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Type Datasets Class Weather #Images Resolution Annotation Avg TP TP > 50 TP > 75 TP > 100
KITTTI [25] 19 Good 7,481  1,241x375 Pixel&Inst 4.9 0 0 0
Cityscapes [17] 19 Good 5,000 2,048x1,024 Pixel&Inst 18.8 54 10 4
Driving WildDash 2 [90] 26 Diverse 5,068 1920x1080 Pixel&Inst 9.0 12 4 2
Mapillary [60] 65 Diverse 25,000 3,436x2,486 Pixel&Inst 12.3 102 15 3
ACDC [65] 19 Diverse 3,142 1080x1920 Pixel&Inst 6.3 0 0 0
BDD100K [87 40 Good 10,000  1,280%x720 Pixel&Inst 12.8 5 0 0
UrbanTracker [45] 7 Good  5(videos)  1,035x632 Box 3.7 0 0 0
Monitoring CityFlow [67] 1 Good 40(videos) 540x 960 Box 2.0 - -
AAU RainSnow [1] 3 Diverse 22(videos) 640x 480 Pixel 6.6 0 0 0
TSP6K (ours) 21 Diverse 6,000 2,942%x1,989 Pixel&Inst 42.0 1,227 367 73
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Datasets #}E;;T " #\[ff;l;iles #H./images | #V./images
KITTTI [25] 6.1 30.3 0.8 4.1
Cityscapes [17]| 24.4 41.0 7.0 11.8
Mapillary [60] 6.7 17.8 34 8.9
Wilddash2 [90]| 11.6 26.8 2.7 6.3
ACDC [65] 3.8 15.9 1.2 5.1
BDD100K [87] 11.7 90.3 1.5 11.3
TSP6K (ours) | 64.0 188.2 10.7 31.3
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Instance Class

Methods ‘ Publication ‘ Backbone ‘ Parameters ‘ GFlops ‘ Validation Test

| | | mloU (%) | iloU (%) | mIoU (%) | iToU (%)
FCN [57] CVPR’15 R50 49.5M 454.1 71.5 55.2 72.5 55.1
PSPNet [98] CVPR’16 R50 49.0M 409.8 1.7 54.8 72.6 54.8
DeepLabv3 [11] ArXiv'17 R50 68.1M 619.3 72.4 55.0 73.3 55.0
UperNet [80] ECCV’18 R50 66.4M 541.0 72.4 55.2 73.1 55.0
DeepLabv3+ [12] ECCV’18 R50 43.6M 404.8 73.1 56.1 73.9 56.3
PSANet [99] ECCV’18 R50 59.1M 459.2 71.3 54.5 72.6 54.8
EMANet [48] ICCV’19 R50 42.1M 386.8 72.0 55.5 72.9 55.5
EncNet [92] CVPR’18 R50 35.9M 323.3 71.4 54.8 72.7 55.0
DANet [24] CVPR’19 R50 49.9M 457.3 72.3 56.0 73.1 56.1
CCNet [41] ICCV’19 R50 49.8M 460.2 72.0 55.3 73.1 55.3
KNet-UperNet [96] | NeurIPS’21 R50 62.2M 417.4 72.6 56.8 73.7 56.5
OCRNet [88] ECCV’20 HR-w18 12.1M 215.3 73.2 55.3 73.7 55.1
SETR [100] CVPR21 ViT-Large 310.7M 478.3 70.5 44.9 70.7 45.0
SegFormer [83] | NeurIPS’21 MIT-B2 24.7TM 72.0 72.9 54.6 73.8 54.9
SegFormer [83] | NeurIPS’21 MIT-B5 82.0M 120.8 74.5 56.7 74.8 56.7
Swin-UperNet [56] ICCV’21 Swin-Base 121.3M 1184.6 74.9 57.4 75.6 57.2
SegNeXt [27] | NeurIPS’22 MSCAN-Base 27.6M 80.2 74.6 57.3 75.4 57.2
SegNeXt [27] | NeurIPS’22 | MSCAN-Large 48.9M 258.6 74.8 57.7 75.6 57.6
DRD (Ours) ‘ - ‘ MSCAN-Base ‘ 46.1M ‘ 90.1 ‘ 75.8 ‘ 58.4 ‘ 75.9 ‘ 58.0

