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ABSTRACT

HABINT — MBI TASEAER (BiRefNet), AFEAWER_SEFESE (DIS). ZEREFRNMERAMEN: EMAEHR (LM)
MBAURUMINIASE (BiRef) EREER (RM). LM AL BENERHEBIREM. & RM f1, HF A BiRef #HITERTEE,
HABRGHRRURIEAFESS, BEREABRSE. XLEAGHETEERSLHHTMNE. b, HROSINTHBEELE, )
MR IR RE. S, BAVERHR T 133 DIS S AYIZRRRE, MRSEEREMIIZGIE. ATEIERNAENTZER
%, BMEMNMES E#ITTIZHEE, EBA BiRefNet ZEFIFEANKPRIAHE, BT ESHENEFTAE. RINOKHATR
F: https://github.com/ZhengPeng7/BiRefNet.
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25) BIARNE . InRef 42 RN T I 4 HERAE S, 1
OutRef TN SEFELN TR, DATEIX S8 XIS BB = 1Y
KGR, k. 20K, BALREAEIRATEE BiRefNet
X T 2.9% 1) F§. RM Al BiRef (20 & 45X
T 6.2% 1 FS.

YIZsgems . AN, 3FT/R, I 0 SRms AR ] £ B 42
THT¥ERE. CCF #1 IPT 4 TR PERE, T RLET N%f
IS TIAGANTTIORE S, XAEEI FE R HCE,, %1%
PR3 8) TREE.

4.5 SOTA b#s

N BAERA T ERREE M, FATEPAME S EEAT
TR, Bm R kB E (DIS). Wk
FEFY AN (HRSOD). Ky ik (COD) Fiie
FEYARKI (SOD). FATRFFEATFL AR (BiRefNet)
5 A S AT 55 R AU U EE R S BT T
Hedst 8,9, 13, 14,44-47],

AR, WL 4R, X2 HP BiRefNet 5
ZHIBRSEHEIT R E R . FAT1#) BiRefNet 7£)"{Z il
MIRPPAG R bR bR, Bl T B A BRI k. DIS-
TE1~DIS-TE4 {5 A& THFHES « S5 AN L R AR (11
n Sa, E3) EXRERRER. BRI (4 MAE (M))
SEVHZANTT RO, TP E RS (Bl EY, FYT)
SRR AL bR IV A P 2R . IR, 4R, K
111 BiRefNet ANUAE4SJmIEAR I HER M H AL T SEmm Jr
W, T HAEB RGN BRI A R EA R
e, TEEMGITSChR Y I ate b, FATEERE L.

Additionally, our BiRefNet outperforms existing
task-specific models on the HRSOD and COD tasks.
As shown in . 5, BiRefNet achieved much higher
accuracy on both high-resolution and low-resolution
SOD benchmarks.
CAALI Artificial Intelligence Research | VOL 1| June 2024| 1-5

Compared with the previous

SOTA method [14], our BiRefNet achieved an average
improvement of 2.0% S,,. Furthermore, as shown in 3&. 6,
in the COD task, BiRefNet also shows a much better
performance compared to the previous SOTA models,
with an average improvement of 5.6% Sy, on the three
widely used COD benchmarks. These results show the
remarkable generalization ability of our BiRefNet to
similar HR tasks. A4, FA1H9 BiRefNet ¥ HRSOD
A COD LS5 BT BUA LS5 R i . k. SR,
BiRefNet 7E & 70 B3 FR /0 P23 25 W (A D) Bk ofe B4
BUS TR MERYE . 52 ARSI (1] A,
i1 BiRefNet f£ Sm $545 LR T 2.0%. Be4h, 0
. 6, 1E COD L5511, BiRefNet A2 Bilf) ot
BRI, ZE=A 2R COD Bef |, S, 45
PR T 5.6% . XL IR T AT BiRefNet 7E3¢
Avs 7 BEAAT 55 _E R R IZ AL RE

