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Medical Image Segmentation
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Related Works: Multi-Scale based Method T g
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Fig. 2: Overview of the proposed multi-scale subtraction network.

Zhao, Xiaodi, et al. "M $2} $ SNet: Multi-scale in Multi-scale Subtraction Network for Medical Image Segmentation.”" arXiv preprint arXiv:2303.10894 (2023).




Related Works: Multi-Frequency based Method ol | i
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Figure 2. FRCU-Net with 1) Laplacian pyramid to take convolutional features to frequency domain and 2) frequency attention mechanism
for a non-linearly weighted combination of all levels of the pramid.

Azad, Reza, et al. "Deep frequency re-calibration u-net for medical image segmentation.” Proceedings of the IEEE/CVF International Conference on Computer Vision. 2021.
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Motivations

» Human vision seamlessly combines scales and frequencies for interpreting the environment.

» Since medical images contains various lesion sizes, it requires multi-scale features for precise
segmentation

» As medical images show higher frequency variance than scale, incorporating multi-frequency
information is crucial for effective segmentation models.

» Upsampling low-resolution feature maps for loss calculation compromises model representation,
leading to information loss in predicting details.




Modality-Agnostic Domain Generalizable Network
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Multi-Frequency in Multi-Scale Attention Block
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Multi-Scale Spatial Attention h
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Ensemble Sub-Decoding Module

Core Task Stream
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Algorithm 1 Ensemble Sub-Decoding Module for Multi-
task Learning with Deep Supervision L
Input: Refined feature map Y; from i-th MFMSA block z UpS—i (P lS l)
Output: Core task prediction T and sub-task predictions =0
{T:*,..., T;*} ati-th decoder
1: P{ = Conv2D,(Y;) ]
for!=1,2,...,L do » Our decoder has an ensemble effect as it aggregates

P;! = Conv2D, (Y; x o (Pi"™")). predictions of different tasks for the same legion.

1
end for
T;* =Ups_,; (P;*)
fori=L—-1,...,0do
Tfi =Up;_; (Pfl) + T:Hl
end for
return O; = {T;,T;*,... , T;*}
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Structure Loss Functions with 4 Stage Deep Supervision i (I sEAT
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» L. Loss function for the task t
1. Region Prediction (Core Task) Loss: Lz = Ly + L} e
2. Boundary Prediction (Sub Task 1) Loss: Lg = Ly,
3. Distance Map Prediction (Sub Task 2) Loss: Ly = L.,




Experiment

v Quantitative Results for Seen Clinical Settings

Dermoscopy Radiology Ultrasound Microscopy Colonoscopy
Method ISIC2018 [23] COVIDI19-1 [33] BUSI [3] DSB2018 [6] CVC-ClinicDB [5] Kvasir [31] P-value
DSC mloU DSC mloU DSC mloU DSC mloU DSC mloU DSC mloU

