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Fig.1 Microscopic image of different mixed spores (40 x 10 times)
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Note: H represents the height of the input image, W represents the input image, C
represents the number of input image channels, S represents the stride of a layer
in the network, K represents the size of the convolution kernel, n represents the
number of convolution kernel or filter to be used in a layer or module. CBS
stands for Channel-wise Batch Normalization and Scale Shift. C2f represents the
transformation of "Channel to Feature", which is used to improve feature
extraction capability. SPPF represents the Spatial Pyramid Pooling Fusion
module. Upsample represents upsampling. k represents a relative scale parameter
to control the output size and structure of the pooling layer. FECA represents an
improved focus attention mechanism based on CBAM and ECA attention
mechanisms.
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Fig.2 YOLOvV8-FECA network structure
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Fig.3 Focus attention mechanism FECA network structure
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R RARROAS R B O 2 ) AT R AR O R 1 AR
EAERE R AN TR, MORBE SO T S Ak 4 Fis
TR ZE K WU S PRI PO 28 VR B . 2 55 . UERAR (P . Al
R (R). mAP LA KA S 4w K/, BRI 45 R in
1.

HHER 1 AT LUE Y, Bl 0 28 % B RN 58 B35 IR 386 o,
MR ERE M, XA S, 3 REE
FrtiE. YOLOvSn 1E LA 4 R4 b i s AL X 2%,
HERMSHER/D, RH 52 MB, N E BRI
HEEMAP@0.5 581 92.5%. EPRYOLOVS] FImAP@0.5
EET 951%, HEHSHEHME] T 56.7 MB, X
T R S 5 2 0t 1) 388 o S B A 0 2 3 A ) 8L
B PRI 0 o =55 R 380 SR A P H 1 B30 905 P 0 AR AN A
WL 2R, Fd i & 2 oot mT AL RT3 T ) 2%
TR BRI RE 77, AT AR IR 0 e 2483 9 Sife 2L 1R HG FE A
VAR E T YOLOvVSn 1E A R AT FH LA -

#F 1 YOLOVS #HEIKIGLER
Table 1 Experimental results of YOLOv8 model
o PR

sy VR M P g

Network Networi\ BEAIMH mAP@0 AR 4l

0, 0,
Model  ~qonh width TAP@ 595 P RI%
0.5m% 0

YOLOv8n  0.33 0.25 92.5 75.7 929 873 52
YOLOv8s  0.33 0.50 93.8 80.8 944  88.0 11.1
YOLOV&m  0.67 0.75 94.7 84.6 954  89.0 31.2
YOLOVSI 1.00 1.00 95.1 85.2 95.5 89.7 56.7

1E 75 8599 76 250408 58 E A YOLOv8n A 348 43 &5
R 4,

MRS KK, Y+ H AR A7 75 %5 52 BB 4 1 Ol I
W 5 e A RS BN R A ), X IR N Al S R R R
YR A T A A, ARG RS UK H S R A e
M7 2 ) B RS, R E AR A R 40 T AR
B IR, SRR R AR A B AR R A
—ANHAREF RIS, 2R S R R I
S R DTG WU ARG P B S TR

Bk U, B 4 94 TREIRSEA T T 15 =
1T BB TR R MG PR 2 g B A R A, HEAEER
ZARFELE 0.6 DL E, 1 BHABE AL A s vy 110 R ) v A 5 AR A2
UF B ERRE,  RENEIE N 2 P S T AR /N B An ke

Parameters
/MB
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T, AT AR AT FE R SRR o T 2 B B AR
AREE, Kb 5 R AE IR ARG IR s IR B =
WS TP, A B B AT H AR iR 2 H
PRAC TS T IS, BARBEA A TN 55 & A 4 7 H AR Y

a. JRIAPRZE
a. Original label

Teko T DA RIRAS AN R AR ), SR 10 1A 10 2% 45 ) 55
Jiid, WPEUEREAY YOLOVSn AT A st , i/
IRE A AR AR I R B R A R A 1, R
H LA B A TN B 7 (R R A T A

tection

e °°

15072.prigioms

fg0.5
fa 0.8

b. YOLOvSn# il &
b. YOLOv8n detection diagram

B 4 YOLOv8n Az R
Fig4 YOLOvVS8n detection effect

3.3 GEEANHIMEERT IS

NEGIE FIT BE T A A 1L FECA /A 2t
X BEARES 23 BT AN [R]33 B JI LR A B J5 PR F A
SRS DN T PEE T AR A L o %06 480 SR P A [0 1 Rl - 34
B AR A 7 30E 45, DL YOLOvSn N34k A, 4y
WIAE R 48 1 [5)— A7 & 5] X ECA. CBAM Al FECA 3 f'yE
AP HEAT b, R HARSE ] L 2,

