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6. Dataset Descriptions

Dataset Modality ~ Images Resolutions Train Valid Test
ISIC2018 [23] Dermoscopy 2594 Variable 1868 465 261
COVID19-1 [33] Radiology 1277 512 x 512 643 251 383
BUSI [3] Ultrasound 645 Variable 324 160 161

2018 Data Science Bowl [6]| Microscopy 670 Variable 483 120 67
CVC-ClinicDB [5] Colonoscopy 612 384 x 288 490 60 62
Kvasir-SEG [31] Colonoscopy 1000 Variable 800 100 100
REFUGE [46] Fundus Image 400 2124 x 2056 280 40 80

Table 5. Details of the medical segmentation seen clinical settings

used in our experiments.

Dataset Modality Images  Resolutions Test

PH2 [42] Dermoscopy 200 767 x 576 200

COVIDI19-2 [1] Radiology 2535 512 x 512 2535
STU [75] Ultrasound 42 Variable 42
MonuSeg2018 [12] Microscopy 82 256 x 256 82
CVC-300 [62] Colonoscopy 60 574 x 500 60
CVC-ColonDB [58] Colonoscopy 380 574 x 500 380
ETIS [55] Colonoscopy 196 1255 x 966 196
Drishti-GS [56] Fundus Image 50 Variable 50

Table 6. Details of the medical segmentation unseen clinical set-
tings used in our experiments.

* Breast Ultrasound Segmentation: The BUSI [3] com-
prises 780 images from 600 female patients, including
133 normal cases, 437 benign cases, and 210 malignant
tumors. On the other hand, the STU [75] includes
only 42 breast ultrasound images collected by Shantou
University. Due to the limited number of images in the
STU, it is used only to evaluate the generalizability of
each model across different datasets.

Skin Lesion Segmentation: The ISIC 2018 [23] comprises
2,594 images with various sizes. We randomly selected
train, validation, and test images with 1,868, 465, and
261, respectively. And, we used PH2 [42] to evaluate
the domain generalizability of each model. Note that
ISIC2018 [23] and PH2 [42] are seen, and unseen clinical
settings, respectively.

COVID19 Lung Infection Segmentation: COVIDI19-1
[33] comprises 1,277 high-quality CT images. We
randomly selected train, validation, and test images
with 643, 251, and 383, respectively. And, we used
COVID19-2 [1] to evaluate the domain generalizability
of each model. Note that COVID19-2 [1] is used for only
testing.

* Cell Segmentation: The 2018 Data Science Bowl dataset

[6] comprises 670 microscopy images. The dataset
consisted of training, validate, and test images with 483,
120, and 67, respectively. We also used MonuSeg2018
[12] for evaluating the domain generalizability of each
model. Note that MonuSeg2018 [12] is used for only
testing.

Polyp Segmentation: Colorectal cancer is the third most
prevalent cancer globally and the second most common
cause of death. It typically originates as small, non-
cancerous (benign) clusters of cells known as polyps,
which develop inside the colon. To evaluate the proposed
model, we have used five benchmark datasets, namely
CVC-ColonDB [58], ETIS [55], Kvasir [31], CVC-300
[62], and CVC-ClinicDB [5]. The same training set as
the latest image polyp segmentation method has been
adopted, consisting of 900 samples from Kvasir and
550 samples from CVC-ClinicDB for training. The
remaining images and the other three datasets are used
for only testing.

Fundus Image Segmentation: To evaluate our method on
multi-label segmentation, we utilize the training part of
the REFUGE challenge dataset [46] as the training (280)
and testing (80) dataset, and the public Drishti-GS [56]
dataset as the testing (50) dataset.

