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Image GT Ours SANet
Bl ASCEOMAI SANet [76] JiikiAe AT AR PRRIFEA Lo BI85 R, Blinthked (3B—1rRIsE A7) Mgk
PR (5=47) - LB L2 kA ClinicDB [5], ETIS [59] fil ColonDB [63] %ifiifls. iX
SR BIE R RBL 1 AR SCROR Ak B PE AR i P

Figure 1 The segmentation examples of our model and SANet [76] with different challenge cases, e.g., camouflage (1°* and

2" rows) and image acquisition influence (3"¢ row). The images from top to bottom are from ClinicDB [5], ETIS [59], and
ColonDB [63], which show that our model has better generalization ability.
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IROZETEARGUFAEH B SRR, TR I LHE 2 AR S P, AT MR AL
R AR R AR SCHE— 2 T RC A AR R A S ARZ R AR MR A (SAM) , RAEAL
P DA R R S A 4 Ry LR,

o I, AFHA (B Kvasir-SEG [34]. ClinicDB [5]. ColonDB [63]. Endoscene [71] Fl
ETIS [59]) HAPER E AR EINAT T iz 09585k, AEPFALASC Polyp-PVT B ERE. 71
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i 5.5%. A ETIS |, ARSCHRAIEUE T 1 0.787 ) mDic, kb SANet [76] & 3.7%.
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2.1 BASE

148 051k VAU A ILE N TR A A R 58, SCHR [56] F1XF T4 I B P AR it
Y7 A IR A A T T R IRATE. SR P By 5 A TIRGURAE , BN (48],
JUATHFE [48] B F MBI RISBB K 47). i, T B W5 RBASZ A0 e A, Xt
Ty LA AR i 1 Tl 5 A IR

WRIEAE 25k TRIES 2T HOR (26,41, 43,60, 73] g2l 7 5N 73 #5510 & . Akbari 45
N [2] $2iH T e B 2 R 25 1) BA e B AL, AR 25 R AL TR S iR Jr %€, Bran-
dao Z& N [9] fif F FHEE S P IR IR I R, K5 SR A 18] RGB AL DU LS = 5 (R E %
IR BT, BT FRID ASREZL . 40 U-Net [57]. UNet++ [92] PAK ResUNet++ [35], PAMESE
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B SCRFIE, AT A A% M 2% . Psi-Net [51] 51T AR5 70 HIAL, 45 G50 R FTIn F0 T o 5]
fETT R B FIFEAS T, Hemin 45 A [54] T Mask R-CNN [25] 1 5g22 3 I 50 IR A R AE R L
AT RN .

5HHET U-Net [3,57,92] 17, PraNet [18] i 5z i) vE B BLHORIZHRHA 4 Rk K 1)
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BARF. Rahim &5 A [55] $2 H XA [R] A B2 i ARG AAZ , @4k MISH RIS E &M e iis
PSRBT R RAAE SR I, DASEER BEERRAE AR AR T 0 AR SR BeAh, ARG AT A,
SOl T RBEAAENE, e MBIk ZE . Jha 58 N [31] &1t T—F44 4 ColonSNet [JSIS L IA 7315
5. Ahmed %8N (1] B YCRFAE BOWHT I 26 B T 80 43 5145, Thambawita 58 A [66] 48 3CHY 75—
MBS R E T ST B RER G AR N EE 5. 1Ah, Tomar %A [69] #it T —4 4
T ResUNet++ MU ETE I B R HING. i, MSEG [29] gt T PraNet Jf42H 7 —Fh
AR I SRR 25 - AR S 4. Bk UL, A6 Hardnet [10] B T R A Res2Net50 B 1M 4%,
ZA5 T attention AL, SEHLT PR HER R P E]L MEA RN, Transfuse [90] 25 —14
RAH CNN il Transformer PAFAT 2085 A NS S2 4244, DCRNet [87] i F AMEBAINFHR_E R 3¢
I FAEHR A3 UG A [FIFD AN [R) el A A7 5 A HA A B2 TR A A BURE. MSNet [81] 5| AT
2 REEWEEMLS, DAIHBRZ RBERHE 2 R TT R BAME S X E R4 EIE T S a2 i 74 3¢
FIFERE. ZER 1, ARSOW SAH AR AR M- T T R 20045

