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I. HRAREFE
1. X%

@ H (40 4) X 0 4572 EDTA-2Na R i 2 A,
HELRBHEERAZERL, M1 3T FIEICT
May-Griinwald* Giemsa (MG) 48 % 1T 5 72 23, MG Yol
Wk 100 (52 L > X2 WV CBEMREEBIZR L, BEIREED
A 7 (Axiocam ERcS5s, Carl Zeiss $)(Z C B HIIEG 2
15 A MBI 2 355 L, 1335 AL IEH A M EREG T — %
R—2 &2 ER LT,

2. BMAERT -4ty FEHRFEAERT—4 Y
~DYERK

R L 7o B EREM I3 B BT L0 FRIREZ L F1 R (Band),
5y Bl #Z 4 EK (Segment), 4T 2 K (Eosinophil), 4T M & £k
(Basophil), HEK(Mono), VU > /SE(Lymph)iZ 6 5233 L 7=,
AL EREG O F A X 2 12", 4FFERKIE Band & Segment
& OERIEEMEIT H AR K F 2T BERE N EE S LD
FEIE ST AR ERCR MG o BT oy FAAEYE 291 H¢ > 7, Band
TERE 12~15 pm, BORELELOLEN 31 UL
MORED B/ MEER 53 S RIEER 5y D 173 L E TR W2 -
iz o>Z L L L1z, —J7, Segment [T53HE L 72K DR
IR TORDB D0, BOm/NMEE A+ M LTz
BAIERTE R N AT LTz & AT Segment & HE L7,

EiT —% &y NOERIZK 3 IRTFIRICTIT- 72,
BAMIAEE DB IE 750 X 750pxels Th U I B L T,
YWEAHEEG T — &y MA By M EFET RO R T
—%ty Bty MO 2 FEHEOEGT —F 1y N EEkK
T 5720, Aty M TITAMERKRE RO A ZHH T~
ARMERRC M/ 72 & A M ERCIS O REHZWHE LT, B
Ty MTBEWTIE, HaoMiafEmaekd oo RNmiIiTo
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Flig fERR BEE
EE. 3 May-Griinwald B 109>
N2
May-Grinwald[R & & 1) kg E
O] e 345
DEERER

N2

V& 15~30%)
NS

o) FLUTHERRR? 259>
N2

7K 15~30%)
N2

L2 BREKICTRE

¥ 1 1/150mol/L') > EEKEET (pH6.4)
X2 ) VEEERImICE AY BRI~ 1L5EOEIE T

X1 MG 4 FIE

ehol, HoNTEEIX Augmentation ALER % Jifi L,
Band500 £, Segment 500 K, Eosinophil 462 £, Basophil 520
¥z, Mono 500 #%, Lymph 500 #tD A #2982 #ed 7 — 4 &
v FEAERLTZ(R D) BONTHBED 5 H T & AT
L7 8 BlZ%AAEGR T — %> b &L, 2 B &Hmarm
Mg T—%+% v h& LTz,

3. REFEE Deep Learning) [Z & D ERAET
3.1 FBEB U ATLDERK

VRJE S 7 4 7' U IZi% Nnabla (SONY #h)%, BAJEBREE
IZ1% Anaconda3.0, Python3.5 ZffiH L7z, F7-fHTH —
K™ = 7121% CPU I Intel(R) Core(TM) i7-8700 3.2GHz,
GPU |Z NVIDIA GeForce GTX 1070 8GB, OS IZ Microsoft
Windows 10 professional % {# ] L 7=,

3.2 BInBREASEE 1 FERLLBIC & 5 2 M@

6 MR L7 MR CoNERBE AT 5729, 1
FERIEERRIC K D M 2 Sy JRfgAT 24T - 72,

Aty NOFEIREGT — X L HEmIT AR T — % X
v, 57 —BRGB), 280X280 pixel A L71-, AREEIZ
KLE AR T 2@ CORLIABL =2 —T Ry NT—7
(CNN)IZ & » THAFEHER Y v M2 AW isB 8 e
TV, B 57z CNN 7 /UK L, HedmaE i Esg T —
&%y M THIERE K OME I B4 % 31 - 774 L 72,

