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A small polyp objects network integrating boundary attention features

LIU Guogqi'?, CHEN Zongyu'?, LIU Dong'?, CHANG Baofang', WANG lJiajia'?

(1. College of Computer and Information Engineering, Henan Normal University, Xinxiang 453007, China; 2. Henan Key Laborat-
ory of Educational Artificial Intelligence and Personalized Learning, Henan Normal University, Xinxiang 453007, China)

Abstract: Segmentation of small target lesion areas, such as polyps in colon images, is essential for the prevention and
diagnosis of colorectal cancer. However, existing methods face two main limitations: either the global context informa-
tion cannot be captured robustly or the fine-grained detail information cannot be fully mined. To address these issues,
this study proposes TFB-Net, a feature mining network for small target polyps that integrates boundary attention. The
network consists of three core modules: First, a Transformer is used to establish long-term dependencies and supple-
ment global information. Second, the feature mining module is designed to further optimize and enhance the learned fea-
tures. Finally, the boundary inversion attention module strengthens attention to the boundary semantic space, which con-
sequently improves regional discrimination. Extensive experiments were conducted on five small polyp target datasets,
and the results show that TFB-Net achieves superior segmentation performance.

Keywords: small polyp objects segmentation; Transformer; convolutional neural network; feature mining; attention

mechanism; boundary attention; semantic information; global feature
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Fro PR, SEBE AR HERG S /N H R B 3
B A ) R = P

&G AHTEAM L, T g - s
(IR B 2 2] Jy U1 A] SR B o = 1 43 HIKG . U-
Netl® V£ R > 9 i 5 — i i 25 45 4 43 M 2%, ©
BT I FH T A Py 1 2 RG340k o B S S 3R
[ UNet++7 38 5 5 A [F] R B U-Net Hl— F 51k
£ AP, 45/ AR YR B AR R
ASIENESE S N R0 = & S NS UN
BERRAE o 1 UNet3+51 i FH 42 ROBE Bk BR 3% £ Fli
B WA SR, Ao EI M RE AR B R PE S . PSS
AHZK ) ResUNet(road extraction by deep residual
U-net)!”! LA}z ResUNet++1" 25 | 5 33 AN WA g 411k
ARG, XS 2 i — 2D B R HIORE B,
FEVF 2 2 BR A EUE S5 th R RAFPERE . 2R
M, XL gl Ak =F 5 2/ LT SUE B R 5
BRI L,

AR 4 R B R SCE R YT ORGSR
W& 1 Transformer #2572 F 4k 7 %€ . Dilated-
SegNet(dilated segmentation network)!"" i 15 ¥ i Jik
GRBL Yt AT, B R HAR . MK-
DCNet(multiple kernel dilated convolution network)!'
FIH Z W G B i JR Az BF 2% ) T AR A
SR RAIE R 7R o HSNet(hybrid semantic network)™
D)4z 7 3% Transformer Jy 2 fith 4 , i i 52 HHLHI K
A4 2 PR AL R TR A B, A/ m R GRRE
[6] 2215 ; PVT(pyramid vision tranformer)!'* Ll Trans-
former N it &%, AN BRUEAT R0 i e, IS HE
EIEORAFIERINAE T o BLAb, Rk — 20 B iR R
$EHUEE /7, MIA-Net(multi-information aggregation
network)!"! F] | Transformer F1 CNNs(convolution-
al neural networks) X % 5 25 2244, 43 5l $2 L 22 )Ry
NI HRERE ; FAT-Net(feature adaptive transformers)!'®
YE RERAE B 3 N Transformer W 2%, hA 30 K
PR A OC &, B — S Transformer 3375
Transfuse(fusing transformers)!'” 4% & CNNs Fl
Transformer, 13 &4 3K 42 J5 15 B RIR K 23 [a] 4H 1y
FRAE; AR+ 2R 1 F 3CfF B, MNFE-Net
(multiscale nonlocal feature extraction network)!'* &
T Transformer #1 CNNs &} F- 17 4 i 2 25 440, $&
g EERE . DAL 4 PRSI JE DL Transformer
F1 CNNs A 2 X5 526t iy A U BT 4 b