UNet [52] 87308 80207n | 47.706 38.6 06 | 69503 60.202 | 91.1 w2y 84303 | 76.508 69.1 09 | 80.503 T72.6 04 5.2E-06
AttUNet [45] 87.8w0.n 8050n | 57502 484 w02 | 71.3w04 62306 | 91.6 0.1y 85001 | 80.1we 74205 | 839w 77.1 01 | 4.1E-06
UNet++ [74] 87302 8020n | 65607 57108 | 72401 62502 | 91.6 01y 850w0n | 79702 73604 | 84303 T7.4 02 7.5E-07
CENet [22 89.1 02 82101 | 76304 69205 | 79706 71505 | 91.3 01 84.601n | 89.303 83402 | 89507 8390 1.0E-05
TransUNet [7] 87302 81208 | 75.6 04 68802 | 75505 68401 | 91.8 w03 85202 | 87402 82901 | 86404 81.3 04 9.9E-08
FRCUNet [4] 889 wn 83.1w2 | 77303 70402 | 81.2w2 73.303 | 90803 83804 | 91.8w2 87.002 | 88.8 w4 83.5 .6 6.6E-02
MSRFNet [57] 88.2w02 81302 | 75204 68.004 | 766 07y 68107 | 2I.9 0.y 85301 | 83209 76501 | 86.1 05  79.3 04 8.8E-07
HiFormer [26] 88.7w0s5 819ws | 72904 63305 | 79302 7080y | 90.7 w2 83.8w4 | 89.1we 83.7we | 88.110 823012 1.8E-05
DCSAUNet [67] | 89.0w03 82003 | 75304 68204 | 73. 705 65005 | 91.1 w02 84402 | 80502 73.7a1 | 82.6ws 75205 | 6.2E-07
M2SNet [73] 89.2 02 83402 | 81.7 04 74705 | 80408 T250n | 91.6 02 85103 | 92.8 08 88.2 08 | 90.2 05 85.1 (0.6 2.0E-05
SFSSNet 88.8w03 819w2 | 80.3ws 73.0w07 | 66.1 06 59308 | 91.5w02 84.002 | 90.7w0e 83.007 | 88.1 w06 82.2 07 2.2E-06
MFSSNet 88502 81802 | 80407 73104 | 81.00n 73202 | 91.6 01y 851w2 | 923 w05 87.7w05 | 899we 84707 | 5.1E-07
SFMSNet 89.2 03 82503 | 81403 74503 | 80.8w4a T73.003 | 91502 84904 | 92303 88.0w03 | 89.00e 84.1 .5 1.4E-04

MADGNet 90.2 0.1 83.702 | 83702 76802 | 81304 73405 | 92000 85501 | 93906 89505 [ 90.7 08 85.3 (08 -

Table 1. Segmentation results on five different modalities with seen clinical settings. We also provide one tailed ¢-Test results (P-value)
compared to our method and other methods. (-) denotes the standard deviations of multiple experiment results.




Experiment

v Quantitative Results for Unseen Clinical Settings

Dermoscopy Radiology Ultrasound Microscopy Colonoscopy
Method PH2 [42] COVID19-2[1] STU [75] MonuSeg2018 [12] | CVC-300[62] CVC-ColonDB [58] ETIS [55] P-value
DSC mloU DSC mloU DSC mloU DSC mloU DSC mloU DSC mloU DSC mloU
UNet [52] 90.3 .1y 83501 47.1 071 37706 |71.6 (1.0 61.607]29.251H 18935 |66.1 23 5850n|[5%.803 49002 (41.6 0.1 354 .0 | 1.1E-09
AttUNet [45] [89.9 (02 82.60.3)|43.7 08 35208 |77.006 68.01.7)|39.031) 265024 |63.003 5720456806 50005 |38.403 33.50.1|6.7E-09
UNet++ [74] | 88.0 0.3 80.10.3)150.538 4093777304 67.803) 25408 15305 643022 5842057504 50204 |39.1 24 34.0@n| 1.0E-05
CENet [22 90.5 .1y 83.30.1)|60.1 03 49903 |86.007n 77.209|27. 705 16900 |854 016 78201465906 59201 |57.0349 51405 | 4.5E-06
TransUNet [7] |89.5 03) 82.104)|569 1.0) 48.007) |41.4095 3214215985 96G5 |850w0e 7730363701 584 @3 |50.10s5 44.023 | 1.6E-06
FRCUNet [4] [90.6 (0.1 83.40.2)|62.9 a.1) 52.7 09 |86.5 23 77.227)|26.1 56 16843 |86.70.7 79.403)|69.11.00 62.609 |65.11.0 58405 |2.3E-05
MSRFNet [57] [90.5 0.3) 83.5 ©0.3)|58.3 08 48406 |84.055 752382 9100 5307 (723022 654022(61.50.0 54808 |38.30e 33.707| 1.0E-07
HiFormer [26] | 86.9 (1.6) 79.1 1.8)|54.1 1.0) 445 08)|80.729 7133221989 13267 8470y 77501 |67.6 04 60503 |56.732 50.1@33|2.5E-07
DCSAUNet [67] |1 89.0 0.4) 81.503) 52412 44.007|86.1 05 76508 | 4303 2409 |[68.940 5983957804 49304 |42.9 30 36.1 29| 1.3E-07
M2SNet [/3] |90.7 0.3) 83.5 0.5)|68.6 0.1) 58.9 02)|79.4 0.7) 69.3 0.6)|36.3 09 23.108) |89.9 02 83.203)|75.807n 68.505 |74.913) 67.8 0.4 |4.9E-02
SFSSNet 89802 8220465106 55503159.103 493 w07n|21.5072 14360 |81.7 w03 74.7 04 |65.6 04 58405 |56.4 @07 494 04 | 2.0E-07
MESSNet 90.2 (08) 83.3(09 |67.6 105 57.903)|66.1 08 59.3w02|[30.175 20565 |83.30a4 76.112[66.007n 59.108 |59.3 02 52.6 06 | 3.9E-04
SFMSNet 90.8 03y 83905 |67.70.1 58.003)|84.502 74301 |28.1109 18271 |84.202 7810075908 68308 |68.9 03 62.7 04| 7.9E-03
MADGNet 91.3 0.1y 84.6 (0.1)|72.2 03) 62.6 (03) | 88.4 1.00 79.9 (1.5) [46.7 43y 32.0 29) |87.4 04 79.9 04 |77.501n 69.702) |77.0 03 69.7 0.5 -
Table 2. Segmentation results on five different modalities with unseen clinical settings. We also provide one tailed 7-Test results (P-value)