BeAk, FfiTiY BiRefNet 7£ HRSOD # COD {£5 I
WAT AL S FRrE AL, W3k, 5P, BiRefNet 7E
SrFERAURA B SOD Bl I o i 2 S T 5 ey 1) A
M. 5ZHiH SOTA Jrik [14] Mk, A1) BiRefNet 1
Sm F8bR LR E T 2.0%. B4h, . 6K, #E COD
fE5%5 ", BiRefNet ML T2 Hif) SOTA BBt R,
=T Z A COD BUEMIAr Sy fopR-F 8 E T
5.6%. XLELER IR T AT BiRefNet TR MBI 73 BEARAE
%5 LR REIZACRETT -

[Jours

[ |JUDUN (DIS)
| |FSPNet (COD)
[ 1PGNet-UH (HRSOD)
| |PGNet-DH (SOD)

Bl 7 #2000 BiRefNet SifBL5Ree B w s bR . X
A S-measure [12] #E47EE%. UDUN [11], FSPNet [23].
PGNet-UH [14] #il PGNet-DH [14] 4 %I Hifife DIS.
COD. HRSOD i1 SOD {F55 |-ty 5 H:fi5.

PSS AL . W Fig. 5PN, X0l sw g s
DIS B FIHE ) BiRefNet 4 B4 SIA . 455030, ¢
WAL T I A — DI IR AR . A Dy TR
F , BiRefNet {2 HifY DIS 7%, B H AR KR (7 5 F1
PRGNS () RS 4> %o 54N, #E DIS-TE4 1 DIS-TE2
HIREA, LR TS | TR R, A
TR, M, FATH BiRefNet JHFR T TR0 HER 2
27 B¥R. 7£ DIS-TE3 il DIS-VD [yFE4A, BiRefNet
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4 4 DIS5K L&A1 1) BiRefNet SBUATJjikif bbbk, “1” (“U7) Fondieg (SEAK) ®ar. WAMEADRA [11] gk, b
BiAT DI IR 10241024 WIHA -

- DIS-TE1 (500) DIS-TE2 (500) DIS-TE3 (500)
F§ 1F§ 1M 1S, 1By 1HCE, L|F§ 1F§ tM LSy 1B 1HCE, | |F§ 1F5 1M LS 1EJ 1HCE, |
BASNetg [32]  .663 .577 .105 .741 .756 155 738 .653 .096 .781 .808 341 .790 .714 .080 .816 .848 681

[
U2Netao [52] .701 .601 .085 .762 .783 165 |.768 .676 .083 .798 .825 367 |.813 .721 .073 .823 .856 738
HRNetoo [53] .668 .579 .088 .742 .797 262 |.747 .664 .087 .784 .840 555 |.784 .700 .080 .805 .869 1049
PGNetag [14] 754 .680 .067 .800 .848 162 |.807 .743 .065 .833 .880 375 |.843 .785 .056 .844 .911 797

IS-Netaa [9] .740 .662 .074 .787 .820 149 |.799 .728 .070 .823 .858 340 |.830 .758 .064 .836 .883 687
FP-DISz3 [10] 784 .713 .060 .821 .860 160 |.827 .767 .059 .845 .893 373 |.868 .811 .049 .871 .922 780
UDUNo33 [11] 784 .720 .059 .817 .864 140 |.829 .768 .058 .843 .886 325 |.865 .809 .050 .865 .917 658
BiRefNet .860 .819 .037 .885 .911 106 |.894 .857 .036 .900 .930 266 |.925 .893 .028 .919 .955 569

BiRefNetswinp .857 .819 .038 .884 .912 110 |.890 .854 .037 .898 .930 275 |.919 .886 .030 .915 .953 597
BiRefNetswinT .823 .774 .048 .855 .887 117 |.862 .821 .046 .877 .912 290 |.899 .860 .036 .897 .942 627
BiRefNetpyrozp2 -839 .796 .042 .870 .903 111 |.881 .842 .040 .888 .925 280 |.903 .866 .036 .901 .941 614

. DIS-TE4 (500) DIS-TE (1-4) (2,000) DIS-VD (470)

