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Classifying and Detecting Phagocytotic Activity of Leukocytes
from Gram Stained Smear Images

Abstract: Gram staining is a bacterial classification method that involves staining bacteria using a dye so-
lution and estimating bacterial species based on their staining characteristics and morphology under a micro-
scope. In this paper, we focus on the phagocytotic activity of leukocytes, a process in which leukocytes engulf
and degrade foreign substances, and classify and detect three states of phagocytosis, pseudo-phagocytosis,
and non-phagocytosis. Then, based on the annotated images of the three states, we classify them by image
classifiers of DenseNet, MobileNet, VGG and Vision Transformer, and detect them by object detectors of

YOLOv5 and YOLOvS.
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Fig. 1 Gram stained smear images of three types of leukocyte
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phagocytosis

hara ¥ Hirata [13] I%, Faster R-CNN [9], RetinaNet [7],
YOLOv5 [5] o¥kigiti#Rz FAWT, HIMMREEZHHIL
7o, ZOFEER, YOLOVS 235 b mWIRIIERE T D o 7-.

Z I TAWMYTIE, BRG, RER%, FaRBD 3>
DHMMREZ MR E LT, HEDHEHEE LT VGG, Mo-
bileNet [3], DenseNet [4], Vision Transformer (ViT) [2],
PiikRitHER £ LT YOLOvS & YOLOVS [6] #FWT, 7
Z LREEBIC B 2 HMRERDO D HL BN EZITS.

2. BEffDEES

2.1 VGGNet
VGGNet [10] 1%, 3 x 3 DBEAAART 4 VR —%{HZ 7
BAAA=2—F 0%y b7 —2 (CNN) THhH, D
CNN DR ARG TR > v TV e o,
AFHLTIE, VGG16 BXUVGG19 2T 2. VGG16
X 138D CNN & 3O 2MEAE» 582851 16 O
VGGNet TH D, VGG191Z, 16 D CNN & 3 8Dk
BN 57555 19D VGGNet TH 3.

2.2 MobileNet

MobileNet [3] i&, JEH DEAIAAE I A T Depthwise
Separable Convolution & M2 &) &KX 417z CNN
TH%. HED CNN TIEEAAAUE 2 —EIZUHT 2
73, Depthwise Separable Convolution T ZEfE /5 [\ D&
BIAARE F ¥ VXNV FRIOBAAAETHEL, ThZh
DEAAATHEE2FTS. MobileNet TIETNTDREDER
12, Ny FIERL e IEMERIRL L LT ReLU (T & 2 L8
Tbihs.

AGH I TlE, MobileNetV2 (MNV2) ; MobileNetV3-
Small (MNV3-S) , MobileNetV3-Large (MNV3-L) ZffiH
3 5. V2 Tl Bottleneck #5& % JGH L 7z Inverted Resid-
ual & XN 2 HEEDERAD, V3 Tld SENet @ Squeeze-
and-Excitation ¥ FHIH 2 #EDERH & —ER7EE(LEIE D
Hardswish NOZEENTHNA TN S,

2.3 DenseNet

DenseNet [4] 1, Dense 70 v 7 ¥ INE, TRXTOD
Tay ZHBRAF y TEHTRINIMEEZ RO TRy &
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PO N CNNTHS., ZHUTEI DT X —XEx
MR 7-FFEHEE ROy P ERTE, 4
FLIHRRTE DRI F 53 5.

AT, BOD 121 &, 161 B, 169 &, 201
J& 2 % DenseNet121 (DN121) , DenseNet161 (DN161) ,
DenseNet169 (DN169) , DenseNet201 (DN201) % {# H
35.