3.3 AMmBRMAMEE 1 Bt N BRLLEIC K % 2 SRR

6 S8 LI A MIABERIC DWW TEE D 1 BE L 2 Ot
BE(S ) CONFRGEE 233 2 72, 1 BExF N BEERIC &
DH0RE 2 SEERT A AT o7, Ay DOHATREGRT — X
EHERRETME BT — % L v, 5T —(3RGB), 280X280
pixel Z/ER L7z, AEHRIZx L, B4 12757 2 J§TD CNN
IZ K> THEEFEAER L v M EAWERTE 2T,
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A: FRREZIF P ER(Band)  B: 4y HEik% 4T P ER(Segment)
C: #FERER(Eosinophil) D: 4FH#5 5 ER(Basophil)
E: HiEk(Mono) F: U > /\EK(Lymph)
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270° REn
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Layer Name Output Size ResNet-18
convl 112X112X64 7 X7,64,stride2
3 X 3 max pool, stride2
conv2_x 56 X562 64 [3><3,64] %2
3X3,64
3X3 128]
X 28X ! X2
conv3_x 28 X28X128 [3><3, 128
X
convd_x  14X14X256 [3 £ 256] %2
3 X 3,256
3X3,512
X7X L ’ ] X2
conv5_x 7XTX512 3X3,512
averagepool 1X1X512 7 X7 average pool
fully 6 512 X6 fully connections
connected
softmax 6
(5 647% M CNN ##i(ResNet18 % tf%)

T—24ty FOFER |

B2 E A ER
ZEMA 3,480,480
ST 3,320,320

ZEMA

i =8:2
N

ResNet-18DEZE |

N2

PreTraining |

OB LFE F RO
QF B[RS DIREY

N2

FineTuning |

BRANELEAER

N

6 o E5Th |

X 6

AL ER 6 4348 CNN O 2EATh F-IE

Component SHFRE
i) Input Dataset:x 3, 280, 280
Convolution KanelShape:5, 5 16, 276, 276
MaxPooling Shape:10, 10 16, 27, 27
Tanh 16, 27, 27
Convolution_2 KanelShape:5, 5 8, 23,23
"RRIE MaxPooling_2 Shape:2, 2 8, 11,11
Tanh_2 8,11, 11
Affine 10
Tanh_3 10
Affine_2 1
HhE Sigmoid 1
BinaryCrossEntropy Dataset:y 1

#1 AMEREBONRET —X &> FOFEM

X 4 2 57%H CNN #§i&
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[REGRE Augmentation {2
() (1)
Neutrophil(Band) 250 500
Neutrophil(Segment) 250 500
Eosinophil 231 462
Basophil 104 520
Mono 250 500
Lymph 250 500
=5t 1335 2982
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X7 2 %7%H CNN (2 XL 5528 (1 B vs 1 BF)
A: Band #¥-Lymph #£ff] B: Band #¥-Segment {[#]

K2 1 BT 2 0Bk E

Neutrophil

(Segment) Eosinophil Basophil  Lymph Mono

Neutrophil

0.910 0.990 1.000 1.000 1.000
(Band)
Neutrophil 1.000 1.000 1.000 1.000
(Segment)
Eosinophil 1.000 1.000 1.000
Basophil 1.000 1.000
Lymph 0.990

T OBRFMABBGRT — % & v M THRRE RO AR
Z FHA - FEAIG L 72,
3.4 REFTIC& 50 MBkHAT 6 55 EEN
F M BRI 6 3N EE AR 3~ 5 72, Lo a2 17
o7z, Aty NOEMAEG T — % LRI E SR T —
X A E® T — %%y h& LTHZ—(BRGB), 480
X480 pixel Z/AEpk L7z, Fl-HEmaHMIAmE G E >~ XV,
% 7 —(BRGB), 320X320 pixel Z/EL L7=,
HEAREFAHBEHE SR E v hEHWT, —# WL L~
ResNet-18([X] 5> & % 18 J& TP CNN #5528 217\,
OB b7 E FIEOME & @F B REIEEMF DR 21T 72,
Bl b B &R S OFAMIY, 1 R A HE
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X8 2 /3% CNN 2 &L 555 dhfR(1 BE vs N B¥)
A: Segment #f-Z O LA B: Basophil #f-% D L]

23 1 BE-N BERIC R 2 5k

P

VBB B AR,
(%) ()

Eosino 475 502 977  1.000
Lymph 485 500 985  1.000
Mono 555 486 1041  1.000
Neutrophil o) 499 979 0977
(Segment)
Neutrophil  oc 498 993 0.968
(Band)

