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Abstract: To address the problem of large-scale variation, blurred boundaries, irregular shapes, and low
contrast with normal tissues in colon polyp images, which leads to the loss of edge detail information and
mis-segmentation of lesion areas, we propose a cross-dimensional and cross-scale adaptive transformer seg-
mentation network. First, the network uses transformer encoders to model the global contextual informa-
tion of the input image and analyze the colon polyp lesion areas at multiple scales. Second, the channel at-
tention and spatial attention bridges are used to reduce channel dimension redundancy and enhance the mod-
el's spatial perception ability while suppressing background noise. Third, the multi-scale dense parallel de-
coding module is used to bridge the semantic gaps between cross-scale feature information at different lay-

ers, effectively aggregating multi-scale contextual features. Fourth, a multi-scale prediction module is de-
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signed for edge details, guiding the network to correct boundary errors in a learnable manner. The experi-
mental results conducted on the CVC-ClinicDB, Kvasir-SEG, CVC-ColonDB, and ETIS datasets
showed that the Dice similarity coefficients are 0. 942, 0.932, 0.811, and 0. 805, and the average inter-

section-over-union ratios are 0.896, 0.883, 0.731, and 0. 729, respectively. The segmentation perfor-

mance of our proposed method was better than that of existing methods. The simulation experiment

showed that our method can effectively improve the mis-segmentation of colon polyp lesion areas and

achieve high segmentation accuracy, providing a new approach for colon polyp diagnosis.

Key words: colcorectal polyps; transformer; multi-scale dense parallel decoding module; multi-scale pre-

diction module
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Fig.1 Core Transformer encoding block
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Fig.2 Cross-scale and cross-dimensional adaptive transformer network
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Algorithm 1: Spatial attention bridge block

Inputs: The input maps of the four channel attention
bridge block C;,i=1,2,3,4
Outputs: S,,i=1,2,3,4
1: yhew=AvgPool(C,) /*avg-pooling*/
2: ytx=MaxPool(C,)/*max-pooling*/
3: yi=Concat( A} hin,) /*Concatenate the feature
map odd*/

4: a=Conv;,;(h.)/*7X7 convolution operation*/

w1

: e=0o( 8)/*After sigmoid, the feature map be-
comeC X H X 1%/
6: S,=e*C,+C,/*The feature map of sigmoid with
the original feature and then add */
End
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Algorithm 2: Channel attention bridge block

Inputs: The input maps of the four stagesE,,i=1,2,3,4
Outputs: C,,i=1,2,3,4

1: ALew=AvgPool(C,) /*avg-pooling*/

2: h=Concat(h}n hiren Pien o

the feature map of avg-pooling*/

«n)/*Concatenate

3: 8=Convs.,(h,)/*3X 3 convolution operation*/
4: y=o(p)/*After sigmoid, the feature map be-
comeC X H X 1%/
5: C/=y*E,+E,/*The feature map of sigmoid with
the original feature and then add */
End
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Tab.1 Segmentation results of different networks on Kvasir and CVC-ClinicDB datasets

Dataset Method Dice MIoU SE PC F2 MAE
U-Net 0.818 0.746 0. 856 0. 857 0.827 0.055

EUNet 0.908 0. 854 0.934 0.911 0.919 0.028

PraNet 0. 898 0. 840 0.911 0.916 0.901 0.032

Kuasir CaraNet 0.918 0. 867 0.912 0.938 0.914 0.023
PolypPVT 0.917 0. 864 0.913 0.947 0.914 0.023

SSFormer-L 0.918 0. 865 0. 897 0.957 0.904 0.022

MSRAFormer 0.923 0.873 0.915 0.952 0.917 0.024

Ours 0.932 0. 883 0.933 0.944 0.931 0.021

U-Net 0.823 0.755 0.834 0.839 0.827 0.019

EUNet 0.902 0. 846 0.959 0. 880 0.926 0.011

PraNet 0.899 0. 849 0.910 0.907 0.905 0.009

CVO-ClnieDEB CaraNet 0.936 0. 887 0.955 0.928 0.948 0.007
PolypPVT 0.937 0. 889 0. 949 0.936 0.945 0. 006

SSFormer-L 0. 906 0. 855 0. 897 0.931 0.898 0.008

MSRAFormer 0.924 0. 874 0. 945 0.920 0.932 0.008

Ours 0.942 0. 896 0.964 0.927 0.954 0. 006

22 1 45 A SR AL H At 7 AR AL 7E Kvasir
M CVC-ClinicDB % ls % F Ay PFAE 45 R, & 2 45
H A SRS TR R H A, 7 Fh A B FE CV C-ColonDB #l
ETIS I ) 974k 45 2R , 7€ Dice 48 45 Al MIoU 45 #r
¥k e o Dice 48 #r 02 T8 2 20 31 45 B b 1
WG R FCE 5 BB 1 ) {8 = 7R oy #1245
R BRI, oy R B G . F245 0
L5525 R A MR FORE I A LT FL A8, F2 4%
BT i LA LR R 3R R T A b
PR SN S B ok . 3£ 2 WoR E Kvasir