®2 FREEEANHIREER

Table 2 Experimental results of different attention mechanisms

MIRARR SFYIRSEIME PRSI dEE BRI
Model ~ mAP@ 0.5/% mAP@0.5:0.95/% % P/% % R/% FPS/(i-s™")

YOLOv8n 92.5 75.7 929 873 134
+ECA 92.7 75.4 933 89.1 131
+CBAM 93.0 76.1 945  86.0 127
+FECA 93.2 77.3 93.6 884 129

M 2 a4, BINAREMER PGS, 3
B mAP@ .5 A Fide s, H FECA Tl
B2, MEGERA K mAP@O0.5 F1 mAP@0.5:0.95 437l
PTLT 0.76% F1 2.1%, I ECA B 5 ] mAP@O.5:
0.95 A /IMEE TR, BRT I CBAM JE B8 A [81 24 B
TR, HASEAR) P REWAE T HA,
CBAM 7EREZ TR R, ECA fEHEI% TR,
VLI CBAM 7 12 fey 155 220 F00 00 o4 g 1k 77 T R L2 e, T
ECA fE# B 878 55 I A IEFE AR R e 0 77 T R BT .
FEh, SR RWIRAE A BN, X2 E L
il S AR TH R R B, (ESAR Y R BRIR FE R AR
FL383 A SERHAS I B SR, = 2 [ (1 2 St

FRARANEIE, Wik A BIEORIE T, UM FECA Rt 58
U M S B AR AL SR AN H bR RFAE(S AT B AR IR A, R,
FECA VEZ JJHL#HIZE YOLOvS8n #E AL e i x N\ 2 R
T AR AR R SR 1 ) (R R 8 4 R i /N AR B T
A R AR P
3.4 HRRAIE

T B IE AT T SR O AR A R, DS AR AR
A YOLOvSn A FEZERERY, J@ ik 22 AN eiidk A H AN 7] (1 21
& 77 RBAT AR . T RhRIe 45 A% 3.

®3 HMIRALE

Table 3  Ablation experiments

TR AR SPRIREEEY) CPYIREREESME AR B

Model 18 mAP@0.5:0.95 /% Z*E X
YOLOv8n 925 75.7 929 873

+/IN B ARA I 2 93.3 76.8 93.1 88.1
+FECA 94.1 77.4 93.6 884

+ Wise-IoU Loss+
DFL Loss 92.9 76.4 922 89.0
+ FECA+ Wise-IoU Loss +

DFL Loss 94.4 79.0 938 914
YOLOVS-FECA 96.8 82.0 955 91.1

E: YOLOVS-FECA I 5] N FECA SR AIHLELL A HARKIIZ FIl Wise-
ToU Losss

Note : YOLOvV8-FECA introduces FECA attention mechanism, small target
detection layer and Wise-IoU Loss at the same time.

