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Appendix of chapter 5

In this appendix we provide a detailed results for the proposed methods and associated
experiments in terms of DSC and %95 HD.

Table 1: The effect of network input for the different architectures on the validation
set (HMC) in terms of DSC. Higher values are better. Here, ⊕ is the concatenation
operation, and ·‖· represents the inputs to the segmentation network (left of ‖) and
the inputs to the registration network (right of ‖).

Prostate Seminal vesicles Rectum Bladder
Network Input Output path µ±σ median µ±σ median µ±σ median µ±σ median

Seg

I f 0.84±0.03 0.84 0.60±0.14 0.62 0.75±0.10 0.77 0.90±0.07 0.93
I f ⊕Sm 0.85±0.05 0.86 0.66±0.16 0.72 0.79±0.12 0.82 0.93±0.03 0.94
I f ⊕ Im 0.66±0.08 0.67 0.39±0.21 0.40 0.39±0.21 0.41 0.91±0.08 0.93

I f ⊕ Im ⊕Sm 0.86±0.04 0.87 0.64±0.16 0.70 0.78±0.08 0.78 0.93±0.03 0.94

Reg
I f ⊕ Im 0.85±0.06 0.86 0.62±0.18 0.68 0.79±0.08 0.81 0.82±0.10 0.84

I f ⊕ Im ⊕Sm 0.82±0.08 0.83 0.60±0.17 0.65 0.77±0.08 0.80 0.79±0.13 0.83

JRS-reg
I f ⊕ Im 0.87±0.04 0.87 0.68±0.14 0.72 0.82±0.06 0.84 0.87±0.08 0.91

I f ⊕ Im ⊕Sm 0.87±0.04 0.87 0.67±0.15 0.72 0.83±0.06 0.84 0.87±0.08 0.91

Cross-stitch

I f || I f ⊕ Im
Segmentation 0.85±0.03 0.85 0.57±0.19 0.60 0.81±0.08 0.83 0.93±0.05 0.94
Registration 0.87±0.03 0.88 0.67±0.15 0.70 0.82±0.06 0.84 0.87±0.08 0.91

I f || I f ⊕ Im ⊕Sm
Segmentation 0.88±0.04 0.88 0.70±0.11 0.74 0.86±0.05 0.88 0.94±0.02 0.95
Registration 0.87±0.03 0.88 0.68±0.15 0.73 0.84±0.05 0.85 0.88±0.08 0.91

I f ⊕Sm || I f ⊕ Im ⊕Sm
Segmentation 0.77±0.11 0.79 0.52±0.19 0.57 0.80±0.05 0.80 0.93±0.03 0.94
Registration 0.85±0.04 0.85 0.66±0.14 0.72 0.80±0.06 0.82 0.87±0.08 0.90

I f ⊕ Im ⊕Sm || I f ⊕ Im ⊕Sm
Segmentation 0.88±0.04 0.89 0.67±0.15 0.72 0.85±0.05 0.86 0.94±0.03 0.95
Registration 0.86±0.04 0.87 0.67±0.16 0.72 0.83±0.06 0.84 0.88±0.08 0.91

Table 2: The effect of network input for the different architectures on the validation
set (HMC) in terms of %95 HD (mm). Lower values are better. Here, ⊕ is the
concatenation operation, and ·‖· represents the inputs to the segmentation network
(left of ‖) and the inputs to the registration network (right of ‖).

Prostate Seminal vesicles Rectum Bladder
Network Input Output path µ±σ median µ±σ median µ±σ median µ±σ median

Seg

I f 4.4±1.0 4.4 8.6±8.6 7.3 16.5±11.0 13.3 6.9±6.6 4.0
I f ⊕Sm 3.9±1.4 3.6 5.9±5.9 4.1 12.1±9.7 8.9 4.3±3.2 3.0
I f ⊕ Im 9.1±2.3 8.7 14.9±10.5 11.7 45.1±17.3 41.8 5.3±5.6 3.6

