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Abstract: Objective Colorectal cancer remains a formidable global health challenge, underscoring the pressing need for
early detection strategies to improve treatment outcomes. Among these strategies, colonoscopy stands out as a primary diag-
nostic tool, relying on the visual acumen of medical professionals to identify potentially cancerous abnormalities, such as
polyps, within the colon and rectum. However, the effectiveness of colonoscopy is heavily contingent upon the skill and

experience of the operator, leading to variability and limitations in detection rates across different practitioners and set-
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tings. In response to these challenges, the integration of artificial intelligence and computer vision techniques has garnered
increasing attention as a means to augment the accuracy and efficiency of colorectal cancer screening. Various algorithms
have been developed to automatically segment colorectal images, with the overarching goal of precisely delineating polyps
from the surrounding tissue. Despite advancements in this domain, many existing models confront inherent inefficiencies
and limited effectiveness stemming from their intricate architectures and dependence on manual feature engineering.
Method This study proposes a novel end-to-end boundary self-knowledge distillation (BA-KD) framework, which aims to
achieve precise polyp segmentation. In contrast to conventional methods, BA-KD seamlessly integrates boundary and polyp
segmentation networks into a unified framework , facilitating effective knowledge transfer between the two domains. BA-KD
represents a pioneering contribution in this field, aiming to harness the synergistic benefits of both boundary and polyp
information for increased segmentation accuracy. The BA-KD framework comprises two interconnected branches: a bound-
ary segmentation network serving as the teacher branch and a polyp segmentation network acting as the student branch. The
inherent challenges associated with delineating polyp boundaries are addressed by introducing a boundary detection opera-
tor to automatically generate boundary masks, which are subsequently leveraged when training both branches. This
approach not only enhances the segmentation performance of the student branch but also enriches the knowledge base of the
teacher branch, thereby fostering mutual learning and refinement. A key distinguishing feature of BA-KD is the shared
image feature extractors between the student and teacher branches, facilitating robust knowledge transfer across both
domains. Two innovative structures, namely, reverse multilevel feature fusion (RMLF) and reverse feature fusion
(RFM) , are proposed to facilitate the effective fusion of feature information at various hierarchical levels. RMLF enables
the integration of high-level features to generate a comprehensive global feature map, whereas RFM synergistically com-
bines reverse shallow features with high-level features aggregated via RMLF to produce the final segmentation mask. Result
A comprehensive experimental validation of the BA-KD results is conducted against seven state-of-the-art methods across
four different datasets: CVC-ClinicDB, CVC-ColonDB, Kvasir, and HAM10000. The comparative models include U-Net,
Double-UNet, UNet++, TransFuse, PraNet, DuAT, RaBit, GroupSeg, and G-CASCADE. These models serve as bench-
marks in the polyp segmentation and general medical image segmentation domains. The results on CVC-ClinicDB show that
BA-KD demonstrates exceptional performance in terms of mSpe and mDSC, with values of 0. 997 and 0. 955 5, respec-
tively. BA-KD outperforms all the competitors in terms of mDSC and mloU, with improvements of 0. 45% and 0. 68%,
respectively, over RaBit. For the CVC-ColonDB dataset, BA-KD outperforms all the other methods across all the evalua-
tion metrics, achieving improvements of 2. 20% in the mloU and 1. 51% in the mDSC compared with the optimal perfor-
mance achieved by TransFuse. For the Kvasir dataset, BA-KD achieves an mloU of 0. 889 and an mDSC of 0. 937, sur-
passing the best-performing RaBit by approximately 1. 08% and 1. 14%, respectively. Furthermore, the generalization
ability of BA-KD is evaluated on other medical segmentation tasks via the HAM 10000 dataset, which includes dermoscopic
images from different populations. Compared with existing medical segmentation baselines, BA-KD excels in all metrics on
HAM10000, achieving significant scores in mDSC (0.956 2) and mloU (0.922 3) , surpassing the best-performing
Double UNet by 1.45% and 2. 25%, respectively. Conclusion The experimental results clearly demonstrate that BA-KD
outperforms existing state-of-the-art segmentation methods, with substantial improvements in the Dice similarity coefficient
(DSC)and mean intersection over union metrics (mloU ).
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Fig. 1 Challenges and limitations of polyp segmentation tasks

((a) different sizes; (b) irregular shape; (c¢) fuzzy boundaries)

