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Abstract

Combining with the traditional pathological optical microscope, a pathological microscope design
method based on deep learning and man-machine collaboration is proposed. The pathological
image shooting module, pathological image processing module and segmentation result projection
module are embedded in the optical microscope. In the algorithm part of the image processing
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module, the deep learning model is established by adding the CRITIC module on the basis of the
medical image segmentation network UNET. The model can learn global and local features at the
same time. The microscope design method proposed in this paper can realize when the patholo-
gist moves the sample under the objective lens, the microscope can segment the image in real time
and show the cancerous area.
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I A g L 5 0 M2 W ) bR v B S I o [1D955 B2 538 5 BT O R A A JEL IR DA B s it
FERHURIARTE . S50, ThaeAqb, SKIE BB AT, MM ER R R RS R RIE. RS W
H 2 508 FHOVRR S AR . AR AR N LS A58, 45 G AH G IR R BRI A ARG R AR 2, 42
AEARAS [R5 28 1 J5R ARV e P 0 3804 A T ) — b S U TR [2 DRIt 9 R 5 A 6 420 56 5o T 12 W 0 R it
e E B HAIR IR AR EIE L R 5 H I B R E A ), YR R R 2R 5 S A, R
BB TSR FE R . $EG0TT, — 7 RS H L A0 B AR o 17 B 2 K T B i — 3 2 M
— L RE S B ) R AR R A B A R S = AN, B EA B B b, A Re R SR 12
Wi[3]. FEHATRE 2 HZ AWRERHEL, (BRI 2 2 10%A b, 775 ™ 55 1 B AR A SRR 43
AN G o

B IR 22 S EHE AR R R, NTRRAE T 205, JFFEFZMEER 7T NH. Pl
o) 5 R AR A 0 N R O H TR AR A BHLES 5 ) SR AR PRI R bR OR S0 v] DA R AR
WLAER, RmEARCHERYE, & TENE, AT EAERK LR SRTAEMSTUE, JFEA
DU YO B S AR B ). H AT, LSS IR 220 20 . Ay G . 425 28 S B RS O T
AR T R0 [4].

CNN & — R I 2 R 5 FL 5 AA I 2 1D i 1t o 22 I 2% (Feedforward Neural Networks), A& HL#% % >
RIS 2] (deep learning) A SCEE BA[3] [5]. JTAER, CNN BN RSN IR, FFUEIE W REAT At
EE 5 2] 24N B B RIRFIEZ R TEAR R 0E L #IJ7TH, CNNs HEUS T R E . EE5E
15y E140%, CNNs S 7R, 2EIUERfiE R 1F. Ronneberger £5 A4 H 7 —Fh U TR M 45449 H T
B E], BI U-net [6]. U-net BUfF T AEH I 0 RE, JF CHEN FH T2 AR(ES, fEESEISF R
5

SR B AR E 5 > S 975 3 B AG J7 THT FOIE 78 5 v TR0 A B D) B (0 A8 X304y 1, B Rk
IR EAAT A R ERCF R ERY) ARG IIR L2 2] 3 BT BN E TR UK R, AR & ERAE
Rl e AR I I, R R B 2 S L S BB A5 6, ot — RS TR D) s
ULEE, RN H AT RIS S

KRB TRIREZ I BARGE GG B 4G, Wih T —FhE: TIREE 2 S AN R 5
PR E, BEE AT NSRS A, S H B AT DAy R A ST R OR TR JE 27 o S R AR
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GrRNAE R, AL PR R DR B BB T SN WL S BV FE 27 S AR IR A2 X k. R SA U T4
N REYUERANERES, AT R IEE T EA K.

2. BT REFINHREEBKR SR

RSEIR 2 ST A HE BRI B 30 8], A SR IR IR T 25T Unet #2% Critic [7]199% 2L &
SEIRRL, ZMG MRS T GAN AR, A Pytorch BEATHEE, IIZREdE 4L B e BE A%
ZRHEY 5 E s K/ A 1000 7K. 1I1Zk GPU % ¥ Nivida Titan XP.
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Figure 1. Unet nested CRITIC segment network model
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Figure 2. Structure of microscope light path

2. BIRAEREHIE

PSS

Hrh BRARE RS, EHER Ni-U FIHESE, G —AWsEMn AR, WK, HESZERAS,
FIZLI B B BEAE [ — e Bot i b, MR EHATC A, A R EOEA: BB BB

PRA B — P ORI ORI A B R

BIGCRERL, H50 UISPM, I T REIRAEIE; EHGALEIREL, RAIE 1 Prid iRz > i,

DOI: 10.12677/iae.2021.91003 18

(A


https://doi.org/10.12677/iae.2021.91003

TH %

AT BERER MR A KL, FrliERXE; BGRE RIS, KA DLPC2010, M TH51&
GAE B REH S ) R AT s R R PR, (B (L4 TCS3200, @I iRAIMH: LArid
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Figure 3. Appearance of microscope and actual microscope
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MRASE L E AR 585y 120 5K MRA28 45 Fan i 4 Fror. Horp B ErseE N oy E bR e R X8, #%
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I TR P S S I B A T LS B B AR TR B R RSB AR, AU BE M B LT SN A H
AR [X I

DOI: 10.12677/iae.2021.91003 19 INE SR &S


https://doi.org/10.12677/iae.2021.91003

TH %

Figure 4. Results of segmentation
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