7. Efficiency Analysis

Method Parameters (M)  inference speed (ms)

UNet [52] 34.5 10.1
AttUNet [45] 35.6 13.8
UNet++ [30] 36.6 22.9
CENet [22] 18.9 10.5
TransUNet [7] 534 934
FRCUNet [4] 40.8 13.4
MSRFNet [57] 22.5 73.8
HiFormer [26] 34.1 24.9
DCSAUNet [67] 25.9 24.3
M2SNet [73] 26.5 32.1
MADGNet 31.4 24.0

Table 7. The number of parameters (M) and inference speed (ms)
of different models.

7.1. Parameter Efficiency Proof

Scale Decomposition. For further efficiency, we replace the
conventional convolution with kernel size 2s + 1 by dilated
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Figure 8. The training results of a3 and /33 for each modalities ((a) Ultrasound, (b) Microscopy, (¢c) Dermoscopy, (d) Colonoscopy, and (e)
Radiology) where s € {1, 2, 3}.

(0,00 (0,1) (60 (05) i: 2' 1,0 (4,0) (5,0) (30) (04) (06) (03) (35) 63) (33) (53) (55 (21) (61) (5,4) (3,1) (41 (2 3) (20 (65 (1,3)
= — —

) BN m MMH%@@E@@%B Spmeaile
< — =

(6,6) (1,4) (3.4) (3,6) (2,6) (43) (11 2, 4,5 (56) (1,5 (42) (6,2) 1,3 (6,5) 2,0 (23) (41) (31) (32 (54) (52 (6,1) (21) (55) (5,3) (3,3) (6,3)

0,00 (0,1) (1,00 (1,1) (0,2 (2,00 (21) (1.2) (2,2) ,3) (3,00 (400 (0,4) (1,3) (3,1) (2,3) (3.2 (41 (1,5) (24) (3,3) (42) (51) (60 (1,6) (2,5 (3.4) (4,3

: I-OM_Smﬁm__wmﬁmmﬁﬁELWMMﬁﬁﬁ =]l

Figure 9. Frequency selection strategies (Top, Bot, Low) [50]. (u,vr) denotes the frequency indices according to frequency selection
strategy.

convolution with a kernel size of 3 and dilation size of s. operation with kernel size 1. And then, to aggregate each
For instance, in Fig. 2. (b), the convolution with kernel size refined features from different scale branches, we restore
of 5 and 7 in second and third scale branch are replaced into the number of channels into C'. Hence, the number of pa-
the dilated convolution with a kernel size of 3 and dilation rameters in MSSA is Cy571 4+ 9 x C%571,

size of 2 and 3, respectively. This replacement can achieve MFMSA block. Then, we can approximate the number of
a parameter reduction of 9/(2s + 1)? in each scale branch. parameters at s-th scale branch as follows:

Suppose that the number of channel at :-th MFMSA block is
C'. Then, by channel reduction ratio v € (0, 1), the number

of parameters for each scale branch is 9 x C2y*~1, Ps =9 x C% L 4L Oyt x Oyt 1 X 2
. r
MFCA. Note thatﬁ lt/IFCCVéilcontams two fulcli/-g?nnec:fj? F Oy 49 x O (11
layer W; € R *—5%— and W, € R xCy 9
with reduction ratio . Then, the number of parameters in = Oy (180 +Cy I x 2+ 1)
MFCA is Cy* 1 x Cy*~1 x L x 2. "
MSSA. Firstly, to extract attention map from frequency- If we do not introduce the channel reduction ratio -, then

recalibrated feature map X, we apply a 2D convolution the number of parameters at each scale is p = C(18C +



Algorithm 2 Ensemble Sub-Decoding Module for Multi-
task Learning with Deep Supervision in Multi-label Seg-
mentation
Input: Refined feature map Y; from i-th MFMSA block
Output: Core task prediction T;"" and sub-task predic-
tions {T;""™, ..., T;""™} ati-th decoder for each m-th la-
bel.