F§ 1F§ tM Sy tEJ 1HCE, | |F§ 1F§ 1M S 1EJ tHCE, |

F5 A Eg M LS 1 ES THCE, |

BASNetg [32] .785 .713 .087 .806 .844 2852 |.744 .664 .092 .786 .814 1007 |.737 .656 .094 .781 .809 1132
U%Netgo [52] .800 .707 .085 .814 .837 2898 |.771 .676 .082 .799 .825 1042 |.753 .656 .089 .785 .809 1139
HRNetoo [53] 772 .687 .092 .792 854 3864 |.743 .658 .087 .781 .840 1432 |.726 .641 .095 .767 .824 1560
PGNetgg [14] .831 .774 .065 .841 .899 3361 |.809 .746 .063 .830 .885 1173 |.798 .733 .067 .824 .879 1326

IS-Netaa [9] .827 .753 .072 .830 .870 2888 |.799 .726 .070 .819 .858 1016 |.791 .717 .074 .813 .856 1116
FP-DISz3 [10] .846 .788 .061 .852 .906 3347 |.831 .770 .047 .847 .895 1165 |.823 .763 .062 .843 .891 1309
UDUNo33 [11] .846 .792 .059 .849 .901 2785 |.831 .772 .057 .844 .892 977 |.823 .763 .059 .838 .892 1097
BiRefNet 904 .864 .039 .900 .939 2723 |.896 .858 .035 .901 .934 916 |.891 .854 .038 .898 .931 989

BiRefNetswinp .899 .860 .040 .895 .938 2836 |.891 .855 .036 .898 .933 954 |.881 .844 .039 .890 .925 1029
BiRefNetswinT .880 .834 .049 .878 .925 2888 |.866 .822 .045 .877 .916 980 |.862 .819 .045 .874 .917 1070
BiRefNet pyruzpe -890 .846 .045 .886 .929 2871 |[.878 .838 .041 .886 .925 969 |.868 .827 .044 .880 .919 1073

TERSH 4 EIANT = B KO T B (. 5 2 AT 7 086 e
L, FAT0 BiRefNet HES M4 SIZNK 1 AN i e

L1t > «/*
0.82 1 f

0801 *  BiRefNet-SwinL
% *  BiRefNet-SwinB
0.781 *  BiRefNet-SwinT
*  BiRefNet-PVT_v2_b2
0.76 1 *  BiRefNet-PVT_v2_b1
FATIRRHE T COD {E& W EM K. i Fig. 6ff *  BiRefNet-PVT v2 b0
R, R T HARRPREEREA . B, e T 0.741 A—ls et
BEIR—AT, TR0 X b B 2 T B A W IT T 4] orolA |
g BiRefNet SEGSHERIS#IHILT 5 GT F— Bk 200 3% 4 S0 %0 7080

Runtime (ms) |
BeF. HIEZ T, Hofy i 2 50 o AR e 4 T A e . , o .
SRR ARG HIE T M TN Rk, P8 BiRefNet (BT DIS JkqeRcr. b, SAdERE
BiRefNet FHLH1 T 1 FARRAIRE Sy, el BiRefNet — MEMHIMIELEE
TEH B2/ WA 17 TR 57 AR
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DIS-TE3 DIS-TE2 DIS-TE1

DIS-TE4

DIS-VD

B il il ek

15 b Ours UDUN [11]  IS-Net [J] U2Net |

] HRNet [53]
Pl 5 Bididiliit) BiRefNet f£ DISSK Bl b5 eni i ik P bbdR . SERiiisma Rk IR T 308k [11], b BT B
1024x1024 K/PIPEHQEAT NS . BORDAART SEAF M HAPE -
4 5 el 1 BiRefNet L5 igsr M ARMIC i & Wy ok D Bodha Al b di SE R 7 ik i i bb g . XM TR Fomigisl. b vt
P HEES, WAINAFMIZGRAL A K NLGENNY BiRefNet, o 1. 2 A 3 4351{0% DUTS [16]. HRSOD [13] I
UHRSD [14].

