BEAT IR IE7E H bRk CityScapes _EHEAT TR A
FER 54.0% (SO), {1 H Ak CityScapesiZEAT Il 2k
JETE B brdk CityScapes 347 3K K B N
65.9% (Oracle). M3 11 AT LLFEH, CADC Al
CDTL P Ff 77 32 B A FH Bty R ARG BE$2 T AH 2.
7 YOLOv3 ¥ 3478 60.5%, £ YOLOv5s L
FRIHS FE 20 531 59.5% F1 59.0%, 24— 2 3[R i
fE1SH5 FEAF 23— P iR, /£ YOLOv3 Al
YOLOv5s Al &5 F 53 mli& %) 61.1% 1 60% 1
BAETERE, T SO #2171 1.5% 1 6%.
Sim10k— CityScapes {174 @SLZIG a2 11 (28
2 BIELHE AT, 24 (RIS 0 ONARS A 38 = T 483 2% bR B5OR
BOETEE )53 80T, /£ YOLOv3 Al YOLOv5s
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#* 11 KITTI—CityScapes fil Sim10k— CityScapes
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Table 11 The results of different methods on KITTI—
CityScapes and Sim10k—CityScapes (%)
Wik KITTI Sim10k
SO 59.6 58.5
CADC 60.5 59.6
YOLOv3 CDTL 60.5 60.8
CADC + CDTL 61.1 59.8
Oracle 64.7 64.7
SO 54.0 53.1
CADC 59.5 58.6
YOLOv5s CDTL 59.0 60.3
CADC + CDTL 60.0 59.0
Oracle 65.9 65.9

Kl g8 b4r BE S T 59.8% 1 59.0% (K146 IS .
AT SO MsRi g &, 7 T T 1.3% F15.9%.
ELLE TR AN G WU 8 B A5 PR A0 B3 = 45 2k o B )
FTREIE BRSBTS UM E R R ) st
[ RN RS BE . JRATTIA IR P G0 7= A 2 RN
Sim10k 1 CityScapes Xt &, RIS I8 2 (7] 1)
PEEBSACR. M3 AR AE IS, W2 S8 iy &1
P PRANIEAT BIRA AR RHAE, MIfTEE 2T 0 BA H
S R SE B RFAE 52 2] M = ek (CDTL)
NI T30) 5 250 BRI 1) A DRIk S H BRI 25 B
T R T 4503 A il R 7 .

K 5 &/~ T KITTI—CityScapes il Sim10k—
CityScapes £55H L YOLOv5s 1E VAT 2%, 5

SO ALT7F (YOLOV3)

f8it FH A S = UL 05 2R 88 (CADC) FIE 36
W =Ju#ik (CDTL) AR 3L [F) 4 A 5 & 1 L T 1
FEW A5 . B H s —47 2 58 CityScapes Ml
LR AFERY R, AT TR KITTI—CityScapes
I EMELI 5 R JE AT Sim10k— CityScapes
P EM LIS 45 F. 56 1 FIREK SO AL &5 5, B
ASIMNATATSGE 7% 28 2 B3R RN @ IEF =
FIHLEI IR 5 238 (CADC) BRI S5 R, 5 3 5%
NG =ik (CDTL) 2245 R, 5
4 PR L FEEA AR BT LA ], TG
& KITTI— CityScapes i& /& Sim10k— City-
Scapes &[SI 1 B FH 388 00 VR B AL 3
3 954% (CADC) {4143 P 2% B8 fin v 2 1R 0 1) R ]
Ae 2 10 H Fr; T B FH O PR 48 = o ik (CDTL)
BRI H AR BE v we, BN EEEE S, 9
HEFEEHTRERNEEZ AFRESEEENHE
b, TRAN 1 IRASHY SR RS B BRI

WA, Syt — 20 00 uE B T E R AL 3k
3 ARG = o R R B A 8, A SO H
FLEIIALL SSD kil 8 i I3Net #EAT XS B ) =
YL, 1 L RRAG TISE S VOC—Clipart 1k, VOC—
Comic2k Al VOC—Watercolor2k. A 3% I3Net
[ SE 6 1 B R AT B B0 DUR AR S I8 X bR A S
SEEGZE AR 12 ~ 14 Fios. £ CADC* KRR
¥ SE @ IEEE IHLEMA S| I3Net #3528 48 4
7715, IF 12 F1 VOC— Clipart1k (1935 H & M 5L
T PLEH, 47 I3Net B ZRITFE H 0TI 5
= JuP R RN, HERR IR T T 1%, MAETIEEE

ATiE: (YOLOvVSs) GT

5 AN ITVRAE KITTI—CityScapes 1 Sim10k— CityScapes I F7H fili 5236 45 )R
Fig.5 The ablation experimental results of our method on KITTI—CityScapes and Sim10k—CityScapes
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R RHA T ERIEH T YOLO H brta i 2%
Ah, WIEFEL T SSD S5 5L B H brAsr il i 45
2.3.2  BREXTFTEHDHESE Dy BIHRLLIE

AT A K 2 H08 3 & R H s A A
PL VGG16 1ENH T M4 Faster R-CNN Azl 45,
YOLOH HJH T M4 DarkNet HA7 5% 2 & #M H

