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Classifying and Detecting Yeast-Like Fungi
from Gram Stained Smears Images

Abstract: Gram staining, which is used in the initial diagnosis of infectious diseases, is a technique to stain
specimen materials with a staining solution and to estimate the species of bacteria by microscopic exami-
nation based on their staining properties and shapes. In this paper, we focus on yeast-like fungi that cause
dermatophyte and two types of Gram positive bacilli that are Clostridium perfringens and Corynebacterium.
Based on the annotations of each bacteria and yeast-like fungi in the Gram-stained images, we classify them
by using image classifiers of VGG, MobileNet, DenseNet and Vison Transformer, and detect them by using
object detectors of YOLOv8, YOLO11, SOD-YOLO11 as the improvement of YOLO11 and RT-DETR.
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(a) YF

o‘r

(b) CP (c) Cr

X 1: YF, CP, Cr @72 5 AY4efai{%
Fig. 1 Gram Stained Smears Images of YF, CP, and Cr.

B 2HAENEORRIYEE T, WAWVEERTIEEZ 5 [4).
RENLEERREREICE, AV I XEHRDD.

BERIRER D 7 7 AR EOERIE, 77 sBEERD X512
I TEY, BRERRKILEIEREZLTWS. 0
OB AEROB L TEIRG Y 7 AGHERTH 2 71
AMBAIYL - R=T YV T YRARAVAINT T Y ILE
BTws. B113, BRRER (YF), Z7uXtad v
R=7 V5 R (CP), avx~"r7UvA (Cr) O
7 LRAEBTH S, I TEAMLTE, BHEIEELY
R Z HWT Y 7 AR MR S BERRER E 77 A
BUHRETHZ 702 bad T n - R=7 Y F VR, a
VANZ TV ADGHE B ELTS.

77 ARG 5 DE Y LT, Sato 5 [21] 13,
VGG16 [22) 2L T, 77 ABRHRHETH 2RIBEE 7
SHIMNTR— Ny %3 L. %7z, Yoshihara &
Hirata [27] 1%, VGG16 £ ZDHREEFEH LT, 77 o2k
BETHSF v yerAr X—rHIUROERTEEZ D
L7z. E561Z, Kawano 5 [13] &, VGG16 & VGG19 [22],
MobileNet [6], DenseNet [7] ZfH LT, 4 D7 7 4
FYEEKEE, 1D 7 7 AREMEERE, 2 D 2 F AGTER
W, 6 EDY T AREREOR 13 EHOEZ L.
INBDFEATHZETIE, %3 ICOEIRNDME DRI Z
HUTIER L, ZCEGor sz Uiz 2 L T
BY, THUITTOEIRE 7T 2720 DAFH X DTHH L 1%
BHizoTwnwa.

7 AREHEGED» S OWMIH & LT, Yoshihara
¢ Hirata [28] 1, Faster R-CNN [20], RetinaNet [15],
YOLOv5 [8] A LT, HMREZL F x>y
X —Zt L7, %72, Sugimoto & Hirata [23] 1, Faster
R-CNN, RetinaNet, YOLOv5 2 LT, 3HEED /5
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LIGHRE E 77 ABEERETH 2770 A5 - AR
7=V L. ThoDETHIRICE>T, 772
et {50 5 OEMHIZIE, Faster R-CNN % RetinaNet
£ D% YOLOVS 5N TV 2 LR oz, &5
12, Kashino & [12] 1%, YOLOv5 & YOLOv7 [26] %
LT, 13MHDE [13] ZMiH L7z, Tanaka & Hirata [24]
i, SSD [16], M2Det [29], RT-DETR [17], YOLOVS [9]
ZHEALT, 3HHD Y Z AGHRE, 1 BEDOS S L5
YRR, 3EEHO Y 7 ARMERH O 7T EEOEZ R L
7z. Kashino & [11] i, shifting convolution layers % fi#§ 2.
7= YOLOv5, YOLOv7, YOLOvS i LT, 13D
B [13] CAERZE 2 R L7z,

AFXTIE, YF2EAHCP & Cr 2B ERVT T LG
@E{§Z YF Hfg, CPt Cr2&A YF 2EERVT T
LGz JE YF HEifRE LT, BEGRIEETH S VGG,
MobileNet, DenseNet, Vision Transformer (ViT) [3] %
AL T, YFEBREZGIEYF BBICOET 5. R,
YA TH % YOLOvS, YOLO11l, SOD-YOLO11,
RT-DETR 2L T, 77 2 R:EHEES S YF, CP, Cr
2T 5.

