o W & # R #4615 5 18
ELECTRONIC MEASUREMENT TECHNOLOGY 2023 4F 9 H

DOI:10. 19651/j. cnki. emt. 2212371

ETHHEREMERKREAXER ARG

iil ;%1,3,4 i@gl &ﬁ?z #b %1,3
Q. TRRXFRERABRE SR B F 071002; 2. T XK FH B E & &I 42 0710005
.M FRBRAFHS A AAZETHEARAI P RE 071002; 4. TR FRAZIRE LERASE HFL 071002)

OE: MR R B OB AR AR BT TN IR R L0 R R A, B T R CT AR ARFI TR &S 4 2K AW
TR IR T He T o5k 22 M4 W IR R 45 7 R ARG M B R4, LM T A 0 R AP ARAM N . Bk T/HEM
1 H 5T LA Resnet34 A5 SERM W 2%, etk T WAl )2 (5 22 B 2 4 AR 2K eR 0, FF A T 35 SR S SR A5 4, NI R B T 4
A7 R B4 T B s R BT T — AP XU X Sk FE R R BN TG A DCBR A R L R OR AR T TR AL PR B 5 A
A B AT L T A S 709 kA CT BARBURE AFI 3+ 1« 1 [ I BIBEDL A A I 2R 4R L 30 30F 42 A1 Pl sk
S, R RA GRS PEAT YNGR R P BRI IE . 22 S0 B B0 TIE 42 HH B IOk 7R 22 M 2 FE D 4 B vEA R AR B T 72. 9004 AT T
JEC IO 28 vERR R SR T T 6. 3804 F1 2B i T 1006, S5 R R B 12088 T AR 5 A5 A0 va I8 JR 78 465 0 Ay R T T 000 K 2 R L
A AR B R B A

FEE: WIKARLO RBHN ; 5R 2 M R 2%

RESES: TP391.41  X@EFIRE: A ERFEFHRTENEE: 520.60

Preoperative prediction of urological stone types based on
improved residual network
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Abstract: To solve the problem of clinical inability to predict urinary stone types preoperatively, we propose a method
for preoperative prediction of stone types based on CT images, and develop a preoperative prediction aid system for
urinary stone types based on improved residual network. This enables preoperative prediction of stone types. The main
tasks includes: firstly, Resnet34 is used as the base network with improved pooling layer, residual block structure and
loss function, and a dense connection structure is added. Thus, the problem of stone misidentification is solved.
Secondly, a two-branch multi-headed self-attentive module was designed to increase the feature weights of the stone
region, which greatly improved the model performance. Finally, through a retrospective study, a dataset containing 5
709 CT images of stones was created and randomly divided into a training set, a validation set and a test set in the ratio
of 3:1: 1, which was used for training and performance validation of the model. The proposed improved residual
network was experimentally verified to be 72. 90% accurate on the test set, with a 6. 38 % improvement in accuracy and
a 10% increase in F1 score. The results showed that the model can effectively improve the accuracy of preoperative
prediction of urinary stones and has potential clinical application.

Keywords: urological stone;preoperative prediction;residual network;image classification

0 3 Z— ARG ARG AL 5% ~ 101 JF 2B AT
R AR EIRITIR SRS . R A E KA FE  H
WA PR ZR G5 A0 BT PR DR AT » R B W DL B M IR AN B BRI 251 O B A M A E » A 3 T BE S R E T AR

il

R B .2022-12-12
* HETH WAL R R KA B BTE (8201900300100 b4 B A FHAA 2L 4 (H2019201378) (30 K 2 1 4 2E 4 (XZ)J201917) (b K % B2
R IR H (2021X07) BB

- 147 -



5 46 & woF o

¥ #H K

FERFERBRAE . H kX BRAR BRI W AT RS R
B ' RN

FRAEFEHAEZ RIS A, AR 2SI IR A 6 R s yT
FRFERELRY . WL 2E R, o] 43 RS
G5 BRSSO R BB A A M E RS A RRSS A
HP RS aah s LY, BRSSO EHS 6, i
URAGE L HLRE I AHN s BERR A A A RKEH B BME. A
B 1 2R B0 BERR R e 4 0 R B AL AR 45 1 &
WHE NG BOHECER ; IRIRGS A1 AR 2L 6, FORIR . IR
B R DG R 45 A Tk PR AL IR W 2 WV G 97 T/ T AR
AT 5 B R A 4 0 T B A KL EOR F & R B R BOA R TR
Y7L 5 B R B B 5 A R IR Y M B A T S AT P e 4
LR A RIS AR PRI T R
W 2 BURE R T L 0 IR T JR  R R, T LA A0 R B AR R
TEIRYT T AR 45 0 R B fE B R F R HHIR R &
Pl

