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SAHU & 3£ FBEHL AR A (random forest, RF) F1Z %
SCFFIREML (multiclass support vector machine, MCSVM)
HENL Y — R R A IR HRE-MCSVM, R
e FRIE 98.9%. # M AESE BT Sentiel-2 5 14 1 BP
PREE IR, KT — P N2 2680 2 B R I DAY, %
VS DAL TR 1 S AR FE N 83.3% .  ELARAL Gt 5 v AT S BN
TR U ) B ShAn i, H H B 75 N TR AR $2 R I
W b, RERR RUFH EURAEAE A BOIR A 22
ALk, TEIXFMEGL T, RS RIRIRE BEA S TR .
ISk, B HRHERR IR /) IR B =) B An ke

W SEEAERE Y U B SR SRS N . AR R B
A EAAE B B Faster R-CNN R5IFI—F B YOLO
(you only look once) F51®. KAUR %1% %-F Mask R-
CNN SLEM a7 — Rt o 3 A B0 F Sk iasay,
Z AR A3 I RN Light-Head R-CNN, 24748 RPN (region
proposal network) H g 1 LA AR FH RS IUORS B, S5 7Y
FHIFEEE A (mean average precision, mAP) A 88.2%.
BN H T Faster R-CNN M 1 — Fli /s 2 4645 9% Al
BRI UMY, I o R B R 2 I 248 TR AIE I 45 J
BAZITME ST R IR SR 34T 74k ROI (region
of interest) JIi# ik ROI Align #F47 o gk LASR FHAE &
£ mAP N 91.06%. ZHANG %0214y 1 —Fh 3 T 2 4%
TR Rl A (0K 5 % SE AR MFPR-CNN, %45 8 DLk
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77 AE B RE R HUM 25 H A R 2 S0 2 R A, 15
B mAP N 83.34%. B B H bs R I SV B AT S B v A
DUAS FE AR DRI sk A2 4 A PR AN B, (0459 JH A B 2
BB, e U AR AR B 4 (T S R

YOLO F 1|2 1t 4 5 H I AR R 1t — B B B 2 )
H bR 5id, Foa s fE B i s SRR A= 50 3
T YOLOvS #28!, ¥8 T M2 1) 3x3 BRI o6
MU, W TR IR, 5458 X4 2k ok 208 1
4 Focal Loss $ 2 pR &, FA 1 — P 255 RO Ao I 2 Y
B8 mAP 4 92.89%. Wk =% B F YOLOvSsu 14 7
TR 4R iR A A, HAE R TR T
DA (deformable attention) [ VE= JI#5E, 7E SPPF fibh
H 5] N LSKA (large separable kernel attention) #Ht, Ff
RS T RESHEREGPRED, FEE mAP N
80.4%. XIRFPASEI FEH T —FhiSul YOLOVT AL )
BN o RS, BUASRA TR TR S DCNV2,
T SENet VE & AHLHEIEE, KA K-means++5H L% HiHE
ZHEAT TR, R RLG CIOU #0254 Focal-
EIOU, HERISZHL mAP A 94.25%. 22 BT 5+
YOLOvSs #8!, 5N CA JE= IWLE], M 7 —Fh 42
R R RIS, AZ AR mAP O 83.8%. LiRRkiE
T HE A AT Ok, T TN TR E e U H bR
(VRS IURS B o H 5] NORE B S0t i it J 368 5 (S A9 A5 2 45 4
BT EA, BERSHERR, AR50 .
DRI, A 0 QT 7 4 TS R G 0 P B ) ity b S ABE Y
PR B EEE L.

i REMEZ . AU BEREZSR K, HRRHE
5 BEIFASEARRL, AN HME B R . AT YOLOV8 H R
For I B VE R S T — e A g RS SR T A AR Y
TERRRISIR 2 S T i A veit, HB Mg ) c2f
BB ARG T E R IR C2f ik, DIFg il
IR IIAS B2 BRARTE S A B s EE . [FIRT,
BB FE T RAYLE Jetson Xavier NX. W BEUR 4B 25140 %t
R IR R . LA A AT s HUE O e A U
S R BT VA VRV 2R R i R AR A R S