2. BERDESR

2.1 VGGNet

VGGNet [22] 1%, 3 x 3 DBEHAIAAT 4 VR —TZffA Tz
BEAMN R BEAAA=2—F 0%y b7 —2 (CNN) TH
%. VGGNet D#EED CNN Di£i2ix, 3 20O LHEEET
MR XN TW3a. VGG16 1%, 13D CNN ¥ 3 @Dk
ERETHEE 16 B2+> VGGNet TH D, VGG19 1%, 16
JED CNN ¥ 3 oSS THE 19 B%FF> VGGNet
TH3. KX TIE, VGG16 ¥ VGG19 ZHHT 3.

2.2 MobileNet

MobileNet [6] 1%, RAIDBEIZEH D CNN THD, %
DD JE X Depthwise Separable Convolution TR X 41
TWwa. @HOCNN TR, ANzE740%Y Y7 LTH
N3 20 % 1 A7 v 7S TUHE S %23, Depthwise Sepa-
rable Convolution TlX, ZEEFHNICEAAALTERTF v
¥RV NS E AHAAT % . MobileNet TlE, $XTOD
B DHZIZIE Ny FIEHIL, ReLU 23%E< . RimXTIE,
MobileNetV2 (MNV2), MobileNetV3-Small (MNV3-S),
MobileNetV3-Large (MNV3-L) Z{#HH 3 5.

2.3 DenseNet

DenseNet [7] 1%, TNTOEZ B \ICEEERT 2 X5
TG o TWaA. ZHITED, NI X— XX
N3 bic, ARHEIMEDEIMCDHFS T 2. KX T
X, B 121 8, 161 8, 169 J&, 201 )85 % DenseNet-
121 (DN-121), DenseNet-161 (DN-161), DenseNet-169
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(DN-169), DenseNet-201 (DN-201) Z{#HH 3 3.

2.4 Vision Transformer

Vision Transformer (ViT) [3] %, {K®D CNN &35
b, BATIEWECMEHA X5 Transformer [25] % Hi{§
WENZIEH L 72 DTH 5. HifRE/NE 728y FIZHEIL,
Zh% b—2 > ¥ LT Transformer T a2 —&X —CiLE T
%. Transformer > 2 —& —{Z, Self-Attention Z{HH L
T, EEREEDOIRERE RN FEET 5. VIT iZI3,
Base, Large, Huge DETLHH D, ZNEREOE L N
AR=RTRXR=BPRZ>TNVD. Fiz, Ry FIFET
BEED Ny FHA XH316 £ 32 DETADD 5. A
%TU&, VIiT-B/16, ViT-L/16, ViT-B/32, ViT-L/32 %
s 5.

2.5 EgSEOFHESE
HEIETORMEfEEE LT, WER, BHIR, FEz
Y 2.

TP
v p
L e TP+ FP
TP
w®o T
E TP+ FN
2 x HER x FHEHE
Ff= 222 d
HEER + HEE

TP (EGM) X, EFANEL FTHILEGRD > 5, £
WETH2HEGO, FP (B 1%, E7A0EE FHl
L7-HEBRD S5, EBICIMBTH 3 EBROE, FN (i
M) X, EFAMEE FHILAZEBRD S 5, EBICIZET
HBHHEBEDOTH 5.

3. UiFiRthes

3.1 YOLOvS8

Redmon & [19] 12 & o THIFE S 7z YOLO (You Only
Look Once) &, MKDNMEL 2D 7 7 R % EFICTH
(one-stage) T2 LI2XoT, MROYEBETIELD
ERICUE T 2 2 e N TE 5.