I f ⊕ Im ⊕Sm 3.8±1.1 3.6 7.3±9.2 4.2 11.5±6.7 9.6 3.3±1.5 3.0

Reg
I f ⊕ Im 5.5±4.5 4.0 5.6±4.1 4.3 11.0±6.4 9.4 15.7±9.6 12.1

I f ⊕ Im ⊕Sm 7.7±6.3 5.5 6.2±4.2 4.8 11.6±6.8 9.2 17.0±9.5 14.7

JRS-reg
I f ⊕ Im 3.6±1.3 3.0 4.5±3.0 3.3 9.6±5.7 8.2 13.1±10.1 9.4

I f ⊕ Im ⊕Sm 3.6±1.9 3.1 4.4±2.8 3.7 9.8±5.9 8.1 13.4±10.7 10.6

Cross-stitch

I f || I f ⊕ Im
Segmentation 5.1±2.3 4.4 9.5±9.6 6.1 17.2±14.0 12.6 5.0±6.6 3.0
Registration 3.3±0.9 3.0 4.7±3.0 3.7 10.1±6.3 9.0 12.6±10.0 9.4

I f || I f ⊕ Im ⊕Sm
Segmentation 3.0±1.0 3.0 4.3±1.7 3.9 9.5±6.2 7.2 3.3±2.9 2.3
Registration 3.2±0.9 3.0 4.5±3.3 3.6 9.8±6.3 8.6 12.2±10.1 9.7

I f ⊕Sm || I f ⊕ Im ⊕Sm
Segmentation 5.8±2.0 5.9 11.0±13.4 5.8 10.2±4.9 8.5 4.5±4.3 3.0
Registration 4.4±1.6 4.1 4.5±3.3 3.6 10.2±5.7 9.3 12.9±9.3 11.1

I f ⊕ Im ⊕Sm || I f ⊕ Im ⊕Sm
Segmentation 3.1±1.0 3.0 5.4±5.4 4.4 9.7±5.6 8.9 4.2±5.6 2.6
Registration 3.5±1.2 3.2 4.4±3.1 3.4 10.2±6.3 9.1 12.5±10.6 8.7
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Table 3: DSC values for the different networks and loss weighting methods for the
HMC dataset. Higher values are better.

Prostate Seminal vesicles Rectum Bladder
Network Weight Output path µ±σ median µ±σ median µ±σ median µ±σ median

JRS-reg
Equal Registration 0.84±0.16 0.89 0.67±0.25 0.79 0.76±0.14 0.79 0.79±0.17 0.88
Homoscedastic Registration 0.84±0.16 0.89 0.68±0.25 0.77 0.76±0.15 0.80 0.80±0.18 0.89
DWA Registration 0.83±0.16 0.88 0.66±0.25 0.78 0.74±0.15 0.79 0.76±0.18 0.84

Dense

Equal
Segmentation 0.83±0.15 0.88 0.55±0.29 0.65 0.78±0.16 0.81 0.88±0.11 0.93
Registration 0.83±0.16 0.88 0.66±0.25 0.75 0.76±0.15 0.80 0.79±0.16 0.87

Homoscedastic
Segmentation 0.84±0.16 0.89 0.63±0.27 0.75 0.79±0.16 0.82 0.87±0.13 0.93
Registration 0.84±0.16 0.88 0.68±0.25 0.78 0.77±0.14 0.80 0.78±0.17 0.86

DWA
Segmentation 0.84±0.15 0.89 0.58±0.28 0.67 0.79±0.15 0.83 0.88±0.12 0.93
Registration 0.84±0.16 0.89 0.67±0.24 0.76 0.76±0.15 0.79 0.79±0.16 0.87

SEDD

Equal
Segmentation 0.79±0.16 0.85 0.46±0.28 0.53 0.77±0.14 0.80 0.85±0.12 0.91
Registration 0.82±0.16 0.87 0.66±0.26 0.78 0.75±0.15 0.79 0.78±0.16 0.86

