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Abstract

The Kkidney is a very important organ in the human body, and the renal parenchyma is a very
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common kidney disease. At present, the judgment of renal parenchymal lesions is made manually
by clinicians through labeling. This artificial method requires a lot of time and labor cost. There-
fore, we urgently need an automatic labeling and segmentation method to improve the efficiency
and accuracy of renal parenchyma segmentation. Therefore, aiming at the segmentation of child-
ren’s renal parenchyma, this paper draws a set of children’s renal parenchyma data set, and pro-
poses a segmentation method based on transform according to the characteristics of the data set.
Transform architecture is different from the traditional convolution feature extraction architec-
ture. Transform pays more attention to the semantic context information. We use it as a part of the
encoder to extract semantic information. From the perspective of sequence to sequence learning,
it provides a new perspective for image segmentation. This not only improves the problem of re-
duced resolution leading to the decline of receptive field, but also improves the problem of se-
mantic gap caused by jump connection, and obtains the final segmentation result image, which
greatly reduces the cost of manual annotation. The code of this paper is based on the program-
ming of pytorch framework. The experiment is carried out on the proposed nephrogram data set,
and the network proposed in this paper is compared with the classical FCN, segnet, u-net and
deeplab-v3 +. The results show that the proposed method is effective in precision, dice_coeff and
recall on the three evaluation indexes of coeff and recall (comparing the best results of their net-
work in these three indexes) have increased by 1.99%, 1.65%, 2.23% and 3.001% respectively,
and their effects have also been recognized by professional doctors.

Keywords

Transform, Renal Parenchyma Segmentation, Deep Learning, Semantic Segmentation

Copyright © 2022 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|

B NENIREZR AT, B FEERZER AR EY, H R — A H 0
UKy o B SRR AR 2 B LU WL ), SRR AN LR BRI, SR DA R B T S
(AL, BT AR 72 B S FRATIMAE IR PR b 0 B i # ke S e hmid iR, RE &t
B E A e, BRI AP E RS . MR IGRELE SR, MEAMREEITINE, FXE
MRS S i2W . RN TF T o e —0n TE, —MEAEEEREMNEELER IR
AT B RARE R ERAE R =k A AR, T AR N TARE R RS 40 B o b TAE &)
RnmiAL Z2, BARIXFE M BCR SGRE R A T BRATBE I T B 1 ATRZR /N LS B R G S
MG BATAT LA R HE il 5O T B, LR R B8 14 K

= UG 7 Bl 2 0 1 B2 22 UG B RN RIS ENME R AT AR L AT S5, e 5 = I R S FH (9%
BT . MERESIIMRE, HENEBIZK 2580[1] [2] (computer aided diagnosis, CAD)F 4 1% i i it
e 5 UG A . RS B RS 8 PR B TP e SRR P I RE 2 G 2, R B 2= G Oy
F Ok R B 2 R EVERE . S TN BIM R At R BRI ENR. S FrifE o #8
PAK R 5[4 8 2 1 ) EUGASAECK . W RIERA TR —Fh B s i) P20, m il g5y
F7vE . BRRZ M 45 (CNN)FE 2012 47 (¥ R AE o HH ST K PERES] . 76 2014 4F CNN JF4G R T
KI5 7> FIikk, Jonathan Long 55 A [6]42 th ) 42 BRI A M 28 (FCN), 52 77 5B K3 CNIN S & 7>
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Figure 1. Child kidney diagram
1. MNLEE

B 27 B o3 BT BT Il R R AR 0 T R B2 W, AT DASE S 5 s R SR BV E R A5 2., PASRAR
PRSI WT . IR IX P OURR IR, 5 B 2R A PR ek X, AR AR T R AT, kR
AT DR TR B R G 7 i 512, 183 7RSS AR)ZE DR, N EFEEAEZ AR 712k
FOMFGE o FT DAL 27 MR 40 1 ) L DR 23 25 15 2 S SRR ORHBAE R, (HLR X T8 B[] 70 Bl A2 — AR
eI EC

ST T S R = S D el s L 197 NV S SR i TS s = e = o Ml S P L R A e X TR P
DA 55— R T R AR DI A ). A R 2 ) 2 7 UG S AR — J5 I, transform 76 MBS
AE PR RIAE 4G AT, IR IX AN BRI A5, BT DOAERE SN RAEERIE F G X P A 2
Mg SRR IS R . WIERZBIXFN R K, ASCAE U-Net [7]H Rl EA0E 12955 )= H transform 224
BAQ, $2m 1B S BUARVE RS BE, (RIS A 1 2 AR F T AR R BAS 4542 W PR B2 DR B2 AR 3R T
H B A0 B AT SR AL I AL B AR R AL X o S AT S S — S F A RAT 1 72 (FCN [6]
U-Net [7]. Deeplab-v3+ [9]. SegNet [10]).

