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Abstract: The performance of existing deep learning-based object detection models significantly degrades due
to the influence of complex weather. To effectively eliminate the problem of domain differences caused by dif-
ferent weather scenes, propose a multi-domain dynamic mean teacher model. First, introduce a multi-domain
mean teacher module to generate pseudo-labels for target domain data in multiple different weather scenes.
Then, introduce a student network-based style transfer module to solve the problem of weak generalization
ahility of student network to different target domains in multi-domain tasks. It can effectively reduce the dif-
ference between source domain and different target domains and improve the generalization ability of the stu-
dent network to different target domains. Finaly, a teacher network-based dynamic filtering pseudo-label
module is used to dynamically adjust the threshold values of filtering pseudo labels according to the learning
effect of the teacher network on different target domains and improve the quality of pseudo labels for each tar-
get domain. Experiments on FoggyCityscapes & RainCityscapes and Dusk-rain & Night-rain datasets show
that the proposed model achieves 40.3% and 31.4% accuracy respectively, and outperforms other comparison
methods in complex weather scenes such as rain, fog and night.
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3.1.1 Cityscapes $#i4:

Cityscapes 2Rz [ AN [a) 30 i1 1) R HUAS I T 5
SEAEAE, AE 2975 SRIIZRE A 500 5K 4k
F, R RKER A MG AR RS s, nE da 2 E BT
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W), EIRTERNES, WE 4a PEEFR. R
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TR, WA 4a AEPR. ELRT, %
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FoggyCityscapes (ZX)
a. Cityscapes $(#E4E

Daytime-sunny (F§ K<)

Cityscapes £ & Jf 1k, FoggyCityscapes 4 Rain-
Cityscapes H:[R1E b & A HFrIR.
3.1.2 BDD100K ##itE

BDD100K %4l 4EH 10 J7AN725 Bl Asih B o
HEWTA L. S ICSCHR[22] i, KN 3 FR
[R5, Wi 4b fizs: (1) Daytime-sunny,
f14 0 RS 1355 (2) Dusk-rain, 14 # R K
Y5, (3) Night-rain, £ &M Kigse. E3L5
i, ¥ Daytime-sunny 1E 4 i35, Dusk-ran 5
Night-rain L[ 1E 52 G HArs.
32 XWKE

ARSI AT IS Intel i7-8700 CPU L 7 8
He GeForce GTX1080Ti &+, 32GB iz 1147, Linux
BeAE RS, WG SCER[O] P AL B B, MDMT A5
K H Faster R-CNN fE b A% H bk AR AL, 7F
ImageNet!®® F i /Il 25 19 ResNet-10129 45 11 7
Faster R-CNN [ 3= 1M %%; 7ESCH T4 ROI X 5FHY
Faster R-CNN ZJ5, b E§ ki & A 600,
I R 47 Pl 52 AR R 2 B S o PR 04 7 4

ARSCH, A SE G R A S5 4 =0.001, S
Tl B A5 BIE « =0.9. 7EVIZRIIN], 274 4% % bt
BUBE R T BBk 1T Ak, #1624 21 % 0.001,
2 ORISR 0.1, T 45 1 48 KRS shAE &
$oh 0.99. MDMT 544 2 ] PytorchBOVg g2 > 4
IRSEIRAY .

T PEN AR SO, 1 G A R 9 2 it 4k
H 3 ARG 775 5 MDMT SR T AR, f9
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ICCRE¥, VDD F1 UMT™. H:rr, Source Only L)
Faster R-CNN AU B T 2%, SR B
TN B AR S A TR ) i, % A B
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b. BDD100K $#E4E

Kl 4 Kl dE s
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XTI IE IR MELL. R T RAIE S 56 A 2 PP ™
TEME, ARSCU BT A SC R A AR M B TTAl 46 A
KPR (mean average precision, mAP), J1-7E
SRS R /R A2 ) AP(average precision).
3.3 Cityscape #1E&E 16
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SCPRAE WE RSN ;4 X T Source Only 7k
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WA 349 A SN RERT, JREAET
MDMT #E Rl () TDFP ARHLIE 24 Ml %L T 2% 2 34
T WSO B, (2% ) BOR B2 2 A
THEZH IS, RS E T AR A RS
BE. 23R 3PTR AER G BRI 2Ry,
4357 FoggyCityscapes #il RainCityscapes | i/£47
PR 45, TR 1, MDMT AERLZE Sl %) H bR
W AR IS T i B 4
3.4 BDDI100OK #iE&ESLIf

