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APORAOE, 5 h: By = (et ecll” ey
AT R MRFER [16], [21], [44], [48], [52], [57], [87)-90], F§
] PAfESAFAET MAE Al F-measure [91] F- 3 E0EM A HER
BT . ORI R S E RS, A [10]) P EA—FE,

1. https://github.com/NVIDIA /apex

ASCHF B BEE N 0.3, DABRIEIAS BT AR 1813 o g 1 57
MG, B AR RS AR E (W), F§
Ff F-measure ¥ EH|IE —JCIFM -

(3) S-measure (Sp) [92] ‘B ETIHEEEAMAELE, X
R T NS AR Sm = mso+(1—m)s,,
Hor, s Al s 23 BIF27R H AR BN RN DI BREN 1) 2546 AH (LS
WG [92], m BEEEN 0.5,

(4) E-measure (E¢) [93] %48 br [\ B % J& )5
WBREESERENYFYME, WATTERN: B =
e WS 0(e), Mok, € EXFARE, 0(¢) Fomi
SRATFEAELRE . AN SORHISFY E-measure (Eg) VEN AL TE

fr4ih.

(5) FNR WIS A3t i fhseten:, ©
AT AR IS B 5 R e k. FNR 03157
VR

1,G(z,y) =1& P(x,y) =0,
PNy = { Y o) ™
0, others.
w H PN (z,
FNR= =221 2y=1 FN (@) x 100%, (8)

E:‘;V:I 25:1 G (z,y)

Hrp FN 2BELSRG, RE T MR R,
AR 6P R T LA FNR 615 BT AR 10 A b S
TN A SRR, A AROUZ T AR R

4.4 THEELLER

ARSCRF IR A 5 14 ol MERE B B DEA T FU L
4135 : Condinst [95]. PointRend [96], PiCANet [45]. RAS [97].
AFNet [05]. BASNet [51]. CPD [56]. EGNet [50]. SCRN [54].
F3Net [53]. MINet [36], ITSD [94]. GateNet [37] 1 VST [55].


https://github.com/NVIDIA/apex

EATHRELBUER. REMENEBET. 5 1"/"] BERESHHEE /MR, -V/VGG-Based:VGG16 |

*x1

]’ _

R/ResNet-Based’:

ResNet50 [79], '-P’: PVTv2-1K [81], '-S’: Swin-B-22k [32], '-M": CycleMLP-B4 [33],

Summary ECSSD [71] PASCAL-S [70] DUTS [73] HKU-IS [75] OMRON [11] SOD [77]
Method |[MACsParams|Sy, 157" 155 1 MY [Sm 1B 1F3 1 ML |Sen 1B 1FY 1 MU|Swm 1B 1F3 1 ML |Swm 1BZ 1Fy 1 MU|Swm 1B 1Fy 1 M
VGG16-Based Methods
RAS - - .893 .914 .857 .056|.799 .835 .731 .101|.839 .871 .740 .059|.887 .920 .843 .045|.814 .843 .695 .062|.767 .791 .718 .123
CPD 59.46| 29.23 |.910 .938 .895 .040(.845 .882 .796 .072|.867 .902 .800 .043|.904 .940 .879 .033|.818 .845 .715 .057|.771 .787 .718 113
EGNet 149.89/108.07(.919 .936 .892 .041|.848 .877 .788 .077|.878 .898 .797 .044|.910 .938 .875 .035|.836 .853 .728 .057|.788 .803 .736 .110
ITSD 14.61| 17.08 [.914 .937 .897 .040|.856 .891 .811 .068|.877 .905 .814 .042|.906 .938 .881 .035|.829 .853 .734 .063|.797 .826 .764 .098

