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[Abstract] The research on domain adaptive object detection' based on adversarial training aims the deployment of
detection models for use with different data sets without labeling new data sets. However, existing algorithms have
difficulty in balancing the tasks of object detection and domain alignment. The general single discriminator structure is
limited to single mode of data, resulting in'degradation of domain alignment quality. This paper proposes a multi-
discriminator domain adaptive object detection algorithm based on progressive training. Considering the limitations of
the traditional single-discriminator structure in the domain alignment of complex structural data, a multi-discriminator
structure is introduced into the instance-level domain-adaptive head to force it to consider multiple modes of data while
learning the domain invariant information, which contributes to achieving higher quality and more comprehensive
domain alignment. Meanwhile, to.reduce the increased model complexity, a multi-discriminator structure designed to
reuse the single discriminator parameters is introduced based on dropout technology. In this paper, an innovative
progressive training strategy is introduced, whereby the proportion and difficulty of domain alignment are gradually
increased with the progress in training, to dynamically balance the weight of object detection and domain alignment
tasks. The experimental results indicate that the mean average precision of the algorithm in domain adaptation from
Cityscapes to Foggy Cityscapes was 42.9%, which is an improvement of at least 0.5 percentage points compared to
algorithms of recent years.
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2)¥% 5 B, CityScapes #| KITTI, 7 .52 (19 i H
Yy rb, WA B0 AR 1 TR AG BD F0 45  R SN B0 RN
Gy S AL, 23 B Ry SR AR B 4 9 A ) T 5 350 5% o
AR RO R AE O T M 25 5, F T 2 AR A
A1 1Y 22 5 o CityScapes $C48 5 T i FH 09 R AR B 55
COMS 2MP £ & 2% (OnSemi AR0331 15 ) | [&] F 43
BEFN 1 .024x2 04818 3, WAV 17 Hz, AHHL B
f) Bk 2808 A 22 em, KITTI % 45 4E fdi ] PointGrey
Flea2 SRAGHL K 4E W 1% , W & 09 40 BE 3 R 1 392x
SI2HEFE, W 10 Hz, ¥ 4 19 FE 485 B2y 54 cm.,
PR A B80HE SR A0 B R AR i B HL i S 5O A
255 X A B 4R 1% B 3 5 B AT I el AR
A} RG22 S ) AE N e T o
33 BUSGRESW

ST B R AR S S R H B A A
BPE A SCHEAS[A) 1Y) 37 55 vh i A7 5280, 9 5 A Sl
fl 8 75 ) B oE AT X b o S5 B ik B s JF Lk
(Intersection over Union/, IoU) B {E 0.5 i1 % T 11
BT B B OF Y 0KS B 45 {H (mean Average Precision,
mAP) V5N S5 (PP F 45 . mAP k4428 517
4K 10 BE (Average Precision, AP) (¥ {H , K115
X (9) ~ A 12) ok

T,
= 100% 9
T Fo
T,
R= % 100% (10)
T+ Fy
1
Am,zf P(r)dr (1D
0
1<
M pap = NZ‘AAPJ (12)

Horb s N3RS R R I B 288 00 > B P RIS AR 4 8 i
(Precision) ; R &/~ A 01 % (Recall) ; T, 18 1 #1460 7
HAs A5 F Rm 75 50 F 8 BAR M ECH s F
T8 A 0 0% H A 50 S H AR A 2 28 i 1 S5 491
Mo BRR A R .

