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Semi-weakly supervised object detection using bi-attention-guided feature fusion

CHEN Junfen, LI Nana, XIE Bojun”, ZHANG Jie
(College of Mathematics and Information Science of Hebei University, Baoding 071002, Hebei, China)

Abstract: In order to reduce the cost of annotation and solve the problems of inaccurate target localization and omission of detail
information, a semi-weakly supervised object detection method with bi-attention-guided feature fusion is proposed. Based on the
method which fully labelled and weakly labelled data, the detection performance and annotation cost are balanced, and the spatial
attention the low-level feature maps with the high-level feature maps with pixel-level weighting are fused, so that the high-level
feature maps have rich low-level information, and performs channel-weighting operations on the fused feature maps to obtain high-
level feature maps having rich details and location information. In order to get more accurate pseudo-labelled boxes, a more robust
candidate box selection strategy is proposed. The proposed algorithm has better detection performance and reduce the amount of full-
labeled image data and additional image-level labeling.
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ARSCHE N T — P RO B D)5 | SRR Rl A A 2 55 R B AR R I Bk R S ) S T 2 A
B AR Z R N B R BN RRAR S | 552 R G S A [ 38 AL, 38 T T MG AR X B R
TESRICHCR , A T E 0 85 2 fil G SR A S B T R AE R Z B AR B S L, FEfRIEHE T e AL T h R i T
TR R B DR b A SR AR SR W < V1T T 000 P A R A 0 e e E AR Ry DR 0 HE LA DS /D e 7 R AR I
IIBEDLRALE G AEAE A O AR EAE A e T RS ALR RS B2, e A I3 2 T R AR Al R AE 4 ] ( soft non-
maximum suppression, Soft-NMS) '*/ f8E:JE# KA I ( non maximum suppression, NMS) 3 fi# g I 46 7]
L PR T T ARSI A A el

1 XTI

1.1 BHEEBREN

MR bR ) L T DX I A 3 B 28 9 4% ( fast region-based convolutional networks, Fast RCNN) '/ Bilen
SEUSTERN T —Fh 55 WA BHR BE KGN ( weakly supervised deep detection network, WSDDN) 8.7 |2 4N43 37 W 44 [
AT IR A AT 55 B XA AT A T ISR AR B MG R B B 5 . Tang %8 42 1 T #E 48R 6l
/72545 S (online instance classifier refinement, OICR) 5.3 | i i 22 B Boas i 43 22 25 25 AR 4l fL T ; Yang
SEUOAE TR T — A 25 | T 0 1 AR, SRR BUREAE AR B9 07 B {5 8 ; Wan 26U R4
RPRBCP AN 2 ARk ME B AR E LR REDLYE  BEJ5 , Wan 451 S T 3% 2 2758 4] 2J ( continuation
multiple instance learning, C-MIL ) 575 | fili FH— R0 41 2% pRAUA AR ™ B9 2 78 |27 2T Ak ) @, X Sba
PR 22 7R 2% 2 K B Bm ki ) R B8 o R o3 28 (R) R (R A Bl T o 55 B A — @G B T fi,
g, Tang 2513 45 T =R 242 3] (proposal cluster learning, PCL ) 813 | 5 A5 il 18468 1 X el 28 2 1 AN [l
(2% et iR AU R B 28 R O PERE . Ren 260 5| AT /R 1 G 19 2 W] ZREAL 23R, #2577 280k
1) [H) 2 FE B MR IR RIS 58 428 AL A TR) R, AR 22 55 Wa B ARG I S50 32 0 3 aok 30 2 ol ) DA s 1 HE SR 4
AN AR i S R T — R AL SR W 8 e AR A A A v B P A A K R O AR R A Ry PR AR T
FEXTASI 28 UEA T 008, Zhu 2600 (55 W B R T — e A A RS K A PRI e i o0 B el o L A
#5252 Arun SN 2 ARG Hh— AR A B AN A S R 4 B bR 3 ) SN F 4
A RS 53A Z (R 25 57