MINet 94.11| 47.56 |.919 .943 .905.036|.854 .893 .808 .064|.875 .907 .813.039/.912 .944 .889 .031|.822 .846 .718 .057 - - - -
GateNet [108.34]/100.02|.917 .932 .886 .041|.857 .886 .797 .068|.870 .893 .786 .045|.910 .934 .872 .036|.821 .840 .703 .061| - - - -
Ours-V 64.90| 19.17 |.919 .946 .905.036/.861 .902 .820.064(.878 .915 .822 .043|.915 .950 .895 .032(.833 .865 .743 .065|.814 .848 .784.089
ResNet50-Based Methods
CondInst - - 721 .717 .603 .115|.813 .852 .757 .084|.760 .764 .631 .070|.748 .754 .648 .093|.646 .629 .433 .114|.670 .657 .535 .148
PointRend| - - .753 .766 .667 .111|.810 .850 .763 .099|.774 .794 .667 .081|.784 .805 .715 .091|.651 .647 .453 .125|.693 .793 .589 .141
PiCANet |54.05| 47.22 |.917 .925 .867 .046|.854 .870 .772 .076|.869 .878 .754 .051({.904 .916 .840 .043|.832 .836 .695 .065|.793 .799 .722 .103
AFNet 21.66| 35.95 |.913 .935 .886 .042|.849 .883 .797 .070|.867 .893 .785 .046/.905 .935 .869 .036|.826 .846 .717 .057| - - - -
BASNet [127.36| 87.06 |.916 .943 .904 .037|.838 .879 .793 .076|.866 .895 .803 .040(.909 .943 .889 .032|.836 .865 .751 .056|.772 .801 .728 .112
CPD 17.77| 47.85 |.918 .942 .898 .037|.848 .882 .794 .071|.869 .898 .795 .043|.905 .938 .875 .034|.825 .847 .719 .056|.771 .782 .713 .110
EGNet 157.21{111.69.925 .943 .903 .037(.852 .881 .795 .074|.887 .907 .815 .039|.918 .944 .887 .031|.841 .857 .738 .053(.807 .822 .767 .097
SCRN 15.09| 25.23 |.927 .939 .900 .037(.869 .892 .807 .063|.885 .900 .803 .040(.916 .935 .876 .034|.837 .848 .720 .056| - - - -
F3Net 16.43| 25.54 |.924 .948 .912 .033|.861 .898 .816 .061(.888 .920 .835.035/.917 .952 .900 .028 .838 .864 .747 .053(.806 .834 .775 .091
ITSD 15.96 | 26.47 |.925 .947 .910 .034|.859 .894 .812 .066|.885 .913 .823 .041|.917 .947 .894 .031|.840 .865 .750 .061|.809 .836 .777 .093
MINET 87.11(126.38(.925 .950 .911 .033|.856 .896 .809 .064|.884 .917 .825 .037(.919 .952 .897 .029(.833 .860 .738 .056| - - - -
GateNet [162.13)128.63(.920 .936 .894 .040|.858 .886 .797 .067|.885 .906 .809 .040(.915 .937 .880 .033|.838 .855 .729 .055| - - - -
Ours-R 20.91| 33.09 |.929 .954 .918.032/.861 .899 .818 .064|.888 .924 .836 .037|.920 .953 .902 .029(.844 .876 .761 .057|.824 .854 .794.084
Transformer-Based Methods
VST 23.16| 44.63 |.932 .951 .910 .033|.872 .902 .816 .061|.896 .919 .828 .037(.928 .952 .897 .029|.850 .871 .755 .058|.820 .846 .778 .086
Ours-P 34.70| 65.68 |.940 .964 .933 .024|.882 .921 .847 .051|.917 .950 .882.022(.935 .967 .925.022/.865 .896 .793 .047|.832 .864 .813.078
Ours-S 52.59| 94.30 |.941 .966 .936.023|.885 .924 .854.048/.917 .954 .886 .025(.935 .968 .925.022(.869 .900 .804 .043|.825 .856 .802 .083
MLP-Based Methods
Ours-M ‘26413‘ 54.92 ‘4940 .964 .934 4025‘ 873 .912 .838 .056(.909 .942 .874 .029|.935 .966 .926 .022[.855 .886 .783 .051|.821 .853 .803 .081
HKU-IS PASCAL-S
13.5 157 14 15.1 15.1 14 . . 16.2
79 11.3 ﬁ 116 10 116 .. g5 g, 1L7 W 129 12 122 129
OMRON
73 s 2DUTS 21208 . 231 199 214 - 175 203
10 154 137 % 138 193 5, 119 123 21 14 14.9