H A1 1R 28 1 AE 22 (boundary self-knowledge distilla-
tion, BA-KD) , 5 1E LB B A A #E 3 #] . BA-KD
B 1 F 03 N 28 RN 73 B 28 4 5 B — N — 1Y
P ZETRAE SR b, 38 a7 4> 0 268 22 TR AT 2801 TR
MR EIGRVERE . K245t T BA-KD 40 3R
T2, BA-KD £ 7 — >4 1 T30 SR U 43 %1 0 245 1
BN 32, VA Re—A> B A 3 B R 2541 g 2 A2 3 52
T DR B PR ) R A SO (R, ST I A
ARG N 4% (Lin 55, 2023) , 1 21 546 D 448 7
(Kanopoulos %5 , 1988) #& it [ sl A= i il , 75 201 &
M, 5 — M FR 2818 7 1k (Park 55,2019 Peng
2, 2019) AN [a] , AR AN G 4 53 32 AL,
PR 2 AR RS U 2R 800 43 32

HHQ) v Ik
— SUBSE e o ET AU —>—

N : =
- HHQ) HHQ) fuk Sl
; HE | RO sy B

| S T ey -

HHI(1)

K12 BA-KD iy Bl 2
Fig. 2 BA-KD processing procedure

WE A, AT 3 e e w2 o A RO B PR A A
RS, — 2D s S o SCZ ARG . T
B RO RS AN R RUBE AR R 2 T e 22
RAFHE G 45 (reverse multi-level fusion, RMLF) Fll
J2 ) 45 AIF Bl & 45 #4 (reverse fusion module, RFM) ,
RMLF FI T4 & = GORFAE AR B A 1T B R SOfs B .
N T AERE G R R PR RE O B OCHESS B OOR 2R AN
WL T R R, E RS mRAHIE RS
PATHUREAE , LA R OS5 B2 M A 5 2 2
& RSB (5 S5 G R PR R AT R
B IX BT Y T2 E A (R A B R 22 b B 1]
8, IF A= LR Y 42 Jay b IRV R 5 S 20 BRI 46
TE L EE Al 1, REM ] T Rl 5 S 1] 8 J2 4 A A1l 2o
RMLEF 5515 2] 1Y fm PURIE , LAAE 153 ##E AT Sy
RALER,

591



592

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 2,Feb. 2025

ARSCTTRRMERE AN - D3 — AT B A 4
31 A AR ZE I AE 22 BA-KD . BA-KD ¥ — i
T3 F 28—~ PR 53 1 X 248 4R A — iR 28
PRAREZE b 3 e e S R I 4 B S B 250 i A 2 A
26 2 TE) 1A 0L ) PRV S | 3 — LA 4 45 7 4 3 5 1)
LK RENEHH BB PR AR DT AR 2L Ao R B 4
75 T BUS A RUR . 2) 42 HY RMLF A1 RFM, j% 26
SER T A A GURRE , LARIBUCE 4 fi i R S
S, DT I B 250 W 9% 220l 37 (€1 1% . 3) BA-KD 7E
3448 M 8, RV ECH S5 0 AN e kB PR s A kA7
T RS, SR L R BA-KD 7245 1 B A 4
155 R kg 2 B 55 TR A0 5 L Y T SE i iR R
TAFAPERE , 303IF T BA-KD EA RSB A AT 4 1k

1 HBXIE

1.1 BRSE

U-Net 245 272 T T R A 20 1 i i 25 Fhik
Tk 2 5 X 45 4 BE (Zhang 55 , 20205 Zhao 45, 2021 ;
Kim &5 ,2021; Du % ,2022) . MSNet(Zhao 55 ,2021)
i 3 7 U-Net 454598012 BT 46 7 B IR sz B SR
Z R 22 545 B 458 0T I 2k 1Y LossNet 42 T i
B AR S A L B R R PR B AL
ZALIASE A (2023) 4 ) — Bl & Transformer F1E5 4%
FA A BRTE R 89 45 i B A B8 03 1 07 1% (Trans-
former and cross-level phase awareness fusion, TCPA-
Net) , 5e ik YA G I B2 [ I A4 sy bR SCfF
BEMAR . sl o2 g 2 ROE AR BRlG Fil
G, e TE T A5 B R 2 BIRGEE . UACA-
Net (Kim 55,2021 )it i 7% U-Net 1 5] A ALK Y
AN A R Y R SO A (uncertainty aug-
mented context attention, UACA ) , F T 3¢ 1 4b AN #f
FEE DX, 18 5 o ) R 22 AR I B 7 SR T A B
BRI HERR T . BRI 2555 (2022) 481 T
XUHE G —fiff i 2R G 5 b 0 2% A e B AR
P, 5 15T 10 00 465 A it o ot v F) R A R (AR B O
LEa SR 7N e O i = 7 DN S [T BB = R = WA
¥y A A oy B 2, 380k T/ B ARG A 2
I EIWERG R . FET Transformer 4244 (1) 45 i B IR 43
WIS R 2 B T, gE— B H R T 5
Z P o DuAT (dual-aggregation Transformer net-
work ) (Tang 55,2022 )i i3 5 | A 42 )5 ) Ryl (1) 2 1] 2R