R I | IG5 e

A DAVIS-S (92)  HRSOD-TE (400) UHRSD-TE (988) DUTS-TE (5,019) DUT-OMRON(5,168)
ik TR Sy S ABE M L[S 1FE 1B 1M L[S 1FE TEZ AM L[S 1F5 BT 1M L[S TFE TEF T M |
LDFqq [206] 1 .922 911 947 .019].904 .904 .919 .032|.888 .913 .891 .047|.892 .898 .910 .034|.838 .820 .873 .051
HRSODg [13] 1,2 .876 .899 .955 .026|.896 .905 .934 .030| - - - - |.824 .835 .885 .050|.762 .743 .831 .065
DHQ2: [16] 1,2 .920 .938 .947 .012.920 .922 .947 .022{.900 .911 .905 .039.894 .900 .919 .031|.836 .820 .873 .045
PGNetoz [14] 1 .935.936 .947 .015(.930 .931 .944 .021{.912 .931 .904 .037|.911 .917 .922 .027|.855 .835 .887 .045
PGNetgo [14] 1,2 .948 .950 .975 .012|.935 .937 .946 .020|.912 .935 .905 .036|.912 .919 .925 .028|.858 .835 .887 .046
PGNetoz [14] 2,3 .954 .957 .979 .010.938 .945 .946 .020(.935 .949 .916 .026|.859 .871 .897 .038|.786 .772 .884 .058
BiRefNet 1 .967 .966 .984 .008|.957 .958 .972 .014[.931 .933 .943 .030|.939 .937 .958 .019|.868 .813 .878 .040
BiRefNet 1,2 .973 .976 .990 .006|.962 .963 .976 .011|.937 .942 .951 .024|.938 .935 .960 .018|.868 .818 .882 .040
BiRefNet 1,3 .975 .977 .989 .006|.959 .958 .972 .014|.952 .960 .965 .019|.942 .942 961 .018|.881 .837 .896 .036
BiRefNet 2,3 .976 .980 .990 .006[.956 .953 .967 .016|.952 .958 .964 .019.933 .928 .954 .020|.864 .810 .879 .040
BiRefNet 1,2,3.975 .979 .989 .006|.962 .961 .973 .013|.957 .963 .969 .016|.944 .943 .962 .018|.882 .839 .896 .038

AN ML E:. FoM1°h BiRefNet Jt# 1A [H] KRB N &l A2 . FATTiR il PyTorch
T, DARISA R R EAL, JE—2 I EqM 2.0 [51] X BiRefNetswinr #EATHE, 530 HA
EATHE. S5, MACs fivkee, AR SHAL  (BiRefNetswinr cp) SEAEPREEEMRLT 13%. 4k, K
HER AR L. 5, BINEER THRETESE 17 Fig. ST4H TR MBI MERERLZ TR, DA
. f: K BiRefNet fy FPS #[PAME 10, X7E Wi < . BiRefNet 5 A [FEF M 4&+1E DIS-TEs fil DIS-
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BiRefNet

% 6 SIilii e, I, BiRefNet (K283 126k 5 i .

CAMO (250)

CODI10K (2,026)

NC4K (4,121)