AR T 22 A T R AR AR B, T HL A B
FRUG D EUE S PR E E M 20N . ACSNet
(adaptive context selection )" £ J&y 3 [ F SCiHEE
77 (local context attention, LCA) &, i — 2 finss

XA ZR DXl G v, b 3 R R Al 1 15 B SRR
Z 2175 FF1E, PraNet(parallel reverse attention net-
work)?% SR H [z #3271 (reverse attention, RA) 15
Pt B Ar X AT I Fe , 20 32 48 8 R XCEUE
B BAE LA /N B AR BT 55 b, RO 4 R 5
B R AT B 20 . S DL LR,
CaraNet(context axial reverse attention network)?'!
B TR St ) s v T 2 R 4R v B RN H A
S EIVERE o 120 2% A 6 e G T8 FRAE 4 I
PP BOFE & FRIEAR B S 3R U E B R AE A5 B
BTl 1) S 5 1 T L A {E R R T A A
Jyitt— L B AN B bR ar BIVERE, S0 B B
BN G Rz B KGRI, 456
TR IHLH], X e RS B A/NEAR T E 42
Jay BT SCAR BRI R B S A Y RAE

4546 0 ik A5 BURN T 22 1 AL B AR RE % A i 4
N ek A S i RS N S DA N E I s o
TS A7 AE T RS AR A [ 8T, S SO 28 4 B P g AN B
o B BRI, A SCHE RS Transformer %
Wl o 5% % 0 30 SR 2 1 O W RREAZ R B R /N B
b 43 W 2% (transformer feature boundary network,
TFB-Net), >k e #F 45 7 5 B 4 h B W /N B 45 55
&, Hp Transformer % B 4 i3 %% (Transformer
auxiliary encoder, TAE) fili #f i A B4 42 )5 1 F
5 8., R A = AU 7 R 2 ) AR AR ¢
A, URAN CNNs [ A Jm BRAE ; FEAEAZ A S (fea-
ture mining module, FMM) 4 % 2 il & IO FRRAE E 1 7
WIZUAZ I, P AR, 7 2 R R KRR 4
P 8 i 7 )1 (boundary reverse attention, BRA)
BB T 05 6T 20 % 06 T, A A0 I AS A O
AR T IS AE A RE ) . AE S AT LB RN E AR
B4R LA TFB-Net #EA7PEAl, R E A 250 25 R
FEUA BT 42 H 1Y TFB-Net &t 2 42 55 8. R /Iy B ¥R 53 #1
KR, 28 bR, AR SCHRY STEk Al 9 g an T

1) $2 H —Fh B 9 Bl & Transformer F%) 43 ] K]
ZHEESS T B A /N H AR5, #579 TFB-Net. TFB-
Net ] FH Transformer 4§ By CNNs % i #3 i7F 17 4%
TE$ZHL, Z P46 7T LLAR 58 CNNs Zif i #5 IS 78 3
J2 B A 1 4 R REAE, DT B2 i B IR/ B bR A
HiRE .

2) Rl F AR AR 42 H A H 8 A A% e W BRG%E 42, ik
B ERFEA R A AF B, DA AR SZ BT 4 B
TR AR, BF X AN [R] J2 90k A R 4R¢ iE 42 4 452
e, B AR N i 2 TS g ) 1 SS9

3) SR I 5 5 3 1 3 D R 8 R AE i
IR OC I, A RO A A DGR, 35 i FHE B
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Transformer f #] & £ T H SR 1E 5 AL FE (natur-
al language processing, NLP) 4545, HH F HF &5
B A R R AR OC R AL 5+ R B, Trans-
former C 2832 W H 78 £ A i LA b AE 55
L 5¢ Transformer (vision Transformer, ViT)?? 1 K
4 Transformer N FH F EG 0 245, ML T HER
P 2%, 3 15k v B Transformer 3R15 4 A0 & 1) 702
R 5 18 43 #] Transformer (semantic segmentation
Transformer, SETR)®*! F| i Transformer 1F 4 4 15
K A R g i o BT A B, PRI 4
Jey BT SCHRAE, ARAS B 07 1Y 3 S E0 45 21 5 B
= % 1% Transformer (data-efficient image Trans-
formers, DeiT)? 5| A & Il —24 A SR WS iE — 20 36 &
I