YOLOv8 [9] i, Ultralytics fHi2 & o TIRE S N F
£, Backbone, Neck, Output IZ & o T XL TV
3. B 2%, YOLOWS ®%v 7 —2 ORMERTH 3.
YOLOvS8 TlZ, Backbone & Neck {2 C2f #fEH LT\ 5.
Cof X, T AN%Z 1D CNN T L =48R % 2 212
33, Zotk, h7i% BottleNeck THEEEMLEL, Zh
ZROBFHR L RO 2 DB L - HERE2EET 3.
BRI, 1D 1x 1D CNN TUH S 3. BottleNeck i3,
CNN % 2 i S g/ d e i > T\ 5.

YOLOV8 IF, RSB LMRERBDEWVIZED, n, s,
m, I, x5 DODHEFMEFADBEFXN TS, K 113,
YOLOV8 ODHEATET VDRI FHRLIERBTH 5. K
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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) J——{ C2f (512,256) x 3]—{Detect (256,nc)]

I

[Upsample (512) ]

(c2r (256,256)x 6 (Conv (256,256.3,2))

I

[Couv (256,51213,2)] [CQf (1024,512) x 3]—>[Coucat (512)]
!

(21 (512,512)x 6}——{Concat (1024)] (21 (512,512) < 3}—{Detect (512,nc)]
! |

Conv (512,1024,3,2) Upsample (1024) Conv (512,512,3,2)
[ ) | ) | )

C2f (1024,1024)x 3

SPPF (1024)

Backbone

Concat (1024)

(C2f (1024,1024) x 3}—{Detect (1024,nc) ]

Neck (PANet)

2: YOLOvS D
Fig. 2 Architecture of YOLOvVS.

Neck (PANet) Output

# 1: YOLOv8 OFE#iEFT % 2: YOLO1l OHEATET

IV DTS FEL & IEIREL VDTS FEL & IETEL

Table 1 Depth Multiple Table 2 Depth Multiple
and Width Multiple and Width Multiple

for Each Prepared for Each Prepared
Model in YOLOvS8. Model in YOLO11.

BTV | RS AL IEREL ETV | RS TEL IESRAR
n 0.33  0.25 n 0.50  0.25
s 0.33  0.50 s 0.50  0.50
m 0.67  0.75 m 0.50  0.75
1 1.00  1.00 1 1.00  1.00
x 1.00 1.25 x 1.00 150

XTlX, YOLOV8 ® 5 DDOHERIET L ETNTCHHT 3.

3.2 YOLO11

YOLO11 [10] (&, YOLOv8 ¥ [F#£iZ Ultralytics ¥t 1
XoTRBEEINLFETHS. K 31%, YOLOIL DAy
b — 2 OEXKTHB. YOLOVS TEH X T\ Cof
% C3KICBEMZ -G ICRoTWS. C3k21X, 5
A% 18D CNN T T 5. 2Dk, C3k THEEDL
HL, 2R KO CNN TUHE LEREHEE T 5.
BRI, 1D 1x1 D CNNTUHET 3. C3kix, £TA
$1% 1 @D CNN TS 5. ZD%, BottleNeck THEEL
AL L, ZDFEHE L &9 CNN T L =5 R 255 S
T35, B&IZ, 1ED1x1 D CNN TUMT 3.

YOLOvS ¥ [A#£IZ, YOLO11 123 EX B L EEED
BEWIZED, n, s, m, 1, xD5DODETILBEFINT
W3, & 2%, YOLO1l OHFETILVOERI T L IEFR
BTH3. AFHXTIE, YOLOLL D5 DOHERETFTNLE T
NTHHT 3.
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Conv (128,3,2)

C3k2 (256,False,0.25)x 2

Conv (256,3,2)

(Concat}———{C3k2 (256, False) x 2}—{Detect (256,nc))
T ]

[C:}kQ (512,False,0.25)x 2 [Upsamplo} [Conv (‘256,3“2)1

[Conv (})12,3‘2)] C3k2 (512T,Falsn)x 2}—-@)}1@
C3k2 (5121.Tme)>< 2 Coicm

Conv (1024,3,2) [lzpsinple} [C3k2 (512,False) x 2}—>[Detect (512,nc)]
C3k2 (1024, True)x 2

