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1. Background & Motivation
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CNN for medical image segmentation

Recent researches on data augmentation: https://twitter.com/AtoAndyKing/status/1147189669462970369
A collection of SOTA segmentation methods: https://github.com/JunMall/SOTA-MedSeg



https://twitter.com/AtoAndyKing/status/1147189669462970369
https://github.com/JunMa11/SOTA-MedSeg

1. Background & Motivation

Two commonly used loss functions
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1. Background & Motivation
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2. Boundary Loss

Aim: minimize the distance between two boundaries

d—

Figure 2: The relationship between differential and integral approaches for evaluating boundary
change (variation).
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2. Boundary Loss

Aim: minimize the distance between two boundaries

[Boykov et al. 2006]
Dc(q) = llg —za6(9)||

Dist(dG,dS) =2 | Dg(q)dg

Figure 2: The relationship between differential and integral approaches for evaluating boundary
change (variation).

(b) Integral AS (-2-)_ )



2. Boundary Loss

Aim: minimize the distance between two boundaries

’l 1Dist(9G, dS)
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2. Boundary Loss

CNN outputs sg(q) Omit
Jf R — i
1 I i
—Di — — — A —)
;Dis(9G.5) = [ dola)da— [ do(a)dg = [ salafiafa—i[ do(@s(adg | @
bela) = {—DG(*’H itqeG s(g)=1ifgesS
De(q) otherwise

boundary loss k
5‘5’3(9):/9%(4)59(61)0’@ <
In the experiments, boundary loss Is used D:(q) = llg — 206(q)|

In conjunction with generalized dice loss. D
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ISLES

3. Experiments: datasets

ISLES: The training dataset provided by the ISLES organizers is composed of 94 ischemic stroke
lesion multi-modal scans. In our experiments, we split this dataset into training and validation
sets containing 74 and 20 examples, respectively. Each scan contains Diffusion maps (DWI) and
Perfusion maps (CBF, MTT, CBV, Tmax and CTP source data), as well as the manual ground-truth
segmentation. More details can be found in the ISLES website>.

WMH: The public dataset of the White Matter Hyperintensities (WMH)* MICCAI 2017 chal-
lenge contains 60 3D T1-weighted scans and 2D multi-slice FLAIR acquired from multiple vendors
and scanners in three different hospitals. In addition, the ground truth for the 60 scans is provided.
From the whole set, 50 scans were used for training, and the remaining 10 for validation.

Ground truth GDL GDL w/ boundary loss

WMH




3. Experiments: training protocol

Model: 2D U-Net aZop(0)+ (1 —o).ZB(0)
Optimizer: Adam

Learning rate: 0.001; halved if the validation performances do not improve during 20
epochs

Batch size: 8

Server: NVIDIA GTX 1080 Ti GPU with 11GBs of memory

Code: pytorch. https://github.com/LIVIAETS/surface-loss

Others: o was initially set to 1, and decreased by 0.01 after each epoch, until it reached the

value of 0.01.


https://github.com/LIVIAETS/surface-loss

3. Experiments: results

Table 1: DSC and HD values achieved on the validation subset. The values represent the mean
performance (and standard deviation) of 2 runs for each setting.

ISLES WMH
LLoss DSC HD (mm) DSC HD (mm)
LB 0.321 (0.000) NA 0.569 (0.000) NA
Zcp 0.575(0.028) | 4.009 (0.016) || 0.727 (0.006) | 1.045 (0.014)
Zop+ Zp | 0.656 (0.023) | 3.562 (0.009) || 0.748 (0.005) | 0.987 (0.010)
15 ISLES: Validation DSC over time S ISLES: Validation Hausdorff over time
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3. Experiments: results

Table 1: DSC and HD values achieved on the validation subset. The values represent the mean
performance (and standard deviation) of 2 runs for each setting.