-+

B oursr [ ]picanet [[] arnet [ |sasnet [ |cror [ eaNetr [[]scen [ F3net [ ] mspr [ | miNetr [ ] GateNetr

7. FNR giit, 84 11 MERERRSEE EHEHE.

4.4.1 BT

J&m T PR 4 |
@ seek (FRFEFTHR Y ICON KRy B s T b 28

] #1 F-

measure £ |

4

N,

J. WA,

5

T URE TN MG ESRE e mE5 R, 5 14
B B YEAE S-measure, E-measure, fIAY F-measure I
MAE JH#AT T A « ASCWRAH AL T AR, Ak,
AICAAERE THRAR TASCRIHEL R FNR 4558, WPLE
i, ARSCHEAE A SR L BUS T AR FNR 4350 (B
RARRCBLF) . MsEteie (WLE 6) WIER] T ELEfife R
BT ERAE S F52 F, ICON fFEfrg $dete F HArE
TS E AR 7 TR HE B W 7 VA R BUR AT . XER] T EAEA
FLEAPRECPER A A ESRIRE ST . Ak, ASCHER 8t

PE— AR A SOR R A R RN S e k2 T BB T

44.2 LR

B9 R T A IEAREE I IR Z A SE LR . nTRAR
ICON FEA R A B A 0L T 748 T S ER ) B 1A, vk
dor IR (WEE—47) . Rk (55 A7) Mamaity (L
A7) ARXEE (SBIAT) ARZ AR (B TAT) .
BeAh, A SCBTRIZERT DASERE M . To e I 2 H AR . ik
ZERAIER 1 PR O SR AR P AR (R



0.90
1.00 1 i — 0.95 1.00 Tt W g
—— 0.95 — v
0.85
0.95 1 \ 0.90 0.95 \
0.90
< 0004 ECSSD 085 0.90 HKU-IS 0.:80 OMRO
k] 0.85
3 0.75
s .
D 0.85 0.80 0.85
& 0.80
— Ras - SCRN — RAS - SCRN — RAS - SCRN — RAS - SCRN 070 — Ras
0.804  — PICANet - EGNet-R 0.75 4 — PiCANet - EGNet-R —— PICANet  ---- EGNet-R 0.807 " — PpiCANet - EGNet-R ' —— PICANet - EGNet-R
—— AFNet ---=- MINet-R —— AFNet ---=- MINet-R 0.75 4 —— AFNet ---=- MINet-R —— AFNet ---=- MINet-R —— AFNet ---=- MINet-R
BASNet ITSD-R BASNet ITSD-R BASNet ITSD-R BASNet ITSD-R 0.65 BASNet ITSD-R
0.75 4 —— CPD-R ---- GateNet-R 0.70 4 —— CPD-R ---- GateNet-R —— CPD-R ---- GateNet-R 0.751 —— CPD-R ---- GateNet-R —— CPD-R ---- GateNet-R
F3Net ~ —— OursR F3Net ~ — OursR 0.70 F3Net ~ — OursR F3Net ~ — OursR F3Net ~ — oursR | |l
1
02 04 06 08 10 00 02 04 06 08 00 02 04 06 08 00 02 04 06 08 00 02 04 06 08
Recall Recall Recall Recall Recall
0950 T 0875 T T [—
0.925 1 0.850 i/ 0.85
] 0-825 1 N\ 080 0.7
o \ . .
£ .75 ECSSD 0500 PASCA DUTS HKU-IS OMRO
w0 N ()
& 0.850 1 075 0.70
. 0.775 4 0.80 -
w 0.825 1 —— RAS ----- SCRN —— RAS ----- SCRN 0.70 4 —— RAS ---- SCRN —— RAS ---=- SCRN —— RAS --- SCRN
—— PiCANet ----- EGNet-R 0.750 4 —— PiCANet ----- EGNet-R ) —— PiCANet ----- EGNet-R —— PiCANet ----- EGNet-R —— PiCANet ----- EGNet-R
08007 AFNet - MINetR — AFNet - MINetR —— AFNet - MINetR 0754 — AFNet - MiNetR 0.651 — AFNet  ---- MINet-R
BASNet ITSD-R 0.725 BASNet ITSD-R 0.65 1 BASNet ITSD-R : BASNet ITSD-R BASNet ITSD-R
07759 — cpDR - GateNet-R — CPDR - GateNet-R — CPDR - GateNet-R — CPDR - GateNet-R — CPDR - GateNet-R
F3Net —— Ours-R 0.700 4 F3Net —— Ours-R F3Net —— Ours-R F3Net —— Ours-R 0.60 4 F3Net —— Ours-R
0.750 4 - T - T A - T : - 4 0.60 - T T T A 070 - + : : - ’ - T - T ;
0 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250
Threshold Threshold Threshold Threshold Threshold