2.2 58 Transformer

Transformers i ] 23k HER ) (MHSA) EREBK BN X R, SHEPZAR, MHSA 2
HAZNSPCE AR B, (TR G FIG %L Transformer [70] felt By Vaswani &4, HTHL
ARRIEAT ST, WETE B AAE S ARG R T ) Z B2 . S T Transformer [T AL
145, Dosovitskiy % A\ [13] $&H THLSRHIERT Transformer (VIiT), iXJ&55—ANH T BG4 M0
9t Transformer FLHL. ViT B—ik K50 21 patch, 3k token J5IK K% F| Transformer 4h5
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%1 BRSXJi%EMPE. CL = ClinicDB [5], EL = ETIS-Larib [59], C6 = CVC-612 [5], AM =
ASU-Mayo [64,91], ES = EndoScene [71], DB = ColonDB [63], ED = Endotect 2020, KS =
Kvasir-SEG [34], KCS = Kvasir Capsule-SEG [61], PraNetD = fil PraNet [18] fii HHIRI &, 1S
= BElgn#l, VS = #ihisndl, CF = 438, OD = X4kl

Table 1 A survey on polyp segmentation. CL = ClinicDB [5], EL = ETIS-Larib [59], C6 = CVC-612 [5], AM = ASU-Mayo [64,91],

ES = EndoScene [71], DB = ColonDB [63], ED = Endotect 2020, KS = Kvasir-SEG [34], KCS = Kvasir Capsule-SEG [61], PraNetD
= same datasets used in PraNet [18], IS = image segmentation, VS = video segmentation, CF = classfication, OD = object detection.

No. Model [ Publication | Year Code Type Dataset Core Components
1 CSCPD [20 IJPRAI 2014 N/A IS Private data Adaptive-scale candidate
2 APD (48 TMI 2014 N/A IS Private data Geometrical analysis, binary classifier
3 SBCP [47 SPMB 2017 N/A 1S Private data Superpixel
4 FCN [2 EMBC 2018 N/A IS DB FCN and patch selection
5 D-FCN [9 JMRR 2018 N/A 1S CL, EL, AM, and DB | FCN and Shape-from-Shading
6 UNet++ [92 DLMIA 2018 | PyTorch IS AM Skip pathways and deep supervision
7 Psi-Net [51 EMBC 2019 | PyTorch IS Endovis Shape and boundary aware
8 MR-CNN [54 ISMICT 2019 N/A IS C6, EL, and DB Deep feature extractors
9 UDC [62 ICMLA 2019 N/A IS C6 and EL Dilation convolution
10 ThresholdNet [23] TMI 2020 | PyTorch | IS ES and WCE Learn to threshold ,
Confidence-guided manifold mixup
11 MI2GAN [84 MICCAI 2020 N/A IS C6 and EL GAN based model
12 ACSNet [89 MICCAI 2020 | PyTorch 1S ES and KS Adaptive context selection
13 PraNet [18 MICCAI 2020 | PyTorch IS PraNetD Parallel partial decoder attention
14 Auto-Polyp [1 MediaEval | 2020 N/A IS KS Image-to-image translation
15 APS [68] | MediaEval | 2020 N/A IS KS Variants of U-shaped structure
16 PFA [66 MediaEval | 2020 | PyTorch IS KS Pyramid focus augmentation
17 MMT [32] | MediaEval | 2020 N/A IS KS Competition introduction
18 U-Net-ResNet50 [3] | MediaEval | 2020 N/A IS KS Variants of U-shaped structure
19 Survey [56 CMIG 2021 N/A CF Private data Classification
20 Polyp-Net [4 TIM 2020 N/A IS DB and CL Multimodel fusion network
21 Polyp-DCNN [55 BSPC 2021 N/A OD EL Convolutional neural network
22 EU-Net [53 CRV 2021 | PyTorch IS PraNetD Semantic information enhancement
23 DSAS [46 MIDL 2021 | Matlab IS KS Stochastic activation selection
24 | U-Net-MobileNetV2 [8 arXiv 2021 N/A IS KS Variants of U-shaped structure
25 MSEG [29 arXiv 2021 | PyTorch IS PraNetD Hardnet and partial decoder
26 FSSNet [38 arXiv 2021 N/A IS C6 and KS Meta-learning
27 AG-CUResNeSt [58 RIVF 2021 N/A IS PraNetD ResNeSt, attention gates
28 MPAPS (86 JBHI 2021 | PyTorch IS DB, KS, and EL Mutual-prototype adaptation network
29 ResUNet++ [33 JBHI 2021 | PyTorch | IS, VS PraNetD and AM ResUNet++, CRF and TTA
30 NanoNet (36 CBMS 2021 | PyTorch | IS, VS ED, KS, and KCS Real-Time polyp segmentation
31 ColonSegNet (31 Access 2021 | PyTorch IS KS Residual block and SENet
32 Segtran [40 IJCAI 2021 | PyTorch IS C6 and KS Transformer
33 DDANet [69 ICPR 2021 | PyTorch IS KS Dual decoder attention network
34 UACANet [39] | ACM MM | 2021 | PyTorch | IS PraNetD Uncertainty augmented
Context attention network
35 DivergentNet [67 ISBI 2021 | PyTorch IS EndoCV 2021 Combine multiple models
36 DWHieraSeg (82 MIA 2021 | PyTorch IS ES Dynamic-weighting
37 Transfuse [90 MICCAI 2021 N/A IS PraNetD Transformer and CNN
38 SANet [76 MICCAI 2021 | PyTorch IS PraNetD Shallow attention network
39 PNS-Net [37] | MICCAI | 2021 | PyTorch | VS | C6, KS, ES, and AM | | rogressively normalized
Self-attention network
10 DCRNet [87] ISBI 2022 | PyTorch | IS ES, K8, and Within-image
PICCOLO and cross-image contextual relations