4 (global-to-local spatial aggregation, GLSA) il % $&
P11 B 4 (selective boundary aggregation, SBA ) £
Yo, i T 4% 48 Transformer 78 2 27 G 435 Hh X 56
B Je S 2001 )5t U 1) A, I HC A Ak S NP A4 o3
RO P 1A 20 5 55 AT PR 99375 56, DuAT R LY
TEHERE .

FCB-Former (Sanderson 11 Matuszewski, 2022) Il
3643 I H Transformer 75 3= 43 3¢ H & HU73 1) i 2R
TR LA, [a] s 3 2ok 8y B 1) 4 45 AR 00 SR A AR 52
R RS F0 T T ) Jey BRAE , e 285 WA 23 SRR
fESR s 1 X4 B P A F iR v . TS R T
VE FZ {4 T U-Net 8% Transformer 2244 , 4546 T
WA B BRE e N 2 U Bk 22 Ml Y 5 15, B TEdR
THETIVERE . SR, 5 AR A MR BRI He 22 R % 22
G s B B TR R P 2 2R ME B B
WG TR R S A . AT, I T RE-S BUR Y B
B oy i P /N Al M R L DA T 52 i Tz AL fE
J1o FeR e TEAL BES i BRI, i T AL A
LML, LA SAFAEA R AR KNS S B HU A
R0 5 2 301 507 TR AE PR AR
L2 FIRZEE

R ZEAR 2 — A eI Zrad B e R RSB
1) 52 23 28000 I 4 A 3k 38 TR B ) 2 2 0 2% 1 5
o RN ZE TR Y L B, 2 A I 2% m] DLIBCEC 2800l
P 265, DA T 7 55 B 375 5 v 8 31 B A G A S R RICR
(Chung % ,2020; Park 5 ,2019) . —Ffr# FH #9450
PN ZLTE 100 208 14 3ok 30) 27 1= I 26 1) 5 v 2 1l T b 2%
oy B AU (Hinton 45, 2015) o BObR 2540 S %
GyATAF R, M R A A 2 2R 2 T i T
FHE D, DTS AR Y R 4 FPERE S T

I TR ZE 1 VR S R 2R 8 1 — A R 3 5,
O AE TR A [ 2H A ) AR A 4% 22 S 3
TEX — i A rp AR B —ER Iy S U A €, T 5
— BRI WA R 2 AR AT 2 2T Tl N R AL 18] B4 AH
HAg o] SEBURRRL AR RE AY 42 T (Caron 55,2021 .
LA, A HRZERIB ORISR T iz ke, oMz
ABTE T A A 00 246 I I RS TS I R ) 0 Y
%, SHEGRZER T A, B RRZE R A
il o0 268 30 i 5 2 A 0 28 28 R A [) , O 5 i T Bl i
fR 27 A T 28 B8 Sl (E AT S BT . X — BB IR
W SRy 2 A I SR A AL T A, PR RE SR T B Oy
RIS IE . T A IR R S AR SR P



$30% /FE 28 /2025 £2 A

HFEE, WEB, sk, KEE
HEMRBMIRABNEMEERNEGY R E

FE T I F A RR Z R R 4, IR RTS8 s R A g
FIEST , LMLt BIRCR .