- MR AR N R RIARR A, Herp iloU 73
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F 4. PARTEYSE B #17554E TSPOK Bailk SR Al i _F/Y
PGSR . R RATEET ResNet-50 [32] LT M40zt
ATk

Methods Validation Test
APboz | APseg | APpoz | APseq
YOLACT [4] 199 | 137 | 207 | 146
Mask-RCNN [31] | 272 | 235 | 270 | 235
SOLO [75] - 29.6 - 29.8
SOLOV2 [76] - 28.6 - 28.6
Querylnst [23] 37.7 31.5 37.2 31.3
Mask2Former [14] 32.9 31.3 32.5 314

#. SETR [100]. Segformer [83]. Swin-UperNet [56]
Fl SegNeXt [27] #HH¥F Transformer {E K375 T B
TR, Hoh, SETR b4 R S8 2 , T H A AR 46
SRR RO T AR T4 . Horb | (g5 Swin [30]
BT M2 UperNet [80] £ mIoU #1 iloU 545 FHREL
i/ ResNet-50 [32] B T MR RNLELE L. 1A,
4 Swin-UperNet fH}, SegNeXt 7EM:RE FAHML, {HAX
R T K2y 20% IZ50R 7% 19 GFlops.

B2, i as- AR A AL . A3 A 3R AL A
Transformer 5 ¥4 )2 4 T+ A2 3 i 4 3 ST I A ROk
o TEZE T, FRATARME X LSS BT T — TR
KR AR, WA —H 3 SegNeXt, HEMMLT
Hamburger f#i%#s [26].
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AT TSPOK g 5k 22 3 B G AL T 8ok iy
SEBIARTE, SX SRR AT T IR SE B 4 5 A A
MoK EE B AES 5% (B 44)
AR, ESSEEBWT T BEAN.
K. RE. ARE. BREMNBITE. RIHET
JURh & MRS B 53 %155, 3G YOLACT [4]. Mask
RCNN [31]. SOLO [75]. SOLOv2 [76]. QuerylInst [23]
1 Mask2Former [14], ik & T AR R
% mmdetection [8] #EATILLR . TIREE (AP) $hh%
AR IR 4.

PERES DT FEVPALI %, Querylnst [23] YR I
THABT . BIREUS THRAER 7.4% AP, 7048, X
AN 22 WM RE R WA T YEAE /N SE 01 43 81 B A AE I

Mo AN, FRATIREZLEEET ResNet-50 1) Mask-RCNN
1r Cityscapes FHUS T 40.9% HIHE AP 1 36.4% [#E
iy AP, XEEZER T TSPOK il 2R iiad s s it
10% Ky AP, MEREZ:SF3RH], HE TSP6K i sLfis)-#
Th8R & — A E R FRAT A SR A4 52 11 45 1 g
5 B XA T S2 B 43 1 AR I s b A HIAg il &
HHEMITERE

5. Jo M SUEGE Y 7 iR A 4 R

SYNTHIA — TSP6K | Cityscapes — TSP6K
Methods

mloU (%) Imprv (%) | mIoU (%) Imprv (%)
Baseline 21.7 0 26.1 0
ADVENT [73] | 22.3 +0.6 31.7 +5.6
DA-SAC [2] 33.0 +11.3 33.9 +7.8
SePiCo [81] 33.8 +12.1 35.9 +9.8
DAFormer [37] 334 +11.7 39.5 +13.4
HRDA [38] 454 +23.7 54.1 +18.0
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ARk, e T B & . (UDA)
SR Tz, R, KZ40 UDA T T
PSRRI B R B S Mg sth. ST
(1) TSP6K dlnde, FoATTnI LAWF9045 2 Bk 37 s i # 31
RimE ) UDA Jrik. BRmE, JAOT#HETT
UDA 5256, ¥ SYNTHIA [63] #1 Cityscapes [17] £dis
R0 BT RS TSPOK it . FATsE T LA &)
UDA J7 -3 P4s, f4% ADVENT [73]. DA-SAC [2].
SePiCo [81]. DAFormer [37] #1 HRDA [38]. SZEGzh R
WA 50 R, AT AL TS H brg
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