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Abstract
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Accurate segmentation of the kidney tumor is necessary to identify shape, location and safety margin of tumor in abdominal

CT images for surgical planning before renal partial nephrectomy. However, kidney tumor segmentation is challenging task

due to the various sizes and locations of the tumor for each patient and signal intensity similarity to surrounding organs

such as intestine and spleen. In this paper, we propose a semi-supervised learning-based mean teacher network that utilizes

both labeled and unlabeled data using a kidney local guided map including kidney local information to segment small-sized

kidney tumors occurring at various locations in the kidney, and analyze the performance according to the kidney tumor

size. As a result of the study, the proposed method showed an Fl-score of 75.24% by considering local information of the

kidney using a kidney local guide map to locate the tumor existing around the kidney. In particular, under-segmentation of

small-sized tumors which are difficult to segment was improved, and showed a 13.9%p higher Fl-score even though it used

a smaller amount of labeled data than nnU-Net.

*corresponding author: Helen Hong / Department of Software Convergence, Seoul Women's University (hlhong@swu.ac.kr)

Received : 2023.10.25./ Review completed : 1st 2023.11.21. / Accepted : 2023.11.24.
DOI : 10.15701/kcgs.2023.29.5.21
ISSN : 1975-7883(Print)/2383-529X(Online)

221 -



ANE: A FF BY, CT 9, AR

£3%, FF-aA} 29, AF 23 stol W)
Keywords: Kidney Tumor Segmentation, CT Image, Semi-Supervised Learning, Mean Teacher Model, Kidney Local Guided

Map
L A&

ARG AA A FF F 2-3%E AAF}H A A
Ao 43w ool A%F A A LHEHL 9
i 2710 5483 ] jlo] S YEEE
ojm] Aol ostd 73‘%7} wowg z7o LA}
T4 A8E ste Ao FRsTHI-6L FAcNe A

I A 519 Aol 2A oy s Ak A

3 L, H2ole Ade HUE =2

o]: T
ulZ (safety margin)-S F}eteH= Zlo]

3 3
w&she Zlo] destth aeyv 29 13 Zo], 23 &
thokst =37)9] Eo] xRt AR YR, B AA 5
2] Ao s, &% v 22 FH 7|9 FE

x&_&r[omloﬁdomo'rblrzozi_&ég\lg

58]
g0zl ARl alY Ader T Ba
(over-segmentation) ¥}  ©] A} ] (outlier) 7} WS 4 glom
A FFe £k o A7 Aok
B CT GA A AlA Zoks BEar7] 93 o3 o
F= dubrRlo g 2% <5 (supervised learning) S E3 4
= 2019 Kidney and kidney Tumor Segmentation
(KiTS19) Challengeo| Al AlFH F7/ HlolHE A&+
/‘é—‘a«—o— H7Fstt}t. B8 3D CT GAgolA A& F¢e o
| 9142 FAs] 8l G4 AW W B vAR
A4 V-Net[8]7} 583 54 AHE FE3)
T+ Squeeze and Excitation(SE)
£ &83 U-Net[9,101 F3)
54.16-74.32%°] A 2o HF 458 Hyo} e
a7 4 AEels AA Aotk wa, AhHS
Y AHIE 7INte R sto] HEH I IHetHEHE A
H A3 = nnU-Neto| R4 A (residual
connection)= A& A, AMAGE 3D FA oA Al

o e
dde 228 ¥

TOoF

I AE 3D JAoeg JAEZE3 FH

B

ool i o o
oft
£
>,
2
f
o
0,
=2

L
e
=
2
o,

AJ\T;]'[14 18].
—Jﬁﬂ Gl ]

olgf g ¢

121%

e
=
2

gle del
Q)

TAY 4

30 of T O o & O o & N XN ox U > >
0¥
2
>
&
)
e
ol

lo > K n2 rr

)

Mo £ T 2 o

o f

0 fo o rm

QHE Heie canas 904
7] 1%t A=-ojdl A (Self-Attention) R E-S ARE3F -
WA 2E21,22] & o]&3st AFTF 3

(b)
Figure 1 Characteristic of kidney on abdominal CT images: (a) Various location of kidney tumor, (b) Signal intensity

similarity between other organs and kidney tumor.
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Figure 2 Proposed Kidney tumor segmentation network.
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Figure 3 Effects of intensity normalization:

(a) Original image, (b) Min-max normalization.
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Figure 4 Mean teacher model framework.
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Table 1 Performance evaluation of kidney tumor segmentation according to labeled data ratios in supervised and

semi-supervised learning network

Ratio(%) Metrics(%)
Methods Network N
Labeled Unlabeled Balanced F1-score Recall Precision
accuracy
100 0 69.7£16.0 43.4%33.0 39.7£32.3 61.3+£39.2
U-Net[24]
25 0 64.4+14.3 30.5£28.8 29.5£29.0 39.5+£36.3
Supervised
learning 100 0 789+17.7 6124344  58.0+356  76.9+34.1
nnU-Net[25]
25 0 68.7£18.5 41.6+38.6 37.8+37.1 59.7+44.7
MT[23] 25 75 63.4+13.2 26.2%27.2 27.5%£26.7 34.6+35.0
Semi
supervised
learning MT with Kidney
Local Guided Map 25 75 86.4+14.7 75.2+26.8 72.9+29.4 86.5+24.6
(Ours)

Table 2 Performance evaluation of various-sized kidney tumor segmentation according to labeled data ratios in supervised
and semi-supervised learning network by kidney tumor size

Ratio(%) Balanced accuracy(%)
Methods Network Small Medium Large Exﬁremely
arge
Labeled Unlabeled (tumor<2.3) (2.3<tumor<4.3) (4.3<tumor<7.4) (7.4<tumor)
100 0 57.7£12.7 62.3£10.5 74.7£13.9 84.8+£12.4
U-Net[24]
25 0 54.9+12.1 58.2+10.0 68.6:14.4 76.9+8.7
Supervised
learning
100 0 62.7£14.4 70.3£14.2 87.8£13.5 94.9+3.8
nnU-Net[25]
25 0 53.3+8.5 59.1£14.8 75.4+14.8 88.3+11.1
MTI[23] 25 75 56.4+10.9 60.6+12.0 63.1£12.8 74.0£10.1
Semi
supervised
learning MT with
Kidney
Local 25 75 88.74+16.0 88.9+14.6 88.2+13.4 78.5+11.1
Guided Map
(Ours)
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Figure 5 Qualitative evaluation of various-sized kidney tumor segmentation results in supervised and semi-supervised
learning network according to labeled and unlabeled data ratios. (a) U-Net using Labeled data 100%, (b) U-Net using
Labeled data 25%, (c¢) nnU-Net using Labeled data 100%, (d) nnU-Net using Labeled data 25%, (e) MT using Labeled

data 25% Unlabeled data 75% and (f) MT with Kidney Local Guided Map using Labeled data 25% Unlabeled data
75%. Row 1~3: small-sized kidney tumor, Row 4~6: medium-sized kidney tumor, Row 7~8: Large-sized kidney tumor,

Row 9~10: Extremely large-sized kidney tumor. (Red: overlay, Green: under segmentation, Blue: over segmentation)
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Figure 6 Grad-CAM visualization of kidney tumor segmentation results in supervised and semi-supervised learning
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