fer, SRJEH MLP #7125 HVT [52] 251402t i) ok g —4> token ()75
K B2, W VIT g TR At R BTt se Transformer [27] 5% CNN [y, RIREE
VREERE I, FRAEEGEIA R, S [E 40, Yuan 46N [88] 5, VIT HE B token 45
P TCEA AR E B R RAE , AN g4k, XBARINGRCRIT SETURIER LS. H it
H7 T2T ViT % )2 token F| token WL ZE G IFAHSE token HEABL R FRERE , [ Ik >
token KL, TNT [24] R T 3@ H TH0RLEE EEAT 4519 Transformer, i#f—240 53 R A6 B4 patch,
PATE/ N TCHEST self-attention HLHITTE. R, SMESAIPFEE A T HE A R R ERE .

R TG RGOy RIS RTINS, 2R3 [12,22,42,72,74,79,85] Ff CNN [ 75 45H45]
AZ| Transformer FF it Flan, HET PVT Al [72,74] i BA WP B 4> 228 s
FORLAAR AR TS H ONN XY —FE A, IF BAERINAN 7 BT 55 b R L. R0 T
Ve, ARSCEEE T AN . BT Transformer [ BN /0 EIMESE ,  RIEEAR A% 00 R L REHER & 17
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Figure 2 Framework of the proposed Polyp-PVT, which consists of a pyramid vision Transformer (PVT) (a) as the encoder
network, (b) cascaded fusion module (CFM) for fusing the high-level feature, (c) camouflage identification module (CIM) to filter
out the low-level information, and (d) similarity aggregation module (SAM) for integrating the high- and low-level features for the
final output.
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3.2 ETHRFHELTRBNIMIEDIS

T EBREAZENNE, BARGEECSYIRAMES, Bl 2 maRat. Rifm—
SO T AR [7,83] RIUALERAAS (13,72, 74] RILH L CNN SR PEREAI ST 4P T4 A Tt [26,60].
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3.3 REXFRSHER
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XD, AR F() & Xl 0K/ R 3 x 3 A padding 2 1 BEBUZ, #HtaH
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WISHEER X, fl X5 15 X, M, HEMRIGIEZRS LRGN Xa PHE. B, #
PREE 5 R R A AREATE Fr () F Fe() DAIRDZERE, 58] Ty € RE¥X5>32 [ CFM #Y
i i
Ty = Fs(Fr(Concat(F4(X,) © Fs(Xy) © Xy, Fo(X34)))), (2)
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Figure 3 Details of the SAM. The red arrow indicates a transpose. It is composed of GCN and non-local, which extend the pixel
features of polyp regions with high-level semantic location cues to the entire region.
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35 auxiliary loss, Ir=1e-3, decay_rate=0.5| |
main loss, Ir=1e-3, decay_rate=0.5
3.0 total loss, Ir=1e-3, decay_rate=0.5
auxiliary loss, Ir=1e-4, decay_rate=0.1
25 —— main loss, Ir=1e-4, decay_rate=0.1 | |
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Figure 4 Loss curves under different training parameter settings.

%2 YIGHBSBBE.