2 F &

BA-KD HHEARHEZL AN 1] 3 f 7w , e 46 — A4~
FOM 53 SR — A 2203, FOM Ay 3R — R
I 2%, H R AE 42 G 5 2% L Sobel 341 54 B
(Kanopoulos % , 1988 ) Fll %t 45 FRAH il . 2742 73 X
SN BRI | R — AN REAE G AT 5 R
1] RMLF F1—41 REM 41 i o 3X P> 4 3 M= ] —
MR VI E R QT a1 e <3 5 s ol 1 L =

EZl o

A
1

LEPNEI

HHR
8

H O S B DA TR R A B (2) R, 24 00 3
AL AR FE P R BT (1) R o PS4 S 3E F AR TR
() A 201 T MG RR IR SR R, I B2 S8, LIS
IR AR RS o BT 20 2 ) R g ph 340 A T B
- Sobel Fl1%30 B AL A%, & 7 FHREGL A B L B8
% 1 0 RSSO R AIE 18T 5 2 A= 53 S 1) il i e DU SR
7 RMLF F1—2H REM, {5 75 A5 5 b 53 50 45 s e A6 £
UG A

PO A2 A B SR T 28 B I 2 SR (Qu 5
2022) , X AF AR BN RE K 1 AE BAL B 44
PLFE 5 5 A A 43 0 [R) A2 A A 3 e e 5 ) g )
ARG L2 B FIRAE 3 45 B0

HEHR(1)

<
RMLF

oS

fi S;
(b) SRR 25 ) (RFM)

RMLF 8y
ﬂt .
ﬂt """""""""" @ TTT
Lo

(a) BA-KDZ5H

RMLE : R 2 A ERELEN  f, TR
[O0 - RS HEmL A 440 S, : MG R

<-- HEELE <« FERE < ARITE R

e + sigmoid ¥07E I HHUR
& = 3w B E AR

(c) R ZAFHIERR S 451 (RMLF)

@ sigmoid¥iEEH I BB
© BT E P : Sobel &
<—: TR

%3 BA-KDRERIZEHY
Fig. 3 Structure of BA-KD model ( (a)BA-KD; (b)RFM; (¢ )RMLF)

2.1 HHERENZmADEE

BA-KD 3£ F Il 25 1) Res2Net50( Gao %5, 2021)
VE R B T gt 2 0 28 1 2, ol FH 19 44 AN TR ik 22
HORBEUEMGARIE L, i =1, 2, 3, 4], X EEH )0
7 T4 Bl 553 B 55 R0 2200 2 R 4 BT 55
XFF 5y E), DL GORRAE f, IR GRRAE £ 48 S i
A R IBGH S B IR AR T B 5 R0 o6
5 R . TSN B REG i FE R,
i JH Sobel 35 7E7KF-J5 0] G, FlTE B J7 ) G, 1 H2HX

BFER, IR R . X B, B 54
N RFAE £, o F0f B A RMLF 2544 HEA T R AE 2R
o A B A R RE 1A AR 5 S8 BRI B0 46 5 5 X
S, X — AP R B TR E VL PR X, R RN Ty
BRGS0 R M A IR PR 23 Y
ORI, SIA T — AR REM B, T TRl
DX IR R 22 ]RSO A RFIE Z [ AU SC R o a1 i 28
REM A, S T XS Ak 22 Jey A 22 T8] A A AL
Rl A A R B A0 B 4 b R A R4 4R, A DX B 1Y

593



594

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 2,Feb. 2025

JRi T L ARFRAE
2.2 HUhHZAERDS

HOM Ay ST — A B DR S A
BREMGR R EI k. B e i 45 2% Res2Net
BEURGEREL, 1= 1, 2, 3, 41, SREBHRURAE S,
FT AFAE £, 53 51 2% A Sobel #2 1, i 1 Sobel 31
KT 1) G, R L ) G, B E 5 R i A AR
b, SR B 5 3 R S RREAS 1B, A S8 bR
SR TER R I e AN 3 x 338
] 5 4 B BGH FHRRAE , I B2  1. Sobel 4

TR DT
12 1 -1 0 1
sz{o 0 0|, K =|-2 0 2] (1)
-1 -2 -1 -1 0 1

2 K FIK 535014 Sobel 2 AR E 7K S [l Al 15
m R 3 x 3B S E . X AR B
FHIX AR & B U, 3 5l 3RAR 7K1 ) 1) 46 2 &1
M R BT [ R R M o B2 AR B 1 A
HEAT 1 x 1R/ A FRARATE , LURR £ 8 18 %5 — 2L
PEo i B X P B P e i i 2 3 R A T B O
T A RIS B 2 AR R I ASERL Y i S 2 3
b TAT LS 00 BT A M LA RO BR TR
RIS SE 1S B W ik SIRA e R