H B I PR b 2 — a5 A0 A6 i - B SERAR N 25
KA ARFTL W, LM k™ R I IR B % i 45
BRBGHHA AR IR K BLRR TS, E¥Eg
ot 4 dn T LT Z 39 38 (computed tomography, CT)
e AR 4R ME T LA BRI 3R 42, Assmy U 2R T CT
T 45 S AL, AR AE T P B AR Dy AR PR 45 A 2 T B R I
WAL T AT S S R

IEARR . N TR RES AR TE B2 2 KR Ak B U AR B T 32
RVl A TR RN 2 R A B R R4 A R
T T X RATIG BIRE HEZ Wi B8 1. Groe %" MHE WLAE CT
B G FIUHPLAS = F Bl T 200 DR 45 A M F %
KA AETREE R 91. 1% ; Kriegshauser 2877 A T 4 28 W
2% STFE ) AL DRSS BEALA SRR R DL SRS 5 bR B X
32 ABRE Bha X Ar SRR RN AR FR R &5 A, e HE T R
97 %, HIXELBRFTIR T LA 5k, P AR T B
FRIESRBURMPRIE 0 2 . B E B 4% HA 5 Z WA RCRAE . T H.
AU F RS A A Ab 3, TC i AR TR 45 47 2450,

R 28 W 4% (convolutional neural networks, CNN)
RATEBHAN K540 BTN TIWBRAEL AW
W, HAREAE B 37 2] PR ER ZE B T ik R AR A B RO B
H B AR # . Parakh %UYARYE R H CT 4@ MWaET
—FM CNN KA, 2K EFE LT BIROK. MEREER T
95 % ; Estrade %" ] F CNIN 5 U AR 416 25 1 1 45 47 P9 B 5E
SR TN &5 40 258, V- B % 755 1 87 20 s Black 4570 4R
i 63 1) 8 PR B 45 A1 BB IR A BT Resnet101 [ 45 4
THSR N E S R TR, SRR R A A
85061 82. 1100, {H = 348 SCHR #F R %5 5 14 245 41 1) 28 AU TR
W, T ARBARMESFOEN. X TEE /AR BN, Kim
ST Sk N B TR A B NN A 250 Y Sl R T B0 45 10 2
AR T 90 % UL LRYMERE . W R TR A%l
PRI AR P R R S 45 A R IR R 2 A 8 L 43 SRS B Gk

« 148 -

81.75% . Rudenko %" FIFI M fig CT A §j HIM 5 Fh 24l
PGS T MERRIE AR 85 0 DL B, B ERBFSE A AETE L
AR 1D N BB A 2 — Fh RS AL I HLERAE A N 2
2R ER T 5 AL R A R AE AR IR G B A £ B0
DL 5 3) P 268 5 [ A R AIE 1) ) T A3 5, 2 B8 i 8 AR 20E A1) T
2RI BEAT S5 52 T ) 4% 19000 45 47 2R R RO RG BE 5 4) 28w T B
NP1 5] AU 45 R S S H TR R A A RO RO ] (Rt
G50 (R B SR AT TE I N A - T Y

L B0 B3R R AR SCE B TAE N DIF R T —
ol 4 % 22 I 2% A R L ) AR R BR BUR 41 0 (R B CT 22
PR E LA B T TR0 22 F 45 A7 28 BU A H 195 2) X 3R
M BRI AT T OCHE AR T —Fh 5k 22 B -G BRI A
T BB RN T — A Xy 2 Sk AR IR

Xt G A % R AN T ASC D AR JI s A T D/ 2 A AN - A 1) R
XGRS R A BETE LR G 8540 B 20 506 15 4
GER N B bp e Gl SR S UE AL AL B PEBE . AT HEAT R E
BRI 4G T R B A B SE R 22 1 MR R T
TRk EaBEREE L.

1 HEikM#

1.1 ERREEH

o0 2 A 78 8y 1 RE 5 0 A 0 A R — S YOG R A B
ST AR B AT B0 G A A ) T 45 IR ) 2 A 1) T B0
BERN 28, NI H W R Xk BE, T X —
7] , Facebook H BAFE 2018 4 4 i T — Fft 3 1 451 25 BR
BB 5 31 %% R B (Focal loss) ™, 3 4E COCO %4 46
FARR T BUE B B X AR S S 5 BOHE S T4 TR R, AR S
FIF Focal loss B AR T 28 34 7 J o 2L, 8 X 40 3
(1) () FFR , Focal loss 732 XU 5% o6 SRy JL Rl - 388
T ACE BT 50 % 2 W R BN AL , e 2 2K R
JT o PREE L 3G R A BRI o7 LU EE AT BN ERCHE S - A
KR ISR A R B FAE AR L, A
SCEIRAERE AR B class 1 ¢ class 2 ¢ class 3 ¢ class 4=15 ¢
5:1: 8, MERIARNEZRL class 1t class 2 t class 3 ¢
class 4=1:3:15: 2,

