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[Abstract]  Most of the existing domain adaptive visual object detection algorithms are based on two-stage
detector design and fail to exploit the semantic topological relationship between different elements in the image
space, resulting in suboptimal cross-domain adaptation performance. Therefore, in this paper a domain adaptive vi-
sual object detection algorithm based on multi-granularity relationship reasoning is proposed. Firstly, a coarse-
grained patch relationship reasoning module is proposed, which uses the coarse-grained patch graph structure to
capture the topological relationship between the foreground and background and perform cross-domain adaptation on
the foreground area. Then, a fine-grained semantic relationship reasoning module is designed to reason about the
fine-grained semantic graph structure to enhance cross-domain multi-category semantic dependencies. Finally, a
granularity-induced feature alignment module is proposed to adjust the weight of feature alignment according to the
affinity of the nodes, thereby improving the adaptability of the detection model when facing overall scene changes.
The experimental results on multiple cross-domain scenarios of autonomous driving verify the robustness and real-
time performance of the proposed algorithm.
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o H AR G SCHR (38R g B E, H AR R
BDD100k 9 1K F4E , 2L 74 BRI . #5185t

®2 BHEVNEEBENNEERRER %

Jrik Krligs |47 | BT | IR | 1R | K% | mAP
Baseline YOLOvS [55.5|15.3(80.3(26.1|21.4(39.7
MLDA™ | Faster RCNN | 53.0(24.5[72.2|28.7|25.3|40.7
C2F'™® Faster RCNN | 50.4|29.7(73.6(29.7|21.6[41.0
DI-FR™®' | Faster RCNN |58.5(37.2|75.4|30.6|18.5|44.0
PCRT™' | Faster RCNN |58.8|19.4[80.1[29.939.6|45.6
MGR*(AE3) | YOLOv5S [56.2|16.5|82.6|48.3(32.7(47.3
Oracle YOLOv5S |84.4(88.0[96.0|87.6|80.4|87.3

MISEER 25 RANR 3R . AT LLE 1, T i MGR A 4K
FIEAE" , mAPHETF+7. 8% , 5 H & kst b, S
et 36. 0% () mAP, 3iF B MGR il 33 £ 5 315 S ¢
FINVCED, RROR B AN A A2 Z i 5o iyl 22 08 | IX 7R Z i
Tk TR AR 20
2.3.4 PSRRI AE N

B a2 3R A TR AR BOE R MRS e TR, 2
SRR 5 S 1R BRI A B8 35 AT 55 o ARSI
fifi FH BDD 100k £ 42 , B 1 K F SR R iR, 1 1%
Mo FHEAE R BAnil. 58 220 500 HAR2E 5] —
. MW ATH, FrHE MGRY B B AT T S " $2 7+
+12. 3% , B T A S5 S-DAYOLO, 5 FBR
{UAH2E 3. 8%, X TF BH BT $ 550 e A3 AU % A e IR 2%
SR A RS

*:3 BEXMESAENNEEREER %
Tk i (TUN BiF TR e INBEHE | R FIAT 4 mAP
Baseline YOLOvS 37.4 24.6 58.9 19. 1 20.0 16.3 21.2 28.2
PCRT™ Faster RCNN 39. 1 30. 4 55.9 15.3 17.5 21.8 30. 1 30.0
UAMAD? Faster RCNN 37.3 32.9 55.8 19.0 15. 4 17.6 27.0 29.3
ILLUMEP® Faster RCNN 33.2 20.5 47.8 20.8 33.8 24.4 26.7 29.6
TDD™" Faster RCNN 39.6 38.9 53.9 24.1 25.5 24.5 28.8 33.6
SIGMA ++13% FCOS 47.5 30. 4 65.6 21.1 26.3 17.8 27.1 33.7
S-DAYOLO'>' YOLOvS 48.4 29. 1 64.5 29.5 28.6 14. 4 20.5 33.6
MGR*(Z30) YOLOvS 45.2 34.7 65.0 25.2 29.7 21. 1 31.0 36.0
Oracle YOLOvS 52.8 38.0 73.2 50. 4 48.3 32.9 37.0 47.5