Table 2 Parameter setting during the training stage.

etk 3% (Ir) ZRE Clip

AdamW le-d [0.75,1,1.25] 0.5

TR 0L epoch HAKN
0.1 le-4 100 352 x 352

3.7 BARET

AL PyTorch HEZESEE] Polyp-PVT #i2Y, FH{ii fi] Tesla V100 KANE# IR, % EF41E
WEGI/ NS, ASCHENGRFTBOR 1 2 RS [18,29]. K THHMASE, AXHA T) iz
T Transformer W45 [42,72,74] AdamW by [44]. 243 R E N le-d, WEERHMIFEE Y
le-4. MbAb, AR A BEGRIR/NERE ) 352 x 352, H.f mini-batch K/NVA 16, epoch BN
100. KT INGHRIL . SBOEF N SENTE 2415 B0 BoR e 4. 5% 2813 34 il
ZRmtE R 3 /) (30 4> epochs) iAEI SRR, MK EE, A SCHIG RGNS, 352 x 352,
A A5 AL PR AL S e

4 =88

4.1 TEfEHIER

ASCRA T SF) Z TG HERR, 36 Dice [50]. ToU. ~“FH4axfiR2s (MAE). AL F-
measure (Fg’) [49], S-measure (S,) [11], Fl E-measure (E¢) [14,16] RIFAEBIBIPERE. FEiX 2645
Frr, Dice 1 ToU J& X382 AR IPE R &, B EIXT R0 W E— 2ok, A SCHE T Dice #il
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*# 3 WABHMS SR WEER, MESRSEYS PVT M, BfEmEf. BasicConv2d fl Conv2d )%
¥k [in__channel, out__channel, kernel_size, padding], GCN [JZ%} [num_ state, num__node].

Table 3 Network parameters of each module. Note that the encoder parameters are the same as PVT without any changes.
BasicConv2d and Conv2d with the parameters [in_ channel, out_ channel, kernel _size, padding] and GCN [num__state, num_ node].

Gl oy SAM
patch_size [4] AvgPool2d [6]
embed__dims [64, 128, 320, 512] Conv2d 32,16,1,1
num__heads 1, 2 5, 8 Conv2d 32 16, 1 1
mlp_ ratios 8, 8, 4, 4 Conv2d 16,32.1.1
depths (3,4, 18, 3] GCN (16,16]
sr__ratios 8, 4, 2, 1] BasicConv2d [64,32,1,0]
drop_ rate [0]
drop__path_ rate [0.1]

CFM CIM
BasicConv2d 32,32,3,1 AvgPool2d 1
BasicConv2d 32,32,3,1 AvgPool2d 1
BasicConv2d 32,32,3,1 Conv2d [64,4,1,0]
BasicConv2d 32,32,3,1 ReLU
BasicConv2d 64,64,3,1 Conv2d [4,64,1,0]
BasicConv2d 64,64,3,1 Sigmoid
BasicConv2d 96,96,3,1 Conv2d [2,1,7,3]
BasicConv2d 96,32,3,1 Sigmoid

# 4 MIABIE AR E LR, W Kvasir-SEG fil ClinicDB i 4:. Idri 4 R APRLAZ R,

Table 4 Quantitative results of the test datasets, i.e., Kvasir-SEG and ClinicDB. The best results are in boldface

Kvasir-SEG [34] ClinicDB [5]

Model mDic mloU FZ;” Sa mE; maxzEs MAE | mDic mloU FZ;’ Sa mE:; mazEs MAE
MICCATI’15 U-Net 0.818 0.746 0.794 0.858 0.881 0.893 0.055 | 0.823 0.755 0.811 0.889 0.913 0.954 0.019
DLMIA’18 UNet++ 0.821 0.743 0.808 0.862 0.886 0.909 0.048 | 0.794 0.729 0.785 0.873 0.891 0.931 0.022

MICCATI’19 SFA 0.723 0.611 0.670 0.782 0.834 0.849 0.075 | 0.700 0.607 0.647 0.793 0.840 0.885 0.042
arXiv’21l MSEG 0.897 0.839 0.885 0.912 0.942 0.948 0.028 | 0.909 0.864 0.907 0.938 0.961 0.969 0.007
arXiv’2l DCRNet 0.886 0.825 0.868 0.911 0.933 0.941 0.035 | 0.896 0.844 0.890 0.933 0.964 0.978 0.010

MICCATI’20 ACSNet | 0.898 0.838 0.882 0.920 0.941 0.952 0.032 | 0.882 0.826 0.873 0.927 0.947 0.959 0.011
MICCAT’20 PraNet 0.898 0.840 0.885 0.915 0.944 0.948 0.030 | 0.899 0.849 0.896 0.936 0.963 0.979 0.009
CRV’21 EU-Net 0.908 0.854 0.893 0.917 0.951 0.954 0.028 | 0.902 0.846 0.891 0.936 0.959 0.965 0.011
MICCATI’21 SANet 0.904 0.847 0.892 0.915 0.949 0.953 0.028 | 0.916 0.859 0.909 0.939 0.971 0.976 0.012
Polyp-PVT (Ours) | 0.917 0.864 0.911 0.925 0.956 0.962 0.023 | 0.937 0.889 0.936 0.949 0.985 0.989 0.006