CE(p,) = —log(p,) (O

FL(p) = —a,(1—p,)"log(p,) @

KD (2, CE Rm 32 XH&, FL &R £ 5
Kp RRBRMBE,y ERBERE. Ay KEHR
2,0, FARBIEMBLE REL
1.2 REMEER

B 25 W 4 % — i LAY 1Y 53 28 T 2%, ik BRI 2 4 4 A T
TR T O AR A [ R, AT R (5 Y 45 4R B RG TR 2
MRS B, A UL Resnet34 1 Jy Bl AE 22 , 7 FL Al
L HEATEE . Resnet34 W48 3l stageO~4 BIH A4 )R
S35 3 4k /2 (golbal average pooling, GAP) K& & 2



X R OE LA TROEEE MKk AR D EA RN

518

(fully connected layer, FC) #H Ji%,, F ¢ stage0 4 & 1 4>
TXTHBBRER 14 3X3 mARML)Z , Stagel ~4 #8535
7 3.4.6.3 MREYL A RED W 2D 3X3 BHEM
BRERE B . FRZEH A InE 1 s,

i_

¢BN+Re111

BN

Relu
Kl 1 Resnet34 3% 2 B4t

i T BENE TR N FE 43 R A B )2 S BRI B RRAE , A
SCHEM T — R 2w A A, S 2 iR, A LT AR
ZYHER R ER GBS I T L ASEE S 141X
BRI TR 22 e 2 A~ 3X3 HF R B K¢ 4E 1 72
HEREHITHERME, ZEE I X1 BRZEYEEE
B ARG S A FRE BRIV S 5 IR AR R R A IR
BRBR TP AN . R RLBR 22 Bl B T 0 A RRAE ]
x € RV, H W H [ C 433 278 $5 45 P 00 52 L 75 A
TE R, 8% 22 A S R B 1 B R

vy =K,([K,(x,K,(K,(z) ] +=z 3

RGOH,K, (D) K, (D5 EMR 2 4 3X3 HH,
K, ()FR 1IX1HEH,

Relu

B 2 5R22 RS RS

1.3 &tk

CNN 38 5 i 22t AL HR AR SR /NVREAE 181 1 RO RN, 4
Resnet34 W% A B K &0t 14~ 7X7 HRUG . &t i
Kb )2 (Max Pooling) J R 4E B #E47 T R A¥, HoE X
(D) FT7R , Max Pooling 2% B4R BN B 2= S L m KIE
It Max Pooling Z B T BG4 505 B 7] fg i i A 805
SVRRE PRI o DT 52 i) D) 4 T A R B . BRI kb, AR SR
FH— 035 64 9 Ak 7 %Kk it £k (Soft Pooling) ™ X 4 fiE
[ #47 T K #F, Soft Pooling 5 Max Pooling /A& [A] , & 3 5t
XA AR IR AR SR BOMAL 7 =, RE B AR AR B 5 R

FRRAE DT 2 155 190 28 45080 B 73 Je PR i . Soft Pooling #95E X

m= R,
MP =maxa; (4
iER
e
S — (5
33 e’

K4 (5) H, MP %78 Max Poolong ¥ it , SP £ IR
Soft Pooling f#i i »a, RRBARBN MG .
1.4 ZEERE

W EGRIRZERIERA T E AT E R HEE X
15 BBEE ; FR IR 2 FeAE 40 5 5 B A HiE UE B
W, AR Resnet34 4530 1L Bk B E 7 — B ¥k
BRI S RZRHEF B R AR I A KR B R 5 R E R
TESE 4 A R AE X 85 HEAT 23 2, 25 5 1 LR 18 S5 1
Mo A SO Resnet34 W HETR0E, INA T B &
G5 I 3 T, BV 2 R <5 5 I T T A 2 TE A 1A 4
SR IMERT - ZEME A HEH RS R R
B PFEETE i, 3 0 AR 13 2 541 1B /Y R /MR 55
R A 5256 F) B SCHR 19 Soft Pooling fie R 78 BE 19 47 B
FRAEAGE B 38 T 2X 2.4 X 4.8 X8 b 43 FIXT 4% 2 FAE B
T3 R RFE 50— 25 Wy BURRAE R ST SR 5 6 0 7 18 8 48 13
rhHE 2 EH A& —A 1 X1 B K408 08 , s 45
CT #0032 R AE AR 2 R0 Bl G T8 R FR 1 B, 55 81
THRAEEM B\ TR a1 55k, RIS
i BB A o, WAR S 0 Resnet34 9 4% ek i )5 Y 9
2 i Rk (DR,

z, = H . (z:) (6)

z, = H,([xoy 2,y 5 2,1 ]) (7

A (O, H (HOREE i B — £ 8 BN,
Rel.U,Pooling & Conv B4 & #AE .,

K3 mEEESN

+ 149 -



5 46 & woF o

¥ #H K

1.5 MNoXxsLEERAER

BE# transformer ¥ B 4R 3¢ 7 4b B4R ek () D4 AT , % H
TR 7B BT 5 o ke i 22, I 3 W 1y R R TR
BAEFRTI . B A PR T T L o, s
T XA IR A BRARH  RE A% B R R B I SRR I 2 RS
BT AR FE R B A, M2k AER
F1BL# (Multi-head self-attention, MHSA) W 2¥E { 1 & /1
F TR b, 6 R AT AT 42 4 03R4 L DT KB R 15 B &2
Al 53 (8] (A, He S M 4 FiR

