18010000011013 E%% 13 1F52. fbd

37 & 1 B E O£ W E ¥ IREF R Vol. 37 No. 1
2018 42 J Chinese Journal of Biomedical Engineering February 2018

R B 5 5 FE U IR o
5O O M KEE ARE B RN

b R K 2F Y S A TR R AER s TR I F AT e 8 R R TS S0 %, TR U TR 24 = B AR 5 e,
IR 2 TR R R R B L)
2 (OB FE BE , db 3T 100080)
ST RS 2 B R R BE 2B AU 310058)
 OE. AR R AR W AR e e B S Az 3 o e B A RS TG, 56 B0 B2 T A TS TEA
AR AR E H ORI 9% T . TERERY) A M ECT AR I SR, N T BE R AR T s AR, O 41 Bl 43 A
MRE PR HT ) 2 S A TR A | 3 — BSOS G B2 W T I v 2 0, 0O LR B 4 S MR R N T BEH R TENR
BAPT S A BB B AR BB W I Be 4k, T B2 W 25 S IR RO, AR TR B2 2T 1
FEAME A B A B BRI R A3 B v % g P, T ARE AR VR 8 2 > 7 40 L 0 2 0 %) A DU R 1) L A 423 T d i 1Y
YRGBT , DL R A — 2 i, fe s 48 B RTECT 0 BRI R AT v A AR A T 8 X6 2R Sk Y i JR T ) iR AT
RY,
KRR BRI R IR B =T
FES> %S . R318 XEEFRERAS A X ELHRS:0258-8021(2018) 01-0000-00

Deep Learning in Digital Pathology Analysis

Wen Yan' Ye Tang' Eric IChao Chang® Maode Lai® Yan Xu™*
" (School of Biological Science and Medical Engineering, BUAA, State Key Laboratory of Software Development Environment
and Key Laboratory of Biomechanics and Mechanobiology of Ministry of Education and Research
Institute of Bethang University in Shenzhen, Beijing Advanced Innovation Center for Biomedical Engineering, Beijing 100191, China)
*( Microsoft Research, Beijing 100080, China)
*( Department of Pathology, School of Medicine, Zhejiang University, Hangzhou 310058 , China)

Abstract; Pathology is regarded as the gold standard for diagnosis of cancer in clinical. Pathological analysis
and prognosis are usually performed by pathologists, however, could be time-consuming and labor-intensive. As
the development of whole slide pathology, it is thanks to artificial intelligence ( Al') that may promote
pathological analysis gradually from qualitative analysis to quantitative analysis. In recent years, the Al
technology, especially deep neural network, has greatly promoted the progress of pathological diagnosis, which
is more intellectualized, accurate and repeatable. This paper describes the basic concept of deep learning and
its application in digital pathology analysis. We gave a brief overview of the application of deep learning in the
detection and segmentation of cell and tissue, classification and grading of cancer, and other applications.
Finally, we raised the existing problems and the prospect of future development in the analysis of digital
pathology.
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Fig.1 Two layer convolution neural network, which is constituted by the convolutional layer, the pool layer and

the fully connected layer
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Fig.2 Gram of the max-pooling layer, the size of
sample window is 2x2. The window take the
maximum value of feature map within the window,

to compose the feature map of next layer
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Fig.4 Detection of glands in colon tissue
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