A EETTER AN T

1) EERSRAER/N)LE B R E, xR T AR, JEHIE 7/ LS S B R 4R

2) $2 7 HET transform FOmBLARER, A5 02 (0 AR B 20 Bl AR Gt G BUBEERSCR R I I A6 4, 4
e IR RIRE

3) #RHELT transform 5B RIPPEA 45 (CNN) 25 & T AL N 25 1% 4%, RS T8 ol A
IR 285 XUAR T 0 4 e D9 285 K A5 43 ) transform AR %, S8l T 5 U-Net [71S B Ik gs &, JEEE
UK R 7 BT 5512 AR B IR 4R .

2. HXI1E
2.1. BB
VE SUANEILE 244 () S HLELSE ATE 5A E IE M Rr[11], ISR S ik, 38 AR — T R VR
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SYEUESS, TR b ) B TR T B AU — MO R R, okl 20 i USRI 1545 5
(8 FHER LB IR B Al . At L ARV BB B VR . AN B R LI SE AR 22 8 4 B AT 55
SRS, BRARIAT FE SC0 B R 48 B RAR X S [ R, B (AT Lo BT 45 S A B B A R s UG ) B
MEERAT A, AR, FA A S O B B — AN IXAMESS B BIE 8 T FE 4
FEBRAR BRI Eag s s —i . EERZEER T, B EUEIE X 5] LU
TR 5 SIH97 « BT BSGRR 2 W. AE, BT S arE ARG E N, N AR SRR TR
W2 77, HETRZE USRI TS E, BTN A 48 S8, SR Ja i i ok 9 28 AR Rk 2 =
R

TSR FE U E RS2 2014 4F Long J 55 AR HIH) FCN [6], B LRIz /B, X2 E ik
P R — ol i o i () 2 B R 4%, R H B (FCN) T 46, 38 o BIASTE A 2 Bk FE AR AR 1
TextonForest FI%: T REALARM 7 K285 7%, ML 5 T B gD 450 . T a8 i 56 T4
MU YmfEiL 4544 . B/, Olaf Ronneberger 55 ATE 2015 AF4 H A 5 “BR2=A8 r BIHA” ZFRIT U-Net
[7], U-Net P[5 H B2 KRR T T 4 EE EE,  JF BRI KB I 2% i s i g 4t 7 g . |4,
Badrinarayanan V [10]1%¢ A$&H T 7E1E S RIS A I 1L 2 AE RIS N 4% SegNet, Z3CEIRH T4
) SE-Block 5 DA K it - ffhtd i) AR S22 Jo ok IRAR 2 8588 . 6 /5 22 Liang-Chieh Chen [9] [12]58 A
$EH 1) Deeplab JHATAEMZ%, fE DeepLabv3+H1, {1 encoder-decoder 4514 F2% [] & - I i Ak ik, sk
— IR ZR B Xeeption FIVRE 7 BSEAR, $2TF T BRI U BT S5 RITERE, 32 —FPsi 2L 4%
FEHE . IFHZM%BA—E e, NERME MR LR ft T — MR IFHARFT . A SCHRMES T
PR 225G U-Net IS I3t AR, JRE5E 1 24 T ST 454 transform JITT 08 204 I 5%

