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R R . B S ¥ & (Parameters) . 1H] [ & FD 4% i Wi 24 ( Frame Per
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T RGN PR b R L O IR b R R MPA Y 95.93% Fll MIoU A
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Abstract

ABSTRACT

Objective To establish a deep learning model in cystoscopy images based on
semantic segmentation algorithm, classify cystoscopy images of bladder tumors,
distinguish pathological grades, and provide basis for the treatment of bladder tumors
and prognostic follow-up.

Methods Cystoscopy images of 261 patients with bladder tumor admitted to our
hospital from January 2010 to August 2021 were retrospectively collected. According
to the characteristics of cystoscopic images of bladder tumors with different
pathological grades, the images were divided into 3 categories, including 116 cases of
papilloma or papilloma with low malignant potential, 185 images. 63 cases with low-
grade urothelial carcinoma, 97 images; 42 cases of high-grade urothelial carcinoma,
62 images. After data amplification, 2408 images were obtained and randomly
divided at a ratio of 8:1:1 to get the training set, test set and verification set. The
multilevel feature semantic fusion network (MFSFNet) was used to segment the
image. It was compared with four classical semantic segmentation models on our data
set. Finally, external data sets were grouped according to clinical information
(whether there is infiltration of muscle layer, gender, age, smoking, and family history
of bladder cancer) to explore the clinical application value of the model and predict
the classification of cystoscopy pictures. Mean Pixel Accuracy (MPA), Mean
Intersection over Union, mean pixel accuracy (mpa), mean intersection over Union,
MlIoU), cross entropy loss function, model Parameters and Frame Per Second (FPS)
were used as evaluation indexes of model experiment segmentation, and the accuracy
of model image classification was calculated.

Results After image recognition training, MFSFNet distinguished papilloma or
low-malignant potential papilloma, low-grade urothelial carcinoma, and high-grade
urothelial carcinoma with 95.93% MPA and 92.54% MIoU, and its image
classification accuracy was 96%, which had certain advantages compared with the
other 4 types of classical models. In the grouping experiment, the overall image

classification accuracy was 51%, and the non-invasive group, male group, <60 years
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Abstract

old group, smoking group and the group with a family history of bladder cancer had
higher accuracy, which were 56%, 56%, 54%, 53% and 71%, respectively.
Conclusion MFSFNet network model has a good effect on the segmentation of
bladder tumors on cystoscopy images, and can better classify bladder tumor images,
which proves the application prospect of deep learning semantic segmentation model
in the task of bladder tumor segmentation and has certain clinical application value. It
can provide valuable information for early diagnosis classification and personalized
treatment of patients with bladder tumor, and promote the development of human

health.

Key words : Artificial intelligence;Deep learning;Semantic segmentation;Bladder

tumor;Cystoscopic image
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WHO World Health Organization tH 7 A2 21

NMIBC non-muscle-invasive bladder cancer AR IVLZ R 155 e frb e
MIBC muscle-invasive bladder cancer JLZ 2 14 % e g
TURBT transurethral resection of bladder tumor 28 RAE B e e F )R
Al Artificial intelligence N TR

ML Machine Learning WIE ==

DL Deep Learning R 2]

NLP Natural Language Processing HAR1E 5 A3

CNN Convolutional Neural Network LA 2R X 2%

MRI magnetic resonance imaging IR R
MFSFNet multi-level feature semantic fusion network 2 JZ {URFAEE SCRbA 7 #1512
PSPNet pyramid scene parsing net & T SR N 4%
HRNet high-resolution net T AR R 2%

CASPP Compound Atrous Spatial Pyramid Pooling B 7 2 ) 4 e P Ak
vUICC Union for International Cancer control By K

SGD Stochastic Gradient Descent BEALER T B

MPA Mean Pixel Accuracy FIE RN

MIoU Mean Intersection over Union FHIAZ IR

RC radical cystectomy LESERER 7 N1 N

CT computed tomography L TSR LIT = T
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TR 10 R IZWIEAE, 2020 FE£9F 57.3 J3BIHT R B 21.3 J3 4158
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I RA PR, X4 RIS N e TAEMEL LS5 3o A B A IE], A
W HA —E KR Z M AL, ERXPFOT, A FRAE SR BURIER FE 2 T 1 T
SNV B2 W TR B AT S W R T, JFSEBln] S Wt s e &
S50, s> AR ERNER, JF HEEA RO g e A TR . iRz,
AR TRTSIT K.