1: form=1,2,...,M do
P;™ = Conv2D,(Y;)
fori=1,2,...,L do

P = COHVZDl(Y x o (P;™)).
end for
T;""™ = Ups_,; (P7"™)

3

fori=L-1,...,0do

R A o

s;,m __ s;,m Si41,M
;" =Ups_, (P"™) + T,
end for
an s1,m sr,,m
0: O ={T;",T;"™, . .., T;”"}
11: end for

12: return {O},...,0M}

K2

2C/r + 1). Then, we can calculate the parameter reduction
ratio £= as follows:

ps  Cy 1 (18C+Cy t x 2 41)
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8. Ensemble Sub-Decoding Module for Multi-
label Segmentation

187 + 2y~ 1) (12)

Q

In this section, we show that E-SDM can be utilized to any
segmentation dataset with M/ multi-label.

Forward Stream. During the forward stream, core and
sub-task pseudo predictions {P;""™, P;""™ ... P} for
each label m € {1,2,..., M} are produced at i-th decoder
stage as follows:

P, = Conv2D, (Y;)
P} = Conv2Dy (Y; x o(P;""""™)) forl =1,...,L

(13)
where P™ = P;"™. This stream enables the follow-
ing sub-task prediction cascadingly focus on the region by
spatial attention starting from core pseudo prediction P;".
Backward Stream. After producing L-th sub-task pseudo
prediction P;*™, to produce final core task prediction
T;"™ for m-th label, we apply backward stream as follows:

;%™ =Ups_,; (P7*™)
T;""™ =Upy_, (P;"™) + T, forl =0,...,L—1
(14)
. To further analyze the Eq 14, we
as follows:

where T;*"™ = T7™

can recurswely rewrite from core task T

T, =T =Up;_,; (P;*") + T;4™
= [Ups_; (P;"™) + Ups_; (P;"™)] + T} = - -

L
= Z Up;_; (P;"™)
1=0
(15)

Consequently, E-SDM can be interpreted as an ensemble of
predictions between different tasks for describing the same
legion for each m-th label. Algorithm 2 describes the de-
tailed training algorithm for E-SDM in multi-label segmen-
tation.

9. More Detailed Ablation Study on MADGNet
9.1. Ablation on Backbone Model

Backbone Seen Datasets ([3, 5, 6, 23, 31, 33])
DSCT mloUT FY T 5.1 By T MAEJ
ResNet50 [25] 369 806 846 849  9I0 23
Res2Net50 [20] 871 809 831 850 920 24
VIT-B-16 [13] 875 812 850 851 923 24
ResNeSt50 [71] (Ours) | 88.5 823 859 857 928 24
Unseen Datasets ([1, 12, 42, 55, 58, 62, 75])
Backbone DSCT mlUT Fy T Sat By 1T MAE]
ResNet50 [25] 691 610 676 738 807 6.2
Res2Net50 [20] 702 618 687 742 815 59
VIT-B-16 [13] 690 616 678 754  8l.1 49
ResNeSt50 [71] (Ours) | 77.1  68.1 750 772  87.0 6.2

Table 8. Quantitative results for each Seen ([3, 5, 6, 23, 31, 33])
and Unseen ([1, 12,42, 55, 58, 62, 75]) datasets according to back-
bone network. We presents the mean performance for each dataset.

In this section, we present the performance of
MADGNet according to various backbone network
(ResNet50 [25], Res2Net50 [20], ViT-B-16 [13], and
ResNeSt50 [71] (Ours)) in Tab. 8. We report the mean
performance of seen and unseen datasets.
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Figure 10. Comparison of parameters (M) vs segmentation perfor-
mance (DSC) according to number of scale S on average for (a)
seen and (b) unseen datasets.
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Figure 11. Number of frequency F' vs segmentation performance
(DSC) on average for (a) seen and (b) unseen datasets.

9.2. Hyperparameter on MADGNet

Number of Scale branch S.