4 MHSA Z5#

HTH - LHFRBELZHRAEGE B EZIER
B, ALRLT MG LELHERNRESR
(double-branch multi-head self-attention, DMHSA) , [A] &}
DRI S T AR 2 W R SR SE R I S BT R . AT
BRERZER LS . M A —DRIEE)S , & 1X1 BRI
WIEY R, 22 ja Wl w317 1 MESA X4 A RRE F # 17
TAL s SR S5 K PIAN 43 32 4% B 3T 09 B4 AIE B % 7 A3 B A
s FES 1X 1 BIRESGEE , &5 &0 PR E B R 4
GBS BRHE B 5 8RR R i, X () BIR .

y=K,(f( (K,(@x))+ fo.(K () +=z (8

A (8 H, 2 Fx DMHSA ki A,y Fm DMHSA (1
B, 1O GO RIRPIA 3 MHSA #8:4E, K, (),
K, (OB HER 21X HH,

DMHSA %514

« 150 -

1.6 MZkEE

A SCHR B HE Resnet34 PIZg AL GRIE] 6 Jira, H 32
#H Stage 0~4 %L % # . DMHSA &t .GAP fil FC #
i%. fF Stage 0 H1, A& X ] Soft Pooling & # T Max
Pooling, BT 7E X 145 T R A 1 72 b {1 B8 BF 2 I R AR (R
. Stage 1~4 W53 5l 3.4.6.3 AR R ZEME
TP A, AR T A B e AR = B B LW T — 4
Concat #AEFI 1 A~ 1 X1 HBUZE AR FR 2= 8D 2 D
BREBUNWEEEE—E, ZREdHEEESH K
Stage 0~4 $2BHYFFIE B BEAT RS TR0 M T BB 89 R
BREFRBERE . K5 M AR I DMHSA i,
X ARAIE P AT IASCARATE o DA TID Rl B O T 495 41 1) T2 TR AR AIE
W& 0 H B RHE AL , D HoAth KOUAREARE . &S5
FIBUS MR 2204 GAP # FC Bt 845 58 .

K 6 Pkt Resnet34 4514

2 =% 74
2.1 HEkE

2 52 B BHE R U8 T b oK 2= K I8 = B WA PR A0 B Wi AR
T 20184 1 A~2021 & 4 AMIEAWIRRE A8HECT
AR LA B HO R AL AR St A I 4R 45, 3L 3RAG 698 441
FREG A B EBAZEAE  R I H B A v AT 03k - 1D &5 A B
KER/NT 2mm; 254 CT S ERABEWSRAENE ;D)
%0 CT BRI A aigmm s OREGHE L
B ZH B R 43 A7 EE BN 60% . B RIS F 392 i IR R 4
HBRENS 709K CT R 25K CT B4k 43k, B
w1 pim,
2.2 HEWMLE

B 438 1 RadiAnt DICOM Viewer #4434 DICOM #%
N CT B B % 0 A JPG #% 2 B 2 51 4L
W, MR B R e e B EGELES



X R OF A TR E MWL R RS L ER RN 5% 18 M
R1 SEYEHEE=E TP
5 5 ™ ) P=Tp+Fp (o
2504 ghm A wElE  CTH
Class 1 B R 4 255 2 994 __ TIp
! R TP T N an
Class 2 R B 41 1028
Class 3 &;’é@ﬁ%\mﬁ%%ﬂu%ﬁ@ﬁ 10 196 Specificity = % 12
Class 4 RAHR 86 1491 e PR .
core — P +R

fb. BTEALE CT BETEN HEBIERE2R LS
B Ml 94 FR AP BE A= F) F Labellmg 45 v T EL 43 51 % 1 42
SRk CT B ARAR RS A FT7EOLE , I 5 B0 0 1 #7
T LA T R R AR A A XML #% AR T SCfF, B E R I
R SCARBY 4 R 25 KR 2 R Resize 25 64 X64 &
E, ZEBERBEEE 31 1 BRI 4 IR
BIEE MM, i FARZEF R AT #E 4, B it
MUNGEHATEIRY T, ¥ 707 XA HE K P I H B4 E
(£ 15°, 430°, = 45°, £60°, = 90°) , T 45 Il £ 4 4
— SRR A BOR B AR — B A — B Ll 55 Ut R R
BB HIVE ST R AR R AN E 2 iR .