S F R 58 WB RN SRR UG 1 — i B L) (B k6 R ] X R AR A T R AT AR I i
E TR BRI . W TR b B BT A BUR AR S bnic BUR , A — A7 800 A 1 FEAR I, R
TR P 20 R A T A9 Pl VI A 0 g T 2 L 555 G T g 19 At a0 ) ™) ke A O T S ) PR bR TR AE
Chen %5 A H bR iC B8 AN 59 bRic B | 32 T — A 1 o BB 110 55 WA R e W B AR 45 A 1) D s A
FELBE SR T s K6 25 5t 22 B BE I 25 A A T , Meeethal 2521 B i T — b 0 2 55 W BN 4R ik, R0 59
PRic EERT—/INER o 2 hn e G, DIAE S 20 A D in vEAE i T AR DR B, 5 ax S oL, A SO fiff
FH/D 8 1 bR id B s I ZRBE A ST KT B9 A AR 25 2 G 0 =X, DA /N4 B 5 5 M0 B A 65 ] 1 1 g
ZHE,
1.2 ${ERE

FEAF Rl A SR TE BARKEIN ) e i U ) SR R T B VE A, A R TR I RRAE AT LA
P& = B ARAS I A B , T i R A ) A AR R B A5 By, AR 42 35 M 4% ( feature pyramid networks, FPN) %
WEPURIR A R AR 4 0 7 2SR A R A Z A B TR A I AR, R 22 RO RRAE LA
B yE . fEL 2 )5, A0 B & M 4% (path aggregation network, PANet) ') A XL i) 45 10F 45 735 W) 4%
( bidirectional feature pyramid network , BiFPN) ) 2522 R BEERAE A& 80 (IR 1) A4k, |1 P3 ok
5 =R FERE, R B PA—P7 XN 2R RER], B — B RS 2 FEE
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Fig.1 Different feature fusion methods

BiFPN .98 B — RSN R IE 2 G2 0 —Fh B R BRI B0 B8 R 4 7 35 I 2% 108 s il
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A R R AR A A BT R 2 D AHSEE R IE AT RS o X R R i R AR R AR
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FTPIZEHN 1 SRR TS R4 RRIE A 538 I 2 4 32 1 R 28 i) i o B HoA% 3 25 22 RUBE AR 42 5
SEW 285y 32 B SOAFIE AT BN LR | LAAE BOAR Y ROBE I RFE 8], PANet 3551 AT A i L
A LT ARSI S 2 RERERY (R B g G . A _E A B SR S R B B A 5
RIS 805 7 PR RO RRIE I 205, BT 10 B A 38 G A5 1 20 A AR P45 AT 0 3R ) R A 11 R 1 7
fille . PANet 5k ] DITE 2 KRB B EATA R HARKIN , - FAT 5 i A GRS 1

X SEBE R AT LU RO Rl A 22 RUEE R 22 2 U AR L 4 e B B A D00 FrRops B R8s | (HR SEARIE Rl 5
XA, TR LR RPRC B A BRI B iy vERE . AT DL AR RIS 3 A SCHR Y O RRIE Rl
B R I AU S AR e £ S RE VI 2R AP PERE , 7R R INIA AR Y |- B A e 3t A
1.3 EEANE

TR IPUEI AT LR N 28 L 8 T 5 B AR A DGR AE , KO & 715 B AL B ROR S HERR 2 . Seq2Seq
BRI P YR A R A e 22 R BT 4 R R A B R R R R Y B R S
( convolutional block attention module, CBAM) "' S5 AR [a) A (A | {3 5 Sy B fin s R AE $2 B0 3 3 0 e TR i
2 2 S A7 B 25 E . CBAM FR Bt i 18 18 2 /1A% 5k ( channel attention module, CAM ) F1=S 0] 71 & Sy 45
He (spatial attention module, SAM) 41, B F & B HGE T 1 A2 )R il 2 M 2 A~ 2ok sg
B, 2 2] ASRLH I Z 6] AR L OGRS AP A4 RHR rh i SRR . 2SR B i 1 M ERUER 1A
AR RS, T VAR S G AR 1 ol A A B SR A e B PR AR R RE . 5 CBAM AR
S, AR SO ]9 ) BRI G VD BT A R ) B R R RS RO, SEERTERA A
[P R R A 3 AR A 235 5 ] DL S G M R 1 DG B R