Homoscedastic
Segmentation 0.84±0.15 0.89 0.50±0.28 0.58 0.76±0.18 0.82 0.88±0.13 0.94
Registration 0.84±0.16 0.88 0.68±0.24 0.78 0.76±0.15 0.80 0.79±0.17 0.88

DWA
Segmentation 0.83±0.14 0.88 0.62±0.27 0.74 0.78±0.16 0.83 0.87±0.14 0.94
Registration 0.84±0.15 0.88 0.67±0.24 0.78 0.75±0.15 0.79 0.78±0.18 0.86

Cross-stitch

Equal
Segmentation 0.84±0.14 0.89 0.61±0.27 0.73 0.78±0.14 0.81 0.88±0.10 0.93
Registration 0.84±0.15 0.89 0.68±0.24 0.80 0.77±0.15 0.80 0.80±0.16 0.87

Homoscedastic
Segmentation 0.84±0.13 0.87 0.65±0.24 0.76 0.74±0.18 0.80 0.92±0.08 0.95
Registration 0.84±0.15 0.89 0.68±0.24 0.79 0.75±0.15 0.79 0.80±0.17 0.87

DWA
Segmentation 0.82±0.14 0.86 0.66±0.24 0.76 0.75±0.18 0.79 0.92±0.08 0.95
Registration 0.84±0.15 0.89 0.68±0.23 0.79 0.75±0.15 0.78 0.77±0.17 0.83

Table 4: %95 HD (mm) values for the different networks and loss weighting methods
for the HMC dataset. Lower values are better.

Prostate Seminal vesicles Rectum Bladder
Network Weight Output path µ±σ median µ±σ median µ±σ median µ±σ median

JRS-reg
Equal Registration 5.2±5.7 3.2 6.5±7.1 4.0 12.6±6.7 12.0 20.3±14.0 18.6
Homoscedastic Registration 5.7±5.9 3.7 6.2±7.1 3.6 13.0±7.3 11.5 18.5±14.0 13.0
DWA Registration 5.7±5.9 3.5 6.4±6.8 3.7 13.2±7.3 12.2 20.0±13.2 17.6

Dense

Equal
Segmentation 5.7±5.4 4.1 14.4±17.2 6.8 16.8±12.6 13.6 10.9±10.9 5.5
Registration 5.6±5.6 4.0 6.6±7.8 4.0 13.1±6.7 13.0 19.6±12.0 17.4

Homoscedastic
Segmentation 5.8±5.9 3.3 10.0±11.6 5.1 17.1±16.6 13.8 11.4±11.3 5.9
Registration 5.3±5.7 3.0 6.4±6.8 3.2 13.0±6.5 12.6 19.2±13.7 14.2

DWA
Segmentation 5.4±5.5 3.6 12.7±17.0 5.9 16.2±12.5 14.4 10.8±10.7 6.2
Registration 5.3±5.6 3.5 6.0±6.6 3.3 13.1±7.2 13.0 19.4±11.9 17.4

SEDD

Equal
Segmentation 8.5±7.1 6.0 18.9±19.5 8.6 16.7±11.9 14.7 12.7±11.0 8.5
Registration 5.6±5.8 3.6 6.7±7.2 4.1 13.3±7.0 12.0 19.0±12.7 15.2

Homoscedastic
Segmentation 5.7±5.5 3.9 16.0±16.3 10.6 18.8±16.5 15.3 9.4±9.9 4.1
Registration 5.5±5.6 3.3 6.3±6.7 3.6 13.3±7.3 13.0 18.8±13.5 14.6

DWA
Segmentation 6.2±5.4 4.4 11.5±14.0 5.0 16.8±14.4 13.0 9.5±10.8 4.4
Registration 5.8±5.7 4.0 6.4±7.4 3.6 13.4±7.5 12.5 21.9±11.5 19.0

Cross-stitch

Equal
Segmentation 5.8±5.4 4.0 12.2±15.8 5.0 17.0±14.7 14.0 10.8±11.3 4.4
Registration 5.1±5.5 3.2 6.2±8.6 3.3 12.6±6.7 12.0 19.1±12.5 16.2