2.4 Vision Transformer

Vision Transformer (ViT) [2] 1%, CNN ti3®4%bD, B
HICHR S EEUICMEH X 1% Transformer [11] Z L
HISH L7 OTH 5. EfZ/NS 7508y FI2EI L7
BRIIRZ b b EE, ZHRICTTOMEFRS 2 7 A 1HR
2L 7= v —2 > % Transformer = a2 — X — T3
%. Transformer T > 2 — & —{% Multi-Head Attention &
ZERR—t T rurrE,S D, Self-Attention Z{EH L
T, M= VALOMEES N~ YO REEET 5.

ViT I12lX, Base, Large, Huge DETADH D, ZHFH
E@?&Z/M’)\—/\7X —ZDEZSTWS, Fi2, Ry

WHEIT 2D 0y FH A4 XH16 £721E 32 DET L

753265. AL T, ViT-B/16, ViT-L/16, ViT-B/32,
ViT-L/32 23 5.

2.5 BERSEOFHESE

AFLTIE, ERSEICE T 2iHlifEE Y LT, MR,
HER BEE FHEZEHT2. choofidzhzn
UTokocERINS.

TP+TN

TP+TN+FP+FN
- TP

AR =

TP+ FN
2 X HEHE < FHE
HER + HER
Z 2T, TP (EEM) 1%, EFADETH S & Tl L7=H
Bo>5%5, RBICHTDH 2E{EOK, TN (HE&) 1%, €
TAPETHZ e TFRLIZERD S S, EBRIHBTD 5HE
GO, FP (B 13, EFANETH 2 L THIL7-H
BD>55, EEFCIIMATD 2EGEORK, FN (B 1,
EFABBTH S TFULEERD S S, REICIETH
ZHERDETH 5.

3. YRRt

3.1 YOLOv5

Redmon & [8] 12 X > THFE X7 YOLO (You Only
Look Once) X, ZDH 0@ Y YKDNE & % [FRIC
THIFT MR TH D, TEROYIEME XD b i
HETOZENTES.

Ffd =
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C3 (128,128)x 3

Conv (128,256,3,2)

[cz (256,256) x 6}—»[Concat (256)}—>[C3 (256,256) x 3}—>[Detect (256Anc,anchors)}

[Conv (256.512_3,2)} [Upsnmpln (256)] [Conv (256.258‘3.2)}

| I [

[03 (512,512)x 9 [Conv (512.256.1,1)}—>[Concat (256)]

(03 312512)x 3] (C3.(256,512)x 3}—{Detect (512,ncanchors)]

I [

[Concat (512)] [Conv (512.512,3,2)}
I
(spPF (1029))

[Up.sample (512)} [Concat (612)}
] I
\——[Conv (1024,512,1,1) [c3 (512,1024) x 3}—»[Dm~cr, (102'1,l)c‘anchors)]

Backbone Neck (PANet)

B 2: YOLOVS D7 —F% 727 F v
Fig. 2 Architecture of YOLOv5

(Conv (512,10243.2)]

[

[Cs (1024,1024)x 3]

Neck (PANet) Output

YOLOV5 [5] 1%, Ultralytics #£iC & o TIRE X h 7=k
BHERTHD, 207 —F727F ¥ HRTED, Back-
bone, Neck, Output IZ& > THIKINh T3, Z I T,
Backbone ¥ Neck 12l C3 ZHH LTV,

YOLOvV5 TlE, 7Y =Ry 7 A I 5 MA0
RAXATWS. YOLOVS Z ANESRE EHFICY ¥4
AL7D%I Yy RIZHEIT5. 22T, %70y RO
DEZYH—2 LT Yh—Ry 7 A%ERL, ZOT7 Y
=Ry 7 2L TFREEITS. YOLOVS TIdAEKT
B7UH—KRy ZADY A XEEETHIICED, Y
IRF ] D e & I MERE DA E 2 X o T 5.

YOLOV5 12l&, X EH\ERLBUIGT T, n, s, m,
l, x5 BEDHEMETANERHINTVWE., T 11T,
YOLOv5 DEHERTE T MICBIT 3RS FTHE X OIEFREK
ZRLTWVWS. KX T, 5 BEOEMEFLEZTART
fHHT 5.