2 Bty R E AR AR R

ARSCHR TR B 5 | AR Rl 2 55 B E BRGNS AN &] 2 TR, 1% ] Faster RCNN'
VER IR HARKTIAESS A BUSE FbRic BRI £ 148 2R (selective search, SS) 535 A ik &
ABETEAE | SR J5 HEAAGIEAE T VERL IR | b T e AT Bk 15 R A AR P A S0 M 5 i 4w, O 0 11 155 88 2 v ) A R HE
FEHATH BN RAE P RAEAT B AR ORI AE . A5 10 B RN A Db EAE (19 55 45 10 EURAE b
A B, 5% 2% M4 (residual network, ResNet) % VEhH T M4 H2 BUSIF , conv2_x 45 ResNet M 2545k (4
25, HZ BRI ; convd_x 5 ResNet WIZEE5H 125 4 841 3B 2 2 0GB A A, #F
conv2_x % HAVE R RRIE BE R B 10 i A BRAE)Z layer] ; conv4_x Y% H AR A R AE A AR B 19 B A HR1E 2
layer3, 35 AT RS 8K X 38k 1 1L ( region of interest pooling, ROI Pooling) , 4 4> i% 4% )2 ( fully connected
layers, FC) J& ¢ UM, fefe , P 4 A T0 0 HE 24 S0 1175 8 B8 4ok e ME T e A He rb (e 1) A5 B
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Fig.2 The framework of our method

2.1 (RIEETFIZEDR

55 W B ARG I 53 Y AR OB TEAE A, S I 1 P AR A I S B AL R A, 25 2 B 1) D B T A
B Bl R ARE G I A5 R 2 B W AR R | 1 RS A B, G R e A B A v ) — R RE AR S
FRUEAE | i T B A5 7 A MR D BRI A | 2t e P BB U BRI B VR RE . O 1 e JIR X BE g | A SCHR:
T B AR PR RE R AR

BRI E B VA 2 045 3 0 B A0 B AE AR A LA N (R 200 A B e M e RE T, 4 28 031
FEEAR (AR RE/INT 0.3) B HE R J st YIZRETI, X5 — 7k B (9 B2 ) 40 ) 35 1% o o A T K
(ko =5) IMEEHES 5N 2, VNZRJE A, X SR BEHE (9 B A5 BEAVE A ACE SR 47 S B MR, 1 FH UL 815 B X
PR AT EE AL, 8 VR 1R TN e A O RE SRR (B R4S B 8 4 i w0 4R Ak , DN 25 s Bt T LU IE i B 3 B F A
R B FE I, (A5 DA bR 1A S BB AR
22 ETHERNHFHERESER
22,1 AT EXMHFIEmRE

R RERL S O30 FPN B0A2Y I 3(a) , JeilffT A R ERRRIESE ARG B B R Al A
SRAIRFAE L, X A7 =X 0 = 2 R E s D Al (5 B, 5520 W BRI ( weakly-semi-supervised object detection,
WSSOD) ' 55 W5 B A6 ( semi-weakly supervised object detection, Semi-WSOD ) ') 45 55 W B 4G A5 44 7
P — RUBE A RRAE B _ESEA TR, ani&] 3 (b) o, EARAE I AT i R RAR Z 410 (5 2 o A8 SCHR Hh P ARRAIE il & 53
Pira i 718 3 (a) AL 3(b) FAAER GRS, QN 3(c) B, LA T I BB AT R Al G AR Z 40715 15 B
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Fig.3 Feature maps for object detection
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BB A TN RIS {3 SRR, R — i T AR ML 2135 02 1 (3 AR L
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I P £35Sl A 0 LA SHCOR A S A AT e 92 0 R PR o 0 PR 007 Xl A O
P, , (0 5024 50000 T 2536 2 A 0 K, 7625 60 4 B PR 12 ST W DA 1 5 B A (1
Ko A layer 10K AERFIER] F layer 3 B9SIEAPRAE I P o T 0 MO BRIEATHEAN 048
ST 4 PR [RRARIEE FO B4R N FO € ROMY(C R HFIE I HIm B0, H e 5T 1