B 8. ZERAITHI SOD sk L. FHRHM AT M SOTA Hikh PR HiZHn F-measure fi%k.

Image GT Ours-R MINet-R ITSD-R F3Net EGNet-R SCRN CPD-R BASNet
[36] [94] [53] [50] [54] [56] [51]

B9 AXEAS 7 MEBMEMILE. SEMREARR, AXFERAMEEAREMTEY, TRESHAESPTEEBENHBEFROERTR-

443 BT WM tEFR 2, R T AR SCHUALA 16 A e Y B
T S P R AR AR, AR — AR L TR R R A I PERE LR, R Amulet [21],
BEARER) SOC Hiiig [16], [104) R T4 SCoRiRl, 52 DSS [13], NLDF [17], C2SNet [15]. SRM [99]. R3Net [100],
HiI 4 SOD BRAEMI L, X MRS & TS ik 4y BMPM [101]. DGRL [102]. PICANet-R (PICA-R) ~ [24].
Ft. WSk, SOC KRR IR YL gkt RANet [103], AFNet [05],CPD [50] PoolNet [27] EGNet [5(].
%, 4E: AC (SMIAEE). BO (K#fk). CL (Zk#l). HO  BANet [1O] HI SCRN [04]. MZR 2T A Y, S BUATHY
(SFHIK) . MB GEZhELR) . OC (). OV Gihgsr), MIH, ASCHBIRIRE T W BAGHERERE .

SC (kEA) SO (Mafk).
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*2
KX ESHEM SOTA FRREFE SOC MXE LML E. T 1+ # |, BSHREMSBIARTEFNER.  REERBTE SOC JIZE LiIZ
RV