TR IR 24 2546, T2 YOLOv3 fil YOLOv5s 15
Neck #573 FriZ 4 i) = 4b& M4 (Backbone) HFE
JE T E M 284 B IR EE E 4 KT VGG16, k]
DLKE F i H AR D 24 B R R AR T, A0y
SV R S IR SR B UE A 7 AR VR E 2% B 5 Neck #597
TR R I 55— AMRAIE 2 A SR 25 0o 55 1) 0
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SRRV, AR RGN I R, R T
YOLOv3H YOLOvS5s [l & L ASIKS 5 4L REf5
BIAS[RIFE FE B4 T, AT IE B 7 AR 2R 0k 55 6k T
YOLO Z 51 W45 H i ZE A
2.3.3  BEFENES AR (CADC) Hink Ry
i e SSWiy

Focal 15 2K bR ULE W 28 AN [F) A B 1) /R FH AN S AH
[F], DN R [P 28 5 SR AN [B] i gz mg 21, 8 1ok, AR SO
X Y OLO M 28 56 A [F) 38 18 ¥ 5 /73873 2 4 A
Focal 45 2k B Ui RS2 £E CityScapes—Foggy
CityScapes 155 E#AT LI IGE, S50 tH AP KAl
Mtk = o R R AL, R INER 16 PR, & 16 1,
Fy, Fy, F3 %75 YOLOvV3 5# YOLOv5s 15
Neck #HZE#: 1) Backbone $3#1E )2, CE LR X i
11Kk KL (Cross-entropy loss function), FL {3
Focal #12% B % (Focal loss function). SZG 45 F 3k
B, 7£ YOLOvV3H1 YOLOv5s b, F1 Bt i (e 43
FRARTR BRIk (CE), F2 f1F3 Fr

£ 12 ARILHIVELE VOC—Clipartlk IS5 (%)
Table 12 The experiment on VOC—Clipartlk (%)
Fik aero beycle bird boat bottle bus car cat chair cow table dog hrs bike prsn plnt sheep sofa train tv. mAP
I3Net 23.7 66.2 25.3 19.3 23.7 55.2 35.7 13.6 37.8 35.5 25.4 13.9 24.1 60.3 56.3 39.8 13.6 34.5 56.0 41.8 35.1
I3Net + CDTL 23.3 61.6 27.8 17.1 24.7 54.3 39.8 12.3 41.4 34.1 32.2 15.5 27.6 77.9 57.0 37.4 550 31.3 51.8 47.8 36.0
I3Net + CDTL + CADC* 31.2 604 31.8 19.4 27.0 63.3 40.7 13.7 41.1 38.4 27.2 18.0 25.5 67.8 54.9 37.2 15.5 36.4 54.8 47.8 37.6
£ 13 ACHPEA VOC—Comic2k FHISLE: (%)
Table 13 The experiment on VOC—Comic2k (%)
Fik bike bird car cat dog person mAP
I3Net 44.9 17.8 31.9 10.7 23.5 46.3 29.2
I3Net + CDTL 43.7 15.1 31.5 11.7 18.6 46.9 27.9
I3Net + CDTL + CADC’ 47.8 16.0 33.8 15.1 24.4 43.5 30.1
£ 14 ARIXHIVELE VOC—~Watercolor2k | HISE5: (%)
Table 14  The experiment on VOC—Watercolor2k (%)
Jik bike bird car cat dog person mAP
I3Net 81.3 49.6 43.6 38.2 31.3 61.7 51.0
I3Net + CDTL 79.5 47.2 41.7 33.5 354 60.3 49.6
I3Net + CDTL + CADC’ 84.1 45.3 46.6 32.9 314 61.4 50.3
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Table 16  The choice of loss function in channel
attention domain classifier
o 2% Fy s Fs mAP (%)
YOLOv3/v5 CE CE CE 35.8/32.7
YOLOv3/v5 CE CE FL 36.4/33.2
YOLOv3/v5 CE FL FL 37.2/34.1
YOLOv3/v5 FL FL FL 37.0/33.5
30 ~#-voLovs —53"?\
—H-YOLOVS Pl e o
28 r* .2?1 _“"*
L2856 ) 28,4
- 26.2 95.9
S T R pan 26 - B H,
Bl 6 AXJjvEfE VOC—~Clipartlk M4, R - 560 0 .
Fig.6  The subjective results of our method on § 244 i / \\2;3
VOC—Clipartlk g 99 *” 22.1
21.9 195 ,/’
15 RRGOSFE L [ (%) 20 P
Table 15  The impact of pixel alignment to network (%) 184168 -~
.(
Jrik BiiE  C-F K—-C  $~C /3 12 11 21 3/l 4/
CDTL + CADC YOLOv3 359 598 584 MR UL S/ T
CDTL + CADC + Dyixa YOLOv3 37.2 60.5 59.6 . . i e e
CDTL + CADC YOLOVS 327 589 568 7 K[E({)Efg %?ﬁé;iigiYOLOVS A
vo T N2
CDTL + CADC + Dyixal YOLOv5 34.1 59.5 58.6 ) "
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Fig.7 The result of different cycle iteration on

YOLOv3 and YOLOv5
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