R TR A Z R R A R iR
W4 RE, 7 BDD100K ##adE Fifff750se, % 4 fr
7N MDMT A58 55 At 77 v 1) 22 388 1 335 1o A T 45
R ATLEW, ER AT, REARZER
WA TR, 25 B bRl ok 7R KA Pk,
MDMT HAEIZEIZ B R L HUAS T 3L.4%I0 etk
WKS B, 3E— 20 0F B i S A T 22 Fh &2 2% 1 %%
& RIMAT Bl AR, R 5 F13K 6 il
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394 TR B S BB %53k o536 %
# 1 6#753E%E Cityscapes — FoggyCityscapes & RainCityscapes #18 & 89 % 15 B & R 1P 45 R %
I bus bicycle car motorcycle person rider train truck mAP
Source Only 30.9 22.3 43.4 13.3 28.1 30.6 9.3 18.4 245
SWDAR! 38.2 29.5 48.0 20.0 31.3 38.7 28.0 17.1 31.4
ICCR 38.1 28.8 48.1 25.5 30.5 37.7 17.6 19.0 30.7
vDD!? 43.2 32.0 44,5 23.8 31.0 39.5 27.1 25.2 33.3
umT 52.2 31.3 50.6 26.2 32.3 42.2 38.9 30.1 38.0
A3 53.0 34.9 52.3 29.7 32.9 46.0 44.2 29.5 40.3
TE. MR IR B ARE.
%= 2 6M7 AT Cityscapes — FoggyCityscapes #3E4 i) 88 B & NIT A4 R %
ik bus bicycle car motorcycle person rider train truck mAP
Source Only 33.2 26.2 427 16.6 29.5 34.9 6.0 24.9 26.8
SWDA 39.1 33.4 44.6 21.4 33.1 43.9 32,6 19.7 335
ICCR 41.4 32.4 48.7 29.2 32.4 43.6 27.3 22.6 34.7
VDD 36.5 314 39.9 21.4 30.4 38.7 18.0 22.4 29.8
umT 50.0 29.4 44.7 23.4 32.0 425 35.2 27.9 35.6
A3 53.0 36.2 50.4 30.9 34.1 48.1 43.9 29.9 40.8
TE. MR IR B ARE.
%= 3 6 #7557 Cityscapes — RainCityscapes #1886 FAY B0 B E NI EE R %
ik bus bicycle car motorcycle person rider train truck mAP
Source Only 31.6 18.3 46.5 13.6 27.0 27.9 11.3 13.6 23.7
SWDA! 21.6 26.5 50.4 20.7 29.1 32.9 32.8 15.6 28.7
ICCR® 37.6 23.0 48.5 24.3 29.1 31.8 17.4 15.5 28.4
VDD 48.4 32.4 51.9 28.3 315 40.6 43.1 28.5 38.1
umT 57.5 324 52.7 25.7 32.0 423 40.3 334 39.5
A3 55.9 32.2 53.0 33.2 34.7 44.2 44.0 321 41.2
. AR R R,
= 4 8#7 A% Daytime-sunny — Dusk-rain & Night-rain & FM S EEN I HER %
WiRiS bus bike car motor person rider truck mAP
Source Only 35.1 19.3 44.0 8.8 17.5 12.8 37.7 25.0
DAF® 35.9 18.3 44.2 10.1 22.0 17.9 39.9 26.9
cri 313 15.4 41.7 8.4 19.1 15.3 32.3 23.4
scLF 32.7 19.7 44.9 10.5 22.9 185 38.3 26.8
SWDAI 36.9 20.7 451 6.6 23.1 16.9 415 27.3
ICCRI® 38.8 20.4 44.6 11.7 24.7 15.4 416 28.2
VDD 40.9 25.7 48.9 11.3 25.9 20.2 434 31.0
AL 425 26.9 49.8 13.7 26.8 17.0 43.4 314
. HUEFOR B,
5 85 ATE Daytime-sunny — Dusk-rain ##E&E F i 8 iE B &N IFMEER %
ik bus bike car motor person rider truck mAP
Source Only 38.6 215 51.7 12.0 19.7 13.6 40.9 28.3
DAF® 395 21.0 51.6 12.6 24.8 20.5 42.7 30.4
cTiY 34.9 17.6 49.8 11.6 21.9 17.9 35.6 27.0
scLi® 35.7 22.3 50.7 14.8 25.3 19.9 40.1 29.8
SWDA!! 39.2 24.6 49.6 9.2 25,5 19.3 43.7 30.1
ICCR* 42.0 21.9 51.5 16.5 27.2 16.8 44.1 31.4
VDD 435 27.6 52.3 175 28.6 21.1 46.7 339
A3 45.8 315 52.9 20.0 29.9 18.6 46.5 35.0