ToU [ 49, 4331377k mDic #1 mloU. MAE 252 BHGHT, 27 FilE 5 B2 [fi
YEXTRZEMFEIE. AL F-measure (Fg') ZRE7%5 8T ARRMAMR, R T H SRR XA
BRFSEX R, S-measure (S, ) M T RIGFIXTZ I H) H bR R i 45 A 11, E-measure
(Ee) RTWAEGRREGE RN »FILER. AR E-measure [ FIIEMR AR, 2 51F7R N0
mEe Fl maxEe. TSRS EJET https://github.com/DengPingFan /PraNet.

4.2 BRSO LRE

et ls. F PraNet [18] —#f, ASCHUR ) LA HA PRI A LEHRAL , f4F Kvasir-SEG [34].
ClinicDB [5]. ColonDB [63]. Endoscene [71] Fil ETIS [59] I E A SCHESR 1A 301k

RRY. AR SCSCAR T R A4 BT SRR AL A T L4, 4 B0k U-Net [57]. PraNet [18]. SFA
[19]. UNet++ [92]. MSEG [29]. ACSNet [89]. DCRNet [87]. EU-Net [53] F1 SANet [76]. T2
GBS, A SO AT T RA RS AE AR R B I SR 4R AT vEAG . pfEsl SFA 255U APy
AR 2 A B
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0.83 0.814
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0.78 0.756 0.759
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Figure 5 Evaluation of model generalization ability. We provide the max Dice results on ColonDB and ETIS.

# 5 WMiAKHi4: ColonDB I ETIS Ky &R, SFA UM~ AiNRAICH 4k,

Table 5 Quantitative results of the test datasets ColonDB and ETIS. The SFA result is generated using the published code.

ColonDB [63] ETIS [59]

Model mDic mloU Fé“ Sa mE¢; maxzEs MAE | mDic mloU Fg’ Sa mE¢s mazEs MAE
MICCATI’'15 U-Net 0.512 0.444 0.498 0.712 0.696 0.776 0.061 | 0.398 0.335 0.366 0.684 0.643 0.740 0.036
DLMIA’18 UNet++ 0.483 0.410 0.467 0.691 0.680 0.760 0.064 | 0.401 0.344 0.390 0.683 0.629 0.776 0.035

MICCAT’'19 SFA 0.469 0.347 0.379 0.634 0.675 0.764 0.094 | 0.297 0.217 0.231 0.557 0.531 0.632 0.109
MICCATI’20 ACSNet | 0.716 0.649 0.697 0.829 0.839 0.851 0.039 | 0.578 0.509 0.530 0.754 0.737 0.764 0.059
arXiv’'2l MSEG 0.735 0.666 0.724 0.834 0.859 0.875 0.038 | 0.700 0.630 0.671 0.828 0.854 0.890 0.015
arXiv’2l DCRNet 0.704 0.631 0.684 0.821 0.840 0.848 0.052 | 0.556 0.496 0.506 0.736 0.742 0.773 0.096
MICCAT’20 PraNet 0.712 0.640 0.699 0.820 0.847 0.872 0.043 | 0.628 0.567 0.600 0.794 0.808 0.841 0.031
CRV’21 EU-Net 0.756 0.681 0.730 0.831 0.863 0.872 0.045 | 0.687 0.609 0.636 0.793 0.807 0.841 0.067

MICCAI'21 SANet 0.753 0.670 0.726 0.837 0.869 0.878 0.043 | 0.750 0.654 0.685 0.849 0.881 0.897 0.015
Polyp-PVT (Ours) | 0.808 0.727 0.795 0.865 0.913 0.919 0.031 | 0.787 0.706 0.750 0.871 0.906 0.910 0.013

4.3 BIENGH

SRS V. A Cf# ] ClinicDB il Kvasir-SEG BB K15 Polyp-PVT 24> fE /7. ClinicDB
5 612 TkE, XSEEBIEMN 31 NEEG TR AU HEEUY). Kvasir-SEG WA Kvasir £idiE4E
T R AR IR, A4 1,000 SKEEMR. HKER PraNet Hpi®, AICRAIKA ClinicDB Fl
Kvasir-SEG B#lE£E 1Y 900 F1 548 RGNS, HA 64 F1 100 18 EMG 5 BIVE R IHALE.

iR R Ahal LB, ASCRAUL T 4l ik, RWERAELHY 68, 7 Kvasir-
SEG #iiade I, ASCHAYY mDic 38 IR SANet & 1.3%, Lt PraNet & 1.9%. 7
ClinicDB 4 I, A AR mDic 4384 SANet 7 2.1%, [ PraNet & 3.8%.