LW R R L 55) BRI R B 4ETE PO e RIS [ Conv3x3 5 & BUZ K/ 3x3,
Conv7XTHERR/INA TxT, Avg-Pool i-F-¥J il fb#2/E , Max-Pool A iz Kt b #24E , 2 2 BAIHL (multi-
layer perceptron, MLP) %%/~ MLP,,

><6; ;
i| | Conv3x3 | i

><4é

Conv3x3 | !

x3 : .
: i [layerl

; : —>| Max-Pool |—'|Max—Pool
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Fig.4 Feature fusion of different layers guided by bi-attention
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RV 5 L2 ] 45 R 3 A — BB/ TXT MIEREEBUR , 20t ReLU 5 812 )3 15 /1
MR M e RYVT M5 PO 25k E LA S S B AR FO s P e ROV

F"=M (FV), (1)

M (F")=a(fP7([AF") s M(F') 1))
=0 (" ([ Fugs Frul)) s (2)
F®=M(F")®F?, (3)

X, M, R KA ERAE A ML ERAE o N sigmoid BRER, 77 R BRI TxT HERLEE
WIEE RS T P e A A ) A 2 (A S-S A A R i Ak AR L 153 2 4~ 1D
FAIER Fo M Fy, ot Py, e RO e HRGIEL, Fr,, e RO SRS Fo FIF A3l &0 —A MLP #
1B, Fo M Fo AHMIFZ ReLU JA: Bl R E Mo, Hoh Me e R M 5 P Gl ik M BUE 55
BRRLHEE PO i PO e ROV H)
M (F?)=a(M(A(F?))+M,(M,(F?)))
=0 (W (Wy(Fu) ) +W (W (Fr.))) (4)
F(Z”>:MC(F(2’))®F(2’)O (5)
Z—EEDF' ’Ml j‘j—/l\ MLP f’@?@’ﬁf,WO e RC><4C’ ‘/V1 e R4<:xcO
2.3 MEKEH
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1
Lla(x’c’l7g’d>: M(Lcli(c’l>+A'L}2C('x’g’d) ) b (6)

WP BN ELIEAE g, 8= (%, v, v ) S NLIRE 022 1 S AR ARAAT M b, PR 1 i KRS I 7
SITHUINE d AR BIBEE 1M R AE S, 1K BRECAD & 52 B R 51k, 4025950k R R
B KA 5

M
Lcl;(c’l)z_ Zlogg, (7)
i=0

M N
Li(x,g,d)=2 > X xs,(d'-g!), (8)

i=0 j=0me (xq,y0,%1,¥1)

A AR AR A R A B S EL, 1 3R | A TUNAEXS 2851 ¢ PIAESRAE, 2 7
WA L 55 1 AN THE R A bR ] a5 ) D EEMER AR AR g Fom , Hohme (xy,y0,%,,y,) 0 551
ASTMAEFNES j A B SAE A9 32 (AR — 2 BB X = 1, B0 0, Krbrs, o8
. ()= 0.5x%, Ixl<1, (9)
u Ix1-0.5, Hitb,
XFFEARIC G 1Y, 250k L, S bmic BUSAHE e fiii ok Ly, PR AR TEAE b R R 2S5 s
ERWBHE R . Nk RECh

M N
Li(x,s,b,d)=3% 3 X xysis,(di=b)), (10)
i=0 j=0me (x9,50,x1,71)
1
Lw(x’c’s9l’b9d):M(Lcls<c’l) +ALI“(’)¢(-X9S’b’d) ) ’ (11)
S st FRI A IBRIEREN R ¢ OBERIL,
— R B
L L"+al”, (12)

X a B— G pRic EGI  ASs bR ic BUR LR AR 2B 28, — I T A R 4 2%
SRABCERI 5 | B AL BRI 28 S8
2.4 Soft-NMS
EBRAS I v i Y 5 b BRAR R 2 NMS , H T a0 4w F0 0 650 252 10 i e A 5L B oo b7 3 2650 vy 1 e A A
JELAR Y NMS K 52 I HARL A AH &I AG: TN AE 8K 0 S 50 4 8 O O, AR5 S S A a4 1) Uit JG i A6r . AR SCH]
Z&PE Soft-NMS'* fRHF NMS 22 i e o [ f, #2743 018 . FEAKE IR AT ARSI R T8 B0 T, 38 4od B AGHI 43
By AM TR ILARAGIUAE , p T35 8 A5 A vy A ATE 52 I L (1 55 1 A 00 ATE 2 Al P M R SRR K 7
TR0, T PE Soft-NMS 7] SEEE A8 H: FU AR K /- ARG 1 45
0, 1(39di)<N25
Li=41,, N,<I(d,d,)<N,, (13)
(1-1(d.,d,))), I(d.d,)=N,,