WG4 BT R, 78 YOLOv8n FI LRl A i B
R 2 5, mAP@O.5 Al mAP@0.5:0.95 43 HIHE T 0.8%
N 11%, FETRM G B R AA BT m, RN Hz
0 A B R R B A b R A AN s AN E AR, T
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INFE TR BRIR AT IX SN H AR A IR B 2. TSRk
B AR N FECA & /IHLHIR, mAP@0.5 #1 mAP@
0.5:0.95 7> BIHRTE T 1.6% A1 1.7%, KR A0 4 [0 245y 5
e 7 0.7%. 1.1%. Ut BHAE SE R JIHLE] FECA 151
i 19 A5 Y BB 8 7R FRAE PR B FE oGy sE L X I, M
M T AR R M RE, 45 52 7E mAP@0.5:0.95 1X
— A I FE bR BRI, 48 H Wise-IoU Loss 1
DFL Loss [ 4H & & #: J5 A 1) 91 2% R $05 ., mAP@0.5.
mAP@0.5:0.95 2 RTH T 0.4%- 0.7%, HA R4 fr
15, FH5| N Wise-IoU Loss A B T8 56 fffg b 1 50
D FHERRIG, BRI AR EA S A R R
it 5] N FECA JE& /I1HL#|. Wise-IoU Loss #1 DFL Loss
i, A mAP@0.5 1 mAP@0.5:0.95 43 AT T 1.9%
F13.3%, FRUPZAHIIH A ZA R, ool s s EeRE
B PR T A (PRSI M R

YOLOVS-FECA # AL iE L 48 & bk itk s ms, P
BFERT. 5L YOLOVSn M L, mAP@0.5.
mAP@0.5:0.95 FEHZEAIHE B2 5T T 4.3% 6.3%.
2.6%- 3.8%, W] YOLOV8-FECA )& B2 & 76 /N3
TRBE I TR AT 55 b BA B v AR v e 1 R T

g LRTid, @R IGIRIE TR/ B RS |
FECA JEE JIWLH| UL K A# ] Wise-IoU Loss fX# CloU Loss
A DRIE S 1 A R I B U NN B AR T T AR ()
PERE, 1 AR AR =4 T E R, g R
3R] T YOLOVS-FECA J& — Fi B A B g A il 4 & 19 /)
FARER A TF A AR A
3.5 AEMERIXTEEIALE

HH T /N2 75 B 095 L bR A H BRI B3R S H R PR S
WO R AR TR R A s L, AR R T
YOLOVS-FECA Z5 4 M 2%, FH R s A /s H br 5 £ 73 A I
PN Z W e 9 7 PPAk R 0B 2R 7 32 I ) 4% o
(IPERE, B8AEAHF 7T 5 4E YOLOVS-FECA A EL 24 /i #417]
(0 A U A5 Y B R, K AR SR B I 2 S S
YOLO % %1 W 4% . SSD % 4% LA K L A5 AR 2% P (1) XL By
Faster-R-CNN H h5 A6 0 /7 2% 35 4730 56 % Bb (88— RO Tid &
PASARIR R EE5E), il 2 SR an sk 4.

*4 NERBENEERIIEE

Table 4 Comparison of detection results of different models

T4 #8475 Evaluating indicator

oo R T
b i T P
mAP@0.5/% mAP@0.5:  P/% RI%  FPS/(i-s ™)
0.95/%
YOLOv5s™ 93.9 75.4 88.1 78.0 122
YOLOv7-tiny™ 915 69.3 83.0 85.8 93
YOLOv8n™"! 9.5 75.7 92.9 87.3 134
SSp?! 79.6 60.2 79.7 75.0 55
Faster-R-CNN(™1 873 69.8 81.4 79.3 43
YOLOVS-FECA 968 82.0 95.5 91.1 106

RIGLE R LW, YRR, 5HALER AR
KEEAIAEL, YOLOVS-FECA 7£ mAP@0.5. mAP@0.5:
0.95. AEHHZ A A Bl B R IEAE, BEARFER I i 2

fehr _EAEL YOLOVSs Al YOLOvVSn BEAIG, (HAHZEAR K,
TR AR ST A I LR . X5 IE B T i e
WA 850 DL ST AR B TE AR B 8 7/ B AR R AT 55 1
bk, 25 ERTiR, &3t i i YOLOVS-FECA R 7E
PR ST RGN RE (O R, B PR TS E, KRB
H T S SR AR RE
3.6 1REIESHMRIE

N T SRR AT ISR, AW AU AN R
FAAECR IR T A4 R AT L. JEE T
NEFRER T B T W i s, (AR
7~ YOLOv8n #l1 YOLOVS-FECA 7£ 25 5 fll 5 6 26 185 100 T
PRSI 2 SR %o L