. MRS AL E.
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35 HRESKIG AT
1E5 4 HiwE FoggyCityscapes Fl RainCityscapes

Bl EAAT AR SR, LU UEA SO A
BB AR, R 7 Frn RS A SR L.

# 6 8T Daytime-sunny — Night-rain 42 & i B i B & N i bR %

ViRiS bus bike car motor person rider truck mAP
Source Only 234 13.3 31.8 15 10.2 10.9 23.2 16.3
DAF® 24.2 11.0 32.4 4.6 12.7 11.9 27.7 17.8
cTi 19.5 9.7 29.0 1.1 9.9 9.1 17.6 13.7
SCLP¥ 22.9 12.8 35.8 0.9 14.8 15.0 30.2 18.9
SWDAM 29.6 10.4 37.9 0.7 15.0 1.1 31.6 19.5
ICCR* 28.4 16.5 33.6 0.9 16.4 12.2 30.3 19.7
vDD!# 27.9 15.3 35.9 2.2 135 10.8 30.5 19.4
A3 317 15.6 39.3 17 16.5 13.9 30.0 21.2

T AR R,

%7 MDMT #8I7# Cityscapes — FoggyCityscapes 1 RainCityscapes #4245 F R HAI IR 45 R %

ik bus bicycle car motorcycle person rider train truck mAP
MMT 40.5 29.6 445 20.8 30.6 41.1 30.3 20.2 32.2
MMT+SST 52.3 321 51.6 24.3 32.4 43.6 37.1 27.7 37.6
MMT+SST+TDFP 53.0 34.9 52.3 29.7 329 46.0 44.2 29.5 40.3
. MR R A
M T ATLAE H, AL MMT BRI AR fE 0571
RREE, 5% 1 HATRCHES RN mAP 40.0 |
HHZE 5.8 43 s FEIRAE MM T RSB AL F A AR il 3
B, JMA SSTHHUR, mAPRIK T 5.4 ME 40, £ P37
PETFEI L, BOVE T 2 F AR S, T LA T 3900
EVE:LE DRI b W NI NE R 7 B 1 O Y- (Y A
TERTRI ERRBR 140 BT HOVERE; 76 MMT b #30
A SST BLHR ) HEA -, 4RZLTR I TDFP AR, 38.0 L : : : . .

AR LR AP EHE T, Rl Rl g
B 22255 motorcycle |, B Ttk MMT+SST ##
W54 H o 4 TE, B00E T TDFPALIR B X 2%
SRR 2 A T 27 S BOR

TH RS g 25 /R W], R & A 5,
AKPEREITA PSR mAP #5G —E I3, 784
FHT MDMT A7 (A RCPE A B

& 5 f7Rh MDMT #ERI7ESE A Hins Foggy-
Cityscapes F1 RainCityscapes $#a4E | i% B A [m] 5L
Tt (B = XA NORS BE (sm. T LAR ), 4 £ =0.7
BF, mAP (AR, WK 0 B (E 25 51 A s RO AR
2, NI SE B AR ) PERE; BT R« 2 0.9 Y,
BRI e v fE, dRE3g K o, W mAP A T I,
VI T P A 1 B (B b o 2 3 BB AL BE R .
36 EFXENH