R2 HREEEEFSHRER

%5 %S W iESE i 4
Class 1 1796 599 599
Class 2 1848 206 206
Class 3 1521 39 40
Class 4 1788 298 299

2.3 ZIWiEE

# Ubuntul8. 04 R4 b # & 35 F 85, T8 &
Python3. 7. Pytorchl. 6, Cudal0. 1 3} 3 F #£ 17, GPU X
NVIDIA GeForce RTX 2070,IDE T. A% Pycharm, %54
CT #4580 JPG # 0, RoT# 0 64X 64 K . FHiIAE 41y
AR SR A B A SR 1 4328 W D IR an DI 4R T RS I
T RERACKR LS B, /N B 16, I 2540 B B BE o o
0. 001, AV E IS R AW E N 0.000 5,3 |IEN 0.9,
HEAT T 100 4~ JH#H Cepoch) Y25 .

3 ERESM

3.1 EMIERR

A SCHE T TR (Accuracy) VK B B (Precision) , F [1]
# (Recall) JEr 55 M (Specificity) % 45 AU B4 P 58 ¥ 47 PEAL .
R PG bR R AE AR Y 43 25 M Rl A0 R [B) 48 B 00 R i TR R
TNTE BT A RE A R T 1E B A e L RS i R 22K 78 TR B0
EFEAR SR IEFE A B BEER , B Bl R R REPT A EFA
hTI A E RS A 2 5 e S v R OR AR TR SRR AR Hh B0
FAFEA AL, [FE, A XX EI AT FL 380 (F1 Score)
Xof R Vg P BE AT PRAG L 8 A B =R (9) ~ (13) iR

A - TP+ TN (9
COuracy = Tp £ TN + FP + FN

KO~UDH. TP BAaKHEHEAR, TN £RrE
FHdEHEAR B FP RRBIAMEAE AR, FN R B HERA
i P RRKEHE R KR A MK,

3.2 XMEEIBWHER

A SCHF 58 B 35 43 I 5 Resnetl8, Resnet34, Vggll,
Shufflenet-v2 , Efficientnet-v2 I}z Bot50 43215 R 45 £ i 2
R EUE S AT U ZR R 38 3 B R IF A F8 b5 X b A SO
SRR MR BE DA THTIE B A SCHR L Y i i ik 22 I 4% A B A
bl H A 3 28 T X 4 A B A RS TR R, B A5 R
£ 3R,

*3 AEMELIWERITEL %

CE: MR RS B ER RRtE T4
Resnetl8 66.26 59.18 58.85 86.20 58.68
Resnet34 66.52 57.95 55.98 85.98 56.42
Resnet50 69.40 61.90 61.28 87.78 61.50
Vggll 68.62 60.05 63.73 87.88 61.30
Shufflenet-v2 61.45 54.55 57.30 84.68 55.59
Efficientnet-v2  62.67 55.33 55.50 85.43 55.32
Bot50 63.29 55.80 59.10 85.05 56.78
ViNg'§ 72.90 68.35 65.23 88.80 66.42

28 25 SR AT A0, i Resnet34 W 2% X 45 41 1 43 25 vHE#A
FERAR N 66.52%0 , 2t Bt S5 B 90 45 i 45 0 B 40 24 o
FERET 72.90% M TIRMERE T 6. 38% , [RIBF43C
B AE Precision, Recall, Specificity #1 F1 Score 5 fr b i
s TR M 4, 4y B T 1004024, 9.25%, 2.820%
10.00%6 . 3 4h, AR SCHE H 9 Bl 38 22 I 45 1 8 5 L b 4 2%
BRI TEM R AR L S T A 2R R
JETE Precision Al F1 Score I, i HAM 4 BEIL S5 KL L,

AN R T N A T A TEA o R 2 I 2% AR R N B A
R MERE, A SCe B T AT e Ak AL A R IR
ROC M B IHIFE I T & M4 ROC M2 T EfH (the area
under the ROC curve, AUC) , LS b 451~ ) 25 45 AU () 4 BE
7 B . AEIHR AT DU AR SCHR B BICE ik 22 T 48 A5
BRI &REA KW AUCH & FHM KBS, 5K
Resnet34 P45 AH Lt o A% SCR L X 4% 28 45 4 43 2815 AUC 43 5
PET 3.42%.3.25%.4.20%.4. 33% ., fHULEM, A0
HE B S A 2 ) 24 A TR R 0 BN M X 45 0 iE AT 40 2