ok

F1EHI

ANTHfe (Artificial intelligence, Al) &3t T8 2% (YR 26 M 2 H AL
RGN O EE AT AR, AT MO AR &5 /N Y AT A AT 55 3 T 45
FAFSs, FIEATHA RARRBIAR I G, WS N TR T, Wlass ]
(Machine Learning, ML) . V&BE%%>] (Deep Learning, DL) . HAREF AL
(Natural Language Processing, NLP) . TFEALAEGE. T4« PR3 R 0 &
S, HA R ZHA T 55 MR EST RN, HrhEEEB 2 (Medical
image analysis, MIAD SUSATAE T+ SO O s, i v+ SR 58 St 302 N
TR REGTENE AN — AT %8 BRERES T ERKZE . BRG] 2 TR
AR R B A A AR OAE T o LS 5 SR AR TR 35 BN s v AL o
BTN A, XEBEEAL NS, JEMER R R 3], KRR
SRS AR, &N TR BEA BRI —8 7. HLas % 2 n] DURYE A ]
W JE R L AR 2R, AR I e A AR 22 A 22, W] DA Oy
T2l R E MG E T EEFERG iR, A FRA R
B> RIES 2] 2 Hinton 1E 2006 42 H 1, HORH 2 AN 1H LR 2] Z R K I
e 4ERE T S AR G R T VRN SAR GG S 21 TR L, TR S ST ORI AR
P Rens H AR BUR B HRE, T T80 BERE S ST FEHA G L E
RE S AL T EUS R, AR M 25 (Convolutional Neural Network,CNN)
DN FER R B 5 > T 46 B T B2 25 R AR 0 A A0 . Zunairt 5155 AR 45 A7
22 [0 2% R RIF 5 3IE S B8 i D) N2 FH T = o7 AR B 23 BT 4195 - Eminagal!9155 A%}
479 i) 2 B B5 e B MR AT AL B, 45 31 18681 K IANMR,  F o) X 46 (& 45 il b 2
JEITR T S PR E G 2T, T LAY 20 6 IF 1 A LA R X 70 15 15 e
JERR S I Brb IR o R P AR 2 T A S A A 25 X 2 A TR % I A PR s 2
ATACTE, AZAE Y BN H —E W B2 Wow B A E D
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Frish i B S A [ e N2, HETTASE 79 N T A 2% 0 B A ) LA 051 R H B
BT, AR TIR L I W= R AE S o3 B0 AT I # TR 7807, Renard U8
G NJEIR VAT RN L 5 S FOE AT o B B . HRTA IR 2 7 B TR
SIRM R R EGOE BB, Linl"5E NRR 1 o B FUIR 2 W ()
RiF . Merajl2%% AXHHlES CT 5287 RIBIREFT, F T Rias kil .t 2 A
F— I 5 ST 750 CT 5248 A B G5 e IR 24715 S 81, IS 4 1Y
PERERY. Shkolyar??155E N\ LE 2019 SEHIE 18 FH R B 7 S 72 15 e B3 R 5 e 70
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BRI, JFHITR T — BB & CystoNet. B P A 5738 54 2o 1)
T B EEE N T 6 I S e A5 230, BRANPASE N\ JE TR A #0248 N 25 347 1K
HE, W S i R S g B AR N T S AZ G L R 18 4R ( magnetic resonance
imaging, MRDFEUE, 3RS TEREF MR . sKIRIE Nt 7 —F 2 RERE
fIE Rl B2 B A S 1D g 20 B R0 JB5 I8 MRT IR GHEAT 20381, 45 RN 2 AL
I EEER, A& K5 EhiZ Wi E

Zx BRI, BT E NS TS IR R B D A R o B D, AR SOR
FH 55 Bt 458 BB &6 & 18 o BI5EE, R — M 2 2 ORIETE SRt & 7 B R
(multi-level feature semantic fusion network, MFSFNet), X = FH 2 51| i) [l bt ikt J8
EHRIEAT 73381, T AR 2R 0k e AR5 A 52 BRCFRT E J LL RO 1855 e 45 AR 70 2R
PER I, K5 H AT 4 Fh & BE B R (8T S5 AT N 2%
(pyramid scene parsing net,PSPNet)?°), U-Net!?’), DeepLabv3+281, 7575 #3525
(high-resolution net, HRNet) 1) FHLLEE, [FISWARYE W AN MIE IR EdE (&1
RIEIUZ AL RS BB H BN 50 s ) AR ERE 31T
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IR B B B & R B B It B = AT, BB AR AL S
AR CLV-S40, HZMWES . W8 LHLLE. BIFs. BBMETT &
BB T ARG CERUVETEA T POrEE A . BVE R ARy 71D Ak, £
BEAT S W B A AT, R AR SR R S, A SRR BT R AR R AT R R RR I
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KA MR SE . M PWEE, Afeitl. BB RESRE e M
UL R RER AT IR, — ST BT D B PR T Bt 17 = g X il , SRR V& B
AL BT e R S, W, ZJR (R Bl e MEE, Gomta & i e s
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fL#s, B, maEsee, EMEEEEWE RO 2 EK. TES
BRAENEEY AR 3F U LIRKER, RGBS

