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W% DETR 78 H b 46 I 47 38 (9 B gy, — s &5
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P AR B G AT 55 p L B, COTR AT 4 7
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(1) 240 f A I

TE 20 8055 A7 [EIR b, 200 M 5% 4 B A A6 D A B
T 53T 40 i s 18] 43 A7, A 200 M s 40 A2 1 S 461 43
) ERER R A 2 W i 45— R JE ST 55 1 A0 ST
P, AMMPECEMMEE - RAATEREESHLR, 20
YA D AF: 55 T i 7 2 PR AR

T B bR I A 55 2 i U 43 25 RN o 1Y ) A
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L E I BIAOE 5% S I WD N SR T s N R e
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AN TR TN A 2 2 1) o T 2 L TN A4 A i 2 A A
O A = = = 1 B D ST L DA N I W= 2 R Rl K &2
MMEEMEB F T 4l o0 R sy, X R H IR
— A AL A P AR A i R ) NS LT A0 L Y s
R M T /E 2 9E & K M #l (Non-Maximum
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15 T ARG 5 150 s SR 53075 DCNet™
3 ok U0 A A A g A P F) 0 AR IRT AR G Ak B
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A Review of Deep Learning Methods for Pathology Image Analysis
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Abstract Recent advances of digital pathology in clinical diagnosis make it possible for the application of
artificial intelligence to pathology. Due to the powerful learning ability in dealing with complex patterns,
deep learning algorithms are widely being applied to computational pathology and have great potential to
improve diagnosis. Here we review the intersection between deep learning and pathology image analysis,
and survey the progress of three key tasks: classification, segmentation, and detection. For each task, we
cover its clinical value, technical challenges, and state-of-the-art algorithms. Despite the promising results,
very few artificial intelligence algorithms have reached clinical deployment. We describe the challenges that
still need to be addressed before transforming artificial intelligence technologies from research to clinical

practice and suggest directions for future work.
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