hi > RS SE AR AE SRR, PVTU DR 4 7 1%
25 ¥4 Transformer 15 A gt 4%, Ak > B R 115
i, M H AR B R s HE R . PVT 4335 X 4% 4k
7K Transformer A1 CNNs It f5,, A &30 il Bl 45 H g
=, PR RMERINAE ST, AT PVT, Trans-
fuse!"V 7£ PVT S Al I ¥ JiIn— 2% CNNs 4332, LIIf

e R
S @ RHEATN ®

1157 X 25 ¥ 454 CNNs #l Transformer, A %4 3k
& Jay bR SCfFE B IR 923 8] 4 1 FEAE s MGW-
Net™! R F o] LU 3 2 ROEAS B89 PVT 4l 45 Fil
SN R 2 2 ) 22 OB AR B A B AT 2 HURHIE
il i 2 2 0, F— 20 T o HIE R, T
SIS IR

T IS A B R LSRG )2 S5 Y
e, % B AE B R/ B bR 4 HE 55 4 4 7
Transformer, ANJA]F LI H— Transformer &6 %
AT WUy 3 it fi , 75 FEORE 42 7 5% Transformer
VRl B G Ay 2%, B L JRCHR 3 JZ4R-AIE 4371 AT CNNs
o [R) SR AT A AR, S R R AR AR, S
B IR S8 = Ve

2 WA

AR ElE Transformer A3 A 13 &
J1 0 RRESZE B8 B A /N H bR 2 E N 4%, B TFB-
Net, H W 24 G5 H 3 ARAEZR W E 1 rs . AL
rh ] f5 H TFB-Net P45 2549 24045 3 MZ OB
e, 4145 Transformer ffi Bl 4 5 4% . FRAEZ B R
DL S R IR . Transformer fiff Bl 4w it
ARVR AN CNNs g it 25 [ A Jm B, 57 i A B
BRR B BEREOCR, #b 2RI R ; it
FEAE 32 PR AT H AR Bk B 42, A A TR R B R
FIURE M G B AE 2B BSR40 0 R A [, 2F — 20 4
b4 Jmy il LS ()RR AIE 5 7 BE S Al L, A3 R
MR B B R X i B X SO T, AREUE 23
SR S, A RRAE M (i RRAE R T LR
P TR R — A
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Fig. 1 Overall framework of the network structure
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2.1 Transformer %4 Bh %% 73 2%

A T B2 [ 2%, Transformer i 13 2 A5
KRR R 3R 4 7 R SO B i by =R Bl
B A A AT AL AT S5 . L, AR
X &I A —A# MM Transformer 4 4 4 B 4
%% 5 CNNs 70 XL il 17 0 25 42, 1 R A AR A
B4R BT SUF BMBE . BeAh, T PVT W
A2 R E%*;&ﬂﬂiﬁ‘ﬁﬂ‘ﬂ@@ﬁ‘é, i
i % ) 45 9 7 51 AT SRR3R B 4H, BT LA TFB-
Net & H B 25 PVT X 2 ) R AE 2517 53 2 g i,
SE AR 4 )24 FHRHIE

F AR € RPOTH N =
Hr PR EGHI KN, NEREGHESEL, T
Jic. Transformer J2 fAHi5 A, 8 o X ik 28 — 4k &G B
I FH 2 e B oR B8R AL R — 4 ik A BHR T 8
X, e RV i th el C, o R B BMGR A (1) 23
()7 A5 S, 1 LT 07 1 A ] 4 B AT 2% 20 {37 &
A5 BB IR A S BT 5 X, e R, 5
B A B R R A X, € RV B A #I] Transformer
Herp, Transformer B 25+ 4N & 2 Pos o

( Transformer )2

C Transformer =

)
C FEERA )|
- ‘)5L¢!’M LI Moy
< id : N L&
T T L
\ |/ R et

2 Transformer R 454
Fig.2 Transformer module structure
1 22 B Transformer H& 38 5 A5 3 > B
v ZRHEET . ZZBAPAZER —fk, K
HE Y A ML 4 Transformer B (%
O, B TEENEP RG22 RER