SPPF (1024,5)

C2PSA (1024)x 2 (Concat

(C3k2 (1024, True) x 2}—[Detect (1024,nc))
Backbone Neck (PANet) Neck (PANet) Output

3: YOLO11 Dt
Fig. 3 Architecture of YOLO11.

|

{ukz EMA (128 False)x 2]—‘[””4»(: (128, n()]

Concat

[

(Com 5639)  (CHEENIA (s 2y 2

]—-[Dvmx [mzma]

[(:m,mx.\ (1024, True) x lHDku (1024,n¢ J]

Backbone Neck (PANct) Neck (PANet) Neck (PANct) Neck (PANet) Output

4: SOD-YOLO11 O#
Fig. 4 Architecture of SOD-YOLO11.

3.3 SOD-YOLO11

SOD-YOLOVS [14] 1%, YOLOvS % /MiAsH il icel B
L7=dDTH%. B 41F, SOD-YOLOIl Dty FV—2
DOERITH 5. BRI, @ D YOLO T, 80 x 80,
40 x 40, 20 x 20 D 3 D2DY A X TEMKIIZ Head T
XNBAH, SOD-YOLO TlX, MIkERH LT T2
72812 160 x 160, 80 x 80, 40 x 40, 20 x 20 D 4 ODY
A XTUHENS. Fi, ZHfE- T Neck iI2W <L 2
DEEIMXNT NS, X512, Neck Tid C2f % C2f-Att
ICE S Z T\, C2f-Att 1F C2f DIEHIZ Attention %
BMLEEEZ-oTWV3.

AFXTIX, YOLOvS T/ < YOLO11 124 L CREED
WRZM L 7228 SOD-YOLO11 (SOD11) ZFIH 3 3.
%7z, Attention 1Z1Z EMA [18] ZfHH 3 5.
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| PRER EERSEROEBH
FRER & ERSERO B .

5: IoU
Fig. 5 IoU.

3.4 RT-DETR

DETR (Object Detection with Transformers) [2] I,
HAS BN CEH 5 Transformer [25] Z{HH L 72
KMHEsTH 5. DETR IZ, Backbone THRHEHH L7214,
Transformer TUBLXNZ. ZDk, HEOME L KEX
ETHTEEE 7 I RADETAELER LS ko T
W3, ZLT, Ra7ND28 757y F U T ERD
B27NVAVALTHEINYHY) T VIEITED, REINCT
U 72567 L IERRAETE & 2 0o 5.

RT-DETR (Real-time Object Detection) [17] I, Baidu
LIZL-oTHREIN:, VR L2
TNRA NIYMEREMRETE 2MHMTH 5. RI-DETR
¥, Backbone, Efficient Hybrid Encoder, Transformer O
Fa—XIZ ko THEEINTWA. Backbone 1&, #E[E D
BAAABE T ILF R — VRdm 23 5. Efficient
Hybrid Encoder Tl¥, Backbone IZ & » T X /=<1
F Ry =R E 2R — A ANTOMHEEM (AIFD & 2
F— L HTORE (CCFM) 12X o T, BEfHRBIcEs
3. 2D, IoU-aware Query Selection IZ & - T Efficient
Hybrid Encoder TO ) ZH6E S N7 E72 &R T 5.
%12, auxiliary prediction heads % {# X 7z Transformer
DTFA-—XTUHEH, FEONBEEKREIL I IR 2T
HF 3.

RT-DETR 121%, 1, x £ 8 v 2 % — > 12 ResNet50,
ResNet101 [5] Zi#H L7z 4 BEHODET VDD 5. AL T
%, RT-DETRI(DTI), RT-DETRx (DTx), RT-DETR-R50
(DT-R50), RT-DETR-R101 (DT-R101) ZffH 3 3.