FOIM 43 32 B9 5 2K PR EUR Dice Loss, X — i1 2K PR
R 3 A S AR SN ) I 55 5 S s A 118 AR B
fe 2l Zr, TR B AR 28 L) e/ Mk
Dice Loss, A B T 52 S HAF (9 th AT . HO T8
Tikh

21 XNY

Dice = X0 |><100% (2)
| X[ +]Y|

S XY 48517 B A AL 5

AT

2.3 FEHZEEE

A SR A B B f— A5 0
A% 3% A1 G 5 2% Res2Net . RMLF A3, LA Nz — &
SIESE R REM AR . i A G 8 Se 4ot 4 i 25 a0t
TPRRE S, 15 B RURASIE (f,i=1,2,3,4 . &,
VB GRAE £, L f, VA S, B A RMLF 25 84 547 FRAE 2R
G R RREE . R TR RRAE £, X T 4 R
DRI Bl T s s ) BER R 2 K m A, B
I TR 2 WS IR f,

B , 4 R RRAE 1) 18 5 REM &3 55 XA AE £, |

SRR B REM A h AR 2xii i bR AR AR
PIDEE DCIURA AR A9 /0N o i gk DXl 4 Jmy R ik 22 1]
AIRFSERD & , A2 03 S o B M NS A I RN AT A
PEFUASFLITE AR, DT S SRS 0 04 5L PR 23 1

524 4y 3[R Bl T = 96 28 SCJ (binary cross
entropy , BCE) 51 2k 152 If: [t (intersection over union,
ToU)2K o R B LT

L =Ly + Ly, (3)

2.3.1  Jln ZHREEH

J 1) 22 24 il G RMLF ASE5R AR50 178 5 70 ik A o
FY SR L HEAT T (Wa 55,2019) o B DL 2
FHES S FLAEREA GBS PD = pd (£, £, f) B3
B LLAEIRA R S, Bl 6 S TR L 6]
BR 2 R IEZ A AR R . B Bk e AT 1
SR AR RS 88 pd (S, , fo, fOIT IR E A
X — Bt By TR AR LR B 4 R R ik A [R] AN 25 2%
AT D 7 SR b PR 5
2.3.2  Jelulfla A

2R RHIE IR S ok F TR A B 22 1 2% (convolu-
tional neural network , CNN) {5 182 , (HIZFFAE K1
RERLB A T 5L R 6 B X DA% 28 B P A TR S
h T SEBUA ELA RRSHES> S R T A gk Rl S
4 Jy  DXIRANTE S AN R SR . o, T 3 HR
7 2 FE 19 REM AR B, e REM 2549 Y i 1T — 1>
RMLF B TAMERLS o 2B 3 ML 73
Sl 2 b2 8 0 0 45 5 (W AR IR 2R F RMLF i i 9
SAERAEFAE L) JRRHE {f,i=4.3,21, LR
] V3 ) s Bt 2R (s 1) T 7 0 RE A% A A Ry
PRRRAE 82 R B0 A T 00 5L IR X8, DT P42 408
FerbsEAA Y XI5 R ) o AR L N R Y
RMLF 4 A FFAE#E4T 2 — 25 (Rl , fcJm il ad |
RAEERAEAE W FIHERR . Bl A RRIE (S B i
G BT BB AT R 1 — SRR 67 () T 45 2

3 % I

3.1 SKIGHESE

VA B R AR BA-KD 78 45 i B A 4 E04E 55
SR R M BEEE T 4 A TR AR IR R 4R
4% 5 & CVC-ClinicDB (Bernal 4§ , 2015) . CVC-
ColonDB (Tajbakhsh &5 2016) .Kvasir(Jha 2,2020a)
L K HAM10000 ( Tschandl % ,2018) . Hie, /i 34



$30% /FE 28 /2025 £2 A

HFEE, WEB, sk, KEE
HEMFRBMARBNERREERNEGY R E

BHREE N B RS B SRR AR, DL IE AT R AR S
PR BT 55 R G RE B e — SR 4 2 B iR 1A
B BB A B TE VAR IR 03z AL RE ) FAT 4T
P BB AE R4 h 80% I T4, 10% F Tk,
DI R 10% T . 38 145 7 St v (i 1y 44
s R AT (5 8, B BRI ECE 2R KR
Bk KU B