Seen Datasets ([3, 5, 6, 23, 31, 33])

Scale S I BScT WUT  FY T ST Br T MAETL
i 867 R0 845 8438 016 74
2 83.0 817 855 854 92,6 23
3(Ours) | 885 823 859 857 928 24
4 8738 815 853 853 926 23
5 88.1 819 857 855 927 23
6 87.6 819 853 853 92.7 24
Sl 5 Tnseen Datasets ([T, 12, 42, 55, 55, 62, 751)
DSCT  mlUT  Fr T  S.T EJ™™f MAE]
T 67 1 %60 737 o4 96
2 73 64.1 708 749 8338 5.1
3Ours) | 771 68.1 750 772 87.0 62
4 724 637 106 746 823 83
5 718 636 04 758 835 54
6 718 636 705 764 840 48

Table 9. Quantitative results for each Seen ([3, 5, 6, 23, 31, 33])
and Unseen ([1, 12, 42, 55, 58, 62, 75]) datasets according to the
number of scale S. We presents the mean performance for each
domain.

In this section, we present the performance of
MADGNet according to the number of scales S €
{1,2,3,4,5,6} with F' = 16 in Tab. 9 and Fig. 10. We
report the mean performance of seen and unseen datasets.
Number of Frequency branch K.

In this section, we present the performance of
MADGNet according to the number of frequencies F' €
{1,2,4,8,16,32} with S = 3 in Tab. 10 and Fig. 11. We
report the mean performance of seen and unseen datasets.

tasels 53
Frequency K Seen Datasets ([3, 5, 6, 23, 31, 33])

DSCT mlUT _Fo T SaF Ey"T MAE]

1 87.8 81.6 85.4 85.3 92.5 23

2 87.7 81.5 85.3 85.2 92.6 2.3

4 87.8 81.5 85.3 85.3 92.5 2.4

8 87.8 81.5 85.3 85.3 92.4 2.3

16 (Ours) 88.5 82.3 85.9 85.7 92.8 2.4
32 87.9 81.7 85.5 85.3 92.7 2.3

Frequency K

DSCT  mloUT _ Fyr T  Sat

1 72.0 63.7 70.4 759 83.3 5.6
2 71.8 63.7 70.4 76.3 83.8 53
4 72.2 64.0 70.9 76.8 84.6 4.6
8 71.3 63.0 69.7 75.3 82.9 6.1
16 (Ours) 77.1 68.1 75.0 712 87.0 6.2
32 73.1 64.1 70.9 74.6 82.5 7.8

Table 10. Quantitative results for each Seen ([3, 5, 6, 23, 31, 33])
and Unseen ([1, 12, 42, 55, 58, 62, 75]) datasets according to the
number of frequency K. We presents the mean performance for
each domain.

Frequency Selection Strategy (Top vs Bot vs Low).

Strategy Seen Datasets ([3, 5, 6, 23, 31, 33])
DSCT mloUT FFT Saf E;’“” T MAE|
Top (Ours) 88.5 82.3 85.9 85.7 92.8 2.4
Bot 87.7 81.4 85.0 85.2 924 24
Low 87.1 80.5 84.3 86.2 92.4 2.0
Strategy Unseen Datasets ([1, 12,42, 55,58, 62, 75])
DSCT mloUT FF 1T Sat E;’“”" T  MAE|
Top (Ours) 77.1 68.1 75.0 77.2 87.0 6.2
Bot 72.1 63.5 70.3 74.3 82.9 73
Low 70.1 62.5 69.2 75.8 82.8 5.0

Table 11. Quantitative results for each Seen ([3, 5, 6, 23, 31, 33])
and Unseen ([1, 12, 42, 55, 58, 62, 75]) datasets according to fre-
quency selection strategies. We presents the mean performance for
each domain.

In this section, we present the performance of
MADGNet according to frequency selections Top (Ours),
Bot, and Low with S = 3 and F = 16 in Tab. 11. The
set of DCT basis images according to each frequency selec-
tion strategy can be seen in the Fig. 9. We report the mean
performance of seen and unseen datasets.

