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the knee joint in MR images
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Abstract : Auto-segmentation of the knee joint in magnetic resonance (MR) images is significant for clinical requirements. However, it
is challenging due to that the segmentation targets have dramatically different sizes. In this study, an end-to-end DRD U-Net is
proposed, which is based on the deep learning framework. The residual module is used as the basic module in the U-Net model, which
increases the ability of reusing feature maps. The parallel dilated convolution modules are used to achieve different receptive fields,
which can overcome the limitations of single receptive field in the U-Net model and effectively improve the segmentation capability with
targets of different sizes. The multi-output fusion deep supervision module is designed to directly utilize the feature maps of different
levels. In this way, the information complementarity is obtained, the consistency and accuracy of the segmented regions are improved.
The proposed algorithm is evaluated by using the public OAI-ZIB data set. The average segmented surface distance is 0.2 mm, the root
mean square surface distance is 0.43 mm, the Hausdorff distance is 5.22 mm, the average dice similarity coefficient (DSC) is
93.05% , and the volume overlap error is 3. 86%. Compared with the conventional U-Net and other currently available models, the
proposed DRD U-Net has better segmentation accuracy.
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Fig. 1 The knee with an atlas for reference
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Fig.2  Structure of the basic U-Net model
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Fig.3  Structure of the proposed DRD U-Net model
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Fig. 9  Qualitative comparison of auto-segmentation results

with different models

AN, A 10 Frs, 76K 10 (a) T T4 %03 4 4%
HA BT AR R BFEE 10(b) hor#1E HbR R
HEB A L2 X TT B T AR R I AR R
s, B i U-Net & 2742 1 DRD U-Net #J
BEAR Jh 4R 11F 1E i b 43 0 s R0 R X3, A E R T
O3] H— B

i\ B FLor# U-Net DRDU-Net
(a) IEFHRI AN T4 %)
(a) Correct manual segmentation
MAEH FLor# U-Net DRDU-Net

(b) HIRFMA T %I

(b) Wrong manual segmentation

K10 A T8I A —2ud s i

Fig. 10  The inconsistent condition in some manual annotations
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Fig. 11  Quantitative comparison of auto-segmentation results with different models
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Table 2 Quantitative comparison using different models ( mean + variance)

h T DSC/% (1) VOE/% ( 1) RVD/% ( }) ASD/mm( |)  RMSD/mm( |) HD/mm( | )
U-Net 98. 46+0. 29 3.03=0. 57 0. 72+0. 54 0.2320. 07 0.5220.3 8.13+7.03
U-Net++ 98.51x0. 31 2.9320.59 0. 6420. 51 0.21x0. 06 0. 460. 16 7.28+5.29
P Att U-Net 98. 46+0. 31 3.03+0. 6 0. 67+0. 53 0. 23+0. 06 0.530.24 10.719. 34
DRD U-Net 98. 560. 3 2. 85+0. 58 0. 64=0. 51 0. 220. 05 0.4220.11 5.59+2.52
U-Net 89.1x2.51 19.57+4. 02 4.49+3.47 0.2+0. 06 0. 4420.2 6.49+4. 06
U-Net++ 89.42+2. 58 19.05+4. 14 4.11%3.1 0.2+0. 06 0. 430. 19 6.27+3.77
: Att U-Net 89.15+2. 63 19. 48+4. 21 4.27+3.3 0.2+0. 06 0. 45+0. 21 6.72+5. 63
DRD U-Net 89. 68+2. 54 18. 62+4. 12 3.96+3. 39 0. 1920. 05 0. 420. 16 5.63+2.35

U-Net 98. 460. 34 3. 040. 66 0.75+0. 65 0.2420. 13 0.79+1. 04 15.78+20. 28
U-Net++ 98.530. 34 2. 89+0. 66 0. 68+0. 58 0.2+0. 06 0. 4620. 28 8.13+9.93
v Att U-Net 98.47+0. 35 3.01=0. 68 0. 71=0. 61 0.21x0. 07 0.45+0. 21 7.0427.78
DRD U-Net 98. 57+0. 34 2. 81+0. 65 0. 58=0. 56 0. 1920. 06 0. 38+0. 11 4.62+2. 44
U-Net 84.96+4. 13 25.93+6. 28 10.22+6. 81 0.24+0. 08 0. 530. 23 5.2242.17

U-Net++ 85.19+4. 08 25.58+6.22 9. 9426. 57 0.2320. 08 0.5320. 21 5.26+2.24
N Att U-Net 84.86=4. 19 26. 08=6. 35 10. 376. 96 0.2420. 08 0.5420.23 5.23+2.08
DRD U-Net 85.38+4.13 25.28+6. 27 10.27+7. 19 0. 23:0. 07 0.510.2 5.04x2.14
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Table 3 Ablation experiments using the baseline model

S8 U-Net  U-Net w/pre U-Net w/64 DRD U-Net
DSC/% (1) 92.75 92.80 92. 86 93.05
VOE/% ( | ) 12. 89 12. 80 12.70 12. 40
RVD/% (1) 4.05 3.95 3.90 3.86
ASD/mm( | ) 0.23 0.22 0.22 0.20

RMSD/mm( | ) 0.57 0. 50 0.50 0.43

HD/mm( | ) 8.91 7.59 7.69 5.22

ZHE/M 9. 80 9. 80 28.90 14. 30
YA TGS, ¥ DRD U-Net 55 U-Net w/64 FLEFT LR
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Table 4 Ablation experiments using the proposed model

34 Res U-Net DR U-Net DRD U-Net
DSC/% (1) 92.87 92.97 93. 05
VOE/% ( 1) 12. 68 12.53 12. 40
RVD/% (1) 3.92 3.80 3.86
ASD/mm( | ) 0.22 0.21 0.20

RMSD/mm( | ) 0.49 0. 44 0.43
HD/mm( | ) 6.87 5.29 5.22
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