Basophil 520 493 1013 0.826

SR 7 — & & v M COYSERS B K OME B % % 5
- b U7z,
3.5 FERAEEEIC & 5 E MBI 6 55\
34128 WTHE BN CNN £ 7 /UGS EEH I T D
M ER /3 RS GG FTRE D & MR35 7 80, FE SUL R AT
Mg CcdH DBy b & A7 ResNet-1812 X 5 188 CNN
DO EIT- T2, K 6 17 —F v — &7, 34 128
WG B AL i et & I S H 72 Pre-training 78 ¥ 7+
CNN EF/MZxtL, BINFEEE LT B &y MEE AR
HENHEGR T — %% v~ NI X 5 Fine-tuning #{T>72, €D
%, HEEmREA A G > b2 O COSER E K OME LRI %K
ZEHIL, REEE A FEAMN L7z,
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10 20 30 40 50 100 200 300 400 500 1000
Epocill
+odl+s Accuracy == Cost

9 TR R BENERIC X D PR 6 43 BERE R
1) i #R:100epoch |2 FE % % T TRAINING ERROR
Hi#%, VALIDATION ERROR iz k& < ZE#L,
100epoch BAREIZ W THAE 2RO HL TV 5
T) FREEIC & 5 EMENE & BRDZE

K4 FEBOEALSEREARR
Optimizer Accuracy
AdaBound 0.956
Adamax 0.953
Adam 0.941
AMSGRAD 0.930
Momentum 0.923
Nesterov 0.901
Adadelta 0.898
Adagrad 0.863
SGD 0.854
RMAprop 0.836

m ##8

1. BmBRMEE 1 BHELLRICK S 2 DEREN

7 12 CNN 2 X558 iz 7~9, FHi#IL No3
(Band #¥-Segment )& R < TR TOMAB LI T,
Cost B%ihi#¢, TRAINING ERROR [fi##, VALIDATION
ERROR i3 341 % 10~30Epoch TN L7=, —7F,
No.3(Band #¥-Segment #f)i%, Cost BA%ihi#i, TRAINING
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2 4 6 8 10 120 M0 160 180 20 20 240 260 280 300

B 10 FEFE FALPREG I K 2 IBINFE T oo

®5 HFEE LM X D R AR R

Neutrophil  Neutrophil

Basophil Eosinophil Lymph  Mono (Band) (Segment)

Basophil 21 0 0 0 0 0
Eosinophil 0 45 0 0 0 0
Lymph 0 0 55 0 0 0
Mono 0 0 0 49 0 0
Neutrophil
(Band) 0 0 0 0 45 0
Neutrophil
(Segment) 0 0 0 0 1 51

ERROR #i##i3ME T L7- & ® D, VALIDATION ERROR 134K
TR L 72, FHA YO Accuracy & 2 (2787, Band
fE & Segment FEM D/ FREEIL 1% DIEE AR LTz, €D
O HMALEER T 99 %Ll EDOREEZ /R LTz,

2. gMmBRARREE 1 Bx N B HEEIC & 5 2 SRR

& T TH %nt%:’” HHEEK 8 I, H#MHAED
Accuracy & # 3 127”73, %8 #h#1X Eosinophil, Lymph, Mono
28 1 B & 72 DA A H Tl Cost BIZLHIHR, TRAINING
ERROR i #t, VALIDATION ERROR #i#iZz W\ h b
10~30Epoch CUXIK L7z, —J7, Segment, Band Ci Cost B
Heh#R, TRAINING ERROR Hi##1% 10~30Epoch TUUH L 7=
7%, VALIDATION ERROR (ZU¥ # ¢ Tl L 7=, Basophil
Tl Cost BI%t %2, TRAINING ERROR #h##, VALIDATION
ERROR Hif#RiZ 94t 100Epoch TULH L72M -7z,
Basophil ZFr< X TOMIBAREIL 97% L LOREEEZ R LT
73, Basophil Tl 82.6% DS %R LT,

3. REBEEICKL 50 MmEk# 6 HEERNT
3.1 REEEHEOLE

FERECSREORREZ R 4 17T, ik b Accuracy 23
%7~ L7=DI% AdaBound ¥ (0.956) CTdHho>7=, — T,
Accuracy HMEAE % 7~ L7=D1X RMAprop #(0.836) Tdh - 7=,
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3.2 FEOMBEHOLLE