3.5 YERH OFESE

IoU (Intersection over Union) &, FHI%ERZ ¥ [EAEFE
DA S 2 TR & ERHETE O HLEH 57 O HifgLL
TH%. W53, IoUDFREGEERLTWS. ZLT,
BIMES (0<6<1) ITRLT, IoUéLDIEXA2FHIE
JEZIEMRE T5. HEREZ, >y bV =28 FRI LR
ORTHBRICIEROERTHLHETH L. Fi, BHEFE
X, EEFOHTAry b= DIELIEME THIL
FIEOHETHS. X5, HEEROMHIGER % 33
7=-9121%, FEA®R (Average Precision, AP) % #)
A3, 2hx, F—EHEROHBROEERDEE TN
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& 3: ARG

Table 3 Computer Environment.

OS |Windows 10 Home

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

GPU [NVIDIA GeForce RTX 3060

#£ 4 HFCBY B YF, CP, Cr OH{GE
Table 4 Number of Images in the Classification.

SFR H{REL
YF HEifg  YF 208
skvemg o 2
Cr 55

TOBFHBICH L THFELIETH 5. @D 7 ADTFE
TBEEE, 75RATLIZAP 2EHEE T 3. ToU OME
d=05DLED AP % AP50 ¥\ 5. %72, mAP (mean
AP) 21X, 6% 0505 0.95 T 0.05 ZNATHE Lz AP
DX TH 5. R TIE, AP50 & mAP % 1 H o 3
By LTHAT 3.

4. BEKERODECRE

4.1 HEKRIE

® 313, BMERERODHE L MHICB T 25 BEEREE
TH3. ZORBRICBWT, SO ST 5 2HI%
ZAMGEREH T 5. 5 DEIREMAETIE, £3, TRTO
F—RES5HESL, D535 30%IIHT—&, 10%K
AETF—&, 19T AT —RT3. ZLT, ilf7—
RIZE > THIML, EFT VDRI R —XEHET 2. %7,
ARANCHRFE T — R &2 o CGREFPEETWRWI 2R
CEMRET 5. ISR T Lk, TANT—XE[HHL
TETLVEFHET . Zhz 1ty b L, Jl#T—4%,
MiET — &, AN =X HETE LT — 25T
NTCTANTF—RERDZEICERELENLARI 5y b
1TV, 5 E O 2 FHEHERE e UTHAT 5.

4.2 BBRERODE

= 413, PHICBITB YF, CP, Cr DEEETHS. %
72, FEEEE 100 TRy 7, Ny FH AL X% 8ITREL
TW5. R51E, ThPNOBGIERIC X 2R, H
HE FHETHE. ZIT, KFZZFhZPhOEZETOR
KEZRL TS, Fie, REEEB 1 KD b OHEmRE
MOFETH .

£5&b, FEIEHT S, YFHEBRIZTXRTONHE
WTO0ILELoTED, YOOEBIT+IRERFHE
THHIenhs. B2, VGG & VIT 3o srfEes
LU C YF Eifg ¥ 3E YF Ef&D F ERKRE L, ZoHT
b ViT-B/16 23 ® FHARZ WIS HBRTH 57, B
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K 5 BERRRELEE D 704

Table 5 Classification Results of Yeast-Like Fungi.

IRF A YF i IE YF Hif§

H{R5HA | (ms) G BERE FE @SR BH¥ FE
VGG16 7.7710.991 0.990 0.990 | 0.973 0.971 0.970
VGG19 7.4310.995 0.990 0.993|0.973 0.986 0.978
MNV2 9.95| 0.910 1.000 0.952|1.000 0.685 0.806
MNV3-S | 9.55|0.917 0.966 0.940|0.888 0.718 0.777
MNV3-L | 9.80] 0.913 0.990 0.949 | 0.968 0.692 0.772
DN-121 |12.28] 0.991 0.971 0.980 | 0.927 0.969 0.943
DN-161 |11.61] 0.995 0.957 0.975|0.886 0.986 0.932
DN-169 |12.01] 0.971 0.971 0.971|0.915 0.911 0.911
DN-201 12.45]1 0.990 0.933 0.960 | 0.834 0.970 0.894
ViT-B/16 | 8.96/0.995 0.995 0.995| 0.986 0.986 0.985
ViT-L/16 | 8.64|0.995 0.990 0.993|0.971 0.986 0.978
ViT-B/32 | 7.97|0.995 0.990 0.993|0.971 0.986 0.978
ViT-L/32 | 8.50| 0.995 0.990 0.993|0.972 0.986 0.979

% 6: BHICHBIF B3 YF, CP, Cr 0§ & 5

Table 6 Number of Images and Regions in the Detection.
MR R FERRL
YF 208 2,380

cP 12 144
Cr 55 3,041

HEFEOHICBENT, ChoonHEREAHTH 5.