1 #MR5RE

1.1 R REERGRE

A FL I BN H DL B O S B . R R
RIS 4 PR far i UEAE AT AR R AR
SRS VI WA PSR S i1h ey e W T2 | P i U A N
fo P97 H 5 G S SR AR, ST T faf P RS A
LHEGEEE. EMGRER RN 2023 F. 2024 F 1)
T8 H o SRAEHN pi A7 T I e 4 IR VB 77 WU X % A LA
FHEMZ A E TR . K 0 RS RE% & N e
F Hl, £ FE IQO0 neo5. iPhone SE2. Vivo X23.
HUAWEI Nova7 58 5, Bk H W& 70 P R A4
4000x3 000, 3024x4032. 5632x4224 (B &) %, %
FE B HE HOR i RITBOA SR, i b TAFRER AR 4R
AT, HCRESEFZE TR B RSN

B, BRANE#IE THER S B RANN JG 45 2 AR R T
LR R T AR R A AR, 2 id i AL
B Y SR AL T B 22 3RAT 4 JEA I HRE B 3R 2 600 K.
bR R S HEAN B P 2T SR RE T REARFAL 10 2 A
AMEFT, FNRIE T AFSRREEAR SRS S, K
g EGREBIInE 1 TR

R 1 AXHROTGHHBERE REEEHHE
Table 1 Diseases and pests of lotus leaves and their main
characteristics studied by this study

iy
No. Type

F:BERRAE

Main characteristics

B I R ek, S AN SO IRBTEARR . A,
1 MR ki 2 A ﬂﬂvﬂbﬁiﬁ%%%ﬂﬂ#ﬁi. ERGER - VU
s T RATIINI AR OB R, TR ERBE, RS

2 MR RO SRAR BE, S H BEASE TR

s HR R A S W, T 2
g,

4 %45(&&& %BZ%[H—H“ &Iﬂﬁ%zﬂﬁ%?hu%égﬁs%v EE@W%U*E%&

a. JEWOH

a. Rhizome rot

c. JH I
¢. Viral disease

o R
d. R
d. Spodoptera litura

B 1 RESHHT B
Fig.1 Example of the collected lotus leave images
1.2 BEKREN

AN - U Al 2 200 5K A TR R I 2k
N T RS R Z AR RTS8 A B ok
B9 7809 4400 5k Mo 7 XFE LA . ET#
B BENLFR . BENLRE R, BENLX LR M AR SE . it
—Hh, K RERE AR 8. 2 RIS I ZREE AN IR
. H—TJ7i, RKAhBUS TR 400 5K B 1E SRS
WA, F T PP R R R I RE, o 4 200 SV Ay
% 100 7.

K H] Labellmg #c x5 Hetia 5 R o B2 4 1H-32E4T
HEHEFRE, oA, JEWUR KRS 44 “Rhizome rot”,
HBEER IR 4 N “Viral disease” , B KIFRZE 4 N
“Leaf spot” , R 80 Mk 1 5 25 4 8 Spodoptera
litura” o FRVESCAFORAFAR X Oy axt, SCHFrp AL S
R R AEEE AL EE R Hr, B
[ B A7 7 22 AP HUTE Aar X L ) 22 M. B SRR SLI)
HE A 4 KA SUE R R R A BRI 2 s

e. fi
e. Healthy
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Table 2 The number of annotations for various lotus leaf diseases
and pests in the dataset

2551 I[E% S LA S MR &t
Type Training dataset ~ Validation dataset ~ Test dataset ~ Total
JE W 926 221 111 1258
I EEI 926 248 103 1277
B 880 220 121 1221
RSO K 1052 261 119 1432
&t 3784 950 454 5188

2 EEGIIL

2.1 YOLOVS REF JHERIMLELEH
YOLOVS J2 Ultralytics 2> & T 2023 4F K A7 (118 £ 2%
S H bR, HIREL T YOLOVS. YOLOVT 2556 i
FRAHE £, BARRREAE". YOLOVS FIAE R ) 2%
gEM i 2 Bion, EEBFAGE (Input) . T W %%
(Backbone) . FMEEM 2% (Neck) A#lsk (Head) 4
ARG 2 Ko