9 |ZHEE Hh R 7 & N B H [ SAFIZ K B Accuracy
i & Cost DO EAL % 7~" T, Epoch ZXOEENNZHEV Y Accuracy
1% E5- L 300Epoch Tl iifE 0.99 122 L7z, Cost fHIZRE
{2 L 1000Epoch THfikfE 0.051 (KT L7z,

4. EEENEERIC & 5 E Bk 6 45 EBH

X 10 (ZHE BG4 VO 72BN X B 5 il
A, RS ICHERIMRE R 2 RS, BRI L B i
#1Z 20epoch © TRAINING ERROR #1345 L, 50epoch
C VALIDATION ERROR HifR D K & 22 28830 L7z, #E
AR OFE R Accuracy (X 0.996, Cost i 0.109 TH - 7=,

V. ER

AW CHRIE FE IR L D MR HE Sy AT o F M & TEE
PEIZOWTEBAORET 21T - 255 R, BMmERAIIE 1 #E5 1
BED 2 DFEMRAERE R0 5 1%, Band #f-Segment FE[EToD%y
HEBR TRTOMAG DY CRIFRDE/RENE LN,
Band Af-Segment RERIIZHISVNT Accuracy 2MEfEZ /R L7z
FARELT, TNH2BEEIEELLHTERTHY, HHEF
BN O K ONOFBRIZ L > TORSFEN 2 ST D
T ENHER SN, 2O IR RO E S )T —
BEITHEIL T D 72 O RS I N R 72 o 7 & HER
T&D, ZTOZLITEEDICE OB E EBHSEED
HEICB W CHRIOBGRRBO LN TWDL I b X
Frahd 2, AT, KFEEHFRA ST VALIDATION
ERROR DZUILH L TV Z &2 Bl R A %A L T
52 LMRgDIL, FATAERIC OB LT E m AT
DRINTEZEL—RTHDLEEZLND, 8aARD 2T L
5L FEENREAT LN E L CEREMHAT — 2 OFRER
ERREINTEY, WyEHoMEL, £7vofse s
— X2 BOMXRBEFENOENLE DO THY, FIDT —
ZaERBAHALLS ETHNIELTEALOMETH D L &
NTWD, ZOZ LIFTREFHERLSMZ BT H R —FE D
ABAEIC BN TEORERECEFEROBREN G HEE
RA-DGEITBOTHEREBROREN AT D2 L2 RET D
HLDOTHDH, TOTOHF—MEEDO BN TIE, T
TRHETHT — % 2%+ 5 Z &, drop out REANLETT S
Z &, BT EIE e Stho Bl E FEE IR D
LTl E e, BERLEHLILERHDL DL
EZoiLb,

F 721 BE-N B O 2 FEMEEAE S L D, Basophil [X o>
FRREE & O 2 3BT Accuracy DMK 2 7~ Lz, FHK
D IR ERTERE A B IS B W TR AR I B 1T D iR D
Accuracy MEETH 72 Z LIZE R LTV D, ZAUENME)
kD & DS S T/hS S BEOmEHED Z< —i5
ThdZ D, 77 AMOERZEME L TRETE T
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ol Z EMFRREHER L TNWD, 7T AROEALAEZH
LRI AET S 52 LT, EERSEERES T
HLERBLBELEED EEZDOND, THUTMERIZE
EHLZ D xR oMBOEBIT L, BRI H O D mEEI
FEFITNEL AL ICE o THERSFH RS LRET
ERIPOTZEBEZDENTED, TOMERIERD LK &
L2ER & LT3 T Basophil 28 NI HRE S iz &
R D,

Dbz &0 1 RExE 1 BES 1 REX N BE & 0 2 53 S8fF#AT
LTS IT @ Accuracy 3G 65 Z & )26, Accuracy fEA
EWSDONOIRICHEIAE 2T 22 LT, Bozre LT
DEARZBAMEROHMBIZISHTE Db DEEZ HND,