ISLES WMH
LLoss DSC HD (mm) DSC HD (mm)
LB 0.321 (0.000) NA 0.569 (0.000) NA
6D 0.575 (0.028) | 4.009 (0.016) | 0.727 (0.006) | 1.045 (0.014)
“Lcp+ L5 | 0.656 (0.023) | 3.562 (0.009) || 0.748 (0.005) | 0.987 (0.010)

Preliminary results on ACDC (4 classes): might work as stand-alone |0ss.

Ground truth Boundary loss alone

https://www.youtube.com/watch?v=2MWUE00J6fo



https://www.youtube.com/watch?v=2MWuEoOJ6fo

4. Beyond Boundary Loss
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4. Beyond Boundary Loss
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4. Beyond Boundary Loss
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Both dice loss and
boundary loss aim to
minimize the mismatch
region.

The key difference is
weighting method.

Dg(q) = |lg —za6(q) |

Dist(9G,dS) = 2 Dg(q)a’q
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4. Beyond Boundary Loss

The whole loss function picture
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Which one should we use for medical image segmentation tasks?




4. Beyond Boundary Loss

The whole loss function picture

| don't Know

WCE  DPCE. SIARN
;.l EXp EERE—
. ,f’ &
Weight class Distance map /
We
] ) Loss
? Level set loss
Focal T

Which one should we use for medical image segmentation tasks?



4. Beyond Boundary Loss

But, there are some side evidences...

(b) Average Dice coefficients (mean+4std%) with respective to the ground truth.

Proposed network with linear Dice loss, logarithmic Dice loss, and weighted cross-entropy

1. 87+1 2. 47438 3. 32440 4. 72436 5. 50441 6. 30437 7. 31438
E [1 — Dice;] (2) 8. 040 9. 0+0 10. 34+42 11. 8841  12. 86+1 13. 88+1  14. 32439 o
15. 040 16. 54+44 17. 040 18. 51442 19. 35+43 Average: 43+11 che + Cross entropy
1. 8441 2. 61+30 3. 8342 4. 90+1 5. 8142 6. T3+2 7. 7812
Lpice(y = 1) (2) 8. 6842 9. 7442 10. 8541  11. 8741  12. 85+1  13. 88+1  14. 7942
15. 5943  16. 89+1 17. 79+1  18. 8642 19. 88+1 Average: 80+2
1. 87+1 2. 5645 3. 7943 4. 8642 5. T6+3 6. 67+2 7. 7T3+6
Loross (7 = 1) (3) 8. 59+4 9. 65+4 10. 83+2 11. 87+2 12. 85+1 13. 89+1 14. 75+3
15. 5446  16. 8941 17. 76+3  18. 8441 19. 86+1 Average: T7+2 Lixp = WpiceLbice + Weross Lross (1)
P sed net k with L t diff t values of
roposec NetWork Wk “BExp 8L CTOTOM VAN 0T Y with wpice and weyess the respective weights of the exponential logarithmic Dice
1. 87+2 2. 7813 3. 84+1 4. 9041 5. 82+1 6. T4+2 7. 7843 loss (Lpice) and the weighted exponential cross-entropy (Lcross):
Lgxp(y =1) (1) 8. 6843 9. 7541 10. 8343 11. 8741 12. 8640 13. 89+1  14. 80+1
15. 6441 16. 90+1  17. 804+2 18. 8642 19. 88+1 Average: 81+1 _ 9 8:(%) pi(x)) + €
Lpice = E[(— In(Dice;)) ™| with Dice; = (3 0r(x) pilx)) (2)
1. 7947 2. 61+15 3. 74+6 4. 75+10 5. 67+12 6. 62+8 7. 66+10 (2 ok du(x) +pi(x)) +e
Lgxp(y =2) (1) 8. 52417 9. 56415 10. 64412 11. 7848 12, 7847  13. 8444 14, 64+11 Lorass = B [wr (— In(pe(x))) =] (3)
15. 4610 16. 7710 17. 60+16 18. 6715 19. 67+15 Average: 67+11 ’
1. 8841 2. TT42 3. 8441 4. 9141 5. 8241 6. T4+1 7. 7842
Lpsxp(y =0.3) (1)  8.69+2 9. 7542 10. 86+1 11. 8941 12. 86+1 13. 89+0 14. 81+1
15. 6245 16. 9141 17. 80+1 18. 87+1 19. 89+1 Average: 82+1
V-Net with the best Ly, at v = 0.3
V-Net 1. 84+2 2. 67T 3. 80+4 4. 8714 5. T8+3 6. 6715 7. 7T3+6
L ( ~0.3) (1) 8. 5947 9. 6545 10. 7245 11. 8542 12. 8244 13. 8612 14. 7247
ExplY = 15. 48+8 16. 8216 17. 707 18. 75+6 19. 78+6 Average: T41+4