EE 5, flThA TR, ERMNAET
PR A B Ab T X 3800 5 DA B 4826 4 43 A X 3 # K
A — e FE R AR H Ande A, 10 5 1 YOLOVS-FECA
PR T 1M 37 5 N T H brsb e dEmf R th HAR LG
RERLAE [F) A H AR BRI A 58 s R I M5 R, Ui B ek
5 R B8 A R CCE 1 T 1T IR B A R R AR
WUKE BE o

b. YOLOVSnKHZR ¢ YOLOVS-FECARK IR
b. YOLOv8n detection effect c. YOLOVS-FECA
detection effect

a. JRE1E

a. Original image

B 5 F&5F TR KRB R
Fig.5 Comparison of detection effects before and after model
improvement in dense scenarios

FER 6 BEGERIAEE T, /N H AR BRI by T L £ i
SRR AE . A 6a fR) G X 8 R T4 1 A B BN
8, EMZAE RIS T T, SRR R BE IR O
AR A T B AR, S R, G X
ARG BT IR, HR (R R R A REA
PO JERE R HAT BT AR T, 13 B St i R A A i A gt L
ARG RIRCR, RS8R, GE05E N AR L
BT RO R

a. JREB

a. Original image

b. YOLOV8nfG AR . YOLOVS-FECA R
b. YOLOv8n detection c. YOLOVS-FECA
effect detection effect

B 6 IR T AR Bt AT B AR M AR AT
Fig.6 Comparison of detection effect before and after model
improvement in dark environment
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4.1 5S5Ei#Hm/BARENMLE Tt

AT L, YOLOV8n A FEHERIAY, Jedis s i)/ B
PRI JZ, DAL 5 [ 28 6k 5 /N B AR SUE S B 42 DA
T $ e L REAE B IR 1 AE A PR L RN A R A R AE 1
FECA £ fSE & S AU DLz B/ B b A 55 A6 H b
FIo<vE; B, 51 N\ Wise-IoU Loss 5 DFL Loss 45 & 1E

N FHER EERIR, DR A IS SRE /) BL A
S 32 M TR (v I . FMAR A A0 A L YA

Dol &2 2 PR BE I3 S S N HoAw,  $ ) — P 2 T
RetinaNet FIAS I M 2%, 1 S0 765 T P45 H # N\ Res2Net
B, $eF+2 RERHESEIEE ), HUCR A BiFPN 4%,
SERUIBUS A RFAE G, B2 /s B AR IS H br A I
¥, 545G Focal Loss 1 EloU Loss, fit4b4325A0[a]
VAT 55, $RTHE I HER R . 5 A0 5T 52 i ) 25 A5
YOLOVS-FECA %} tt, YOLOVS-FECA 4b i3 B i, T
Ii&E A 75 EE ST AR BRI M 3 50, H YOLO R A1 W 45 25
Fafai ol Gy okids, HARERGEAM. 28RN £ 0K
TN E AR, R T — MRS 2 RERHIEM 2
FVEE I BRI v %05 vl e 2 R R
TESE IRl &, YG9 HARRRAE: M2 BT E M %%,
28R ZREE BABRIEE S IR B & NI RAE .
SRR 257 YOLOVS-FECA *ttt, YOLOvS-
FECA 7E M 2 Hm] DL E B 700 B Ar 2R BRI &, 4%
T XA HP R, DU SR, R A AR
b Az = e SE ISR m S R, AR H bR RT I B R
HREMRHE
42 REMZFITRI

Ut JE 0 X 2 18 /N B bR IR 51 5 5 A7 - B o e v
B, BRI S S A b R ARG Fra o, (HaE T
I S R B ) B 22 /N B AR FRAEAS BRI - 7 AR AL
o7 H AR AR /N B bR AT I BE 7. RS I Y O
JESEI RS SR,  AE I AT DAE — 20 f0 A A% 2 30 T P 1)
JiiE, AR R e A Ak, DATE BE R R AT SE R
i, DA HE D) 96 i A AR BT A A S fR ik
BRI SRR