3.2 YOLOvS8

YOLOV8 [6] i, YOLOv5 & [FlfRIZ Ultralytics fhi2 & -
TREINYHEBEHETHD, B3D7—-F77F %
ARTHED, YOLOvS 2 [E U £ Backbone, Neck, Output
Lo TR ENTWA. Z 2T, Backbone & Neck 121
CoA ZHRHL TV 3.

YOLOVS T, FHC7 v h—Ry 7 ARERT 20058
DEVT rH—7 ) —DFEPMFASINTWS. ZOFE
WED XY VI—=I M7 A —DMNBIKE LR WEEHR
FRMBAFEIC R 5 TED, BEVOKERYIEKDKH 2 Y
M5 RO M LI N S,

YOLOv5 & [AREIZ YOLOV8 ITd, PRI FE L IERENC
JEUTC, n, s, m, 1, x D 5 FEHEOHE T ADHERI N
TWw3. £ 112, YOLOV8 DR HATET MIBIT 2HS
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Conv (64,3,2)

Conv (64,128,3,2)

C2f (128,128)x 3

(Conv (128,256,3,2)) Concat (512) |——{C2f (512,256) x 3}—{Detect (256,nc))
| |

[

[Upsamplc (512)]

(2t (256,256)x 6 (Conv (256,256,3,2))

I

[Conv (256,512‘3,2)] [02f (1024,512) % 3]—>[Cou(:at (512)]

|
(2 (512,512)x 6}——{Concat (1024)] (C2r (512,512)x 3}—{Detect (512,nc))

[Conv (512.1024,3,2)] [Upsamplc (1024)] [Conv (512,51273.2)]

C2f (1024,1024)x 3 Concat (1024)

SPPF (1024)

(2t (1024,1024)x 3}—{Detect (1024,n))

Backbone Neck (PANet)

B 3: YOLOVB D7 —* 727 F v
Fig. 3 Architecture of YOLOvV8

Neck (PANet) Output

# 1: YOLOvS & YOLOv8 OHETE TNV DEX T L IR

AL

Table 1 Depth Multiple and Width Multiple for Each Pre-
pared Model in YOLOv5 and YOLOvS8

YOLOvV5 YOLOVS
EFOV | RSHEL WA | RSB IEREK
n 0.33 0.25 0.33 0.25
s 0.33 0.50 0.33 0.50
m 0.67 0.75 0.67 0.75
1 1.00 1.00 1.00 1.00
x 1.33 1.25 1.00 1.25

FEBICERBEZRLTWS. KFXTIE, 5 EEOSE
AETFILETXNTHHAT 3.

3.3 MR DTS %

MAHIC B 2 FRIOEFRHEIZI ToU (Intersection
over Union) #HW5. FHEEIHRE B A ER % IEEAE
T, ETABTFHLIENREZWMALER 2 TREE T 5
eE, IoURMTOXSICERINS.

IEFRFETE & FRIZETE o Hd g
EAREETE & T HIAETE O mFEAN

ZLTC, IoU»—EDMEZBASE, E7MITH
WK L7: (TP) LHIES 5. —/A T, RREMHENHED
YIRS A TG > TV A IZHBEb S FTETANTHIL
Ko l5E (FP), BLY, RREIMHMROVIKTIE
RVDITET Do TR L7256 (FN) 133 &
ET 5. PHABINICE T 2 AR, HEER, FETIE, U
DOMIEIZ 05 &5 5.

