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Abstract

The Kidney is a very important tissue and organ in the human body, so various diseases related to
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the kidney have attracted great attention in recent years. Among them, the renal parenchyma is
one of the most common Kidney diseases. Until now, the diagnosis of renal parenchymal lesions
has relied mainly on the clinician’s annotations to make manual judgments. This method requires
a lot of labor and time costs, so there is an urgent need for a new method to improve the efficiency
and accuracy of renal parenchymal diagnosis. In this paper, the relevant pediatric renal paren-
chymal dataset is established for pediatric renal maps. And, based on the characteristics of the pe-
diatric kidney map dataset, we propose a new segmentation method. The core of this method is to
refine the jump connection module (RSC module) and transform architecture. The network pro-
posed in this paper not only improves the accuracy of segmentation and improves the problem of
declining the sensing field due to the reduction of resolution, but also greatly reduces the time of
manual labeling and improves the accuracy of diagnosis. The code in this article is based on the
pytorch framework, experiments performed on pediatric kidney map datasets, and in addition,
the network proposed in this paper is compared with the classic FCN, SegNet, U-Net, and Deep-
lab-V3+. The results show that the proposed method is based on three evaluation indicators: pre-
cision, dice_coeff and recall. (Comparing the optimal results of its network on these three indica-
tors) it is increased by 2.547%, 4.992%, and 2.498% respectively, and its effect was also recog-
nized by professional doctors.
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WwRE L RN LT EEGEE, AWEG T LA e R R 0. 2 NI R AR
TSI, BRAR Sl VR K E R ER A, 20 B, BRI APERE R, FmCAEAERT L
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SEAEN . Bk, 0T B AR N ThRE,  HE AR K

HENUH B2 2 48[1] [2] (computer aided diagnosis, CAD), fEBE% A\ T8 eSS K JE, TTHIRIZH
FWi e R T BT B SR 78, N T e A b s I EE0E U], BT AR S SUERIIILT,
PAK Bl or EaE R, 280 TR Z A VUL R F R FHA1 R 15k . BURIE X5y #)mT DA B s A=
PR E AL X AT B, T8 MR T B AR BT R A7, IXRE T DA = A B A RS 1N B o A R
B, FEHRKHSRT TSWg R, NEEMEH Z MEE T I2BIEE, Kk EG s E S T
B I7 G ST UK AR . (H2 W B3] B — ANIE R 2 W AL R A

ARSCAE transform SRS b, 7EE A S RIS Z M T A BRERIE BT, $20 T B SLUARVE 106
B, [FIB FRAR T BR AR F T 15 BEAR T IR AT, A 1502 W P T R R B e -, 3 B A ok B 1A T B n e
Bff A £ 2 0 e X B A T i 256 5 — S8 R RS AT 1 5 15 (U-Net [4]. FCN [5]. Deeplab-V3+ [6].
SegNet [7]).
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Figure 1.Child kidney diagram
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CNN [ B RE T BB 53 2 DL R H bRA I S5 A 55 IR B 7, BB 738 40 R-CNIN [8].Fast R-CNN
[9]. YOLO [10] [11] [12] [13)& k75 M &%, JE4E ImageNet EHUIE T # i aksn, HE#E T A3, *t
T MBS 20 B AR ISR 18, B E IR 0 BG4 dE ,  Ti BEAR o 2 7R B SRR R
DR b 75 B RS A I S35 . 2016 4, ATLBIFIBAAE R-CNN f3ERE E, JFA& T — AN TS24 2 %0 iy s 7
MaskR-CNN [14], 481X MEAY e KRB AE T B AR — D — AR P S 73 BIRESE, & ] Lo i 7E W
28 P R i 3G AN [543 SR S8 B A I BUER A BT 55, Ban G or 25 HBRESIN . 5 S o3 AT 5245 4y
F4E, 2015 4, —AN LA FR 2 /N 4% (Fully Convolutional Networks, FCN) Y 3E i i) 15 S SR 1 VR
P, ZAE AR AR R R e ) 4 SN R AR (VG G6) 8 I (R 42 2, T BN S 35 ARRN Bk R
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Figure 2. Transformer schematic diagram
[& 2. Transformer ;R =&