4.3 BERERDOKRE

= 613, MitizBIF 2 YF, CP, Cr OE{GE L R
TH3. T, EHOEE TN TOMHEEET 500 =Ry 7,
Ny FH A4 X% YOLOvS ¥ YOLO11 1% 8, SOD-YOLO11
X4, RT-DETR X 2 KRELTW3S. R TiX, Thzh
DYMEBHERIZ X 5 AP50 £ mAP TH%. T IT, KF
BZENZNDIEETORREZERLTWS. £z, R
B 1 D7 b DR O TH 5.

£ 7D, APS0OICEHT % & YF i YOLOvSs, CP
¥ YOLOv8x, Cr X RT-DETR-RI101 ik 3. %
72, mAP IZEH $ % & YF & SOD-YOLO11lm, CP &
YOLO11x, Cr & RT-DETR-R101 23 K ¥ 72 5. RE-
DETR ® mAP 3RO mAP £ D H K2V,
ZHECrODREIDVYFRCP B LTREVWZ D
FRTHZEEZLNS. LEdo>T, NEWEHDOKHEIZ
3 RT-DETR O /773, BAHERESKZVWHOMLIZIX
YOLO O DL TWABEEZBI LR TES,

5. FrHESEDEE

REXTIE, BERER L 77 LGHEEEZDHEL, )
HU=. ST VIT & VGG, M TRERFHERE I
SOD-YOLO11m, ZHuZ R UYWL - =7 ) V5 2
YOLO11lx, 2V 5,375V % Al% RI-DETR-R101 236
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KT BERAREE ORI
Table 7 Detection Results of Yeast-Like Fungi.

YRR

i YF CP Cr
(ms) | AP50 mAP |AP50 mAP |AP50 mAP

YOLOv8n
YOLOvV8s
YOLOv8m |24.04| 0.833
YOLOwv8I
YOLOv8x

14.66| 0.828 0.389 | 0.899 0.632 | 0.625 0.300
15.16|0.854 0.412|0.944 0.642 | 0.689 0.365
0.397 ] 0.952 0.665 | 0.728 0.393
0.416 | 0.950 0.685 | 0.731 0.401
0.407 |0.963 0.688 | 0.745 0.411

33.30] 0.844
50.80| 0.840

YOLO11n
YOLO11s
YOLO11m [26.18| 0.832
YOLO111
YOLO11x

16.26| 0.834
15.90| 0.847

0.396 | 0.931 0.636 | 0.620 0.301
0.406 | 0.935 0.646 | 0.701 0.367
0.407 | 0.942 0.683 | 0.747 0.416
0.406 | 0.945 0.687 | 0.741 0.400
0.415 | 0.954 0.692|0.750 0.421

28.92| 0.836
38.14| 0.845

SOD11n
SOD11s
SOD11m
SOD111
SOD11x

25.50| 0.841 0.405 | 0.928 0.641|0.799 0.450
29.74| 0.848 0.411 | 0.932 0.654 | 0.844 0.493
47.16| 0.843 0.416|0.930 0.663 | 0.863 0.514
56.24| 0.842 0.411 | 0.941 0.690 | 0.864 0.515
87.4410.838 0.410|0.931 0.658 | 0.865 0.519

DTI

DTx
DT-R50
DT-R101

26.28| 0.713 0.375|0.813 0.478|0.901 0.663
41.40]0.585 0.276 | 0.723 0.394 | 0.787 0.530
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35.76] 0.737 0.385|0.832 0.489 |0.921 0.675
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