AT BT A
KN SHENER It VAL iR H R S2SH P, 'Y

FH— Transformer % H X, 315815 3 K15 Bk 11
3ANTA ), EAE A A Q. B & K AIE W)
EV SRIG, X Q K HEAT s BB SOk

FEE IG5 BN, A A (B35 ok 1E 2 H A
TR A 1, XA A 1) W Softmax T PRER
KH—S 0. &5, BEDV5H—415 504
TR A5y b ) i, IEXPIAUE VR A, AEET
Hy AR R N

0=X,*Wo,K=X,xWg,V=X,=W,
OK"
SAX) = Softmax( \/d_k)V

A H: W, e R4 W € R FIW, € RO & 3 4>
SEOTEI QKL RV,

ZLHEBENEA ML AFERE, ¥ Q.
K F v e 2 h A3k b, JF 4500 30 R 4h v 4 25 1)
B[R] 23 8 LT AT 7 XA A EE TR . &
G, AP H PR AEESES N E2A
S SR X

M TAE " 0] 15 3 4 R [6) 2 WRE XRRAE
{T,i=1,2,3,4}, FH HICHE 3 ZHFFIE ST 1 x 1A
IX3IBFUERAMEAL B, JEMT 5 CNNs R HR 3 2 4F
TEAX,, i =2,3,4} 38 18 3817 3% 5 5145 2(C,,i =
1,2,3}, I, TAE % Bh CNNs Zi % 25 76 i35 3 )2
BRERE 2 R 2 B R UFE A
22 HEESIRER

TR E R T RS TAE A1 CNNs 2 i #%
FRAE T A 2 S 20 M ERE R s g fb . 32 BBk 42
Ja &, AR T FRIE 2 AL (FMM), #4715 4
PEBURHRAE{C,, i = 1,2,3)38 33 FMM #4700 4L 1%
1 B 6 R 1 bR AR R R, 32 4 R S (Rl
i, H 38 N VT EC 2 55 2 A AR RS 2% 22 18] A9 SRR AE
fa, PR R IE LA o FRIES I LR 25 A an 5] 3
I S B SN AR N E R s [T W NiE 8 s
Bt R, B ER 2,
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Fig. 3 Feature mining module structure
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BEXEAS R 2 R R 2 B 22 54, FMM
B rh o300 % & 3 Aoy DL — DA Al 4 R v E
fiE, M 2 ) B R AR R, Hoh L HE FMMI
FMM2 D) K FMM3, i — %K/ 3 x 3
BRAER S — A KN R x B B R T R it
AN, 38 B E 0 Sub-FMM., 1 T4 5 &5 26
2 JZFEE B B A A XHIR G A R AE, 72 FMM3 ik
B 11 Sub-FMM 3 5 4 VG i 4 % #5 1 fiff L) 245 8]
FRAE2 A6 o TRt ae s 3 )2 A4 4 2R KA XF
Fea e %, P, 7E FMM2 #il FEMM1 43 9% 5
2 NF1 3 A~ Sub-FMM, 45 /)N g 5 25 1A B % 6]
fIETE] B o

HI L& 09 3 )2 2R FRIEVE S FMM B
A, R FEEBITE RGNS BE, T i —
MG 4 SRy FEAE T O PR RRAE . R,
FMM1 ., FMM2 D\ } FMM3 #9%i A B AL 43 59
AR/ A 33 H KR R 2 185 BURAE,
TR AR 5 s 5 iR AR IR AT
il G454
23 BRREFENER

AT B /N B bR SR R RE 5230 BT . iR
SEIEAR— DA RO 5 e R, 2R 1 PLH A
K, R E AR R, A SO E R R TR
J1 (BRA) i, £ 834 9 i S 40 15 (5 B, =L
RIMHTRRE T . 76 RAEI R, 248 BRA B it
BT DI R MR 5 b R A B R AT, 4/
L By o i A o () 0 SCMS V) o 0 A I e R T T B
Hetn i 4 s .