compared to our method and other methods. (-) denotes the standard deviations of multiple experiment results.




Experiment

v" Qualitative Results
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Figure 5. Qualitative comparison of other methods and MADGNet. (a) Input images. (b) UNet [52]. (c¢) AttUNet [45]. (d) UNet++ [74].
(e) CENet [22]. (f) TransUNet [7]. (g) FRCUNet [4], (h) MSRFNet [57]. (1) HiFormer [26]. (j) DCSAUNet [67]. (k) M2SNet [73]. (1)
MADGNet (Ours). and Red lines denote the boundaries of the ground truth and prediction, respectively.




Experiment

v Ablation Study: Effectiveness of Multi-Scale & Multi-Frequency Attention
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Figure 6. Feature visualization of SFESS, MFESS, SEMS, MFMS.




Experiment

v Ablation Study: Effectiveness of Ensemble Sub-Decoding Module

Seen Unseen
DS Flow Task DSC mioU | DSC  mloU
P - R 908 857 | 752 632
Parallel R& D& B 915 866 | 762  69.9
Parallel R&D&B 908 859 | 737 668
V | Ensemble | R— D — B | 914 8.5 | 77.5 700
Ensemble | R+ D < B | 920 873 | 809 733

Table 4. Ablation study of E-SDM on the seen ([5, 31]) and un-
seen ([55, 58, 62]) datasets on Colonoscopy. DS denotes Deep Su-
pervision. R, D, B are region, distance map, and boundary task,
respectively. — and <+ denote E-SDM without and with backward

stream, respectively.
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Figure 7. Qualitative results between ensemble and parallel
manners. (a) Input Image, (b) and (c) Predictions from Stagel
(x16 Up) and Stage4 (x2 Up). First and second rows in (b) and
(c) are predictions with ensemble (Ours) and parallel manners.




Conclusion L Ry,

o We propose MADGNet, leveraging the benefits of multi-scale and multi-frequency
features, which are crucial for effective medical image segmentation.

o MFMSA enhances boundary cues extraction, improving segmentation accuracy.

o E-SDM mitigates information loss during multi-task learning, enhancing
segmentation performance.
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