D5 A, Bz sT , WA SRERG TR
H br A7 B LD & B bR 25 50 4B 41 [F , {2 2 Foggy
Cityscapes £ 3% £ K% 403 5 (b Ab B S A2 058 A
BRI ZES, Bl B bR AR 1S B0 AU i st A vk
e T R 7E IR BSOS S I 2R 47 1 Faster R-CNN'
f£ Foggy Cityscapes # #i 4 W ik ) mAP 1L K
26.9%. #1035 AWM SE SR 3 ok 8o &
TNIZ LB e KB . AT A B ABRGE 1Y 7k i
et U5 R 8k B 4 2E 17 I 2R 1) Faster R-CNN, 4% 3C
P20 A L T A A E A Bk B mAP AT AR K
R £ $2 T, #2 MY Faster R-CNN 3L 16 M E M M.
i — 25 UE B A SO B D0 R M AR L AR SC 5 % S
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fib 28 S5 90 $E4 5 X [E , £2 4% DA Faster'™ (SWDA™ |
GPA"™ UaDAN"" EPM"™' SFA"" DDF™, 7£3j
oA AR SCHRE Y AR I Y m AP BE At Rk
& D054 E 4 BT AR Y% DA Faster, 4%
SCRGERRT T 109 H A A, T s A TR

H A5 3 8 48 B A R B AR 2851, Sk B 4 1 Hb DF
Al BT $2 550k 1 25 5 M AR 520 [ B 3 T s E D
BN AP AT X . AT LLE #IBR T person,
rider , car fil bicycle 28 5| LLAN , HiAh 28 51 (1) AP 1535 %]
T K

%1 CityScapes 2l Foggy Cityscapes B33 iE M 45 R

Tablel Result of adaptation from Cityscapes to Foggy Cityscapes %
AP
GGRES mAP
person rider car truck bus train motorcycle bicycle
Faster R-CNN®

. 26.9 38.2 35.6 18.3 32.4 9.6 25.8 28.6 26.9

(Source only)5
DA Faster!""154 3 29.2 40.4 43.4 19.7 3873 28.5 23.7 32.7 32.0
SWDAM 3 29.9 423 43.5 24.5 36.2 32.6 30.0 353 34.3
GPAP5 33 32.9 46.7 54.1 24.7 457 41.1 32.4 38.7 39.5
UaDANP'5 35 36.5 46.1 53.6 28.9 49.4 427 32.3 38.9 41.1
EPMPg 32 44.2 46.6 58.5 24.8 452 29.1 28.6 44.0 390
SFAPUH 3 46.3 48.6 62.6 221 43.4 24.3 29.9 43.1 41.3
DDFPIH % 37.6 45.5 56.1 30.7 50.4 47.0 31.1 39.8 423
AR 37.4 452 54.7 30.9 52.1 50.6 35.0 38.8 42.9

)Y E B, RS RT A SCRZ IS A H
o Sel 5 A B A0 A0 % H L A AR TR S B Y ear 2200 o A
FELE 5t B E T IR car 2200 A9 AP, Jf 45 H A 2
WP AT, mAR SRR 2 R, S A
AH 1 5 5 T B CE A TR SR BRI S £ s 4 K
800 3 5 AL, s 43 A i SRR AL TE ) H R % R
BAAZE B AP, it Faster R-CNN 32 &5 S 00 4, ifij
AR SRR AR IR B2 45t B B, R AiE B2 B2 1 2 800
Y [] B 32 Z2 AN [R) 0000 45 i 48 2k 48 S IR KRR
EES T A ) IR ) 15 22 R ey PR M A R Y S
AL LABE 0 RS gt b 4 BSOS A8 R AE o BT DA THI X 3 5% B
b2 A B B RO O A B BN 28 S AR SCER R
S R RS v R W R S B A0 i s =7 = T
D084 I o

2 CityScapes 8| KITTI B8 i& M 45 R

Table2 Result of domain adaptation from Cityscapes

to KITTI %
ik AP for car
Faster R-CNN®(Source only)$. 1% 53.5
DA Faster!V/& 3= 64.1
RPDAPH % 61.3
DDFF5 3%k 75.0
AL 75.8