4.4 Z{tEEN S

U VEE. N TR AR RE . A SCEE =N INGREFORTT L (BRI ) Bdiade ik
TR, BP: ETIS. ColonDB F1 EndoScene. ETIS 4 196 2%, ColonDB 4 380 i [&1#,

11
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# 6 iAKW 4 Endoscene W g, SFA FR A FRGNIAICHI A K.

Table 6 Quantitative results of the test dataset Endoscene. The SFA result is generated using the published code.

Endoscene [71]
Model mDic mloU Fé” Sa mEg mazEg¢ MAE
MICCATI’15 U-Net 0.710 0.627 0.684 0.843 0.847 0.875 0.022
DLMIA’18 UNet++ 0.707 0.624 0.687 0.839 0.834 0.898 0.018
MICCATI’'19 SFA 0.467 0.329 0.341 0.640 0.644 0.817 0.065
MICCAI’20 ACSNet 0.863 0.787 0.825 0.923 0.939 0.968 0.013
arXiv’21 MSEG 0.874 0.804 0.852 0.924 0.948 0.957 0.009
arXiv’21 DCRNet 0.856 0.788 0.830 0.921 0.943 0.960 0.010
MICCAI’20 PraNet 0.871 0.797 0.843 0.925 0.950 0.972 0.010
CRV’21 EU-Net 0.837 0.765 0.805 0.904 0.919 0.933 0.015
MICCAI’21 SANet 0.888 0.815 0.859 0.928 0.962 0.972 0.008
Polyp-PVT (Ours) 0.900 0.833 0.884 0.935 0.973 0.981 0.007

#7 RSCBORART LR Dice (mDic) WibsfE%: (SD) .

Table 7 The standard deviation (SD) of the mean dice (mDic) of our model and the comparison models.

Kl se Kvasir-SEG ClinicDB ColonDB ETIS Endoscene
t=La mDic £+ SD mDic + SD mDic £+ SD mDic + SD mDic £+ SD
MICCATI’'15 U-Net .818 + .039 .823 £ .047 1483 + .034 .398 + .033 .710 £ .049
DLMIA’18 UNet++ .821 + .040 794 + .044 456 + .037 1401 + .057 707 + .053
MICCAI’'19 SFA 723 + .052 .701 £ .054 444 + .037 297 + .025 468 + .050
arXiv’2l MSEG .897 + .041 1910 + .048 735 + .039 .700 + .039 .874 + .051
MICCAI’20 ACSNet .898 + .045 .882 + .048 .716 £ .040 578 + .035 .863 + .055
arXiv’21l DCRNet .886 + .043 .896 + .049 .704 + .039 .556 + .039 .857 + .052
MICCATI’20 PraNet .898 + .041 .899 + .048 712 + .038 .628 + .036 .871 £+ .051
EU-Net .908 + .042 1902 + .048 756 £ .040 687 + .039 .837 + .049
MICCATI’21 SANet .904 + .042 916 + .049 .752 £ .040 750 + .047 .888 + .054
Polyp-PVT (Ours) 917 £+ .042 .937 £ .050 .808 £ .043 78T £ .044 .900 £ .052

EndoScene £ 60 iKEHG. (HFTEENE, XUHIRETHIEGRE T ARMETHO. g2, B
BALEN A b WL X 2640l , X5 CliniecDB fl Kvasir-SEG {551k 5 ¥ A [F].

iR, ZERJRRAESR SRR 6. WTLAE W, SIARTUAHLL, ASCH Polyp-PVT BUS T R4F
Mz tERE. 7E ColonDB I, BE/4-HISe I SANet FIZHY PraNet %Y 5.5% 1 9.6%. 7£
ETIS |, A3 5l# it SANet #1 PraNet % 3.7% #1 15.9%. 4, £ EndoScene |, AN 3(H
B35 SANet fil PraNet @i 1.2% Fi1 2.9%. R T #E—2ER] Polyp-PVT Wiz kEE ), ASCHE
Kl 5 /R T ik Dice Z58, 7T AR A SRR FEPRTEE I 4E ColonDB il ETIS E¥AfRE
Fho AL, ASCER TR T A SORIAL S HARRIAL . [[]11)°F-¥) Dice (mDic) iR (SD) .
AIPAE Y, A SO AR AE SD F¥%A KKZES, ENEGERE T,

CIM ffitk. AT R CIM [HERE, A0k CIM M Polyp-PVT Hififilg, sk “Polyp-
PVT (w/o CIM)” . {13 8F/R, ZAKKIPERE 523 Polyp-PVT 25, BB, Zkk CIM &
T3 mDic Jg/> 1.8%. B, #k CIM 5| ARENES (ESHE ) .