Attr | Metri Amulet DSS NLDF C2SNet SRM R3Net BMPM DGRL PiCA-R RANet AFNet CPD PoolNet EGNet BANet SCRN ICON-R
r etrics
[21]  [#3] [47] [48] [99]  [too]  [ro1]  [102] [45] [103]  [98]  [56] [27] [50] [19] [54] (Ours)
Sm T| 0.752 0.753 0.737 0.755 0.791 0.713 0.780 0.790 0.792 0.708 0.796 0.799 0.795 0.806 0.806 0.809 |0.835/0.8357
AC Eg”' 0.791 0.788 0.784 0.807 0.824 0.753 0.815 0.853 0.815 0.765 0.852 0.843 0.846 0.854 0.858 0.849 | 0.891/0.889¢}
Fé“ T 0.620 0.629 0.620 0.647 0.690 0.593 0.680 0.718 0.682 0.603 0.712 0.727 0.713 0.731 0.740 0.724 |0.784/0.7847
M || 0.120 0.113 0.119 0.109 0.096 0.135 0.098 0.081 0.093 0.132 0.084 0.083 0.094 0.085 0.086 0.078 | 0.062/0.0647}
Sm T| 0.574 0.561 0.568 0.654 0.614  0.437 0.604 0.684 0.729 0.421 0.658 0.647 0.561 0.528 0.645 0.698 | 0.714/0.713%
BO E™ 1| 0.551 0.537 0.539 0.661 0.616  0.419 0.620 0.725 0.741 0.404 0.698 0.665 0.554 0.528 0.650 0.706 |0.740/0.743%
FY¥ 1| 0.612 0.614 0.622 0.730 0.667  0.456 0.670 0.786 0.799 0.453 0.741 0.739 0.610 0.585 0.720 0.778 | 0.794/0.794%
M || 0.346 0.356 0.354 0.267 0.306  0.445 0.303 0.215 0.200 0.454 0.245 0.257 0.353 0.373 0.271 0.224 | 0.200/0.1997%
Sm T| 0.763 0.722 0.713 0.742 0.759  0.659 0.761 0.770 0.787 0.624 0.768 0.773 0.760 0.757 0.784 0.795 | 0.789/0.8027}
oL Eg’ T+ 0.789 0.763 0.764 0.789 0.793  0.710 0.801 0.824 0.794 0.715 0.802 0.821 0.801 0.790 0.824 0.820 | 0.829/0.8557
FY 1| 0.663 0.617 0.614 0.655 0.665  0.546 0.678 0.714 0.692 0.542 0.696 0.724 0.681 0.677 0.726 0.717 | 0.732/0.754%}
M | 0.141 0.153 0.159 0.144 0.134 0.182 0.123 0.119 0.123 0.188 0.119 0.114 0.134 0.139 0.117 0.113 0.113/0.1027
Sm T| 0.791 0.767 0.755 0.768 0.794  0.740 0.781 0.791 0.809 0.713 0.798 0.803 0.815 0.802 0.819 0.823 | 0.818/0.830%
HO Eg”' T 0.810 0.796 0.798 0.805 0.819 0.782 0.813 0.833 0.819 0.777 0.834 0.845 0.846 0.829 0.850 0.842 | 0.852/0.865%
Fé“ T 0.688 0.660 0.661 0.668 0.696  0.633 0.684 0.722 0.704 0.626 0.722 0.751 0.739 0.720 0.754 0.743 | 0.752/0.771%
M || 0.119 0.124 0.126 0.123 0.115 0.136 0.116 0.104 0.108 0.143 0.103 0.097 0.100 0.106 0.094 0.096 | 0.092/0.087%}
Sm T| 0.712 0.719 0.685 0.720 0.742  0.657 0.762 0.744 0.775 0.696 0.734 0.754 0.751 0.762 0.764 0.792 [0.774/0.821%
MB EE” Tt 0.739 0.753  0.740 0.778 0.778  0.697 0.812 0.823 0.813 0.761 0.762 0.804 0.779 0.789 0.803 0.817 [0.828/0.8667
FE;” T 0.561 0.577 0.551 0.593 0.619  0.489 0.651 0.655 0.637 0.576 0.626 0.679 0.642 0.649 0.672 0.690 | 0.699/0.768%
M || 0.142 0.132 0.138 0.128 0.115 0.160 0.105 0.113 0.099 0.139 0.111 0.106 0.121 0.109 0.104 0.100 | 0.100/0.0767}
Sm T| 0.735 0.718 0.709 0.738 0.749  0.653 0.752 0.747 0.765 0.641 0.771 0.750 0.756 0.754 0.765 0.775 | 0.771/0.791%
oc Eg’ T+ 0.763 0.760 0.755 0.784 0.780 0.706 0.800 0.808 0.784 0.718 0.820 0.810 0.801 0.798 0.809 0.800 | 0.817/0.8317%
Fé” T| 0.607 0.595 0.593 0.622 0.630  0.520 0.644 0.659 0.638 0.527 0.680 0.672 0.659 0.658 0.678 0.673 | 0.683/0.710%
M | 0.143 0.144 0.149 0.130 0.129 0.168 0.119 0.116 0.119 0.169 0.109 0.115 0.119 0.121 0.112 0.111 0.106/0.1007%
Sm T| 0.721 0.700 0.688 0.728 0.745 0.624 0.751 0.762 0.781 0.611 0.761 0.748 0.747 0.752 0.779 0.774 | 0.779/0.802¢}
ov Eg”' T 0.751 0.737 0.736 0.790 0.779  0.663 0.807 0.828 0.810 0.664 0.817  0.803 0.795 0.802 0.835 0.808 | 0.834/0.8467
Fé“ | 0.637 0.622 0.616 0.671 0.682  0.527 0.701 0.733 0.721 0.529 0.723 0.721 0.697 0.707 0.752 0.723 | 0.749/0.768%
M || 0.173 0.180 0.184 0.159 0.150 0.216 0.136 0.125 0.127 0.217 0.129 0.134 0.148 0.146 0.119 0.126 | 0.120/0.1087}
Sm T| 0.768 0.761 0.745 0.756 0.783 0.716 0.799 0.772 0.784 0.724 0.808 0.793 0.807 0.793 0.807 0.809 | 0.803/0.8247
sc EE” T 0.794 0.799 0.788 0.806 0.814 0.765 0.841 0.837 0.799 0.792 0.854 0.858 0.856 0.844 0.851 0.843 | 0.860/0.8827
FE’;” T 0.608 0.599 0.593 0.611 0.638 0.550 0.677 0.669 0.627 0.594 0.696 0.708 0.695 0.678 0.706 0.691 | 0.714/0.745%
M || 0.098 0.098 0.101 0.100 0.090 0.114 0.081 0.087 0.093 0.110 0.076 0.080 0.075 0.083 0.078 0.078 | 0.080/0.0737}
Sm T| 0.718 0.713 0.703 0.706 0.737  0.682 0.732 0.736 0.748 0.682 0.746 0.745 0.768 0.749 0.755 0.767 | 0.763/0.801%
so Eg’ T 0.745 0.756  0.747 0.752 0.769  0.732 0.780 0.802 0.766 0.759 0.792 0.804 0.814 0.784 0.801 0.797 | 0.816/0.8487%
F[‘s” T 0.523 0.524 0.526 0.531 0.561 0.487 0.567 0.602 0.566 0.518 0.596 0.623 0.626 0.594 0.621 0.614 | 0.634/0.6897
M || 0.119 0.109 0.115 0.116 0.099 0.118 0.096 0.092 0.095 0.113 0.089 0.091 0.087 0.098 0.090 0.082 | 0.087/0.073%