7t transformer 2+, EREMHLE RN 21, 22,28,--,2%, Hh 2N EE MR EmA T £k
FER 1ML (Multi-Head attention) . ‘& &E2H.(q, Kk, V)T BR 10 B8 3o A0 87 (132 54 sl — 1> SA (Self-attention)
BEEE), X—IdRBAFEINEE. BaBE RN EE T, ERU—ASHIEREW,

] 75 2 e & R

AR NZT040, k TR AR, Hd Wy W, W, e RYCZBENUERE, L RN ELL,

Z' e RO LAT CHIMITERE, LAAKRZEH, CARIEL W, RESHGELE.

q=Z"W,, k=Z"W,, v=Z""W, D
SA (Self-attention) 15 A R 414 :(2)
L= T
SA(Z L‘l) = 7" 4 softmax {leo#}(z W, ) )
MSA (Multi-Head Self-attention)it 52 2 A (3)
MSA(Z" ") = [ SA (Z");SA, (Z"7);++38A, (Z) W, 3)
L Z R &4 45 R A 50(4)
Z' = MsA(z")+ MLP(MSA(ZH)) e RUC (4)
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Figure 3. Refine jJump connection module (RSC module)
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Table 1. Experiment platform
# 1 EXHFEE

LR ERRE IR R HERE
BIERS Ubuntu18.04
AEPEES Intel(R) Xeon(R) Platinum 6164 CPU @ 1.90 GHz
WA 48 g
2 NVIDIA RTX3090
REES Python 3.8.8
RS STHESE PyTorch 1.10.0 [15]

4.2. 1IN EEBREENBSTALE
ALz b i A 6 T 15 ST B i b i 52 KBS 2 5 T B Jes PO 2 2 e 2 A8 R SR A3 R 999
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Figure 4. Renal parenchyma data set production process
E 4. BXREBIBEHIEIIE

4.3. K EH 5T IR
ASEER A T Recall (EIF2%). Precision (%), Dice_coeff (8-GAHUE) =4 N H T1& L%l
AT PRI FE AR N AR SCRIT R H AR R R A T VAR .
ARSCAE A5 O RO 28 8L 132 ORI AR R AL BRI SR R TR
g:—Z@“nm+@—gﬂML7%» (5)

Horp, ot FoRHEARZEI], 2 n NRSGERR t BUEDY 1, BN, ¢ BUEDN 05 p, AERTI n A2
WRBHRIIMEH p, €[0,1] NZ - MEATLBIERE, n2HAT - MEE.

Precision = Pre = TP (6)
TP+FP

Recall = — (")

TP +FN

Dice_coeff = & (8)
2xTP+FP+FN

Accuracy = TP+ TN 9
TP+TN+FP+FN
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Jaccard = __ TP (10)
TP+FP+FN

SEIG  IRA 1 B R S B ) % 0N 0.002, 1% B 1Y batch-size 4 8, Y ZiE AR E /N T-4T 1000

4~ epoch.
4.4, KBER

i 4.2 Al s, mASCHIVER S FEGEEC S T 700 kR AR . RSt AR AP EEHLIME T
For 2 VUPE R INEREE, NI Tor 2 —AElhAsE, N i AR 4 i e s .

FEARSZIGH, T 7853 MBRAEFRAT T3 HH (B B R 28 R R, FRAT 145 53 A DU b s FH 1 = 2 G 2
05 A28 B 28 o B URAE XS B . HoA X PUANI 284045 FCN, SegNet, U-Net, Deeplab-V3+, S2ig4h iR
$¥in R 2: FCN, SegNet, U-Net,, Deeplab-V3+.

Table 2. Comparison of different network segmentation effects

2. NEIMLE ST BRI EL

dice_coeff precision recall
FCN 0.90910 0.93690 0.92002
U-Net 0.91213 0.93451 0.93301
SegNet 0.89526 0.94037 0.92433
Deeplab-V3+ 0.89156 0.92684 0.92139
Our 0.95766 0.96432 0.95632

EH S50 25 SRASHN {5 FH AR STHR HA 1R I 28 33047 1 23 1, 43 3101 73 1 25 SR AE precision.recall #1 dice_coeff
T IE AR VIR S SR AG B o EI g5 R, HR e U-Net 7E dice_coeff J7TH it 4.992%, 1
precision J5 T & Hi 2.547%, 1F recall EAREETF T 2.498%, AARRCRIRTHIH &

REH ground-truth FCN Segnet U-Net Deeplab-v3+ ours

Figure 5. Comparison of different network segmentation effects
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