Homoscedastic
Segmentation 5.9±5.4 4.1 7.8±7.4 4.6 20.5±18.9 14.7 7.8±8.7 3.1
Registration 6.2±5.6 4.5 6.1±7.2 3.2 13.5±7.3 13.5 19.4±12.3 16.3

DWA
Segmentation 6.7±5.8 4.2 7.6±9.1 4.1 20.7±18.6 14.9 7.5±8.8 3.5
Registration 6.0±5.7 4.1 6.1±6.8 3.4 13.5±7.5 13.6 21.5±11.6 20.1
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Table 5: DSC values for the different networks on the validation set (HMC). Higher
values are better.

Prostate Seminal vesicles Rectum Bladder
Network Output path µ±σ median µ±σ median µ±σ median µ±σ median
Seg Segmentation 0.84±0.03 0.84 0.60±0.14 0.62 0.75±0.10 0.77 0.90±0.07 0.93
Reg Registration 0.85±0.06 0.86 0.62±0.18 0.68 0.79±0.08 0.81 0.82±0.10 0.84
JRS-reg Registration 0.86±0.03 0.87 0.69±0.13 0.73 0.83±0.06 0.84 0.88±0.08 0.92

Dense
Segmentation 0.88±0.04 0.89 0.70±0.12 0.73 0.85±0.04 0.86 0.94±0.02 0.94
Registration 0.87±0.04 0.88 0.68±0.15 0.73 0.82±0.06 0.83 0.87±0.08 0.90

SEDD
Segmentation 0.87±0.04 0.88 0.69±0.12 0.72 0.83±0.07 0.84 0.93±0.02 0.94
Registration 0.86±0.04 0.87 0.69±0.13 0.74 0.82±0.06 0.83 0.88±0.08 0.92

Cross-stitch
Segmentation 0.88±0.04 0.88 0.70±0.11 0.74 0.86±0.05 0.88 0.94±0.02 0.95
Registration 0.87±0.03 0.88 0.68±0.15 0.73 0.84±0.05 0.85 0.88±0.08 0.91

Elastix [131] Registration 0.84±0.07 0.86 0.50±0.25 0.53 0.74±0.06 0.74 0.75±0.10 0.76
Hybrid [23] Registration 0.88±0.04 0.89 0.70±0.14 0.72 0.85±0.06 0.87 0.91±0.08 0.95
JRS-GAN [17] Registration 0.86±0.04 0.87 0.61±0.20 0.67 0.82±0.06 0.83 0.88±0.08 0.92

Table 6: % 95 HD (mm) values for the different networks on the validation set (HMC).
Lower values are better.

Prostate Seminal vesicles Rectum Bladder
Network Output path µ±σ median µ±σ median µ±σ median µ±σ median
Seg Segmentation 4.4±1.0 4.4 8.6±8.6 7.3 16.5±11.0 13.3 6.9±6.6 4.0
Reg Registration 5.5±4.5 4.0 5.6±4.1 4.3 11.0±6.4 9.4 15.7±9.6 12.1
JRS-reg Registration 3.8±1.3 3.2 4.1±2.8 3.2 9.9±6.2 8.4 11.7±10.3 9.2

Dense
Segmentation 3.2±1.0 3.0 5.8±7.6 3.9 9.6±5.8 8.0 3.8±3.9 2.8
Registration 3.4±1.1 3.2 4.4±3.0 3.2 10.5±6.0 9.0 12.6±9.2 10.2

SEDD
Segmentation 3.5±1.1 3.3 5.2±5.2 4.0 10.5±5.5 9.7 3.3±1.3 3.0
Registration 3.6±1.2 3.2 4.1±2.6 3.1 10.4±6.3 9.5 11.7±9.9 8.7

Cross-stitch
Segmentation 3.0±1.0 3.0 4.3±1.7 3.9 9.5±6.2 7.2 3.3±2.9 2.3
Registration 3.2±0.9 3.0 4.5±3.3 3.6 9.8±6.3 8.6 12.2±10.1 9.7

Elastix [131] Registration 4.0±1.7 3.7 6.0±3.4 5.6 10.9±5.2 9.8 15.3±8.3 13.6
Hybrid [23] Registration 2.9±0.9 2.8 3.8±2.2 3.1 7.7±4.5 6.1 5.7±4.6 3.3
JRS-GAN [17] Registration 3.4±1.2 3.0 5.3±3.0 4.6 10.1±6.1 8.4 11.0±9.6 7.6

Table 7: DSC values for the different networks on the independent test set (EMC).
Higher values are better.

