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Abstract

Breast cancer is one of the most common malignant tumors in women, which seriously threatens
women'’s health. In breast cancer surgery, accurate measurement of breast and excised tissue volume
is critical for surgical planning and breast reconstruction. This study developed a deep learning based
segmentation framework for MRI volume segmentation of breasts and excised tissues. This frame-
work not only demonstrates good segmentation accuracy, but also covers the key preprocessing
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step of bias field correction. We collected and manually annotated an MRI dataset containing 47 pa-
tients, covering different ages, breast sizes, and four types of acquisition parameters. In cross valida-
tion, the U-Net network performed the best in both whole milk segmentation and excised tissue seg-
mentation tasks, with average Dice coefficients of 96.54 and 92.37, respectively. On the test set, the
U-Net network also demonstrated excellent segmentation performance, with average Dice coeffi-
cients of 94.23 and 84.53, respectively. The experimental results indicate that the proposed frame-
work can accurately and efficiently quantify total breast volume and excised tissue volume, provid-
ing data support for clinical breast surgery.
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Table 1. Cross-validation performance comparison of whole breast and excised tissue segmentation (using ResNet34 as the
backbone), the results are shown as the Dice average of all samples, with the best performance shown in bold

= 1. 2 AYIBRALN T BRI IIEE L (LA ResNet34 1EAET), ERERAMEHARR Dice FHE, i
RREFHIMERE

Fold FCN U-Net U-Net++ PSPNet DeepLabV3+
1 94.38 96.76 96.83 96.14 96.75
23 2 94.72 97.03 96.96 96.41 96.85
3 94.92 96.67 96.67 95.59 96.52
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4 93.46 95.25 95.21 94.68 95.06

5 95.39 97.01 96.95 96.23 96.98

T3 94.57 96.54 96.52 95.81 96.43

1 89.66 92.80 92,55 91.70 92.26

2 90.26 92.69 92.41 91.88 92.20

o 3 91.95 9251 9252 90.83 92.11
4 91.48 90.83 90.50 89.54 90.46

5 93.64 93.04 9272 91.56 92.46

I 91.40 92.37 92.14 91.10 91.90

4.2. PRERSTEIMERE

FEMREE b, FRATE H VPSR i X -EANa s, a3l BILL A TIBR A 23 Bl e Re kAT 1 &AL
VAL, SRR U-Net ML [FIRERILH T BRI EICR . Wik 2, 4 3 fr, EA2ASEUESH,
At Dice REUEE] T 94.01+£2.61mm, 522 XM HD_95 FE B A 10.76 £8.25 5 % ; M {EVIBR41414r EUT
%, Al Dice {6y 84.63+4.2, HD_95 FiEly 19.55 + 10.76 {3 K . #¢ = 1) Dice REMEARH) HD_95 i
BRARE, AnBEREFOEERAMULARENESE, LT R L A .

Table 2. Comparison of the performance (mean + standard deviation) of the whole milk segmentation network on the valida-
tion set, with the best performance shown in bold

* 2 Wk E2 A 2 RMEM ML B(EIE + fREE), BERTRFROMLE
Dice Ji PPV SEN SPEC HD_95 ASD
FCN 9324+24 8847+376 9355+200 93.06+3.27 99.81+009 1233+925 452+3.45
U-Net 9423+1.88 90.24+352 9498+201 9383+247 99.88+0.08 10.36+8.05 2.86+2.43
U-Net++  9322+256 89.55+323 94.16+157 93.05+376 99.84+0.09 10.82+861 231+201
PSPNet ~ 92.06+152 88.23+453 94.05+200 9204+332 99.85+0.09 12.33+9.01 3.22+2.97
DeepLabV3+ 9254+300 8931+4.22 93.39+226 9295+3.99 99.87+008 11.63+9.54 3.21+2.46

Table 3. Comparison of performance (mean + standard deviation) of the network for excision tissue segmentation on the
validation set, with the best performance shown in bold

= 3. WIS EYIRRAR S RIHIMEE I RELL B (T A + fEE), BFRRRIFIOMRE

Dice Ji PPV SEN SPEC HD_95 ASD
FCN 8231+4.44 7429+507 85.68+505 8233+595 99.80+0.20 21.45+11.98 8.78+6.68
U-Net 8453+321 77.01+516 88.02+552 84.72+552 99.83+0.17 20.05+10.68 6.18+5.63
U-Net++ 84.21+402 7598+523 86.96+523 8324+561 99.83+0.18 20.60+10.92 6.21+5.35
PSPNet 8253+431 7326+553 85.68+6.14 8368+521 99.80+0.18 2157+1322 8.29+6.28
DeepLabV3+ 83.02+4.73 76.67+502 87.66+6.04 83.12+553 99.81+0.18 21.88+1253 7.21+5.95

5. R4S

ICN=A
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FEEARAL SURAE, X PP T VR B 5 2T 14 ) F B RE 8 K v B = b = A FUAR AR D) bR A SUARRR, ki
Tl R FLR T ARG AEA T 8 38, R AR E @ R P IR R . i g R RoR, &
o HEAS T 5 A B 2 2R R4 T 5%, FTade Y U-Net W48 S23 T 8 i BIRS JE,  EA8 XRiE, Py
Dice 2%k 3| 1 96.54 A1 92.37; 1ALl 4E [, 3% Dice RE5 7N 94.23 Fl 84.53.
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