- 151 -



1.0 1.0
Class
0.8 < 0.8
5 0.6 ¥ 0.6
= =3 |
04 micro averagel AUC=0.866 9) 04 <-+ micro average{ATUC=0.864 4) 04 E - <+ micro average(AUC=0.880 3)
micro average( AUC=0.830 5) il o | - 0815
e micro average( AUC=0.823 4) . o micro average(AUC=0.845 1)
A ”{””é(ﬁgc_“-iij 4 Cass1(AUC=0 801 3) L class1(AUC=0 838 3)
02¢ class2(AUC=0.734 6) 0.2 class2(ATIC=0.789 8) 02 4 ass2AAUC=0 801 4)
- womin clatss3(AUC=0.904 9) Jass3{ AUC— ) e e OAUC=0.¢
- T esd(ATC=0508 3 class3(AUC=0.201 4) e e classIAUC=0.902 1)
a . ‘ ; . ‘ - —— lassA(AUC=0.798 9) - . |~ s AUC=0836 5)
L | | | )
0.0 0.2 0.4 0.6 0.8 1.0 0.0 02 0.4 0.6 0.8 1.0 0.0 02 0.4 0.6 0.8 1.0
LGRS (LGRS LGRS
(a) Resnet 18 (b) Resnet 34 (c) Resnet 50
1.0 Miors svarsze
,
0.8
5 0.6
i
& E
y A .
04 Class 4 P e micro average(AUC=0.876 1) 04 sy 4 #7 eens micro average(AUC=0 838 4) 0.4
- g e 2
e wst micro average(AUC=0.842 8) i e -+ micto average(AUC=0.792 7)
p class1(AUC=0.837 3) F - “om’ class IPATIC=0.750 3)
02 s S2(AUC=0.800 3) 0.2 ﬁ e e class2(AUC=0.729 3) 0.2
I e class3(ATC=0.910 1) A = class3(AUC=0.900 7)
o ) | classh(AUC=0821 0) ‘ = ) |~ classd{AUC=0.788 0) ) i
0.0 02 0.4 0.6 0.8 1.0 0.0 02 0.4 0.6 0.8 1.0 0.0 02 0.4 0.6 08 1.0
(d) Vggl1 (e) Shufflenet-v2 (f) Efficientnet-v2
1.0
0.8
5 0.6
=
o4} X . e . '
£ Clsa weer micro average(AUC=0.845 6) / " + micro average(ATC=0.890 93
H - :* micro average(AUC=0.807 7 f - -+ micro average( AUC=0 861 4)
# - gcf. ) - 2 )
02l L v class1(AUC=0.767 9) 02k e o lassI{AUC=0.835 5)
' class2(AUC=0.758 3) o e clags2(ATC=0.822 3)
3 S3(ATIC= ) - HATIC=0.943
. e Clags3(AUC=0.918 0) " classHAUC=0.943 4)
- ) | T clasy(AUC=T840) ‘ P ) | s AUC=0342 2) )
0.0 0.2 0.4 0.6 0.8 1.0 00 02 0.4 0.6 0.8 1.0
(g) Bot 50 (h) Ours

B 7

3.3 HMXEHER
ALK Resnet34 W& #E4T T 5 A Jy B itk , A 45
Focal loss, Soft Pooling % £ % W X £k HHEE IE

B sk 2= A s, A M L S1.82,83.84.85 FEin., N T

x4

RSSO0 45 Rt L

A M 4% 5 ROC il 28

BGIESX 5 AN B X 0 4% 8 B 1l ol 1 RSR L 7E Resnet34 ¥
28 FARIRES N S1.S2.93.84.,S5, 76 A SCHUARE 48 b AT
Yk DK AT I W 4% A B B B 7 Pk, 45 Rk 4
R,

CE:S ULES

B EIEES F 51k F1 2%

Resnet34 66.52
Resnet34+S1 68. 88
Resnet34+S1+S2 68. 88
Resnet34+S1+S2+S3 69. 23
Resnet34+S1+S2+S83+S4 71. 50
Resnet34+S1+S2+S3+S4+-S5 72.90

57.95 55.98 85.98 56. 42
60. 35 63. 50 87. 83 61.48
64. 05 63. 30 87.38 63.53
66. 95 65. 68 87.95 65. 49
65. 98 66. 15 88. 48 65. 65
68. 35 65.23 88. 80 66. 42

TR E RFH] W 28 SR HL R B #H4 Focal loss J7 B
R & AR EEE] T 60 % LA_E, 26 B %R 2 5RO AL g
B ERE RS EIEAR PR, FEM A Soft
Pooling I 4R IG  BALM P RE 43 A3 30 T ik — 25
$& T+, AT B Soft Pooling F1 %% 45 i 4% 45 44 RE 1% $2 1=

« 152 -

28 o FEAE 1 ) FH80R 38 43 BT B R 19 B R AE AR 2
iE, TOARAE R T840 FI R A R TR m P 4g e . Z /R @it
ARG 3 23k AHER IOLH] BB X 25 A B4 2 T B i
AT 7L.50% LT IRMERFT 4. 98% . BB XL
Sk B AR B R AE LI A R A5 48 1 X 4% X 4 A 1