X512, P E#E (Average Precision, AP) 1, Fl—

IoU =
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# 2: MR DRI

Table 2 Computer Environment for image classification

OS |Windows 10 Home

CPU |11th Gen Intel(R) Core(TM) i9-11900 @ 2.50GHz
RAM|16.0 GB

GPU [NVIDIA GeForce RTX 3060

& 3 VIR D SEERER S

Table 3 Computer Environment for object detection

OS |Windows 11 Home

CPU |AMD Ryzen(TM) 5 4500 6-Core Processor @ 3.60GHz
RAM|16.0 GB

GPU |NVIDIA GeForce RTX 3060

HEROEBOMEEHRDFE L TR TOEERICN LTF
YLIETH 2. EBDI IADBDRGEE, &7 7R
LICAP ZEHIHT 5. mAP (mean AP) 1%, BifE% 0.5 2
% 0.95 £T 0.05 fElFE TR D72 AP OFEETH 5.

4. HMRXERODECREH

4.1 FEBERECRERET

£ 2R 31, HESEBIOWKRBREBICBT 25E
MR TH 2. Tz, HETIXEZEKE 100 =Ky 7,
Ny FH A X% 812, BB TIEEFEEE 500 =Ky 7,
Ny FHA X% GICHELTWAS,

ARFX T, AT 5 2E, MHTE 3 EIOREM
AR T 5. 5 HEIREMIETIE, IRXNTOT—X% 5
YELARD T 5EDL, 30%FIT —&, 1 ORI
T—=X, 1D TAMNT =R T 3. 30HRAEMRETIE,
ITRTDT—RETVELIRO T IESL, 1 0% x
il S5 &y WSR2 DT 3 512 7 — 2 HRR L 7212123l
F—RIZ, 1 DBMIET—&, 12027 AT —X$ 53,
EFME, T —RICXoTIFEL, EFALDS X —
REPET L. iz, AP 1LIEI Ry 7 Z 8 ITHRET —
R o TREENEETVRWHREEZRIAET 5. &
WA T L2, TA P F— &@LU TETF AR
filis?. chzl1ty beLl, JlT—%, Ril7— %,
TANTF =R HEEZTHETIE £y b, BT
X3ty MioT&Ey FOFEEFHiifEEY T 5.

4.2 HMREBROD7EE

HIMREED DI TIE, SN ROB S BER2E» 5 H
MERDBLZ FEMDAEFEF e LTYID L, Z DMK ZE
BRI ANI T2 Z e CHRE DT 2. 22T, &
&/, HAER, FEED3 75X, BXU, HERGKLIEAR
B EbET1IO0IERZ JRAL LELARLIFEED
277 ANEEITS.

R 43, HEPEICBWTHEHT 2 EEGKETH 5.
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K 4: BRI BT 2 ERKEL

Table 4 Number of Images in Image Classification

TR R
Ak | Aan 213

N HEas 249
FARE o 800

% 5: 37 7 AHOMR - AR L REARRK
Table 5 Results of Three-Class Classification — Phagocytic
and Pseudo-Phagocytic Images

HRB HERB

H{G S (WA HER FE EER MER FM
VGG16 |0.645 0.729 0.676| 0.504 0.493 0.484
VGG19 | 0.596 0.687 0.605 | 0.488 0.366 0.405
MNV2 0.426 0.655 0.515|0.350 0.024 0.044
MNV3-S |0.497 0.618 0.531 | 0.443 0.088 0.131
MNV3-L |0.505 0.547 0.522|0.377 0.060 0.103
DN121 0.518 0.708 0.590 | 0.552 0.301 0.349
DN161 0.557 0.623 0.574 |0.557 0.301 0.362
DN169 0.576 0.545 0.532(0.529 0.280 0.323
DN201 0.532 0.626 0.563 | 0.542 0.276 0.332
ViT-B/16 | 0.587 0.638 0.591 | 0.532 0.498 0.498
ViT-L/16 | 0.572 0.692 0.611 | 0.533 0.467 0.485
ViT-B/32 | 0.572 0.527 0.524 | 0.505 0.458 0.461
ViT-L/32 | 0.627 0.509 0.529 | 0.421 0.409 0.412

£ 6: 37 7 ANHOMER - FEARIRYE 375 R
Table 6 Results of Three-Class Classification — Non-