®1 HEERITER

Table 1 Statistic information of the datasets

/g
AR S SEES 6= lIE7 = ST v S ATl S
CVC-ClinicDB 612 490 61 61
CVC-ColonDB 380 304 38 38
Kvasir 1000 800 100 100
HAM10000 10015 8012 1001 1002

3.2 XWHERSHIZE

A SCAd FH PyTorch £F 4 Ji v HE B2 S T Fr 2
R BT A S5 56 24 78 5 2 NVIDIA GeForce RTX
3090 GPU st s E5E . LBl T Adam fEALER I
SRBRL, BOE WG~ > 5% 0 0. 000 1, 4 50 fE UEAT
—IRO. 1A R FIRIUT S 352 X
35218 % MR RN 16, HO 43 SR 24 5y 3 1
Zoad 1 eI [l i SR, 220 20 SCRY SR & )
O 73 ST BB . BRI R 481 5 100 4>
epocho 7R SO BEAN B AL UEAT S R L5, i ki
FIE LIS e AR
3.3 iFEMiERR

PR TR AR R B2 2 R O3 B U A B B A
HE , 6345 Dice FHRIPE R L (Dice similarity coefficient,
DSC) . F 3 22 I k. (mean intersection over union,
mloU) | B (sensitivity, Sen) FIFF 54 (specific-
ity, Spe) .
3.4 ARAEEMERLE

XA SO R 55 11 Pt Se 7 VA AT LURR , A0 4
U-Net (Ronneberger %5 , 2015) . Double-UNet (Jha 4 ,
2020b) . UNet++ (Zhou %, 2018) . TransFuse (Zhang
& 2021) ., GroupSeg(Zhang &£ 2023) .Dual encoded-
decoded architecture (DualE-D) (% K ¥ f1 H 5 55,
2022) .G-CASCADE (Rahman F1 Marculescu, 2024 ) .
Polyp2Former (Huang ZE 0 2023) . RaBit (Thuan %% ,

2023) . PraNet(Fan 4§ ,2020) F DuAT(Tang 45,2022) .
XSGR E I B A E I R AR . B
RER IR 2—FK 4,

# 2 78 T BA-KD fE CVC-ClinicDB % 4} 4 (9
R B, JEHJEAE Spe J7 HITAE] T 0. 997, DSC A
0.955 5. BA-KD 7£ DSC Hl mloU Jy T ¥ F i 45 X
FEAR Y A7 EE Polyp2Former £ 75 T 0. 3% F10. 7%,

%2 CVC-ClinicDB $#E& F AR E X ER
Table 2 Results of different algorithms on
the CVC-ClinicDB dataset

Iridk DSC mloU mSen mSpe
U-Net 0.904 0.842 0935  0.975
Double-UNet 0.880 0..801 0.946  0.986
UNet++ 0.916 0.858 0.944  0.991
TransFuse 0.942 0.897 - -
DuAT 0.934 0.879 0.974  0.992
PraNet 0.899 0.849 0.936  0.979
GroupSeg 0.938 0.890 - -
DualE-D 0.942 0.894 - -
G-CASCADE 0.947 0.902 - -

Polyp2Former 0953 0910 - -
A 0.956 0.917 0.951 0.997
T AR R R S I ARSI, =" RS2 SCl R AR 1 .
i 1 2 3 1T AULER £ BA-KD 7F CVC-ColonDB 4
AR LT A VPAG R bR A AR, 5 R s
xR3 HBEELAREENER

Table 3 Results of different algorithms on
the CVC-ColonDB dataset

i DSC mloU mSen mSpe
U-Net 0.748 0..680 0.795 0.942
Double-UNet 0.746 0.657 0.837 0.957
UNet++ 0.780 0.711 0.810 0.944
TransFuse 0.917 0.856 0.900 0.996
DuAT 0.850 0.759 0.940 0.988
PraNet 0.709 0.640 0.819 0.869
GroupSeg 0.831 0.747 - -
G-CASCADE 0.826 0.746 - -
RaBit 0.824 0.749 - -
AL 0.931 0.875 0.956 0.997

TE LR RR S A LS5 R =" FRoR S % SRR AR Hh
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f) TransFuse i [ , mIoU HI DSC #2 & 2.20% Fil
1.51%.