X R OE LA TROEEE MKk AR D EA RN

518

PERE . BJa ¥ 5 ABIHCENR NG BEER E LR o 805
Tahr A X R 4% 45 3 K W 48 T, i b R B, A Soxt
Resnet34 WIZGEER 5 I HLBE 60 AR S R X 450
a2 RE .
3.4 MEMHEEITEM

o T BAEAR ST A R PR BE  FE G IR b 2 A A
BLBEIE 141 CT AREIE, FIHA R M RGN A
FH WL R INZE 5 iR, Bo. 6 CT BB W T
W EAF R 8 iR, S 25 S Ay, 48 307 L RE IR AR
WHF CT AR MR B 1 4 P45 4 A28, {H Case3 5
Cased 1) EIZEEAET Casel I Case2, 3% 2 B F TN 24
A A A 25 A B s B AR D TR A AL A R 2R A
20 A T B PR AP TR0 ) < 33 TR R 4 A ) TR AR I T O

BRESEE L MR RS 0 . &% bk . AR 3007 I BB 8 3 B R Ri
T &5 A1 A H B

*5 BHCrEmgER

P 151 FLE &5 %
Casel RS A Nk b
Case2 R0 RIRE0
Case3 Heih A 50 HA RI2E 7
Cased BEMEN RAERGSH

Casel Case2 Case3 Cased

Hi5E: 6,789 EH :
B8 g CT e (5

:O.§26 E%E R 3‘

3.5 FIE#R
FATKE IR W F kS AGE A WTER AT T
M b SR AR 6 s

6 SCEHEARMUER

HREn  GAEN | BANE
cwiz] mRm T O
wikizz)  cr CUEERT wgas
Xit(23]  CT RMRSEA e CT HEGH
womeor EREE T yem e

M 6 Al DUA B AR SOTT 6 S5 A BT e 3 s
BB DAIOIFERT CT ARHTHNES A28, S To
KA i SCHRRC 21 TR Y 1A 8 56 1T 45 1N 8 B A 2 TR

PEA AR . 2)3CHk[22 [ 23 | R % 18 T 5 45 45 1 SR IR
G540 5 AU VERLEE A L AR I PR TP Ol A7 7R K 23 IR 5 2
S50 B, WA BIE 5 BF X 22 B 4 41 2R R0, BR Y BE A8 X AL 4l
PRy A5, b ] DU R & B 45 40, 4 1 TSk 22 ]
FIL23THA R IR R M B . 3) A SCHE i i Bl i 5% 22 1)
265 R 85 R HBU R4 S = B RRAAE () I A SC 5 1k RE 68 U6k 55
BE A T-5 R H R, B AR B A

4 # it

ARSI T —FEET CT BARARAT I 45 A 25 80 J7

B RTT R T B T AR 22 N 4% 1) 45 10 8 B R BT T B 1

£, Ll Resnet34 fE R REREAESE , Beit T — PR 25 Al -5 AR

Y, 3 Soft Pooling {4 T Max Pooling JE47 F %4t

AT A3 B R B £ i R AE A B . [RIA, B Focal loss I8

5 T B0 AN P R B R T I TR AR A

T AR A G BRI R B AR MR B AL, A5 A iR

PR, BRI MG XELA TR

FIRE Y, BB SC TR 4 e EL PR 0 AR, B T AR A

B4 2 RE B IS 72. 90 Y6 9 W BE . DA TT 32 ) L AR B

FURE S TR I PR AR 45 11 S0 EAT TR B vEW B9 0 H CT 3

BHATE A 8B B TH B BE A 558 MR Oy &5

TR B R A W R R R, A B E R I R N A

EAS SCHRE Y A BB I A TE — 8 1 SR BRI, HOF R T Sl

BICHE . R 3 R R HE— 20 A 2 A ML IX Y BE e i 4R

5, TR AT 58— 8- 3T

S % Lk

[1] SECKINER I, SECKINER S.SEN H,et al. A neural
network-based algorithm for predicting stone-free
status alter ESWL therapy[J]. International Braz J
Urol,2017,43(6) :1110-1114,

[2] MIERNIK A,HEIN S,WILHELM K,et al. Urinary stone
analysis-what does the future hold in store? [J]. Aktuelle
Urologie,2017,48(2) ;127-131.

[3] FERRARO P M, CURHAN G C, D’ ADDESSI A,
et al. Risk of recurrence of idiopathic calcium kidney
stones; Analysis of data from the literature [J .
Journal ol Nephrology,2017,30(2):227-233.

[4] CUNNINGHAM P,NOBLE H, AL-MODHEFER A K,
et al. Kidney stones: Pathophysiology., diagnosis and
management[ ] ]. British Journal of Nursing, 2016,
25(20):1112-1116.

[5] FERRARO P M, MARANO R, PRIMIANO A,et al.
Stone composition and vascular calcifications in
patients with nephrolithiasis [ J J. Journal of
Nephrology,2019,32(4) :589-594.