5 &

ARUPFARH T — P YOLOVS #8588, F -/
IREER AT DA I, FEH TR SR AR AR s B bR
far il 2 51 N R s & I HLE] (focal efficient channel
attention, FECA) 1 WloU #1255 pRi%. I RIGI0UE, X
LAY 1S S5 WU A B R I K R 315 B T A SR
FHEL YOLOVS 7E 13 48 H (1)~ 350K FE 3 mAP@O.5
T 43%, X5 96.8%, Hri FECA X #it A [nl Z Al
ik s s B B EEH, Sl R EERA T
TER AL Hindy = NI/ BAskaillge /. 25 1,
AT 5T N S B L 18] AR 9 1 ) B Shsn il A 5 5 S0 9
AR T — M H AR T, R RO R B
R TH I REAR S R
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Detection of wheat scab spores in dense scene based on YOLOvVS8-FECA

ZHANG Dongyan'? , GAO Yue? , CHENG Tao! , HU Gensheng? , YANG Xue? ,
QIAO Hongbo®* , GUO Wei*, GU Chunyan®*

(1. College of Mechanical and Electronic Engineering, Northwest A & F University, Yangling 712100, China; 2. National Engineering
Research Center for Agro-Ecological Big Data Analysis & Application, Anhui University, Hefei 230601, China; 3. Institute of Plant
Protection and Agro-products Safety, Anhui Academy of Agricultural Sciences, Hefei 236065, China; 4. College of Information and

Management Science, Henan Agricultural University, Zhengzhou 450002, China)

Abstract: Wheat scab is one of the most serious diseases that threaten global wheat production. The primary causal agents can
be from the fungi Fusarium graminearum and Fusarium asiaticum. The Fusarium spores can be disseminated in the
transmission and infection of wheat scab. Consequently, the early and precise identification of pathogen spore concentrations is
of paramount importance to prompt the detection of wheat scab, particularly for the high wheat yield and quality, as well as
food safety. Conventional techniques, such as microscopic observation and medium isolation, have posed a great challenge to
the rapid response and the transmission of large-scale crop disease, due to time-consuming and sophisticated technical
expertise. Furthermore, there are missed and erroneous detections of densely distributed small targets in scab spore images. In
this study, a small target detection model, YOLOv8-FECA was developed to overcome this challenge. Firstly, a small target
detection layer with a feature map size of 160x160 was added to the original YOLOvV8 baseline model. The network was then
improved to capture the semantic information of small targets, in order to enhance the accuracy of feature description.
Secondly, a focus attention mechanism, FECA, was designed to combine the CBAM and ECA modules. This module was then
added at the neck end of the network to reduce information loss during downsampling. Ultimately, Wise-IoU Loss and DFL
Loss were integrated as the regression loss for the bounding box, in order to enhance the convergence and the precision of
bounding box estimation. The experimental results demonstrate that the small target detection layer was added to introduce the
focus attention mechanism, compared with the original YOLOv8 baseline model. Wise-loU Loss and DFL were also
introduced after Loss improvement. The average detection accuracy of the new YOLOVS-FECA on spore data set mAP@0.5
and mAP@0.5:0.95 increased by 4.3% and 6.3%, respectively, compared with the benchmark model Yolov8n. In terms of
performance, the YOLOVS-FECA model was improved in both accuracy and recall, compared with the YOLOv8n. The
improved model demonstrated an elevated degree of accuracy and comprehensiveness in identifying the wheat scab spores,
with an increase of 2.6% in Precision and 3.8% in Recall. There was a decrease in the frame rate per second (FPS) of YOLOvS-
FECA, compared with YOLOv8n (from 134 to 106). Nevertheless, a high detection speed was achieved among performance
indicators. The YOLOVS-FECA successfully improved the detection accuracy during real-time detection, where mAP @ 0.5
reached 96.8 %. The robustness of the model was verified as well. The results demonstrated that the accurate detection of
spores was achieved even in challenging scenarios, such as the high spore density and low light conditions. Moreover,
compared with the prevalent target models, including YOLOvSs, YOLOv7-tiny, SSD network, and the exemplar two-stage
Faster-R-CNN, YOLOvVS8-FECA exhibited superior performance, in terms of mAP. The new model was superior in detecting
small targets, such as scab spores. This finding can provide technical support to the automatic detection of wheat scab spores in
the field, especially for the early warning of scab.

Keywords: wheat scab; spores; intensive scene; small target detection; YOLOVS; microscopic image
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