Jitk

Sm T Fg T Fg" T EZ T EZT M SmTF[?TanTE;"TEgTMi‘SmTFE’TFg”TE;”TEgTM¢
SINetao [19] 751 .606 .675 .771 .831 .100 |.771 .551 .634 .806 .868 .051 [.808 .723 .769 .871 .883 .058
BGNetgo [21] .812 .749 .789 .870 .882 .073 |.831 .722 .753 .901 .911 .033 |.851 .788 .820 .907 .916 .044
SegMaRq2 [54] .815 .753 .795 .874 .884 .071 |.833 .724 .757 .899 .906 .034 |.841 .781 .820 .896 .907 .046
ZoomNetgo [55] .820 .752 .794 .878 .892 .066 |.838 .729 .766 .888 .911 .029 |.853 .784 .818 .896 .912 .043
SINetv2s2 [8]  .820 .743 .782 .882 .895 .070 |.815 .680 .718 .887 .906 .037 |.847 .770 .805 .903 .914 .048
FEDERg3 [56] .802 .738 .781 .867 .873 .071 |.822 .716 .751 .900 .905 .032 |.847 .789 .824 .907 .915 .044
HitNetos [24]  .849 .809 .831 .906 .910 .055 |.871 .806 .823 .935 .938 .023 |.875 .834 .853 .926 .929 .037
FSPNetos [23] .856 .799 .830 .899 .928 .050 |.851 .735 .769 .895 .930 .026 |.879 .816 .843 .915 .937 .035
BiRefNet 904 .890 .904 .954 .959 .030 |.913 .874 .888 .960 .967 .014 |[.914 .894 .909 .953 .960 .023

ol
o
e
=
3}
S
o

Multiple

HitNet

FSPNet ZoomNet SINetv2

Pl 6 f& COD10K JEdiflli =, #2131 BiRefNet HIAbSES I iEMPLIEILES . X AL ¥ HATANIPERPERIFEA, Ll

BiRefNet fEAF#L A LRI REYE

VD il 3 580 DIS JryEdid T b AN 7 A
ARBEFRCERR . A WIS B4 NVIDIA A100
GPU 1 AMD EPYC 7J13 CPU |47,

5 IEMH

We envisage that generated fine maps have the
potential to be utilized in various practical applications.

IAEN T #1 285000 . B5RERY ST R0 SR (R 2
KALHL [O7]. SRTI , JEHH T B SR (140 COCO [55])
NI 73 B LR B HE FL R BT FM BR TFRATIH2 Y
BiRefNet £ DISSK #flide FlZh, XH4iTy U=, &
e B RA TR IEARE 2 AR, W Fig. 9 (A) Bs,
FATP BiRefNet RRAZHERHHD A PR EE L1 248%, IR )

10

i R it R BT I AL

THERIN 72 VORI REE M . AR R AT 5
KRIEAERC IO RATIN ]« SR, LR AE B AR
X GEA RIEARZAERS (BG4I F =0 HAR) A
PAZE R R SR (32,02], SiEREFEhT1S (Bl
B, RIEEUENS IR ) A REIEAT EORIA M A ] [25,59]. FK
e i BiRefNet 7 DISSK ik Billlgk, M4 sl
AR SR, EL AT ATEAS BB =R A 15 00 731 2
REGGIAIL, N Fig. 9 (B) Fiys. A XHRAIMGH)
SR, ARRATREA V2 W TR T o
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2 7 AW DIS JiiiAetEie . e g s ae vt i m it beAk .

o | astinthl (6B) | # SEME (MB) | MAGs(Q) | DIS-TEs (HCE, F)
BiRefNetsyini | 83.3 | 215 | 1143 | 916, .858
BiRefNetsuins o | 78.3 | 215 | 1143 | 916, .858
BiRefNet suinp | 61.4 | 101 | 561 | 954, 855
BiRefNetsuwint | 40.9 | 39 | 231 | 980, .822
BiRefNetpyroz | 47.8 | 35 | 195 | 969, .838
BiRefNetpyroz | 36.6 | 23 | 147 | 978, .817
BiRefNetpyrozo | 32.9 | 11 | 89 | 1013, .806
IS-Net | 16.0 | 44 | 160 | 1016, .726
UDUN gesso | 33.5 | 25 | 142 | 977, 772