Prostate Seminal vesicles Rectum Bladder
Network Output path µ±σ median µ±σ median µ±σ median µ±σ median
Seg Segmentation 0.73±0.11 0.77 0.37±0.30 0.28 0.67±0.10 0.68 0.91±0.07 0.93
Reg Registration 0.83±0.16 0.88 0.64±0.26 0.74 0.72±0.16 0.77 0.75±0.19 0.82
JRS-reg Registration 0.84±0.16 0.89 0.68±0.25 0.77 0.76±0.15 0.80 0.80±0.18 0.89

Dense
Segmentation 0.84±0.16 0.89 0.63±0.27 0.75 0.79±0.16 0.82 0.87±0.13 0.93
Registration 0.84±0.16 0.88 0.68±0.25 0.78 0.77±0.14 0.80 0.78±0.17 0.86

SEDD
Segmentation 0.84±0.15 0.89 0.50±0.28 0.58 0.76±0.18 0.82 0.88±0.13 0.94
Registration 0.84±0.16 0.88 0.68±0.24 0.78 0.76±0.15 0.80 0.79±0.17 0.88

Cross-stitch
Segmentation 0.84±0.14 0.89 0.61±0.27 0.73 0.78±0.14 0.81 0.88±0.10 0.93
Registration 0.84±0.15 0.89 0.68±0.24 0.80 0.77±0.15 0.80 0.80±0.16 0.87

Elastix [131] Registration 0.89±0.05 0.91 0.72±0.24 0.82 0.75±0.12 0.76 0.79±0.18 0.87
Hybrid [23] Registration 0.88±0.04 0.89 0.77±0.15 0.81 0.80±0.10 0.82 0.85±0.13 0.90
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Table 8: %95 HD (mm) values for the different networks on the independent test set
(EMC). Lower values are better.

Prostate Seminal vesicles Rectum Bladder
Network Output path µ±σ median µ±σ median µ±σ median µ±σ median
Seg Segmentation 10.7±5.4 9.3 21.4±17.9 15.4 30.5±12.9 29.0 11.2±8.5 10.0
Reg Registration 6.7±5.9 4.2 7.5±8.6 4.3 13.1±6.9 12.0 22.7±14.0 20.2
JRS-reg Registration 5.7±5.9 3.7 6.2±7.1 3.6 13.0±7.3 11.5 18.5±14.0 13.0

Dense
Segmentation 5.8±5.9 3.3 10.0±11.6 5.1 17.1±16.6 13.8 11.4±11.3 5.9
Registration 5.3±5.7 3.0 6.4±6.8 3.2 13.0±6.5 12.6 19.2±13.7 14.2

SEDD
Segmentation 5.7±5.5 3.9 16.0±16.3 10.6 18.8±16.5 15.3 9.4±9.9 4.1
Registration 5.5±5.6 3.3 6.3±6.7 3.6 13.3±7.3 13.0 18.8±13.5 14.6

Cross-stitch
Segmentation 5.8±5.4 4.0 12.2±15.8 5.0 17.0±14.7 14.0 10.8±11.3 4.4
Registration 5.1±5.5 3.2 6.2±8.6 3.3 12.6±6.7 12.0 19.1±12.5 16.2

Elastix [131] Registration 3.6±2.0 2.9 4.6±4.4 3.2 11.3±6.0 11.3 16.1±14.8 10.4
Hybrid [23] Registration 3.9±1.9 3.4 4.8±4.7 3.1 10.3±6.8 8.6 11.1±10.6 6.6
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