4.5 KMEH

UGS ICON T 3HoAth SOD &k, I AR =52 4R
IERR ISR, B LRI L, W 10fR. H
kUL, FEE—4T, BoRi— MR, RSO
bk R R G2 BE IR R, [RIRF, 7R85 0K
E R, =T B XK, (RS B ToERm 2 eql.
ARid, Hfth SOTA Jy ki ik SeREAR f 2 2L WY . 3%
X BRI BI T REA TLANEE IR (1) 3RELA EFXT Hig
THA N (WEE—17): (2) SR REmIIgmEa (L5
A7) (3) AEHITERE (WEB—1T).

4.6 HREhsCIS

4.6.1 ERMBLE

N T UEIAR SCHREAS AN [ RREER  A R0E , A S T2
W LA FIARAS Y s TR RE . A SO as- IR et ik (—

B 10. kWGl F—IME_FIRMANERUREE, HfttE ICON
Fnxt b B BT R .

A BEZZERRITL UNet M2%) FFAG, &4 R RSk
JEE, fu3% DFA. ICE fl PWV, 155 3FfR, ARt
THZ (ID: 1) FEHEA B DFA (ID: 2) ik, B3
BB PERERE T R AR, [N DFA A REJ A
FLRERAR. A5, MAICE flk (ID: 3), B
A RIESR T BE, IEMHUNRIREE, FETA 4F (ID:
4) IABIARSCH AR S T R AR fE