—J5, AIMERHEIE 6 4338 Tl ResNet18 12 L 275 BHALEE
F O A MERE R T D pre-training #1T > 725 R, BAF7R5058
K2R L, £ 0% OIEE OO [ i EREEIC L
5BEMN5E & Fine tuning (2 XV, IEAE ROEEICEDL S
TR RPGEON, 202 L0 RFETMER
SHEOD ORI FEETNE LTHEATH D LHEES I,
HE M E e A mERsEE IO EREREV LD L
& 2 BT, Pre-training 2> 5 OBEINFE IOV TIE Pulkit
Agrawal & 2392 L5 WEICBWTEOF AT G &
SNTVWLEHD0D, HHWHEEOE KL Y MW T
pre-training ZRIIE SN D DD, HDHWITAEIFK 4 3T -
7R E OB E B » N % 72 pre-training 23 FH 72
DNFIARHATH D, EFRTIITE D TIRD TRER 2T
PN — B T ONERH D T E D, AR
RMEEAZF— OBty e LTEETLZ NG
IR EEFRT AL ORFERIEOFE 7o B 8RR
ONWTIEHA BT ORMEH D EEZHND,

4 [E] ResNet18 % 7 /L & L7z 6 43I 3B\ CIRIE 78 1k
TR E T D — v~y F U ZIEE RS EOSHT
FEEEZ R LT D, 202 LI AN BEMREE T oM s
B WTHEAICIR 2 W2 Tl e b 2 b0
BIERR EORMESMRESE EICEHTODL Z &R L
TkY, REFEEIERIAGICBW T TLRAT Y —=
VIHMRE LTIERATE S EEAOND, TR, EFROB
AL L AR BELRIIR L Th R MANSNE L
ENTWDHHOD, FEROZTVTF = v 7 3O EFRIEF
FOWMNBLETHY, ANREIRORAEH &V )5 i
BWTHENH 72, AFIERELRIL AL ITX > TAMOH
TR W TF =y VR THDHZ L EZRLTEY,
RILDERERIE L2 EN T 2B 7oy T VT =
v 72K X0 @O E W R AR R OWME DS HIREC
X2, R TITAMERD 6 HFEICE R & (& & T %
ToTE Iz, KA SIX T, CNNIZ LY Hi7- 72 A Zhmg
SIHT Y AT BT & DB RE R AEGERE & TR R RMEE .0
SRR SR 7 & MR EFIC BV TS AL 2o
WCBWTEWARERH L Z LxRE LTS, — /T
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DEERISREICB O T BETAER T — # ¥ — DRFE
ESRMEREEOFBEEE 2, MEELFOT —4
B LT E4T 9 NETH DR CMRRT &b R
LTW5, T DOMEELMRRT 5 LT, 1EkZEnH
WS S TR EBNC KT AR E S b b D EBE XD
N5, YibDZ &b MR 2B I3\ TIIANIZE & 8
BEEELRDEMEEEITO 2 &C, W ADRE I
ERIZT Tid e < RS B A o, E-BHoR
KMo AEb 72 E~DIS AN TE B,

£
[=]

V. &

)8 58 1 (Deep learning)Z & 5 &A1 H M ER /> $H AL €&
TIOLERE R BN G TE, SR EEBRIC b G
HRETH 5 Z L B IERBEEDORMECIEBER 2 ERIA &
ND7 4= RICHFETZ v AT ABRFEO L2 6T, ERE
IR EXTNT 2w VAT AENEETHHIHICBVT
BICEAHIRETE 5,

I AU RIS R TR B s HEE 2 SCOPE 72
5 ONT JSPS BHFE: (19K21737) DBk 2% 1F TR W £,

5| A3k
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Basic study of Artificial Intelligence model for peripheral blood
leukocyte classification with deep learning technique
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Abstract. Deep learning is one of the Al technologies that make accurate and efficient decisions. Al is able to perform
multi-layered analysis with neural network and discover potential features. In this study, we examined a blood morphology
analysis Al model with the deep learning method. The Al model learned with teacher images of mature white blood cells that
show typical morphology, and parameter tuning for optimization was performed. The Al model obtained by transfer learning
calculated the classification prediction value with the evaluation image. And it compared with the human visual classification.
Two classifications between any one cell group showed an accuracy of 99.0% or more. Two classifications between the single
cell group and the mixed cell group showed an accuracy of 82.6 to 100%. After pre-training with background-processed
images, additional transfer learning and fine-tuning for six classifications was performed on non-background processed
teacher images. The learning model showed 99% accuracy, and a highly accurate Al model for leukocyte classification was
obtained. This model is useful as a leukocyte classification and screening technique. It is suggested that this technique
contributes to accurate detection of pathological conditions through additional learning of teacher images of immature cells
and abnormal cells.
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