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Improving Domain Generalization Performance for
Medical Image Segmentation by Self-Supervised Learning
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In recent years, deep learning technology has been widely used for medical image analysis. However, deep neural
networks tend to produce lower generalization performance for data in novel domains, which is a frequent scenario
in the field of medical imaging since the domain can be easily shifted by a patient’s physical characteristics and
image acquisition equipment. Meanwhile, self-supervised learning is recently known not only to further enhance
the performance of a model, but also to improve the robustness of it. Based on this finding, we empirically
demonstrated that a model’s domain generalization performance can be improved by using self-supervised
pre-training in this study. Moreover, we additionally found that data augmentation applied to the pretext task can
significantly impact on domain generalization performance of a model.
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Figure 1. A Framework of the Proposed Method

3.2 Inpainting Task
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3.3 Context Restoration Task

Context restoration> 2| 59/ £412] A5 &S 28 Al
O+H 27] A= 845 W o] TH(Chen et al., 2019). Inpainting*]
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Figure 2. Examples of Input Images for Each Method
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B AFo A AE3te HlolE] Al Japanese Society of
Radiological Technology(©]3} JSRT)(Shiraishi et al., 2000), Mon-
tgomery County(©]3} MC)(Jaeger et al., 2014) 18] 3 Shenzhen
(©13} SZ)(Jaeger et al., 2014) 2.2 Z 3712] HoJE] A& AL&-
He}. JSRT dlo)E] Al 51717} 2,048x2,0483] F= 247701 9] Chest
Xeray ©JF|A & 45 0] Ytk 1 F 15470 H 2A A9
ARdolH, v A] 937]= A4 olm|A|o|t}. MC H|o]E] Al
Montgomery Country’s Tuberculosis screening program.S.Z 5
E] B2 13870 2] Chest X-ray ©]1|A] Ho]E] Alo|t}. o] Z 58
e A3 &Ae] om|A| o), U] 8070 474919l ol
Zlolt}, o] A9 A7) 4,020%4,892 5-& 4,892x4,0200. 2
o] Fo]A Qlt}, SZ "o E Al F 6627119] Chest X-ray ] 7] A]
2 FAE] A3, 1 F 33670 2 $Ae om| Aotk 1}
2] 3267 74 olm AT o|m Al 8] A7) AErit T E
L, ol #-5-0] 3,000x3,000 F =] 2715 7171t} SZ Hlo|H
AL Y £ 2hlo] AFHA &7] Wl kaggleoll 574
ol = o £ 2hil-& A8 3 Thhttps:/www.kaggle.com/
yoctoman/shexr-lung-mask). o]t g9 £ o] EA3}1X]
AU 25 a9 HolE E Al9J3 521709 HiolHE A
Gotqith. 2% 2y © dolee v A7 7HIX 99
7HA H o YA OE FETF A4k, ehilo] AA| H ¢ g gt
A LA G= B2 FEE] Aok ol Higk A=
<Figure 3> YRt A8 A M AHEHE BE H o]
H & 256x256 2 Aol 2 & A 24319 1, A2 TH|Ql ol
Ae] 75 70%E T4 HolE A, Ur A 30%E HI2E Hol
E] Ao 2 ALg3tg T

AP a3 Al 7HA "oy Al 4 85 Ao g
As] e} Sol thr] Mo 27] the Euel o ol
o & APolAlE Eel Qus A 242 9130 shke) b
olf} A(hx EWR) O RS 5T T, SF FHollA
B2 53 ymA] 5 oy A =)ol thell 3 F
T8 Ase Bt &2 EuleA g 49 £ 453
B vl M) 9 £ 59 Afol7t Ao =l
Untsle] 450 F2 Z0E AT 4 Qloh B AT A e

e I B Hes HuFOEZN B =FolA Ak
o]l A7t A AP S

B AT e o 5G B4 Eobll A de] AHEE AL Sl
U-Nete 99 28 22 ARE-8FGIT U-Net2 Q1 T 9} 1 =2
HEZ PR Y EY =) Q39| ZblockS 27]2] 3x3 con-
volution@} 2x2 maxpooling &2 ©]F0] 2 o}, T3 H I =
2x2 up-convolution¥} 3x3 convolution ©-Z ©] ¥ & block-S 7}71
T} Inpainting task o]l T 8ll AFA 8H5-& e gk 7ol = &4 3
9] S 93] 500 o] F F2k v X Abe] 2 E 322 A A 3]
855 A H T} Generatordl] i3l A= 9 £ taskoll Al
A% = optimizer$} &L 3 A A& A8 3, discriminatoro]
A= 5, =0.5, 6, =0.999%] Adam optimizer (Kingma et al.,
2014)E AR2-3I3 T} Learning ratex= generator2] 73-%- 0.001,
discriminator+= 0.0001 2 A4 3}o] 8h53819] o1 M =9 decay
schedule> A-8-3}4] ket &8 ), = 0.001 2 AT}, o
23 ato] 3 gepu|E & ot A S 8l 4 e AR
747V et B S0l AGH o' o A E A
B33} Context restoration .2 AL 858 213 wjol=
P o]n| A& A Fst7] 9fal 20x20 ZL719] A E 34 TH
o] A2 A& v, o] & 303 REESFSATE o gA| A4
= oA 2 200 ol F Bt 2S5t T ofuf AR E<;
o AHE-E = HlolH Al 5 ¥ ETolA L EHQl o2 A
&8tz b vlo B AE AHERTE o] F H FY £ taskE
olghgg Ny ol = wjA] Ato] 25 322 A 8E 120
% 5t S 85 AIZT Optimizert Adam= AH-3FS
S, weight decay= 0.0001, 3, =0.5, 8, =0.999, ¢ =0.001 = A
3 3t} Learning ratex= 0.001-= AH8-3}51 T}