11

*x3

EHgiH SRR R T, REMEESET (TR).
_— © Settings OMRON [14] HKU-IS [75] DUTS-TE [73]
omponent Setings | g4+ EBprt PRt M) mt  Eft Fpr My | Smt EPt FPt MY
1 | Baseline 0.832 0.854 0.731 0.064 | 0.902 0.930 0.866 0.043 | 0.861 0.879 0.801  0.049
2 | +DFA 0.837 0.857 0.740 0.063 | 0.913 0.939 0.875 0.035 | 0.879 0.886 0.818  0.046
3 | +DFA+ICE 0.840 0.869 0.753  0.059 | 0.918 0.951 0.895 0.031 | 0.887 0.916 0.825 0.038
4 | +DFA+ICE+PWV | 0.844 0.876 0.761 0.057 | 0.920 0.953 0.902 0.029 | 0.888 0.924 0.836 0.037
x4
TEFFEIGsE /5% (FEMs) BOTHRRS4T.
e OMRON [11] HKU-IS [75] DUTS-TE [73]
ID | FEMs Settings St E?T FE,T M St E?T Fng M St E?T FéuT Ml
2 | +DFA 0.837 0.857 0.740 0.063 | 0.913 0.939 0.875 0.035 | 0.879 0.886 0.818 0.046
5 | +Inception [62] 0.839 0.853 0.740 0.064 | 0.909 0.936 0.869 0.037 | 0.875 0.886 0.817 0.043
6 | +ASPP [65] 0.840 0.855 0.738 0.061 | 0.912 0.943 0.869 0.034 | 0.877 0.882 0.818 0.043
7 | +PSP [63] 0.835 0.851 0.738 0.063 | 0.906 0.935 0.870 0.036 | 0.878 0.884 0.816 0.045
8 | +DFA (3xOriConv) 0.833 0.855 0.733 0.062 | 0.909 0.938 0.868 0.035 | 0.874 0.875 0.810 0.046
9 | +DFA (3xAtrConv [65]) | 0.830 0.849 0.729 0.066 | 0.906 0.933 0.869 0.038 | 0.872 0.880 0.811  0.047
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ICE FitERiEEM IR R4
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4.6.2 DFA 5HA¥FEEE 7 ERILLE PR N . — D AIERERY IR 2 ICE n] AR AFIE ) 7 5
DFA. ASPP [65]. Inception [62] FI PSP [63] Rpufiifrhy %, JFH A SO R 58 il oe t 5 s Bk A5 B
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FRIE Y2500, A=A 2RI RAE. FE3% 41, DFA B
ST HAL FEM A24%. 9810, DFA sk 7 —28ii.
Bitn, S5HAL FEM 1L, E24'53 MAE 4800 5. A30A
S, —NABERE L DFA MG K THRHMEZ AR, Wik
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2. DFA A 4 MBRBOTT IR, T FEM 204 5 3.
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J& , B AR SRR = A HE bR T SOD MERE. 1lVER, 45
£ ToU # BCE $ii 2k & — i W Il gk &, Xl T8
EMFZ TAEF [51], [60].
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R R HRY RS A .
_ OMRON [11] HKU-IS [77] DUTS-TE [73]
ID | Loss Settings m w m w m "
Smt Bt Fpt ML | Swt Bt Fyt ML | Sat  EPt Fyt My
4 ICON+Lcpr 0.844 0.876 0.761 0.057 0.920 0.953 0.902 0.029 0.888 0.924 0.836 0.037
16 ICON+LpcE 0.840 0.866 0.757 0.060 0.918 0.950 0.899 0.031 0.889 0.918 0.831 0.037
x7
PWV b B& B4/ il B S Bb 53 4
, ) OMRON [11] HKU-IS [77] DUTS-TE [73]
ID | Routing Settings
St Brt  Egt ML | Set Bt Fyt ML | Sat EPt Eyt M)
4 +DFA+ICE+PWV 0.844 0.876 0.761 0.057 | 0.920 0.953 0.902 0.029 | 0.888 0.924 0.836 0.037
14 | +DFA+ICE4+PWYV (DR) [70] | 0.844 0.868 0.757 0.058 | 0.923 0.950 0.902 0.030 | 0.888 0.919 0.832 0.039
15 | +DFA+ICE+PWV (SR) [105] | 0.837 0.862 0.745 0.060 | 0.912 0.843 0.895 0.030 | 0.881 0.903 0.831 0.042
5 QE'I:Q [71 L. Hoyer, M. Munoz, P. Katiyar, A. Khoreva, and V. Fischer,

ARSCHRE T — A 2 3 Pk O vk, BRI SE R R SRR R 4%
(ICON) , MR ills @ BRI SH i BEW k. Zpa
AR SRR (ZEROA ZWLZ ) A AT 22
PREGEEIN . HARRYE, ERXITARF, ARSI T =48
W2 2RISR SR . 52 SR A SR AR A
Jr-RERIR A, Gl R A X e, ICON REREAEA 4R
AEZ W EIRZ AL RRRE, R B e A& S B AR
ARFEETE , DA St — P S0 uE A2 th ) S 2 DX i 7 20 5
R R RIRME . A LA LA E RS Eb AT 7Sk
M SEE, SRR T RAVHH Ak, AR
IR BB RE .
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