10. Technical Innovation, Design Principle and
Interpretability of MADGNet

Motivated by papers [36, 66], to extract discriminative fea-
tures in both the frequency and spatial domains, we intro-
duced dual attention modules with multiple statistic infor-
mation of frequency (MFCA) and two learnable informa-
tion flow parameters in multi-scale (MSSA). The causal ef-
fect of MFMSA block is interpreted as follows: 1) MFCA
emphasizes the salient features while reducing the influ-
ence of noisy features by focusing on the frequency of in-
terest, characterized by high variance of frequency in med-
ical domain (Fig.1). 2) MSSA captures more reliable dis-
criminative boundary cues (Fig.6) for lesions of various
sizes by combining foreground and background attention



with multi-scale attention and information flow parameters.
Our approach distinguishes itself by successfully integrat-
ing both attentions with dilated convolution and downsam-
pling, a pioneering endeavor in the medical domain.

11. Metrics Descriptions

* Mean Dice Similarity Coefficient (DSC) measures the
similarity between two samples and is widely used in
assessing the performance of segmentation tasks, such as
image segmentation or object detection. Higher is better.

e Mean Intersection over Union (IoU) measures the ratio
of the intersection area to the union area of the predicted
and ground truth masks in segmentation tasks. Higher is
better.

* Mean Weighted F-Measure Fg’ is a metric that combines
precision and recall into a single value by calculating
the harmonic mean. “Weighted” often implies that it
might be weighted by class frequency or other factors
to provide a balanced measure across different classes.
Higher is better.

e Mean S-Measure S, is used to evaluate the quality
of image segmentation, specifically focusing on the
structural similarity between the predicted and ground
truth segmentation. Higher is better.

* Mean E-Measure E;'*" assesses the edge accuracy in
edge detection or segmentation tasks. It evaluates how
well the predicted edges align with the ground truth
edges. Higher is better.

* Mean Mean Absolute Error (MAE) calculates the average
absolute differences between predicted and ground truth
values. Lower is better.

12. More Qualtative and Quantitative Results

In this section, we provide the quantitative results with var-
ious metrics in Tab. 12, 13, 14, 15, and 16. We report the
mean performance of three trials for all results. (-) denotes
a standard deviation of three trials. Red and Blue are the
first and second best performance results, respectively. We
also present more various qualitative results on datasets in
Fig. 12, 13, 14, 15, and 16.

ISIC2018 [23] = ISIC2018 [23]

Method DSCT mhoUT F@1  Sa1 EJ™ 1 MAEJ
UNet [52] 87.3 038 80207 87900 80401 91.300 4.7 00
AttUNet [45] 87.8 0.n 80.50.1 86.502 80501 92001 4500
UNet++ [74] 87.3 02 80.20.1 86302 80.1o0n 91.602 4700
CENet [22] 89.1 02) 82.1 .1y 88.1 02 81.3@n 93.002 4301

TransUNet [7] | 87.3 02 81.202 88.602 80.802 91902 4201
FRCUNet [4] | 889 o.1) 83.1 02 89.300 82001 93902 3.70.1
MSRFNet [57] | 88.2 02 81.302 86902 80.701 92002 4.7 0.1
HiFormer [26] | 88.7 0.5 81.9 05 87.606 80.805 92.605 4403
DCSAUNet [67] | 89.0 03) 82.0 03 87.803 8l.4©n 92903 4401
M2SNet [73] | 89.2 02 83.402 88901 81801 93.801) 3.7 00

MADGNet 90.2 0.1y 83.7 02 89.202 82.00.1 94.103 3.602
ISIC2018 [23] = PH2 [42]

Method DSCT mlUT FY T S.T EJ™ T MAE]