L

SRR

Conv

AT BRA

B4 BRREIENER
Fig. 4 Boundary inversion attention module

SR OR R TN (153 IRSPUEZ SE - WIK S R IHEE
B T T30 R A R 188 T SR T AR SRR A R AR
1 2 b R R IR O 2 B AT DR, T A
FIERZ, MW E AL N IR Y 172, H 5 J5A
FAESRAT $2 BRI R A, 0O A R X
bl =i NIRRT s PN S IR T R 1 B
WAL R {FLi=1,2,31F 8 3 > BRA BB B g AL
RZAGE] 3 A RFAE (B, = 1,2,3)

24 HEKEY

R GIRG, AT AFPERE, 7ERR R
Krp N, FH AL ToU(intersection over union) 51 2% il
JINAL — A8 32 X J# (binary cross-entropy, BCE) f51 %k :

L= LYZU + LEVCE

ToUPT i R FEA F 3h i i 58 R E ARV
2 PRI M B 2 R o3 EUE 55 AR B E . Ak,
BRI H AR 2380 o Z 43 25 n) 8, i B A SO
K FEE T K ER  EUE 5

34 N GRIE R FRE, 7548 CNNs Z il #5 iS
#B 3 JZFHIER A5 20 2R 51 FRRE F A SR A
iR AR Y 3 )2 REAE B b R B R e, BT
T AEAE R AR 5 G(ground truth) AH [F] 43 #
RN L, mLING LR A

Lwtal = Z L(G’ .fiup) + L(Gs f)

3 LB EHERMN

3.1 HiEE

ASCHI 5 AN B AR/ B AR EESE (CVEC-300%,
CVC-ClinicDB*, Kvasir*, CVC-ColonDB*) & ET-
IS-LaribPolyPDB*) 2% % iF TFB-Net ¥ fE, H ik
mE 1R, RET X5, 785 A3 B R B
£E (CVC-3008", CVC-ClinicDBP* | Kvasir?!, CVC-
ColonDBF" F1 ETIS-LaribPolyPDB®") £ #5 J5 45 —

) IR s S I AV R W SNSRI N E R 7 €17 8
®1 ZHRBIEE

Table 1 Experimental datasets

BAGITES SR IR ARG
CVC-300* 35 — 35
CVC-ClinicDB* 121 102 19
Kvasir* 77 67 10
CVC-ColonDB* 158 — 158
ETIS-LaribPolyPDB* 116 — 116

32 SEIAT

TEFTA 2 g, A B R KNG — B
352 FR =352 8 &K o R Res2Net™ {E 2 14
s, M HAR KM 2 RERRET . A
Yl 2k TFB-Net 2% 100 4~ epoch, batch size % & A
8, ¥ A G ¥ 55 4 Ubuntu 20.04, Python 3.9 LA J%
PyTorch 1.11, 525 4 — £ H.5K NVIDIA GeForce
GTX 3090 GPU I i#k47,
3.3 iEM ISR

€ i PF TEB-Net 765 R/ B bR gl 4 F
syrEIMERE, (A S AN FIFE bR, B
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Dice H 1Bl & %% (dice similarity coefficient, Dice). 3¢
I ¥ (intersection over union, IoU), R (& (sensitiv-
ity, SE). 55k (specificity, SP) LA M #EHA R (accur-
acy, ACC). Dice &8 # HR T3 2 MEAZIH]
A RLBE , 22 I bb 38 B H >k 36 7 7 I AR AiE & A
Ground Truth Z B E &R, I 510

s Npp Fl Ny 43500 2% IE 8 2080 8 A/ B ARG
REIEH, N IR T FAR R R H LR A
NEREBRERANEL, Ny BB B R/ ERER R
R EIN T SR E AL
34 HREATR

i 8 Transformer i B 4 5 2% | R AE 42 4

o= 5 2+' %T‘LN DL e 1 ) B IR 207

TP T YRR VRN BB M 4, 23 5] 923 T Baseline+TAE,

Iy = L BaselinetFMM | Bascline+tBRA | Baseline+TAE+

Nrp + Nep + Niex . )