A TASTR I, 1 A IIRERE SR, d 2B BEAR A B s BRI s o, S5 d ARAB B AIAE , N, N, ol
BCSE B BIEL

3 LI RERNHN

3.1 LIAET

A CAE the PASCAL visual object classes ( VOC)2007 Fl VOC 2012 $i#fi4E 1752486, VOC 2007 i
4 9963 MREME 05 20 DRSS, Hrp Il ke FSiEAE 3L 5 011 M8 %, A4 A1 7% 4 952 & &%, VOC
2012 $HRAEA 22 531 IEEMG H I 2 MBE A% 11 540 IR EE A5 10 991 IEIEE . ks
TR U A FH T ARG DU ASE AR fr )1 e, I 4 FH T ARSI 78 (%) 1 RE AV |

ResNet34 14 3 T MG EEICRAE R 3l &4 0.9 AUE FEICh 0.000 5 A9 BENLAR FE N B 5 1k 300 17 o 51
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i, WG R 0.01, FEAEVNZRRECH 5.10 B i 2, Y125k 20 Wk, 7EIZRad fit b, B KO- 8
FERIEATEE I 5, TN MG T Ay 22103 —1k

S R 25 B Bl A0 IR 45 B L B . N7 12 GB,NVIDIA 3060 GPU, iz 47 #1554 Python3.7,
Pytorch1.8.0,
3.2 EfEIERR

FIRRAG I 1) 32 B H b S SRS FE A iR P SR8 AR VR TE A 4 L 1], A 4R R Rl H A
RIFRH T A IEREAR I BE S . TTHRA 55108

T
p=— ", (14)
T,+F,
T
R=—"—, (15)
T,+F,

A, T B SRR R IE BB M IE I RIREAEL  F, S B SRR 2 BB A IE B REA S, Fy B
SEAR SRR BIE B R B I REAR S, SR AT J& P-R 4T Ay, B
A":fl P(R)dR, (16)

LR Y B RTIAE S T, 002 F, MR35 BAEAMEAY 28I L (intersection over union, ToU) J& 75 KT [H{H
RN, R g ) POHE (] NMS S ad v s, 110 5 BAEAE 1 52 O LR AT DL IE, A7 78 2 RO .
(1) —THERT 8 5 24> EAEHEM ST R T B A, e BRSSO L B R i — A TIHEAE Sy T, 5 (2) 2400
DA DG P 3] — > LA | HRUEAR B e K — D TAREAE A T, , 38T BB 2 Foo
3.3 LEWERILE

ARYR SZ 5 B4 X H B WSSOD |, Semi-WSOD | consistency-based semi-supervised learning for object

#I interpola-

detection (CSD)"**' self-training and the augmentation driven consistency regularization (STAC) "
tion-based semi-supervised learning for object detection (ISD)'*' budget-aware object detection (BAOD) "*' Fil
multiple instance self-training (MIST) "™ | 452 IF {4 0.5 B, WSSOD , Semi-WSOD ,CSD . STAC .ISD .
BAOD \MIST AIA SCRIAHF I HERTHN Afisson vASemiwson vAcsp vAsrac vAtso vAnaop vArnst vAou s IR 1 PR
MAE I L B{E 504 0.5,0.55,0.6.,0.65.0.7 ,0.75 0.8 ,0.85.0.9.,0.95 If, WSSOD , Semi-WSOD ,CSD ,STAC ,
ISD . BAOD MIST Fl 7% SCFE 3% (9 - B E 0 RN Mison . M wson « Mo . Mitac . Mivy . Mion . Moty |
Mg, IR 2 PR,

£ 1 RFEFELE VOC 2007 ML 1197 )i %
Table 1 Average precision of different methods on the VOC 2007 test set