Wong, Ken CL, et al. "3d segmentation with exponential logarithmic loss for highly unbalanced object
sizes." International Conference on Medical Image Computing and Computer-Assisted Intervention. 2018.



4. Beyond Boundary Loss

But, there are some side evidences...

TABLE V. Comparisons of test performances of models
trained with different loss functions, evaluated with Dice co-

cfficients. Dice + Focal loss
Anatomy Dice Exp.‘ Log. |Dice +|Dice + cross
loss Dice focal entropy

Brain Stem | 85.1 85.0 86.1 85.2
Chiasm | 50.1 50.0 52.2 48.8
Mand. 91.5 89.9 90.0 91.0
Optic Ner L | 69.1 67.9 68.4 69.6
Optic Ner R| 66.9 65.9 69.1 67.4
Paro. L. | 86.6 86.4 87.4 88.0
Paro. R | 85.6 34.8 36.3 86.9
Subm. L | 78.5 76.3 79.6 77.8
Subm. R | 77.7 78.2 79.8 78.4
Average | 76.8 76.0 T7.7 77.0

Zhu, Wentao, et al. "AnatomyNet: Deep learning for fast and fully automated whole-volume segmentation of head
and neck anatomy." Medical physics 46.2 (2019): 576-589.



4. Beyond Boundary Loss

But, there are some side evidences...

BraTS Liver lowres Liver fullres Hippocampus |Prostate Lung nodule ‘Pa ncreas
Vanilla nnU-Net 0.72 0.79 0.78 0.89 0.77 D.65| 0.65
Batch norm instead of Inst. norm 1.0% -0.1% 2.9% -0.1% -1.3% -3.7%
No feature map normalization 1.1% -4.6%_ -0.2% -4.2%
RelU instead of LeakyRelU 0.6% 0.0% 1.0% -0.1% -0.2%
No data augmentation -0.8% -4.9% 1.5% -1.5% -0.4%
Only cross-entropy loss -0.6% -6.3% 0.0% -1.4%

Only dice loss 0.9% -2.5% -10.1% -0.3% -3.0%

Dice + Cross entropy

Isensee, Fabian, et al. "nnU-Net: Breaking the Spell on Successful Medical Image Segmentation.” arXiv preprint
arXiv:1904.08128 (2019).



4. Beyond Boundary Loss

But, there are some side evidences...

Table 1: DSC and HD values achieved on the validation subset. The values represent the mean
performance (and standard deviation) of 2 runs for each setting.

ISLES WMH
Loss DSC HD (mm) DSC HD (mm)
) 0.321 (0.000) NA 0.569 (0.000) NA Dice + Bou ndary IOSS
Zcp 0.575 (0.028) | 4.009 (0.016) | 0.727 (0.006) | 1.045(0.014)
“Lop+-Zs | 0.656 (0.023) | 3.562 (0.009) || 0.748 (0.005) | 0.987 (0.010)

Kervadec, Hoel, et al. "Boundary loss for highly unbalanced segmentation.” International Conference on Medical Imaging
with Deep Learning. 20109.



Take home message

» Boundary loss is compliment to regional losses (e.g, Dice loss). It can be
used for any standard segmentation networks.
» Using compound loss functions is a better choice for medical image

segmentation tasks.

A collection of loss functions https://github.com/JunMal1/Segl 0ss



https://github.com/JunMa11/SegLoss

Thanks for your attention!