F4 BAREZHBENMEEILRER %
Tk EoalllE (3UN BF fRea s INBEH JEFGAE FAT7 mAP
Baseline YOLOvS 40. 4 20.2 60.7 31.4 36.6 10.2 27.5 32.4
SDA™ CenterNet 42.8 26. 4 53.9 33.5 36.5 20. 4 28.2 34.5
S-DAYOLO'™! YOLOvS 44.8 25.1 63.9 39.4 42.6 27.5 32.5 39. 4
MGR*(A30) YOLOv5 45.8 31.0 67.7 49.9 48.7 29.7 40.0 44.7
Oracle YOLOvS 49.6 32.3 73.6 52.8 52.3 38.5 40.1 48.5

2.4 HRhEIS )RR EE 1Y R B o TR 2 BpELA B (BT R G SR AR T

%5 9 MGR* SL BT B 25 2R, “wlo” R n B bR
g, LU B BRAT AT — S PEREAR H BA

CGPR?, mAP F#MK 2. 1%, FEBRAKL FE 1 ¢ R PR
Bid FGSR?, MERE T FE 1. 9%, A b B 5 5 i BHE
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XFFFAEEL GIFA I, mAP 1 HAEIAE] 41. 1%, LA 2%
VLR R BE T8 G ZR 1 85 S 7 BB A AR
TR ) 5 SRS i 7, IR RHIE B T 4% AR
AR

RS BEREMIELER

Jrik mAP/% EHETTH %
Baseline 27.9
w/o CGPR? 42.8 14.9
wlo FGSR® 43.0 15.1
wlo GIFA 41.1 13.2
K 44.9 17.0
Oracle 47.1

RCNN" [ FCOS" " A6 I A% 7Y [ 358, F 38 N 7 %, & h
FPS RN B RPREAL PR W%k . AT LAE i T4
BTSRRI R YOLO FF & , FPS 5 %] 106. 61, i
FF e R vk . RIE, Brig i sl A b
I A H AR L BV B AT A R, AR DI 2 A A T 3
H N, SRR AT DL 2Bk . R, 5 e A L, A
DA A LE GRS 25 mAP (19 [R) B , AS 23 7 AR 59 1) 4 B
FEIT, S A H i A SE E ARSI

R7T ARRBBIHEE R

2.5 SEHPBELR
FELZ R B2 R R B, LA HE AU BE Y A RRAIE

ViR/S LioalllFes FPS mAP/%
GPA' Faster RCNN 22.98 39.5
SIGMA" FCOS 78.25 44.2
Baseline YOLOv5 106.27 27.9
MGR*(430) YOLOv5 106. 61 44.9

SR AT DA A A S, S AT S SR
PERERSE M . ANZR 6 R, quHR 0. 8 Bf ,mAP fi &,
KFN 44, 9%, it Kol /e, PR REERAT BT T 1%, I
BT 1. 8% Z [0l . XU K251 A KW A
FERAIR 2 BSOS DXREAE , 38/ INA e ST 23 3k D8
1 22 FE A ] B T SRR AR AR A (R Ak B G
FRMEF G 25 TE A 09 5 [, 1 R A P RE R Ak
2.6 HEIBMRESNIE
ARTEE R 5 T #2250 MGR* i i 11
PERE. SEIRAE RN 7 s, SEHXT H T Faster

®6 BEHuMBREIRER
1 0.6 0.7 0.8 0.9 1.0
mAP/% | 43.3 | 44.0 | 449 | 441 | 431

BF OR4Es OiR%E

HEEPN

2.7 WH4LEIE

()R 285 5 T Ak

7R MGR® B 95 30058 H AR A i 68 7, ] 4 5%
5 R AR DL S AL 5 A 2 i S s e IR A
CNZEBAT) B A L 0 S PR 25 R A5 o #i ik, mf
B IAEEARAS B RZ M T, e SRR A I /%
EWER. B MGR e A BN R B4, H 2
FIE RHLIBE T S THT A I8, S, 7E 22 R EL 4k k1 1 15 0
s RBE R ERE . B, 7E5 151
t, MGR® RE A 24 28 427 3 Fh e 4 9 TRE H A
FEEF 350 h  MGR BB L vfE " B R N “ TR A7 I
LETHATAIE . DL 25 RIE T MGR? 19 5 3 K6
WA

DAKHE

K4 AINZE R T AL SR A5 R O BB M RO BRI FEHE AR ST A AR N 253
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