41 N3 Input

Conv

—>[ Conv2d ]—»[ BatchNormZd]—b[ SiLU ]-»

xn

(Bottleneck J»( Concat (" Conv >

Bottleneck

Conv Split

—_——_————

SPPF

\

\

\

\

\

[ || MaxPool2d
\

\

| MaxPool2d
\

\

\

\

\

\

\

MaxPool2d

| w
iiiiiiiii o« - J«e
Wi Conv NHRUELR, Concat NFHMEZERAIR, Upsample y - RFEHIR,
Detect 9 £ I 5k , BatchNorm2d A #t 3 — 4 &, SiLU 4 ¥ i& R %4,
MaxPool2d A Kihft, Bottleneck J& & 5k 2 E# G FUBEL, Split 1F
FNFHIESY 2
Note: Conv is the convolution module, Concat is the feature connection module,
Upsample is the upsampling module, Detect is the detection head, BatchNorm2d
is the batch normalization layer, SiLU is the activation function, MaxPool2d is
the maximum pooling, Bottleneck is the convolution module containing residual
connections, and Split is the feature layering.

B 2 YOLOv8 A% W k454
Fig.2 YOLOv8 model network structure
Horbr, Input X4 N Z2 X 25 (1 BHG3EAT TOAL 3, JE i
B 3 46 R T % Ak 2% R, Backbone H Conv.,
C2f #11 SPPF BLHRAL AL, T X5 fay N BR BEATRAAE LS B
R, Hrp C2of 35T 2/ Conv #l # /> Bottleneck,

FHRHUCE T E AR (5 BP0, SPPF U HE T4 3 ik
WA, ATHEARRETOMEEE, DEEHE
B0 F A 2. Neck #5743 H1 PAN (path aggregation
network, % 12 % A& W 4% ) F1 FPN ( feature pyramid
network, JFESFEEML) G Em, HTHERE
AEE AERERRE BTG, R T REEZ
JREES7 50 T WSS AEFEENRE /7. Head K Al Sk 45 M FIC
HHE (anchor-free) #RM&, FLRH 3 AMEHESLAEA R RE
SRR BB S S RAT S, B At B AR B
HEAL BAS S o

2.2 it YOLOVS 128! MK LEH

IR G RAR T WAR B 5T R i B AR A B, A i
FHEARBEARRME: D WK TR, ARSI
5e, OB RERRE (g, TR 5 E PR
PFFEAHT, HREEDAMEH Y 2) it BEA—E i,
AR Z A BARESY, HARKRECRER LA,
R e FE R o S — D7 T, Aar i U R BRI Ve TAE R A
B A S AT, R E R T E AR AR (Wid
GirEwRS) b, REEEHEIIAR, MBRERAN
THRCEBEAG B P A 1) R, DR A o S B A () it — 2P
BENEAWEN,

BEXE BRI, AHF ST L YOLOVS (nano) AJEZk
R AT T A0 edE, W 7 — MR e e i L
FEMALARL: 1) XA Neck # it AT R &M BT, R
I A7 995 H S A DA B T [RBTG5
2) I REEER L], DAk — D4 A5 AL
M A SR IE I R R T, BRI P TR &= 1
som, ST B O S AR A M AL IR B R B A i U E B
KrAENE . B YOLOVS B W 25 25K 4 ] 3 BT o
2.2.1 Slim-neck #&£3

FE B AR BE A 0] 7 -3 RS 44T s 0 T A5 28 PR A
AR R AR S EER, HEOCR B TAA N TERE
JIFIR B . W E B SRR, AR R/
K, BRI AE SZBRAS Bl A0 A 1 0 B M R A A i 2
Wn. DRk, DN T TE SRR IIRE 1 [R] B A 8 R AR Y
MR, Rt YOLOvS BRI # 3 T tH GSConv A
VoV-GSCSP FEHA 122 5 B 2 N 45 45 4 Slim-neck

£ Slim-neck H, HHAEH T HEHIEEHEI GSConv

(group-shuffle convolution) & # Jii YOLOvS 20 355 % 2%
F1 ) 438 Cony BRI, GSConvZE I U 4 Fivw, H2
FH #5 #HE #5 F1 (standard convolution, SC) . & & 1] 43 &
% B (depthwise separable convolution, DSC) H1g ¥