4.5 FEMSH

6 FPE TRER T A SCRZUAIN EURS R B rT AL 4528 Polyp-PVT BISERAPAILAL. 1) A3
BB WA R 26 F T R B, BIEAS [R AR OR SRR T RS A MR RI 2 BURE 7, A TR eI
X BT B 2) B BIZE R A RS — B, TN S FLE .
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Image

Ours

PraNet

ACSNet
F o6 MR RS R, SRR IEI SR RERMEERE. AR WRNTN. W ULE A SO
IRV ] LA e B JIAS LR/ B
Figure 6 Visualization results with the current models. Green indicates a correct polyp. Yellow is the missed polyp. Red is the
wrong prediction. As we can see, the proposed model can accurately locate and segment polyps, regardless of the number of size.

DCRNet

# 8 iR E AR
Table 8 Quantitative results for ablation studies.

s ek Bas. w/o CFM w/o CIM w/o SAM Final

mDic 0.869 0.892 0.882 0.874 0.900
Endoscene

mloU 0.792 0.826 0.808 0.801 0.833

mDic 0.903 0.915 0.930 0.930 0.937
ClinicDB

mloU 0.847 0.865 0.881 0.877 0.889

mDic 0.796 0.802 0.805 0.779 0.808
ColonDB

mloU 0.707 0.721 0.724 0.696 0.727
ETIS mDic 0.759 0.771 0.785 0.778 0.787

mloU 0.668 0.690 0.711 0.693 0.706

. mDic 0.910 0.922 0.910 0.910 0.917

Kvasir-SEG

mloU 0.856 0.872 0.858 0.853 0.864

4.6 HE4SCIE

ASCENFE IR T B 2R FEA T 0 A 250
FIREIRTESR 8.

HR. AT PVTV2 [72] fERHEL (Bas.),
75 R SRR A ( “Polyp-PVT = PVT+CFM+CIM+SAM” ) 347

Nk M SO B 3.7 A P B B ROAH .

Faid MSERE R Polyp-PVT HiA% ik sl B e 2L 1+
PCRAR DA AR A R

CFM [AT3E. 17700 CFM AR, ASCNZET—4 “Polyp-PVT (w/o CFM)” it

13
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Image GT Ours EU-Net HarDNet SFA U-Net
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Figure 7 Visualization results with the current models.

& 4 i
¥
° L
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.
| .

Image Bas. w/o CFM w/o CIM w/o SAM Ours
P8 TRISCIREIRE L. AR .l IR BRI MBI AR 2 S SO 2 B AL R

Figure 8 Visualization of the ablation study results, which are converted from the output into heat maps. As can be seen,
removing any module leads to missed or incorrectly detected results.

A R 8FRH, SRk Polyp-PVT Lk, A CFM WMBIAFE T A EdE FER 2RI . ek
42, mDic £ ClinicDB A\ 0.937 4% 0.915.
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# 9 FEMPIEAEINS: CVC-612-T il CVC-612-V Lisr#lgi i, o i i,

Table 9 The result of video polyp segmentation on the 7.e., CVC-612-T and CVC-612-V, where the best results are in boldface.

CVC-612-T [5] CVC-612-V [5]
i Eidl mDic mloU Fé" Sa mE¢ mazE; MAE | mDic mloU Fé” Sa mE:; maxE; MAE
MICCATI’15 U-Net 0.711 0.618 0.694 0.810 0.836 0.853 0.058 | 0.709 0.597 0.680 0.826 0.855 0.872 0.023
TMI'19 UNet++ 0.697 0.603 0.688 0.800 0.817 0.865 0.059 | 0.668 0.557 0.642 0.805 0.830 0.846 0.025