M Apa] LA, X T Kvasir 208 £E , BA-KD
SEPLT 0. 889 fiY mIoU A1 0. 937 (1) DSC, 7684 5 |- 44
i T HefFE ) RaBit(Thuan 25 ,2023) 2 1. 08%

AN TR] [ £ 55 70 fg 43 ) ok Lo 25 SR & 4 B i
By E G R T Ak an &l 5 B R

&l 42 34> 5 R B SR AEAS [RI B AL /9 43 51 45
Fo ATLLR IR BRI/ B TR AE 7R 22
S AR SO R AR BE AR B b E A TR B R 4 . [RIARE,
BI85 PR A 00 €, 5 ] ] 4 2R T e A A B A
2% AL RE 1 2 2T B I RRIE R T ALK 4

FEES O T B AN [A] 4 B 7 R A RE
S EL P SR GISN NS E AR S a =gi 1
JER T A T A R L 2H 4 2 T AL RRASR 15 D
R 22 BRI AL SR 50T R LA S 2 — 4 ¥ Bl 1) 3
Fo SR, A SCEANTE 73 H S R AS B TR B 4
AR T A 7 | RE 8% S JI0oHsG ot b A7l 412 R 57 5 i A8

(b) PRz

(c) U-Net

F4 KvasirBiEELRAREENER
Table 4 Results of different algorithms on

the Kvasir dataset

7k DSC mloU mSen mSpe

U-Net 0.777 0.681 0.825 0.949
Double-UNet 0.843 0.760 0.872 0.977

UNet++ 0.851 0.769 0.875 0.978
TransFuse 0.920 0.870 - -
DuAT 0.924 0.876 - -
PraNet 0.898 0.840 0.915 0.948
GroupSeg 0.928 0.879 - -

G-CASCADE 0.927 0.880 - -
RaBit 0.927 0.879 - -
AL 0.937 0.890 0.947 0.989

(d) UNet++ (e) Double-UNet

T L PR R  B R R A 2R =" BN S5 SURAR R

DB S o a7 3 A BE 4R L A B BIE , A
SCHE A BA-KD JEBLH T B APEREIL S

(f) PraNet (g) TransFuse (h) DuAT (i) A

K4 orEEs R AL
Fig. 4 Visualization of segmentation results

((a) inputs; (b) ground truths; (c¢) U-Net; (d) UNet++; (e) Double-UNet; (f) PraNet; (g) TransFuse; (h) DuAT; (i) ours)

BA-KD 3 i 25 Ui S b FBOKS 8 ) i1 4 5L, i
Az S DU TR R XA T AR R . AR SCR
032 BB SRR S B % Z IR A RUE. 3 5 2
W X — M A 2 i) S B AL B 5 | S22
St SECATS T M 800 JEL DA A0 [ s A S 10 i S e ok
AR R T S Xk S DAY A0 B AR Y E 67 o 0 e i AT

29 542 AL, BA-KD B8 7 & IR PEAL F b -
P B E RE B0 T 2R 1 A LA R 4
FETE 55 P A SR
3.5 HRhICIE

T B IEAR SO A e E P B 4E
FL# T BA-KD S H 3 Fh AR (A X 25 R WL 5, #*
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(a) U-Net

(b) UNet++ (¢) Double-UNet
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(d) PraNet
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(e) TransFuse

K5 5 RIaaR ik
Fig.5 Visualization of boundary segmentation results

((a) U-Net; (b) UNet++; (c) Double-UNet; (d) PraNet; (e) TransFuse; (f) DuAT; (g) ours)

o ST ARG S, T RN EUN 4 3, CT(1) 73R
7[R A BT 80 AN~ 2 S AR, “T(2) " 3R/ AE
SBT3 SR 2 i ST A 0 SCRIAN R . S
LERRW A AR ZRR DT i R T A
TIRIRCR o LA, IS 20 S AP RS ) BRI SR st X
PEREF= A5 . R S Il 252 2 73 ST AR
5 T SO o SR AR SR I, Al AR AR e A
g

&5 CVC-ColonDB ##E& FHYH R
Table S Ablation experiments on
the CVC-ColonDB dataset

i DSC mloU mSen mSpe

Backbone+RMLF 0.885 0.812 0.975 0.991
Backbone+S 0.917 0.864 0.945 0.993
Backbone+S+T(1) 0.921 0.862 0.936 0.996
Backbone+S+T(2) 0.931 0.875 0.956 0.997