(shuffle) #EMEH M. KA GSConviEH ) Slim-neck fE
KPR B2 & % DSC L%, TR DSC A7 7E 1 X i 1E
15 543 B 10 3 R IF 52 B R 0 BRI 45 6 T B Y,
GSConv B S0 RHE KT SC #:4E, FFEAT DSC #:1E,
SRIGPHEME T U RHE B, 2l shuffle #24F S2H
BEERAS. ZERS AT ARSI, W]
TEAG 255 AT B3I 1 [ R R A 2 Fro e 1k g 1220
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N
Input

—_—_————-—- - ———— ——_————

GSConv | ‘
Concat

VoV-GSCSP

Upsample

VoV-GSCSP

Concat

T M 4% Backbone

VoV-GSCSP

' i)

4

\
ok |
— iHEdi -
E: VoV-GSCSP H—IXPER & IS e M e, C2f EMA Nfh& T
EMA JERE 70U C2f ik, GSConv MR IGR G H] .
Note: VoV-GSCSP is a cross-level partial module variety of view group shuffle

cross stage partial network, C2f EMA is a C2f module that integrates EMA
attention mechanism, and GSConv is a lightweight hybrid convolution.

B3 pidt/a Y YOLOVS AR B 24 45 4
Fig.3 Network structure of the improved YOLOv8 model

¥ \
Concat Shuffle
A

GSConv

i
Output

B 4 GSConv A3 44

Fig.4 GSConv module structure

HIRHL, fE GSConv f%EAY L, I T VoV-GSCSP
(variety of view group shuffle cross stage partial network,
— MR A BB oy W 2 AR ) AR DLt — 2D b i
SSA S PO IR L, AR 5 R .

GS
Bottleneck

Concat

LIPN i
Input Output
> Conv
TP At
par T G8Conv }—{_Gsconv Ouput

B/ 5 VoV-GSCSP Ak £E#)
Fig.5 VoV-GSCSP module structure
VoV-GSCSP HH FIRFE(S B BGEFE 4 A 2 545 -
B AR — N N R E B 28 0 0 38 4 AR U S S I AR TE SR

AR TN NESAE B e &l S AL R, B S R T
GSConv % 11 1) GSBottleneck 45 #) SL IS A 42 I, /)5
H P o R AE B B R I T

VoV-GSCSP ##iH7353#IH 7 GSConv A1 GSBottleneck
FIR 3, $em TR AR RS B AE F1, Wb TR A S
B, EUERERRE R B, b E TR
B TERER, AT T A ] VoV-GSCSP Fibe # e 1 5
YOLOvS f= %I Neck #43 HIFTA C2f #Hith,

222 EMA % REZE HHH

TE A7 975 HUCEAG WUk R v, g I ) 358 40 B 4
WAL R R, 25 5 BRI b, AFE 2
(9 HUERRAE 2 18] 5 HU5E 5 B 2 R A7TE — 4
TEARAAYE, B3 BARAS . I 34 55485 780 o) A 2060 Ao TH- 97 ER
FEEEAE B ALELAE /778 BR st S BURR (S B 1 7% i g
NIA A T NFR TSI 1 15 HUSE A G 00
A FAE YOLOVS [ T M4 HH s in T EMA Cefficient
multi-scale attention) VEE JIHLH . EMA V& JIHL#] 2
OUYANG Z128 F 2023 448 H ) — Ft 38 - 85 25 ) 2 2 1)
R R ER AL, OB 3o 88 oA E
Y FE I IEIE SRR o A, M T BR4EERAE, RIR @ E
FHIEE BRI EITR, RAaRER. SHED
FOE S5 12,

EMA V& MU B 28 45 kgt 1 6 Fizc. HTAE
WREWR: Bk, MTEENHEA XERT™Y, EMA {E
WEAERE RIS GASFRIE, B X=X, X, ...,
Xg.l, XERVV, LISKEUAIE X o #%%, EMA R
F 3 2% 2 7 T SR B ALARFAIE I 3 2 B AR £

LV -
Input
Groups X133 X173 3x37p3
—
} I |

[ X Avg Pool )[ Y Avg Pool ] [ Conv(3%3) )

( Concat+Conv(1x1) )

( sigmoid ) ( sigmoid )

Avg Pool

Re-weight
A
vt CxH<I
Output

X HM W 5 on BIGR S EEMSE L C ONiBIERL.
Note: H and W represent the height and width of the image, respectively; C is the
number of channels.