2.2 BUEWCER

HEHL 2011 4F 01 H & 2021 4 10 A R B W JR AN BT & R TE 5 b i g . )
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2.2.2 IEREHREYER

AR e B TR P R B AR IR TR, s R, RS
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PU ¥ BE % (Union for International Cancer control, UICC) HJ 2009 £ 58 7 iR
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W] 2 B 7 AR SCREAR [ 26 235 4] EH G R 4 FH AR 28 0 20 2L Ao SR 285 - A R
A EMRENE S BB EUES, BN EATTRERS CE I8 78 25 [A] H o N G 1) 52 4%
JEZRHIEHEAT A5 R 5 AR S S N /MR R At B, B B g ME R 402k
[y 43 1] B 1301, 24 i) 2% 35 43 £ 35 MobileNet V2Bl & & 25 i 25 8] 4 7 ¥ it 1k,
(Compound Atrous Spatial Pyramid Pooling, CASPP) &, %R ERM R H &
2 [] MobileNetV2 1E M 2% T+ AT RRESR I, A2 s 208 SURMEE . 7
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AR IFAT BT, A G0 2 T 5 AR A 2 1) Sz B AN A i 0L R sk e R
JEETRELR, @l Rt oo B R OE BabmMogss, s FmRHES
S A R [ R I N AR R =3 (10 73 SR /NG B B R A PR, S
KM EREME 3. 5. 9. 17 1F8 CASPP LIk 2%, GBI Tim T1B&
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o FITERE

MaobileNetv2 Encoder

I s e il e

DWConv ‘I Concat
e ch‘"'”_‘d Upsample 2 Concat "—Pl DWConv I
i DWConv Attention = i

Decoder | 1%1Conv Upsample 4

B 2. BRI L

2.4 FEAE SR ot

A B B 159 N, 2tk 62 N, 8 24-81 %, 1ZAN[EJ BL4- 2B
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WRERIFLICRIE 116 1], 185 kMR R IRES B e 63 B, 97 ikENR: =
HA PR R 42 B, 62 ik . AW 221 AR BB 344 5K 5
e & A% 5r v 3 A9, 43 93 4 High bladder tumor (/5 2% 7l JR % b R )
Low bladder tumor (fI&2K 7l JR % b 9 ) , Papilloma (FL Sk RIS B B A4 8
REHUALRRIEED o« — 4 HA ZF K TIEA 5 B2 A6 H Labelme A 34T 15
X ERRZEGIE . BT AR FFEARE D, N7 Bk G BL SR 2R A2
i, EAERE . . AL A SIS AT BRI R (i 3D
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PRMGREA, DA Bz A Re ), mA&4F3) 2408 5k & v, JFLL 8:1:1 1Y
LU BEAT BEALR 7345 2202, DRERANIRIESE CUIZRSE 1950 5K, Mt4E 241
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BIERS Windows11 64 7

CPU Intel(R) Core(TM) i9-10850K CPU @ 3.60GHz
GPU GeForce RTX 3070Ti(8.0 GB)

WIEET Python 3.8

IRBE 5 S HELE Pytorchl.7.1. CUDAI11.1
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YA TR S H AT 4 Fh&e 8 1035 B H L (35 s i i N 2%
(pyramid scene parsing net,PSPNet). U-Net. DeepLabv3+. &7 #ER M4 (high-
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IR R i e 2 PR FLI IR IR B A
K& 74 .
F R bR B I FL IR IR
K% (n) 10 18 21
S n
260 9 11 16
<60 1 7 5
£ n
5 8 15 16
L 2 3 5
I 5L n
WA 7 10 13
AR A 3 8 8
WUZRE n
=i 3 14 0
IR 7 4 21
e L
A 3 2 2
p 7 16 19
2.6 W IER

ARICKH PG E K E (Mean Pixel Accuracy, MPA) . P It
(Meanlntersection over Union, MIoU) 1E N52I61EN ¥8FR. MloU 115 &2 5]
1) B SEAB AN FAE Je RN & SR S R LA, BT BT E 280 1958 FF bk 35
i, =k (5) Fs. MloU HUMEMOK, AR ERS .
1 & P,
MIOU =
T SRS SR
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1 A A
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A%, 1§ F Dice loss 7] LA GiX — A @, Diceloss A& —FT & A8 I LB bR AR 2%
AL HARWN (7D B
_1_2|XNY]

| X[+ Y]

H: X RRHAREMMES, Y RREERBERES.
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