2.2. Transform &R

ARFTRVAEL, B F SUE B SRETFHE U FIVERE R G R 22, 1 B2 P (0 /Nt K B 1 48w DA
HZPLHEHAPMER. Hig b, @dHES LSRG, WL EZ B fe 0 78 55 24\ G0 42 )= 8
B, SRS B 7E 3 Resnet [13]SE36 K80, MFRZEMLIAT] 150 £ )2, X R FRAE, R
SRS FEASRTE I T P IXRE, 20T REGIES FEH RN — S0 E Bk, HEa5%
AERR, W07 THIFRAT T BT DLUITE LT ) 28 552 o ka2 W7 2 ze e /N T LB B2 B o 0 T3 /> 1]
B, DUAEF IR F B WM, B —MR ool R GRS ECE 2 1 H RS 2 6
REZ ) LN ER . 1 Deeplab-v3+ [9]/ 4% i i ] atrous/dialted convolution (i 237 spatial attention
(2% [ T 0 ) R HR T2 B K/ CCNet [14]3@ 3 2237 self-attention ([ i & 1) B H A2 THERASZ BF (1 K/
ERX PR A 4 T, WA BRAAERN GG, AR 5] N VL 250 2450
R—M 2, XERERZ MR, SERRY IS RARRM, XN REERIEA L
S BRI I 2 352 B S B TR AR) SR THESZ BT I K /s FEEE 40 PSPNet [15]0 2% id image/feature pyramid
(RFAE & 73 B T2 BT I K/ o 38 R v M4 5] N attention (& A7AL), @I WA [ 4E R
AN AR RO AT T A R 42 R ) R SCE R, ST BT R/ . 1 PSANet [16]P453H 5 37 PSA 45
M CAAE BIME S AL B SIS AR 2 AR 55 S T AER AR IR, DANet [17]M205@ 15 5, i T1X
FEMIERE, transform NI AL, 2017 FEAHKSLE = Juraj Juraska 25 N5 4 449 (Attention Is All You
Need) [18]/I1E3C, $EH T —FpEET attention (73 7= JIHLAI) A 45 M4 SR AR BE 7 51 AH O In] /(1) — Fiop B 28, I
Hen# Ay transformer. "ETEMFRSCAS IS, HLARRHRE, [RIGZERARSEAT SIS, AR AL mT DA ey B ] ) e AU
TAE, WNZRE BT, SEAMZAE A T DL & RS N\ 7 SITEAS [ 67 B 2 8] AR I, IRE K AL
HAKSCA, transformer 57 T B FAHE [ 25 (CNN)FIE A28 X 26 (RNN) 224 (1 [ 2 P2 0, e BRAR AR L &%
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A A E RO AR I 2 B . IR XA 2B, DU EAE &R IE O v fe, sl TIR
% MG USRI 9T 224

52 % transformer P25 [18]LL & [19]H transform Z5MJ ) A &, ASCEEH T —For BI2E4, & i gm A
DAFBAEG BN, TR T transform ik, IXFEAR 25wl BE7E g i 2 SE LR By 23 i) B R
NEXAE R, MMAEREZE, REE RS —DgTE . FANEE S BEEE LR 5B T
A 28 (1) R

3. MLt

ARG, SR 2 H— B — R I AREEAT T RAE R, SRR 75 SR BURFE LR, B
EERRBOZENIE 2, BARFIE B SR HIE SR HE 2 , (H2 AR R — L8405 F1id 5 B2l
FEEESE L, ARHE— e G5 SR EE, REXEEEMBIENER, P3R5 2 EX L4y
HihGAEE, R TR E 8, gt A 1R — R AR 51 I 81 £ JEE ) A ——transformer, 11
W5 TAGRIEIRGE . NI 2 2 MRS .
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™9
mEE .

Figure 2. Network structure

2. MR ERH

JTTTTTE

(B 2 TR MEdT: et NI TK B 390 B 9 /N, SR TR AR BRI R, B i J ST AL 3
O YR B R e R —4E R A, I HLERON position encoding, XS R B AT — E FE T I mED, iX
FEAR B —ANA, TEARFN ERRmID A FTARRE, ok aT DL G #h 45 2047 B A5 B AIAE O . B e d it
transformer Zwfid 23 PURHIEE B, IR NS E LKA 2 M IR . )

GRS, BT B2 e, RATFZN By AT Wb, @ —MEn —A 4 n B 5
el — 4075, HHXAER S8 9 1, REIs PN ES R, I A E A
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3.1. Transformer M8 2

PL—4EF 5NN, KRR T4 transformer 9 Ag 28 R 2% SRR AIE, X 3 B A B N8 TR 2% /= 40
B ARSI, IXFER AT DU A P AL e G AR R A 22 kI 5040 I 52 BF 1) 1e) /.- Transformer 2t j=
FE A £k HiER /1 (Multi-Head Self-attention) (MSA). £ JZ & 4012% (MLP) AT layer norm 2 (LN)ZH 1 -
3 Z4mtg)Z transformer (7&K .

Transformer Encoder

@ ConcatffE

Multi-Head
Attention

Embedded
Patches

Figure 3. Transformer schematic diagram
3. Transformer 7~ =&

AT transformer J2, &2 45 R 21, 22,Z8,---, 2"}, £ 0E R SHL (Multi-Head attention)
AN Z A BRI R, —4H(q, k, VLS — R Z FE AR —> SA (Self-attention)
B RIS E, KX 2 NEREDHER R 5 R — NS HOEREW, , RIP B2 Mt

=JeH(a, k VTR ARMANQ), Hrhb Wy, W W, e R¥C ZFENUAERE, L REHANKZE
Zt eRVCARE L AT CHIMERE, LIREER, CRE|FIML, W, RESHUEME,

g=2z"W, k=z"W, v=z"W, @)
H V& 77 SA(Self-attention) i 52 s A K (2)