UNet [52] 90.3 0. 83.501 88401 74801 90.8©1H 6.9 00

AttUNet [45] 89.9 02) 82.603 87303 74802 90.802 6.702

UNet++ [74] 88.0 03 80.1 03 85702 73201 89202 7901
CENet [22] 90.50.n 833 @1 87301 75100 91501 6.00.D
TransUNet [7] | 89.5 03) 82.104) 86.9 04 74302 90302 6.702
FRCUNet [4] [90.6 0.1) 83.4 02 87402 75402 91701 5901
MSRENet [57] |90.5 03 83503 87503 75000 91402 6.003
HiFormer [26] | 86.9 (1.e) 79.1 1.8) 83.2(1.9 7291 88.6014 8.009
DCSAUNet [67] | 89.0 04) 81.503) 85702 74003 90.203 6.9 ©04)
M2SNet [73] [ 90.7 ©03) 83.505 87.6 04 75503 92.002 5902
MADGNet 91.3 0.1y 84.601) 88.4 1 76201 92801 5.10.1

Table 12. Segmentation results on Skin Lesion Segmentation
(Dermatoscopy) [23, 42]. We train each model on ISIC2018 [23]
train dataset and evaluate on ISIC2018 [23] and PH2 [42] test
datasets.

COVID19-1 [33] = COVIDI19-1 [33]

DSCT mloU T Fé“ T Sa T Eg“” 1T MAE |
47.7 06 38.6 06 36.102 69.601 62707 2.100
57502 48402 45308 74502 66023 1.700

UNet++ [74] 65.6 07 57.108 54489 78833 73262 1303

CENet [22] 76.3 04) 69.2 05 64.402 83202 76.603) 0.600)
TransUNet [7] | 75.6 04) 68.8 02 63.402 82703 75501 0.700
FRCUNet [4] |77.303) 70402 66.004 84.002 78406 0.7 00

MSRFNet [57] | 75.2 04 68.0 0.4 63.4 04 82.702 76306 0.8 ©0

HiFormer [26] | 72.9 14 63.3 15 60.21.0 80.808 76.01.0 0.8 .1
DCSAUNet [67] | 75.3 04 68.2 04 63.1 06 83.003 77.305 0.7 0.0

M2SNet [73] | 81.7 04 74.7 05 68.3 07 85702 80.104 0.6 00

Method

UNet [52]
AttUNet [45]

MADGNet 83.7 02 76.8 02 70.202 86302 81501 0.500
Method COVID19-11£33] = COVID19-%IE1:1

DSCT mbUT FF 7T Sa T EF T MAE |

UNet [52] 47.1 07 37.7 06 46.7 08 68702 68.61.0 1.000)

AttUNet [45] |43.7 08) 35208 44507 67905 64.006 1.000)
UNet++ [74] | 50.538) 40937 50.6 46 69813 7576 1.002)
CENet [22] 60.1 03) 49903 61.103 73401 80.103 1.100
TransUNet [7] | 56.9 a.0) 48.0 07 58.0©.1 72.502 80.013 0.8 0.0
FRCUNet [4] | 629 a1y 52.7 09 63.702 74503 82.107 1402
MSRFNet [57] | 58.3 0.8) 48.4 06 59.1 09 72702 79808 1.0 @1
HiFormer [26] | 54.1 a.0) 44.508 55210 70905 78007 1.00.1
DCSAUNet [67] | 52.4 12y 44.0 07 52.002 71301 76331 1.0 01)
M2SNet [73] | 68.6 0.1) 58.9 02) 68.5 02 76.9 1) 86104 1.10.1
MADGNet 72.2 03) 62.6 03 72305 78201 88.102 I1.0©01