%:72;‘ -U”é%% Al\)’VSSOD AFS’emi-WSOD AESD A]S)TAC AFSD AEAOD A]‘:AIST Agurs
55 W FkRiCEdE voco7 54.5 52.7 50.9 59.8
EFRCEdE vVOCo7+
M2 A AL
Rl FkR IR VOCI12 78.0 77.8 74.7 71.4 74.4 78.4
EFRCEEE VOCoT7+
> 55 B e 78.9 79.4 79.6
FHRLEH bR icdE voCi2
F 2 ANREBEIELE VOC 2007 M4 5 R {H
Table 2 Average precision means for Different Methods on the VOC 2007 Test Set
Bk {IERE Mior Migson Moy Mie My My, M My,
EENAR Shric g voco7
FrcEdE vOCo7+
N4
M TR DA VOCI2 44.2 42.7 44.6 44.9
LhricidE voCco7+
55 W B v 47.3 47.5
*HE FhRic s voci2

TP A SO L 285 1 55 M VI 25 J5 P g, T 5 WSSOD il Semi-WSOD HyA#EAT AL, 761 M
BWET A CEEAERRC R FINGR—A 02685 IR0 B 40 28285 vl i 1 R bm i R 0 MR br 2, SR
Ja AT W B IS, 55 W BRI B0k U AT 559 AR 10 1) VOC 2007 £l 48 U1 2Ry | e 55 W 4G i 330 32k HI
HAPRICHY VOC 2007 i FIAR S5 FRICH VOC 2012 BUREVIZETRL . £ 1 2 g5 RE] Tis 2y
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B PN B R R G B S LR A SO A B AR T A
34 HRLKIGHER
F£ VOC 2007 i 4k b b A7 Al Sz me | 43 556 UE B 00 RRAE il A 72X D bR i HE R PR SR L 2 Soft-NMS
MIVERT, 25 N2 3 TR, VOC 2007 YIZkEE R, 10% 27148 4 B2 i1 SHAE Y e pric S, Hidx 90% #R 2 5545
ILEIR
# 3 ARSI R SL G 25 R

Table 3  Ablation studies on each component of our method

Rl A R PR HE R S s Soft-NMS LI 0.5 B HEEIMER R/ %
60.57
vV 62.74
vV 61.98
Vv Vv 63.55
Vv Vv 62.95
Vv Vv Y4 64.86

TV FOR AR SO A A
3.4.1 MEFE A FA A AR RR A AL R

T R RRAE Al A A B A B, AR 0 R A I AR E R A R RRAE AL A R AR B R R
BEHAE F 1 AL DL e 2 5 05 2R A I RHIE 25X 4 A D7 i i,

AU — )2 R AE B A TR - 5 A SCHR SR AR B (L3R 3) A 25 SR 1 AT LA, 45
RANE 5.6 Wi, HE 5(a) nTE R YEER—J2 0 RR AR BRI R o ik (B N iR sk R &2 . o5
A, S (b) iR FE [ — PR b B0 T 22 4% A0S MERR (AR DA | L350 S G I ALE BAE 55 H 40 1 114) O B
07 o FERHIERLE S FRRIE A TR DU B, Q] 6 itz A 25 %k /N 4R 0 S g B 14 o, ELUR PG T R A iy
IGHIPS TIPSy S /I N (P SE O

(a) /NIATAS: (b) ZARMRMAE
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Fig.5 Detection results using a single feature map
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Fig.6 Detection results on the fused feature map
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Fig.7 The comparison of processes with/without attention mechanism
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Fig.9 The comparison for the different attention mechanism
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Table 5 Results of different combinations of the feature layers
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Fig.10 Single object and the visualization of heat map
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Fig.11 Multiple objects and the visualization of heat map
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Fig.12 Visualization of different training stages in redundant box
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Fig.13  Visualization of different training stages in the presence of classification errors
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Fig.14 Visualization of different training stages in the presence of imprecise positioning
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Table 6 Performance varying for the different values of N, and N,

N, SEIFHH 0.5 BT B %/ % N, SEIFHH 0.5 BT B %/ %
0.01 64.86 0.1 64.83
0.02 64.82 0.2 64.82
0.03 64.83 0.3 64.86
0.05 64.16 0.4 64.84
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