Phagocytic Images and Three-Class Average

FARG 3 77 A

HEO RS AR HER FE |[EER HER FE EAR
VGG16 |0.858 0.813 0.834|0.669 0.678 0.664 0.735
VGG19 |0.846 0.843 0.842|0.643 0.632 0.617 0.721

MNV2 0.766 0.861 0.810|0.514 0.514 0.456 0.661
MNV3-S |0.756 0.864 0.804|0.487 0.523 0.401 0.668
MNV3-L |0.745 0.926 0.826 | 0.543 0.511 0.484 0.688

DN121 0.830 0.816 0.819|0.633 0.608 0.586 0.697
DN161 0.805 0.871 0.833|0.640 0.598 0.590 0.714
DN169 0.785 0.881 0.828 | 0.630 0.569 0.561 0.702
DN201 0.790 0.848 0.816 | 0.621 0.583 0.570 0.696

ViT-B/16 | 0.830 0.796 0.812 | 0.650 0.644 0.634 0.709
ViT-L/16 | 0.832 0.786 0.804 | 0.646 0.648 0.633 0.707
ViT-B/32 | 0.803 0.813 0.804 | 0.627 0.599 0.596 0.690
ViT-L/32 | 0.777 0.799 0.784 | 0.608 0.572 0.575 0.669

R5KR 61, ThZPhoBEBGIEBIIBISZ3 77X
SETOFHMIEEOMETH D, KT LR8I, Thth
DERSFEIRCBIT 3 2 7 5 AT OFMETERE DA T H
3. ¥, RPOKFEENZLOIERICE T 2R KHEE
FLTW3.
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K127 7 AHFOFMER - ARBLIFERR
Table 7 Results of Two-Class Classification — Phagocytic and

Non-Phagocytic Images

ARB FFAEB

EHRMHA AR BYR FE |#Ea% R FME
VGG16 0.752 0.589 0.646| 0.910 0.948 0.928
VGG19 0.649 0.666 0.645|0.923 0.906 0.913
MNV2 0.675 0.328 0.395|0.860 0.944 0.899
MNV3-S | 0.580 0.280 0.369 | 0.852 0.954 0.900
MNV3-L |0.630 0.371 0.454 | 0.867 0.947 0.905
DN121 0.661 0.588 0.604|0.908 0.922 0.914
DN161 0.713 0.516 0.549 | 0.897 0.925 0.906
DN169 0.677 0.490 0.557 | 0.889 0.939 0.913
DN201 0.743 0.490 0.587|0.891 0.960 0.924
ViT-B/16 | 0.690 0.568 0.610 | 0.904 0.931 0.916
ViT-L/16 | 0.574 0.605 0.577|0.908 0.889 0.897
ViT-B/32 | 0.569 0.540 0.529 | 0.895 0.889 0.890
ViT-L/32 | 0.577 0.544 0.500 | 0.898 0.876 0.881

K8 2V ITRAPEHDOER -2 7 7 RFY
Table 8 Results of Two-Class Classification — Two-Class Av-

erage

2 75 A

EfgoEe AR BER FE IEMR
VGG16 [0.831 0.769 0.787 0.881
VGG19 |0.786 0.786 0.779 0.861
MNV2 0.768 0.636 0.647 0.828
MNV3-S |0.716 0.617 0.635 0.827
MNV3-L |0.749 0.659 0.679 0.838
DN121 0.785 0.755 0.759 0.859
DN161 0.805 0.721 0.728 0.848
DN169 0.783 0.715 0.735 0.854
DN201 0.817 0.725 0.755 0.872
ViT-B/16 | 0.797 0.750 0.763 0.863
ViT-L/16 | 0.741 0.747 0.737 0.836
ViT-B/32 | 0.732 0.715 0.710 0.824
ViT-L/32 | 0.737 0.710 0.691 0.813