ISM’19 ResUNet++ | 0.616 0.512 0.604 0.727 0.758 0.760 0.084 | 0.750 0.646 0.717 0.829 0.877 0.879 0.023
MICCAI'20 ACSNet | 0.780 0.697 0.772 0.838 0.864 0.866 0.053 | 0.801 0.710 0.765 0.847 0.887 0.890 0.054
MICCATI’20 PraNet 0.833 0.767 0.834 0.886 0.904 0.926 0.038 | 0.857 0.793 0.855 0.915 0.936 0.965 0.013
MICCAT’21 PNS-Net | 0.837 0.765 0.838 0.903 0.903 0.923 0.038 | 0.851 0.769 0.836 0.923 0.944 0.962 0.012
Polyp-PVT (Ours) | 0.846 0.776 0.850 0.895 0.908 0.926 0.037 | 0.882 0.810 0.874 0.924 0.963 0.967 0.012

% 10 TERMSAPIBES: CVC-300-TV Litsydgs .
Table 10 Video polyp segmentation results on the CVC-300-TV.

CVC-300-TV [6]
il mDic mloU F;g” Sa mEg mazEg¢ MAE
MICCATI’15 U-Net 0.631 0.516 0.567 0.793 0.826 0.849 0.027
TMI’19 UNet++ 0.638 0.527 0.581 0.796 0.831 0.847 0.024
ISM’19 ResUNet++ 0.533 0.410 0.469 0.703 0.718 0.720 0.052
MICCATI’20 ACSNet 0.732 0.627 0.703 0.837 0.871 0.875 0.016
MICCATI’20 PraNet 0.716 0.624 0.700 0.833 0.852 0.904 0.016
MICCATI’21 PNS-Net 0.813 0.710 0.778 0.909 0.921 0.942 0.013
Polyp-PVT (Ours) 0.880 0.802 0.869 0.915 0.961 0.965 0.011

SAM ARE. i, WilFs SAM BB MEEAS Polyp-PVT sHESERI HITCR MRS
ek SAM BURIARLE, XFRHN “Polyp-PVT  (w/o SAM)” . & ColonDB I, 5¢#
Polyp-PVT ({1 fELE mDic F1 mIoU Jrifizr il 1 2.9% 1 3.1%. & 8 EUHRE R T SAM [
DL, > SAM S B D 2 k.

4.7 PABASE

T BB R R OB, AR SOMAUUE A 2 BB AR HEA T TS T AT, AR
5 PNS-Net AH [ I B4R EHTUI oA SCRLAL, FH AR R R 4R [37) 3R, ASHE=
AMFRERE (CVC-300-TV [6], CVC-612-T [5], F1 CVC-612-V [5]) EHEA SR, I HXFH T
6 PR Y, A U-Net [57]. UNet++ [92]. ResUNet++ [35]. ACSNet [89]. PraNet [18]
M PNS-Net [37], Z5RR/RTER OMFE 10. X B R AR TR TN E % H PNS-Net $2{it. 4n4k
RFR, ACWITEAEE AT, I HAE CVC-612-V HI CVC-300-TV 7 BISHSE IAT e b Y
PNS-Net #1211 3.1% il 6.7%mDice 154

4.8 FRH

SUEARTCH) Polyp-PVT il | AT, (HAERLE O M IARIAE. ASHER 9 R T
—SERIGIZEB]. FTLAR, —AD R RN R A BB ERE AL (B—17) . &
SCEEZRT AR E A IR B B R —AT ISR ) . (RERFAZRDIEE AN E A (517
FIYLLENR) - R, ASONEEI SRR B P AER R, S EO AR R S S
MR EA R AT =AT P RLL AR . Rk, A SCHENRZL R T AT RO T 28 5. AR S0IA
R B OT o R A R O IR EE B, T PATE RO Lo B S S B, S A 2R A
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Figure 9 Visualization of failure cases. Green indicates a correct polyp. Yellow is the missed polyp. Red is the wrong prediction.
5 B

ASCHRE T — AR SN EIESR, #4408 Polyp-PVT, B &7 LR IE AL e A 2
s, DA AR BOE SR NI E R RFAL. KR LI R Polyp-PVT YEFASHA YL Bdn e Fih
AT LRI AL, TEFAT A B/ )5 A B 5 R T R ULiE R ColonDB Hidlase, ki
RAL )73 Dice #370 HIRIAE] 0.8 PAE. A#RE, ASCHEIUIUE A7 FIAL 55 7 B A8 T =4 i
et PNS-Net, B T @RI HES. AR, ASGEETIA =AM AL RS Lk
SR, BRI R A (CFM) . PRl (CIM) MAHRIERGEU (SAM), BENTHZH
MUY R 2 AMRZ R B AL, AR A BN AR R A Rt . A SO B T T B Ik
B2 A AR R R B A 2 UL 55
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