M CVC-ClinicDB %45 5, A 3C 5 ¥ 1Y Dice
F2 158433 %14 0.932,0. 942 1 0. 931, 0. 954, 4H
HEHE T CNIN A9 Fe Al /X 2% CaraNet, 43 #) 25 5 43 5]
BET 1.4%,1.7% f10.6%,0.6%., 53 F
Transformer 45 ¥4 i) PolypPV T M H , Dice 35 #5373
B T 1.5% M0.5% . £ 2R, AR IKTE
CVC-ColonDB #1 ETIS %% #i& ££ I A9 Dice £l
MIoU #& #5439 4 0. 811,0. 805 #1 0. 731,0. 729,
T A5 R R WY AR ST Ay RO A A
BTN, 95 A8 X SR 4y B D
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Tab.2 Segmentation results of different networks on CVC-ColonDB and ETIS datasets
Dataset Method Dice MIoU SE PC F2 MAE
U-Net 0.512 0.444 0.523 0.621 0.510 0.061
EUNet 0.756 0.681 0.849 0.758 0.788 0.044
PraNet 0.712 0. 640 0.739 0.755 0.717 0.043
CaraNet 0.773 0.689 0.857 0.753 0.796 0.042
CVC-ColonDB
PolypPVT 0. 808 0.727 0.821 0.849 0. 809 0.031
SSFormer-L 0.802 0.721 0.791 0. 864 0.787 0.031
MSRAFormer 0.782 0.707 0.803 0.874 0.787 0.028
Ours 0.811 0.731 0.823 0.844 0.813 0.027
U-Net 0.398 0.335 0.482 0.439 0.429 0.036
EUNet 0. 687 0.609 0.871 0.635 0.749 0.066
PraNet 0.628 0. 567 0.686 0.628 0.649 0.031
CaraNet 0.747 0.672 0.811 0.731 0.777 0.017
B PolypPVT 0.787 0.706 0.867 0.774 0.820 0.013
SSFormer-L 0.796 0.720 0.830 0.794 0.807 0.014
MSRAFormer 0.750 0.679 0.811 0.745 0.777 0.013
Ours 0.805 0.729 0.887 0.770 0.842 0.012

e 345 YT AR ST 45 A 7 ol 1R 2% 114 B AL
Z BPERE , LA Transformer 45 #4 k3 4l (19 Polyp-
PVT, SSFormer-L, MSRA former Fl /K 3C 77 % 7€
SrEIVERERE bR 1 2R T E T CNN 4544 9 U-Net,
EUNet fil PraNet, 7E— & & - Transformer 4%
F 2 3T 48 1 S B RS S B A L T
by 7 Ff ) 28 AR SCOTVEAE S 80R AR S R A T
O 7% B RN BRI SR R A T IR RS R L 43 )
2499 M, 10. 01 G FI 127 so A 1L T 2 T
Transformer 45 #) MSRA former, &R X 7 S 5 &
At 555 2% BE o 3 B IR T 63,2600 A1 52. 984
A T8 T CNN 2549 (19 EUNet, A S0 2 55
ORI AR R B xR T 20.31%
18.31% o L& 43T A SO R IR IS B i 3
SR RO A I [R) (9 1 A0 T AR A B 0 4 D 4
RS T R 2% o BIVERE AU B TT

BL7 A 8 73 il @ 7s 1 AR ST ¥E ML Bk 7 Fh
75 % 78 CVC-ClinicDB, Kvasir, ETIS fil CVC-
ColonDB % #la # I iy 73 #1458, N EAE R A
JE U6 B A %R &R %5 . U-Net, EU-Net, PraNet,
CaraNet, Polyp-PVT, SSFormer, MSRAFormer
MASCITE: . B 7T~E 8] LIFE i, 78 Ak Xk
i1 /NI BRI R EU-Net A REAR 47 b [X.

®3 TREIMKMEREI L (CVC-ClinicDB)
Tab.3 Performance comparison of different networks
(CVC-ClinicDB)

Method Parameters/M  GFLOPs Train/ﬁ
(roundss™)

U-Net 34.53 65.52 309
EU-Net 31. 36 12. 31 284
PraNet 30. 50 6.96 90
CaraNet 44.54 11.45 256
Polyp-PVT 25.12 5.30 233
SSFormer-L 65.96 17.29 220
MSRA former 68. 03 21.29 199
Ours 24.99 10.01 127

P ROMAT R, B R E MRS . Polpy-
PV'T i HI A AL 2R 5 455 B A 804 100 A X
AN IR EE ES R (B e N R S S R AN |
g BN AN BT % . SSFormer Al
CaraNet Ji /> T 4 #1285 F 9 3O % S48 O, (2 43
B R DG AT H R . U-Net #1 PraNet
A R R LR TR R A 7E Ko T R 5 A 1 R
S, o S LT B . R TS A B R L
X5 55 0E 2 ZURT L BEAIG, AN & 7 5 4 5 R E] 848
9% fif 75 , U-Net, PraNet #1 MSRAF ormer #2754t
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Fig.7 Segmentation results of different networks on Kvasir and CVC-ClinicDB datasets
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Fig. 8 Segmentation results of different networks on CVC-ColonDB and ETIS datasets
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Tab.4 Ablation results of each module on the Kvasir and CVC-ColonDB datasets

Dataset Method Dice MIoU SE PC F2
M1 0.906 0.851 0.900 0.931 0.901
) M2 0.921 0.871 0.930 0.931 0.926
Kvasir
M3 0.928 0.877 0.934 0.936 0.928
M4 0.932 0. 883 0.933 0.944 0.931
M1 0.786 0.705 0.7918 0.835 0.785
M2 0.789 0.706 0.8337 0.803 0.802
CVC-ColonDB
M3 0.810 0.730 0.841 0.797 0. 806
M4 0.811 0.731 0.823 0. 844 0.813
4 % » HRREAS B o e Ja A 22 ROBE 1o 0 A8 e 5 30 O
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