526K 8 D, UM VGG16 B LU VGG19 D
AR DE AR Z W, FRHS, 6 £ XD, 752
DIERTIX 2 7 7 R EHOEBRLEROTIRT VGG16
PERKMETHD, EffRY 2275258 3 75 A58
12 VGG16 BRARTH 5. 127, 3277 A5HICBIT3
WERTIZ, VIT-B/16 DFEER YL FEIHZATHS. %
72, 1EL A DEFEITBEWT VGG16 DFHIHEE DM D T
2 VGG19 OFHifEEDE L D dRE2FVWRY, BEZE%E<
LTHRT L HIHEHEREOMEI K E {25 LIFR s RnwE
WD 5.
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£ 9: YABRHIC BT 2 IETFE GO BEL

Table 9 Number of Rectangles in Object Detection

FOE S (561170

aHER "B 243
HER 249

AR 801

JFERK

% 10: WARH OFR

Table 10 Results of Object Detection

3 77 2K 2 7 7 M
wikRtd | B8 AR FER| 28 JFEER
YOLOv5n | 0.190 0.152 0.292 | 0.201 0.405
YOLOv5s |0.434 0.294 0.463|0.340 0.484
YOLOv5m|0.236 0.177 0.352 | 0.244 0.447
YOLOv5l |0.256 0.168 0.356 | 0.262 0.447
YOLOv5x | 0.241 0.179 0.351 | 0.267 0.458
YOLOvS8n | 0.314 0.211 0.385 | 0.321 0.476
YOLOv8s |0.354 0.224 0.413 [0.388 0.519
YOLOv8m| 0.346 0.235 0.421 | 0.358 0.515
YOLOvS8I |0.276 0.203 0.405 | 0.306 0.499
YOLOv8x | 0.264 0.202 0.402 | 0.296 0.486

4.3 HOEKERDOKEH

HIMERE B OWAMH T b GRS L [k, BE, fE
B, FERD 3 7 I AN ZITo 1%, HERKBLIFER
BEEDET1IDODIEERZZ AL, AERBYIEEED 2
752 EITS. ' 9%, BEBREBICBWTHHAT 2
BRI T 2. 1 KOBEIRIZEK 7 7 ADERIE
LTW370r 7 A2 QEIGBEBUIZEEER L TWRWD,
T—Xty F2ETIE 202 ROBEBHEHWTWS. & 10
X, ZRFhOWEBIERICBIT2 3 77 2By 225
2B 2 mAP TH 3. £, RPOKFIZZ
NFERDZ 5212815 mAP DR AEERLTWS.

£ 10 &b, 3772 TIZ YOLOvVSs 25, 2 7 5 A&k
HTIE YOLOV8s D33 RTDZ 5 AD mAP Bk §5.
%72, YOLOvSs 2R IRNTOMEIMTIE, 227 5 2K
HICBUI2EEZ SAD mAP 233 7 5 2ABHBICBIT 2 8
B2 72D mAP & D HKE2WVAH, YOLOvSs TIEHIZ/h
TV, X5, ERGEE Rk, BAUCERTET L ER
ELLTHAT LI mAPBREL LB LIRSV
W05,

5. FLHLEL, SEORE

WM TIE, 77 AR EERY 50 HIMEKRERD T
ERHNCEID A, ZORR, HMRERED7E T
VGG16 2 b Bt SV HEB D ESE TH o 7. £,
HIREBDOMRHTIX, 3 275 AT YOLOvSs 23, 2 7
7 AW T YOLOvSs B3tk d MK PERED M WA i 85 T
Hole. BB, HOMETIEIMBMEREIMENWERTET LT
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H 5 YOLOvSs BHEIMEREBRD 3 7 5 2 Tldk i tERE
DEDP - TDIE, FOERYE L THMEREA K E NS
CHEMEEEZOND.

SHOMEL LTE, ConvNeXt % YOLOL11 ¥\ o 7=
P BR AR LR O, Kb =Ry 7 8%
B U B, 7—XREFIH Lo e Mtz
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