B AT e FEHOE W9 2 E ZA 8= H|olE
7 71E A g8t ek 2 & 2dste a4e v
g o]u] A ult} Uniform(0.6, 1.4) HZZHE F2A9 2 54
& AT BlolE T2 71 FY B taskoll A
AgatHom, AL AA A= FLe HolH T4 7HE A
&3 A} A Lot e AR vy vadd sisln olE
ol & ATl s AR A o] A8H = HolH F4 71 ol
el Gutst sl FEFe v 5 e Selsknh

bri

Figure 3. Examples of Mislabeled Data in SZ Dataset
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Figure 4. Results from Models Trained with Pretext Tasks
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Table 1. Segmentation Performance with Data Augmentation at Pretraining Phase

Baseline Context restoration Inpainting
JsC 0.958+0.004 0.957+0.003 0.959+0.002
Source ISRT DSC 0.978+0.002 0.978+0.002 0.979+0.001
domain ACD 0.997+0.141 0.9830.063 0.94320.045
ASD 0.698+0.036 0.715+0.037 0.688+0.022
JsC 0.901+0.015 0.912+0.013 0.912+0.011
Target MC DSC 0.9460.009 0.952+0.007 0.952+0.008
domain 1 ACD 3.028+1.345 1.976+0.284 2.009+0.233
ASD 1.226+0.207 1.051+0.093 1.037+0.055
IsC 0.875+0.025 0.904i0.012: 0.906:&0.005’;
Target 7 DSC 0.93240.015 0.949+0.007 0.950+:0.003
domain 2 ACD 4.101£1.075 2.655+0.839" 2.485+0.21"
ASD 1.481£0.215 1.183+0.1348" 1.173+0.037"
Baseline Context restoration Inpainting
JsC 0.9560.003 0.954+0.006 0.957+0.003
Source MC DSC 0.977+0.002 0.976+0.003 0.9780.002
domain ACD 0.970+0.127 1.103+0.205 0.983+0.127
ASD 0.656+0.022 0.673+0.037 0.663+0.021
JSC 0.880+0.03 0.821+0.086 0.855+0.043
Target ISRT DSC 0.9340.019 0.890+0.066 0.917+0.029
domain 1 ACD 2.8360.6 427241914 3.473+0.931
ASD 1.291+0.123 1.503+0.34 1.414+0.176
JsC 0.867+0.026 0.893+0.018 0.89420.005"
Target <7 DSC 0.926+0.016 0.942+0.011 0.943+0.003"
domain 2 ACD 5.107+1.147 3.728+0.894" 3.558+0.611"
ASD 1.608+0.221 1.337+0.145 1.345+0.0688"
Baseline Context restoration Inpainting
AN 0.929+0.002 0.930+0.003 0.931=0.002
Source 7 DSC 0.9630.001 0.9630.002 0.96420.002
domain ACD 1.437£0.05 1.422+0.066 1.448+0.069
ASD 0.936+0.021 0.921+0.016 0.925+0.022
JsC 0.9310.004 0.935+0.008 0.9360.004
Target MC DSC 0.964+0.002 0.966+0.004 0.967+0.002"
domain 1 ACD 1.534+0.083 1.445+0.148 1.40120.069"
ASD 0.9760.048 0.934+0.088 0.91120.046"
JsC 0.935+0.004 0.9230.023 0.93120.01
Target JSRT DSC 0.966+0.002 0.959+0.013 0.964+0.005
domain 2 ACD 1.474+0.09 1.789+0.530 1.609+0.244
0.951+0.033 1.0200.142 0.977+0.078

Tuberculosis patient’s X-ray images in SZ

Solitary Pulmonary Nodule(SPN) patient’s X-ray images in JSRT

Figure 5. Examples of Tuberculosis and SPN Patient’s X-ray Image
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Table 2. Average Improvement of Segmentation Performance(%)
With Data Augmentation
Source domain Target domain
JSC DSC ACD ASD JSC DSC ACD ASD
Context restoration -0.1 -0.06 -3.76 -1.52 0.01 -0.18 2.87 3.19
Inpainting 0.15 0.08 1.06 0.19 0.86 0.42 10.22 5.73
Without Data Augmentation
Source domain Target domain
JSC DSC ACD ASD JSC DSC ACD ASD
Context restoration -0.61 -0.34 -12.92 -2.64 -3.89 -2.65 -27.28 -8.34
Inpainting -1.58 -0.85 4878 -18.94 -8.62 -6.02 -63.82 2943
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Table 3. Segmentation Performance for 90 Degree Rotated Test Images
Source domain(JSRT) Target domain 1+Target domain 2(MC+SZ)
Jsct DSC 1 ACD| ASD | jsct DSC 1 ACD| ASD |
Baseline 0.615 0.757 9.603 2.655 0.506 0.665 12.546 3214
Context restoration 0.642 0.776 8.878 2.503 0.511 0.668 11.453 2917
Inpainting 0.652 0.785 8.350 2.407 0.541 0.690 10.334 2.790
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