Table 13. Segmentation results on COVID19 Infection Segmen-
tation (Radiology) [1, 33]. We train each model on COVID19-1
[33] train dataset and evaluate on COVID19-1 [33] and COVID19-
2 [1] test datasets.
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Figure 12. Qualitative comparison of other methods and MADGNet on Skin Lesion Segmentation (Dermoscopy) [23, 42]. (a) Input
images, (b) UNet [52]. (c) AttUNet [45], (d) UNet++ [74], (e) CENet [22], (f) TransUNet [7], (g) FRCUNet [4], (h) MSRFNet [57], (i)
HiFormer [26], (j) DCSAUNet [67], (k) M2SNet [73], (1) MADGNet (Ours). and Red lines denote the boundaries of the ground
truth and prediction, respectively.
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Figure 13. Qualitative comparison of other methods and MADGNet on COVID19 Infection Segmentation (Radiology) [1, 33]. (a) Input
images, (b) UNet [52]. (c) AttUNet [45], (d) UNet++ [74], (e) CENet [22], (f) TransUNet [7], (g) FRCUNet [4], (h) MSRFNet [57], (i)
HiFormer [26], (j) DCSAUNet [67], (k) M2SNet [73], (1) MADGNet (Ours). and Red lines denote the boundaries of the ground
truth and prediction, respectively.
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Figure 14. Qualitative comparison of other methods and MADGNet on Breast Tumor Segmentation (Ultrasound) [3, 75]. (a) Input
images, (b) UNet [52]. (c) AttUNet [45], (d) UNet++ [74], (e) CENet [22], (f) TransUNet [7], (g) FRCUNet [4], (h) MSRFNet [57], (i)
HiFormer [26], (j) DCSAUNet [67], (k) M2SNet [73], (1) MADGNet (Ours). and Red lines denote the boundaries of the ground
truth and prediction, respectively.
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Figure 15. Qualitative comparison of other methods and MADGNet on Cell Segmentation (Microscopy) [6, 12]. (a) Input images, (b)

UNet [52]. (c) AttUNet [45], (d) UNet++ [74], (e) CENet [22], (f) TransUNet [7], (g) FRCUNet [4], (h) MSRENet [57], (i) HiFormer
[26], (j) DCSAUNet [67], (k) M2SNet [73], (1) MADGNet (Ours). and Red lines denote the boundaries of the ground truth and
prediction, respectively.
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Figure 16. Qualitative comparison of other methods and MADGNet on Polyp Segmentation (Colonoscopy) [5, 31, 55, 58, 62]. (a) Input
images, (b) UNet [52]. (c) AttUNet [45], (d) UNet++ [74], (e) CENet [22], (f) TransUNet [7], (g) FRCUNet [4], (h) MSRFNet [57], (i)
HiFormer [26], (j) DCSAUNet [67], (k) M2SNet [73], (1) MADGNet (Ours). and Red lines denote the boundaries of the ground
truth and prediction, respectively.
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CVC-ClinicDB [5] + Kvasir-SEG [31] — CVC-ClinicDB [5]
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MADGNet 81300 73404 72504 83802 9703 36ab Method CVC-ClinicDB [5] + Kvasi-SEG [31] — KvasirSEG [31]
Method BUSI [3] = STU [75] DSCT mloU T FZ; T Sa T E‘g‘” T MAE]
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MADGNet [884a0 799as 86405 86209 3590y 2604 Method CVC-ClinicDB [5] + Kvasir-SEG [31] — CVC-300 [62]
DSC1T mloU T F;a“ T Sa T E;”‘” T MAE]
Table 14. Segmentation results on Breast Tumor Segmentation UNet[52] [ 66.1 23 585@n 65022y 79700 800c4 L1701
2 : : AttUNet [45] [ 63.003) 57.2 04 62404 79.103 76.609 1.8 @00
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Table 15. Segmentation results on Cell Segmentation (Mi- Table 16.  Segmentation results on Polyp Segmentation

croscopy) [0, 12]. We train each model on DSB2018 [6] train
dataset and evaluate on DSB2018 [6] and MonuSeg2018 [12] test

datasets.

(Colonoscopy) [5, 31, 55, 58, 62].
CVC-ClinicDB [5] + Kvasir-SEG [31] train dataset and evaluate
on CVC-ClinicDB [5], Kvasir-SEG [31], CVC-300 [62], CVC-
ColonDB [58], and ETIS [55] test datasets.

We train each model on
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