L-1 L-1 ZHW, (ZWK X L
SA(z"")=2 +softmax[QT)J(Z W, ) )

% JVE R SIHLH] (Multi-Head Self-attention) 52 2 A R (3)
MSA(Z" ") =[SA (Z1);SA, (2 )i-++15A, (27) Wo 3)
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L B & &5 B aaX(4)
=MSA(Z")+ MLP(MSA(ZH)) e RV 4)
3.2. #RE8E (decoder)

FATHERTTE transformer il 245 B RHME RN EEAT B, BEJREIL 4 2 ERFE, JFHAEREZE BR
FEFOIBEERE R AN S+ 5 ERAEE R IE UE R, ARRIER R ILE B TRl &, SonidEidw
LM R B A RN, N 4 2RI Z K2R E K.

skip connection

- ConV

Figure 4. Schematic diagram of decoding layer structure

4. MRS EEHREE

4. IRERE S

RHL T 1 S EIATIR 2 TR FE AR 22 (2% FCN. SegNet. U-Net F1 Deeplab-V3+5 A SCH H! 99 2% 43
S EETRA T4 (0 A B Al 1 X b s, DA A2 B AR S R AN S a0 45 2R

4.1. LIS IREE
AR SCHEAT RIS T F R S256 T S U0 R 3R 1 s

Concat

Table 1. Experiment platform
=1 XBITEE

LU R AR A4 2N
BAERG Ubuntu18.04
LUSLIES Intel(R) Xeon(R) Platinum 6164 CPU @ 1.90 GHz
WAF 48 g
B NVIDIA RTX3090
FEES Python 3.8.8
IR S HESR PyTorch 1.10.0 [20]

4.2. INLEEYBENBSTAE
ARSTH (1 SISO A H L3RRS K S R A PR S B R LR e R R RS I SR a6 1 3R (700) &, 3RATT
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FESEHE I R AaHdE EEAT 1 PACEE, B A A T PR Dk S REA 1 ST, R S I PR H Y
WA, I BT RS . IR EATIE A I, BR S B OO B B R AR AR B ANS K K
B, BrRAst i ERA TSR AT e AL B N Bl . R NI B RS 2ICHE 136 SKIFF . B Se i Hiin gk
AL AR AR S THATH, ERREHESRES, B TROE R EER e E, Al
IR BT — PP I RAERI AL o SR 5 BATTA B8 e A RE I Fr BBk R BEAT R S . —M—
A NBERE 3] 11 5kl F T Aic B o BEEFRA T IE 11 5B A OpenCV BEAT DA R (AL EE, AR Rk
fth R G B R 2 A M T RATHIARIC AN Gk FATERFHE A PRIEE 2 3RS =5kt T B R beiE, Jf
HABE B AR 2ok 2 RATICR B S , l X LD, BA— I8 8] 7R SeEdR £ GE 700
5K), B 5 AT 5 B B R AT E M B, RS RIRER R R RNy 384 * 384, BARKHE AL HI{E

PRI T IE 5 o

L NS =il fhE e e

Figure 5. Renal parenchyma data set production process

B 5 BREBEESIEDIE

4.3. KRB ST IEIR

S SR FH A U E AU TR bR e A Precision (F§#3%%) . Dice_coeff (4 & AH{EITE) . Recall (J8]
IF ) AVFARFEBR XS A SCHE H IR AT T
ARSCAE P 2R B BN 2 B 22 SO IR R R, BB A R B

L =—%(tn Inp, +(1-t,)In(1-p,)) (5)

Hop, t RREERZEZN, S0 NG RN G BUEN 1, B0, ¢ BUEN 05 p, ARETRI n N
WRBRMIMEH p, €[01] . NR—AFEATEIGRE, n2FEAT—MEEK.

BG4 EIUTE 55 R X MG AT 10 0 ST, 3888 2 mT LA@ ok DA AR S0 114 VR 3 2 B R 0 A
AAERR, ABA15 B A% FFH 1 (True Positive, TP), 1 FH 1 (False Positive, FP), E([f {4 (False Negative, TN),
DL B BH 1 (True Negative, FN), #A J5 il FEAR I FEARIZ 5, 51 nT LA#5 3 Precision (F5#f ). Dice_coeff (4&
AARLIE) . Recall (JA1)9%). IE#f#(Accuracy). Jaccard Z3Ux LM ESHUTE bR . Hrh IE# % N 1E#
TR I RE A KL 5 S TOMRE AR LA RS TR Precision Jy TERA RN FR) 1EAE A KL &5 B A7 T Ay 1E RE A %L
BIHE: BIE% Recall A E#HTRIN IEREAE S B EFEARSEIELE: S-S 2% Dice_coeff
FH TR AR R T L ) TR 5 B SR A AR ALY, Dice REUH 2 5 THIN 4SS B S REA SRS AT 5 HAN L,
Jaccard FR N TR SE R EGFEAARZE A F . X UM R AR T A XA