E L P SRR 5 8 R AL 45

T B EE A A [ R G O SRR 43
BRI B8R 6 Grad-CAM (Selvaraju 55
2017) %4 A AL HER T T LS8 o3BT o ELASR 1, A S
Ve B 5 IE® A SV EE, IF R Grad-CAM
AR EE AR, 6 EAS 7R X 8 PA) R R G DX 8k 1) S
o N6 AT LU H, B RUAS {2 A= 45 S ff b
Fr it VER AR e S A SOE H A S X, T TR P
ZIEZ AR X 5. 5 Z I8 BB X 2 Y
i FH 24 A 43 S i 2 e 4580 s et B IR i 1 B
PR OCTE . X I ZE RIS, T LA AR
SCHRE 5 AR R A B B A 1) 301 A RO

T Al S 6 0 T AR G P 7 TR ANl 2R
43 S N SRR AR A AR X Lo e 2 R AL A 9 LA
NPT E . SR, S 22 A= RN P A 43 3 25
FERUET IR GEAEAE i 2 AL A -
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Fig. 6 Feature visualization heat map ((a) inputs; (b) ground

truths; (¢) without students branch; (d) with students branch)

(a) N

(b) bR&E
7 HRRSCR AT S

Fig. 7 Visual result of ablation study ((a) input;

(o) ANMHTRZRIR  (d) o HHZRIR

(b) ground truth; (¢) without distillation; (d) with distillation )

F1%) ErgizAbRe . FK6LhH T AR R A S B4
BT o I L LR (X L 25 5 . T DL AR SR
AUTE HAM10000 | (1 B fa bR &R R B 8 . eéh,
BA-KD 7£F 3] DSCAE (0. 956 2) Al mloU (0. 922 3) I+
PR T W E 1Sy, 5 R AL 19 DSCAU-Net AH Eb 53
LB T 1. 45% F12. 25%.

4 &

AHIEFE R 2B H AR A AR UE— b A 121 5
IR ZE TR AL, DA e 45 i B PR R {5 0 8 v i 1
IR o i 25 6 10 500 1 R 265 FLRL P 20 3 R 45
S T A 2 0 A R T SR R RO AR BRI

&6 HAM10000 HiESE ERREZNER
Table 6 Results of different algorithms on

the HAM10000 dataset

Tk DSC mloU mSen mSpe
U-Net 0.918 0.866 0.954 0.957
pspnet 0.943 0.902 0.955 0.975
Double-UNet 0.942 0.902 0.959 0.973
UNet++ 0.941 0.899 0.955 0.975
EGEunet 0.863 0.778 0.909 0.944
TransFuse 0.939 0.896 0.960 0.972
DCSAUnet 0.933 0.887 0.949 0.972
AL 0.956 0.922 0.961 8 0.985

T MO TR 7R 2% 9 e AL 45

() Z2 WP RN FUROR () &, 38 3k NI ZE 18, BA-KD
FIFH T X 25 1 101 o B S5 5 29 R A 46 1) 8,
R Ao BEAh AR SCHR 0 R 1) il A S
(RFM) (898 4 A5 42 Jy Al ey S R AiE | 1E— 25 4R T A5 780
PECR A FEIERIRE T o AE 4 DA TFEURAE S0
ZER R, BA-KD 7£ DSC Al mloU #8645 FHHUS T
ETE . 5IA WS AR, BA-KD 76T A 1T
fliFebr_ LRI T = A MERE , £ DSC Al mloU F8 45 -
I3 HERTET 0. 45% F10. 68%.

JL4E BA-KD RIS & (BB E— 2N .
TR ZE 1 A R v T AR AN R IR A AL I
RITTER R o A 0T — S i i 42 B RTE A
R SR BT A i — 232 TR 23 [a] . 3k 2]
AT AR R T Y B REAE R BB B A A PR i 52 = FEAIE B
M RIBRPE o AR AR SR J5 a1 48 « PL AN st ],
GEHIN S R FIARZE R A ms , At/ I it ] 5 4
ARYRHLGE 7, i — 20 MO S ) Rl B, DA AR
UM o 2 2 B R i S B I Re ) s 1 R i Y
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