Nip FMM., Baseline+tTAE+BRA | BaselinetFMM+BRA6

e = SN By ik, 76 5 AN B /N B AR B S B AT

Ny S AN 2 B . LS RUSOR I S

Iee = o A B 18 5(a) #e A %, I 5(b) %77 Ground

[ o Nt Ny Truth, [&] 5(c) R SEHEM4S, K 5(d)~() KA

Nrp + Nin + Nip + Npy R 6 FharE s, K 5() 278 TFB-Net,
x2 HEHARER
Table 2 Ablation study results %
- CVC-300* CVC-ClinicDB* Kvasir* CVC-ColonDB* ETIS-LaribPolyPDB*

Dice IoU Dice IoU Dice IoU Dice IoU Dice IoU
Baseline 81.50 72.35 77.72 68.93 78.77 70.03 71.16 61.34 68.08 58.12
Baseline+TAE 86.15 77.70 83.56 75.22 84.06 75.84 74.30 65.62 72.96 63.77
Baseline+tFMM 86.42 7841 83.44 75.89 83.67 76.01 74.81 66.25 72.60 64.10
Baseline+tBRA 8539 7743 80.15 72.84 81.08 73.82  74.96 66.56 71.65 63.20
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Fig. 5 Segmentation effect of ablation study
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Table 3 Comparative experimental results %

HAELE #6PF U-Net UNet++ UNet3+ Transfuse PVT FAT-Net MNFE-Net ACSNet PraNet CaraNet TFB-Net
Dice 53.46 7093 7251 8458 7559 79.82 85.04 84.74 86.72 84.62  88.80

IoU 4497 6223 6341 7557 6513 70.22 77.75 78.05 77.89 7487  81.16

CVC-300% ACC 9881 99.17 9926 9939 98.98 99.38 99.31 99.44 9944 9935  99.56
SE 47.67 7298 6878 9637 8558 80.41 97.07 93.46 97.57 97.83  96.81

SP 99.93 99.65 99.86 99.44 9927 99.72 99.36 99.59 9947 9936  99.62

Dice 61.35 6537 64.67 6894 7243 64.80 75.83 7255 7523 77.69  87.15

IoU 5659 59.62 5866 61.62 63.42 5830 67.20 66.21 6752 6842  79.52

Clinic-DB* ACC 9921 9924 99.19  98.88 98.98 99.19 98.86 99.34 9923 9923  99.53
SE 59.40 63.01 63.18 7451 7937 62.57 87.51 77.15 8048 87.80  93.86

SP 99.92 9985 99.81 9932 9934 99.81 99.13 99.73  99.63 99.41  99.66
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IoU 5554 5499 5672 7197 63.09 52.74 73.52 7547 7141 6947  79.58

Kvasir* ACC 9897 98.66 99.05 99.17 9898 99.01 99.25 99.36  99.20 99.25  99.52
SE 56.42 6035 5843  80.89 7839 54.87 80.04 80.39 81.57 8823  93.29

SP 99.74 9943 9975  99.51 99.36 99.77 99.58 99.70  99.54 99.43  99.65

Dice 28.19 3499 31.86 66.88 60.06 46.30 73.01 6726 71.08 7651  78.72

IoU 2323 29.89 2678 57.86 5033 39.87 63.11 59.55 6146 66.12  70.06
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SE 2477 33.63 2886 72.63 6571 4381 84.61 68.81 7548 84.77  82.99
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SE 2579 3584 2649 7451 5941 26.74 81.00 68.13 7225 8438  82.66

SP 99.93 99.80 99.92  99.06 99.11 99.90 98.68 99.71  99.52  99.43  99.60
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Fig. 6 Comparison experiment visual segmentation effect
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Table 4 Statistics of size, complexity and inference speed of different advanced models

2N U-Net UNet++ UNet3+ Transfuse PVT FAT-Net MNFE-Net ACSNet PraNet CaraNet TFB-Net
Params/10°  31.04 47.18 26.97 26.17 25.11 29.62 58.16 29.45 30.50 44.59 69.78
FLOPs/10° 103.49 377.45 377.64 8.65 10.02 42.80 9.42 21.75 13.15 21.75 31.55
FPS/(/s) 99.72 38.38 29.13 169.56  71.73  176.36 104.93 74.77 116.81 80.26 64.20
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