TP
TP+FP

(6)

Precision = Pre =
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Recall = )
TP+FN
Dice_coeff = _2xTP 8
2xTP+FP+FN
Accuracy = TP+TN 9)
TP+TN+FP+FN
Jaccard = — (10)
TP+FP+FN

KA AT E K batch-size 04 8, YIRS H A > R B E N 0,002, ZRIAAUREBLE NH% 1000
A~ epoch, X525 R8BI BR A5 AR Kt B LU RN B I S AOBL I . RID 24 A A B s e A P (et
BE), —Hil%, &ZIEE] 1000 K, IIZREHR; 27 1000 A I — KA Bl S LI, fhadk
H: 54K 100 4> epoch, PR A4 A2 100 DMHEKETHIAS ML, W ERAFIZAS e R E o IXAEACRT AR TT
LA ROt 1 S /N SRR IR A5 RAKE T, SRR LI ZRik Bt 2 P S BUd & .
4.4, SKBER

SR RE, BATASCHIMER) 700 K Oy ol A B AT BELIDORE, e BTy 2 DY 1 A A 9 1 25
& BT AR IS N HRARA AP S

G ZEXTLESEa: O T IR IRCR, fEARSCI T, FRATHAL T TR AR R 23S 5 I Hda 4R
(5> EIPERE, 945 FCN, SegNet, U-Net, Deeplab-v3+FIASCHEH M4, s34 0% 2.

Table 2. Comparison of different network segmentation effects

® 2. NEIME B RIIEL

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 0.95066 0.95685 0.95592

FH SR04 SR, A A ST HY 0 I 286 13847 1 TR o081, 43 381 1) 73 1 25 L AE precision . recall F1 dice_coeff
TS R VU LN 2515 B 7 B 45 3, bk U-Net 7E dice_coeff J7 1 /= i 4.1%, 7 precision
JrH G 2.5%, 7E recall EHERTET 2.54%, SRRCRIRTHI R

B 6 N[ I 265 43 S8 S e mT AR B R 0, AR SCRITHRE HH 4D I 268 R L JEG Al TG o [ 45 73 1) 3%
B INGF, JCHARIAE L LN 7T

B G, b0 S o s A s = LR sk s, RATIE RS 2R EAE S22 1T sample pairing A4 1 5
AbEE, BNELA R EMGEAT LR, . AR, S5 1 2520 skIE, ARG ERATHIX 2520 sk A1
WS, BAESEAMMAEARA, R ARG 55 AR I 2R 45 F . (e BRIV 058 A 250 1 5 5 11 9
)
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A Ground-truth ~ Segnet Deeplab-v3+  U-net

Figure 6. Comparison of different network segmentation effects

Bl 6. T REIMZE 7 EI R XS ELE

Table 3. Comparison of segmentation effects of networks after data enhancement

3 3. BWARIEER R MLE 5 BRI EE

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 0.95066 0.95685 0.95592
Our* 0.93616 0.90736 0.97666

Table 4. Comparison of segmentation effects of networks after data enhancement

3 4. BARIEERRMLE 9 FIRUERITEL

dice_coeff precision recall accuracy jaccard
Our 0.95066 0.95685 0.95592 0.99138 0.91626
Our* 0.93616 0.90736 0.97666 0.98911 0.88736

M 3 RIHE 4 TANRFR BSR4 T DA Y, S 0 5w DX B RS B I Ve BRAT T B i A v AR
Ate, AV Re 1L 2 5 S BN A SRR AR EE T . D92l FCN, U-Net, lfl1#8 2% &
Zhm s, e B een EdE, IRZ R G 7RI XIAREERAE, XI B AS [ B ] R4 R
s CEIZRATIRHBE A HOBOR, SECSRAT FE, SRE 0T IR B L S5 e SR A ks
JELLARZE 45 R -

5. &g
ARSCHR T — R U S 4 4 o 1N 48 S R IRAT I transform BEE 5 24 R RAT HOEE Sy
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HAREEATRA I8N 1A A 0038 SRR, 38T 7 MRS B, S 1 2% BB 0 B OR -
A T R AR, (ERBA T YU A A R BT TAME
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