[6] TZELVES L, MOURMOURIS P, SKOLARIKOS A,

et al. Outcomes of dissolution therapy and monitoring

+ 153 -



55 46 % L A T - S
for stone disease: Should we do better[J]. Current detection on CT images using deep convolutional
Opinion in Urology,2021,31(2):102-108. neural networks: Evaluation of model performance and

[7] ULLAH A, KHAN M K, RAHMAN A U, et al. generalization[ ] ]. Radiology: Artificial Intelligence,
Percutaneous nephrolithotomy: A minimal invasive 2019,1(4) .:el180066.
surgical option for the treatment of staghorn renal [19] ESTRADE V. DAUDON M, RICHARD E, et al
calculi[J]. Kmuj,2012,4(4):156-160. Towards automatic recognition of pure and mixed stones

[8] IQBAL M W, YOUSSEF R, NEISIUS A, et al. using intra-operative endoscopic digital images[J]. BJU
Contemporary management of struvite stones using International,2022,129(2) :234-242.
combined endourological and medical treatment: [20] BLACK K M, LAW H, ALDOUKHI A, et al. Deep
Predictors of unfavorable clinical outcome[J]. Journal learning computer vision algorithm for detecting
of Endourology, 2013, DOI; 10.1089/end. 2013- kidney stone composition [ JJ]. BJU International,
0257, eccl3. 2020,125(6):920-924.

[9] TALATI V M, SOARES R M O, KHAMBATI A, [21] KIM U S,KWON H S,YANG W,et al, Prediction of the
et al. Trends in urinary calculi composition from 2005 composition of urinary stones using deep learning [ J].
to 2015: A single tertiary center study [ ] ]. Investig Clin Urol, 2022, 63.:441-447, DOI.10. 4111/
Urolithiasis,2020,48(4) :305-311. ICU. 20220062.

[10] PEARLE M S, GOLDFARB D S, ASSIMOS D G, [22] BEWH. EFEGAESNKRNG A RS TBIS B L
et al. Medical management of kidney stones: AUA WF3R[D]. %I 35 M K2k, 2020.
guideline[J ]. Journal of Urology, 2014, 192 (2); [23] RUDENKO V,SEROVA N,KAPANADZE L,et al.
316-324. Dual-energy computed tomography for stone type

[11] HERMIDA F J. Analysis of human urinary stones and assessment: A pilot study of dual-energy computed
gallstones by fourier transform infrared attenuated tomography with [ive indices [ J ]. Journal ol
total reflectance spectroscopyl ]]. Journal of Applied Endourology,2020,34(9) :893-899.
Spectroscopy»2021,88(1) :215-224. [24] LIN T Y.GOYAL P,GIRSHICK R,et al. Focal loss

[12] ASSMY A, ABOU G M E, NAHAS A R, et al for dense object detection[J]. IEEE Transactions on
Multidetector ~ computed ~ tomography: Role in Pattern Analysis & Machine Intelligence,2020,42(2) ;
determination of urinary stones composition and 318-327.
disintegration with extracorporeal shock wave lithotripsy- [25] STERGIOU A, POPPE R, KALLIATAKIS G.
an in vitro study[J]. Urology,2011,77(2) :286-290. Refining activation downsampling with SoftPool[ ] ].

[13] ez, VLI, RS0, 2T B0k U-Nert B 45 F) IR i Proceedings of the IEEE International Conference on
M EBR S ZET]. BT E 5N, 2021, Computer Vision,2021,10337-10346, DOI. 10. 48550/
35(10) :202-208. arXiv. 2101. 00440.

(14 ARBUE TS PREEER. . B TREMAREST  [26] VASWANI A, SHAZEER N, PARMAR N. et al.
HIERR CT BB S BB s B R[] . (AR R Attention is all you need []J]. Advances in Neural
#,2020,41(3) :248-256. Information Processing Systems,2017,30:5999-6009.

[15] Ml , sk Rk, 875, T CA-DenseNet ¥ FL iR & % B EEZE N
REGRA L] EA 7 W R, 2022, 41 65): ST 1 VRO, 67+ 2k S B B 07 1 S AT
L8713, Bl I 2 PR b T

[16] GROE H N, LENNARTZ S, SALEM J, et al. Dose E-mail; liukun15166@hbu. edu. cn
independent characterization of renal stones by means LT BRSBTS B I 2 R
of dual energy computed tomography and machine Jbp
learning: An ex-vivo study[J]. European Radiology, E-mail ;1965452981 (@qq. com
£020,30(3): 1397 1404 BT LT B E R, E BRI IR R

[17] KRIEGSHAUSER J S, SILVA A C,PADEN R G, NI Rl T
et al. Ex vivo renal stone characterization with single- E-mail ; cuizhenyu615@163. com
source  dual-energy computed tomography: A RGBS L 52, 11 20 2 B i
multiparametric approach [J]. Academic Radiology, Sy AT B P 2% R {5 b 3
2015,23(8):969-976. E-mail: hbu0126@163. com

[18] PARAKH A,LEE H,LEE J H,et al. Urinary stone

154 -