IS oF
iz

Bl 9 IERT e 2k T BiRefNet BCEFESS i, JFEAES MR EREITRSELLES . (A) WHERIT #1: depigigeiai, N
TP @SR . (B) IHERT #2: 1esa Ped QRGBT TSR REER . (C) th viperyl JF & H & ek 347 10
BiRefNet T4 ComfyUT ki, HiX— SOTA BRI L, FRifs AMEN. (D) ZHO @2l ¥ —A KT ComfyUl iliiH , i
—B el T ERATIY BiRefNet Wy SR, FEHUEEEXBEN . (B) Fal AT fEZEEPR ¥ 3A1HY BiRefNet, $24 v 241y
UT gEHiH APT B HhEe. (F) ZHO #4731 BiRefNet 52 hifty SOTA Jjiki BRIA RMGB v1.4 B#liElbsz,
A (e LTI BT UIARAE 13T § WUONI. (G) Toyxyz JEAT £ A1 BiRefNet b5 23674t T ARARPE ik (fn
BRIAAI. RemBG. Robust Video Matting il Person YOLOvSs) RYfRIEELE:, WS ¥ PBUEIZ .

6 55—tk T RF TS gAY 17

#1 SZBsW . FEAFRATTH BiRefNet SR 6, Bk
EMIRATAOTIH T 2024 4F 3 A 7 H&EAAK, BT  MEHHRIT L E0E T8 =M. 1 Fig. 9 (C f1 D)
Z5E THER PR Z IR AR LENZ KT, H15 Pos, —SIPRE TR BiRefNet ££)§F] Comfy Ul
B TAAT B A AN, WAVFZHENE =W VR, RAERTE S EHK IR TN S22 R E R A
FT AT BiRefNet & i TAHX TARMPREIGK, & ABRARARI D). T HEHFWELY AL, FalAT &4
1 https://github.com/comfyanonymous/ComfyUI
2 https://github.com/ZHO-ZHO-ZHO/ComfyUI-BiRefNet-ZHO
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BN T —AMELHUR, JBFFE A6000 GPU 1!, 41l Fig. 9
(E) FiRe BT LSS RSN, XATELY R4
T API IR%, i@t HTTP R AT .

#2 ARSI

i, FA1 BiRefNet 5l T4+ XA e P2 HESC
E&HE X P4 (B 8k Twitter) F%&1i%. ZHO 424t T
111 BiRefNet 5H A5 A5 LU , 40 Fig. 9 (F) iR .
TEMATEIR T, 3T BiRefNet £F 52 1) SOTA Jy
¥ BRIA RMGB v1.4 fy3a4 S 14 505 AR
TEEMZ, A1 BiRefNet J&7EFF RIS EHE 4L
DIS5K [9] MyilZese b (iRFE MIT VFa3E) Ik, T
HoAb T MR AEARA TG DI B AL A il Bk, AhE
MFRDL . W0 Fig. 9 (G) B, Toyxyz & Twitter
R T E L LTI BiRefNet 545187 M HT = A
AR B 53 2 8] B AT PG A Bt o I T ok 2B 7
PurzBeats i i HF A1) BiRefNet §ilfE T i L% T
FHEAH° . #F YouTube [, “Alis in wonderland” %7
T—BX T 7E ComfyUIl i A1) BiRefNet [
H BT RES .

k]

7T Rk

G

XIUTAER T — P RCE XA 275 1) BiRefNet HESE,
REAE [ — RSN AT — 0 R . W PR BT 5
A VA K B Out SAS I o Al Tz SRy, FRATAEL, X
RETAIR G LHET R B F & KI, R HR
BB A ARG ZAN AN X R A S 2. ik, FRATTER T
NS IR R AEE (NS, IF5 ] S8
ZREFAMITHIRE (SMRS% ). X BERTH T B
REBUMREFFAEIIRE ST . N T IR 5 0 A BRI R 55
JBAS, FABEARME T ZFSE 5y, PABR A g i ik A 751
TUANSE Hpg i SO . AE 13 AN EENN B TER AR
/N, Ff1 BiRefNet FATH (Y PEREA 38 K IKIZ AL RE ) o
AR T BiRefNet HORTEVFZ SEBRIY ] A B AT
PERBNEOL . FeA 17 ST H A HE S RS fe dh 2 R4S
S G — AR R, IF HRAT TR REAE WA T S
MR A E 2L A -

1 https://fal.ai/models/birefnet
2 https://twitter.com/search?q=birefnet&src=typed_ query
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