J T 58T MDMT BRI FE, ER A H

070  0.75 080 085 0.0 0.95
T

K5 Al F mAP XL

Fris, FoggyCityscapes fil RainCityscapes %§#i 4 I
HEAT T 2% BE S0, IAAGH I S50 o AR AR K/ 24
FRiEfTxf ke, S 8 R, AW, 5HAT
(R4, [ 38 W 5 B AT H, MDMT B A e /N
B 75 5 (360.5MB), & B iz A5 AU HLAT §E 47 (1) 52 B
N HIEREE T 5 HuTRR B JrE SWDA L,
MDMT #5741 B AR FEAG U 2R BE 112 0.6 Wi/s, {H &%
B ELA D S8, BVFE B RN BN T
43.2MB, Al fERYJE N & MDMT R A1 75 Bk f 428
ST S A BIE, 207k BAAS R/, AR T
— MR R, TR . g5 1
MIZER, LR 25 FERGE | AN B AR A/ 3
FEhR, MDMT BRI SR AR AT e Al ) 245
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% 8 6#h5ETE Cityscapes — FoggyCityscapes &
RainCityscapes #i#E&E LIS E LW HER

Ti i 0 B/ (s ) B R/NMB
Source Only 4.7 360.5
SWDA! 5.2 403.7
ICCRI® 5.4 429.9
vDD 5.1 405.8
umT 4.8 363.3
AL 4.6 360.5

. MR R

3.7 HMATRE

9 FRh MDMT #8815 HoAfth Je b i1
FoggyCityscapes & RainCityscapes £ i 5 [ it 61l
Al RIS . T LLE H, Source Only J57 1% A EAR i
Mok H AR RS, LT KRR H AT AR Se i
) UMT J5 ik AR % Source Only 77 %k H 30T 46 A
0L BT ek, (HH B TR 2 iR, RSN T

TEWCH BARBY XS H0 T person, 25 RAGHL T
UK 22 AR R AT R4S R person (YK L. MDMT 44
A VIR R 1 17 0 4520, BIVEE FE A 30 14 1) 175 1
T, AR AT LIRS B UG AR R

7 10 Fi7RH MDMT 7 55 o Ath e iF 75 1 7
Dusk-rain & Night-rain %4k 4 I A% 48 I T W8k 4%
AR, #EWN RN Z WK, K
BB 1 M T K 1) 37 55 v UG 5 B AR IR,
[Fi) BN} 726 RN K B8 10, 2F— 25 0 7 A D0 1% R
Source Only 77 ik7E 2 Fidg st F I L T K iy iR
K, ANk car T bus, 5 Source JiiAHLL, H T
b VDD Dy kA g A T OKIE T, (HAE
HAax £ A S BT REN RGN, f£E
HA YRS W R RN R RT,
MDMT A5 EIA SR R LA ol Hi 7 57 AU 145 A
TER ERRXT G, R T R ARG v A

% 9 A [EHETE FoggyCityscapes & RainCityscapes #1188 E# M AT L 45 R

IEEES FUSARTE

RainCityscapes(Ff X)

FoggyCityscapes(%% X)

Source Only umT AL

% 10 AF[E7F 3% Dusk-rain & Night-rain i85 F#MAT LG R

Bl 5 HIChRE

Dusk-rain(# & Ff K)

Night-rai n(# # 7 K

Source Only umTR3

R TAEZFE ZR R 50 T AT B H bk
AR 55, A SCE 2 H bR & 5 3 A8 73 20
B, A4 MMT A5k SST #He fil TDFP #be, f
AR s 7E 22 H AR S5 Sl AT 55 b BT o A2 P A 0 45
.. 7E Cityscapes fil BDD100K %fs4E I 1y kit 52
45 R R, MDMT BARURUAE 24 H AR 3%
B A, T HAE A5 H bR S S g

5% KA K5 T AR E R A, MDMT 42
BUFE R S50 B B R TIORG BE AR, ARORHE 51 A
Heoe O ik, dE— A e 37 5 T BEAT Y 15 35K
F ARG
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