3.4 P-REiZ

16 B bR A AT 55 b, KGR 80 3 (0] R P A4S 38 A
A& G A7 1 < 1508 O e 1 A B B, AR R =
LY (RS A e, E e 23 B4 0 H A Bk e R 100 XU L 53
PENCIR: N 3 iy i) (1 3 (A= o R (N A S
22 HARBE R 43 R 1E ), 43 81 238 25 A0 N 2 v, {HL 25 4

MG BE o B LUKS i 28 5l 8 3 Il 2R A o 48 A AR
ASBE 4 T Hh PR AL ALY B PERE . P-RUlER b 45 R
TN RVLE AN [F) B AR BE B RS A 3R R, R
[ DO =y AN T
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SO M A B A A ) O R . B T R
BEAT A B 45 #4 By Faster RCNN 52 5 5 51 1Y P-
R 28 T R B ERE 3 2% . DA Faster 5| A T 3803
L GEIP-RMLE S T RAMZLT i (Area
Under Curve, AUC) . 1fif A L5 15 40 % T DA Faster
Bk, PRI AUC B ERTT e WELET
Faster R-CNN I DA Faster A [l £& .

1.0
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Fig.7 P-R curves of different algorithms
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(a)Faster R-CNN(Oracle)

(b)Faster R-CNN
(Only source)

(c)DA Faster

VA8 B H bR bR 5 B SO0 AR KRR EE
I T 3 g A% 4 ke 1 T S e 7 IR 0RO 4 I
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FE H AR SUBCE R IR R R4 i R I fig | K 25
WE8(c) T (H 2, B X 55 KAF 5T i B 4b —
S W BORT Y H A5, DA Faster 415 17 75 I £ Fl 35 K6 (1)
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H R 43 T I v R AR R AR R Sk 1/ H AR
TR T A, L TE B 55 30 A Ay S 09T A
H AR %A 58 Rl ok o 1B 8(d) AR SCHR I 11
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Fig.8 Detection results comparison of differernt algorithms
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Ry i — 20 B UE B T A AN B AE T, AR
TH & AT TR S5 o A SCH 22 50 ) i Bl 7
451 (DMD?A) 5 A EHZ 9% 1) 51 2% v a4 B 14 9%
22 FI) 9| v 45 F S 1V Sk (MDDA,, )4 5 1A 52 i 92 K
) #5459 B S G Z2 ) ) s 25 48 BRAE L Sk (MDDA,,,) o
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34~ ek S 2H R A [R] 1) 41 B9 DA Faster H , ]
Ao 2 i — B0 TE WAL A B HA K 43 5 DA Faster {4
F5—30, ¥ DA Faster fE A XF B2, L3I 8 S 4
X R 2R A, 4 SN 3 3 A%, B rh N g6 7 0
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BT [y P 45 0 A S 451 9 3 1 sk | 22 ) 1) 2% 4
P Re A R B Ml 8 R ST R R . AE B A 2 A ) 2 3
T8 N 445 A8 1) FE A A R T N 25 e T LAt — 2B
PR BB, mAP ¥ AL T 40%. 1 [A B 5SS
151 % Z2 340 1) 24 45 A 13 7 Sk A it I 25 5K w T LA

RN 5T R EAES R, mAP S 42.9%, (A5 T
TR 0 SR AR ORI S A R G R AR B R A
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HE B B 5 BE AT 4028, R AE B 2 18] 43 A5 45 R L
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Table 3 Result of ablation experiment %

Rk PTS MDDAimg MDDAins mAP
DA Faster!'"! — — — 32.0
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— — N 40.8
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Fig.9 Influence of the number of discriminators on

model performance
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Fig.10 - Influence of A parameter on model performance
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Table 4 Complexity of instance level domain

A=1 contrast group

adaptation header module

p— F 590 SER10° A T B A
B A K/N10° /(107 frame+s™)
B 2 1 3.14 0.01 1.61
3
DMD’A 5 3.14 0.01 1.61
8
3 9.45 0.02 4.83
MDDA 5 15.74 0.04 8.06
8 25.19 0.06 12.89
4 H5RIE
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