B 6 EMA & A4 W 2454
Fig.6 Network structure of the EMA (efficient multi-scale attention)
mechanism module
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HhaT M sk B 4 N T & 11 BRERER 1x1
I, B3 SRERANINAE R T 3x3 BARERIER) 3x3 733
FE 1x1 733, SRS ANIR 7 18] 1) — 44 Jm P 33tk
BRAEXT B E AT S, DASCHLRS EIE (S B B MfE
3x3 Jp 3 £ T — 4R R A B AE AT GroupNorm

(group normalization, HJA—1k), HERAN T LWL
REEFHMER R . G, T 42 )m I3 55
W 1x1 43 S 3x3 43 3Rt AT 42 R A TAE B gm g .
TR R AR E A N

1 H w o
Zc = HWZZM,D (D

X Zo RoRib L 5228 ¢ NMBE R e, HA
W 3 AN NRFAE () 2 R 48R, C ONIBIESL, X (i, )) &
INTEEN iy RN IIER C MBI N .

B 2H PN TR B A AR AAE P A A A D 2 T R
HMHREHRG. B&a, 1l Sigmoid BT A BB &R
PRI KRR, FRIA R BT XER.

AR EMA VERINLEEA C2f 1 Bottleneck H1,
TER C2f EMA #EH, H MK 7 frx. HiEd it
Bottleneck Z5MJ3EF C2f Bt 2 ] FEAFE(E BRI RE
Bk L, RIEATHHZE, ¥ YOLOVS ET ML HZE 2 A
IS 4 A Cof B ey C2f EMA #ik. fléd EMA VE
BEAWHE, BRETRI 1x1 A 3x3 BRI o a) gy
TEE EBCREZ 0BRSS, 200627 far R R
TEAE B AT SR ORIk, X PhAS [ 25 (6] 48 7 1) 1) %5 2 [
5 R IEE T IEAL AT B R A8 A R SR A - R S R AR
A

{(Concat }-+{Ca)

B 7 #kd EMA ZZ AL C2f 44
Fig.7 C2f structure integrating EMA attention mechanism

23 RENNESTENERR
231 HBAENATFEH55HKE
AW AL AL 25 5 WA G AR E Y 2 13
X Intel Core i7-13700H CPU, NVIDIA GeForce RTX 4 09
0 GPU, 24 GB ff. HAACEGHE Windows 11 #ERS,
PyTorch 2.0.1 ¥R &2~ S HEZL, 11.8 fR A CUDA, Python
3.8 ifEiE F . Pycharm ST KIS YIZRF, Hi AR
R EUE RSB 640 B 5= x640 155, ISR
(batch size) 4 16, ZFEL (epochs) 4 100 %, H]
H22 31 (learning rate) 4 0.01, HRSECRHEINE.
MR A SEFR IR E R L It H X & B —F
Jetson Xavier NX (4777 JEffiik, E£ED fM—H#H
R 4B JT KM . Jetson Xavier NX it B 6 #% NVIDIA
Arm 64 {7 CPU, 48 #% NVIDIA Volta™ 42#J GPU, 21T

WM 8GB. ATz T B HE Ubuntu 18.04 #:1F & 4t
PyTorch 1.8 ¥R~ >JHESE, Python 3.6.9 4ifEifi s . W&E
Uk 4B JF R AR L B A 4 #% 64 fii CPU, 24T W47 N 4G.
B 4T 55 05 Raspberry Pi OS #:1F 24, PyTorch 1.8.1
TREESZ ZIHESE, Python 3.9 RfEiE S .
232 IR FEAR

AR AREIZE (precision, P). AFIZE (recall,
R). “F¥JK5EM{E (mean average precision, mAP@0.5)
PR R ARTMRE B, o mAP FIBIME R E N 0.5, HHL
ZH & (parameters) PP TH GRG0k U AYAL =
KAME N Z VRN f . e BUOWUE # (frame per
second, FPS) PFHME AL St ),

3 GEREDR

3.1 RNEEEEFINHE N REXT EE

FHTFEEIN EMA VEZ ALH & B, el 7 3
il AR M v & I HLH]: CBAM (convolutional block
attention module) P SE ( squeeze-and-excitation) '

A1 SEAM (separated and enhancement attention module) %!

HBEATBIR XS L o BUI6 e A 250 T LA R A s B A
YOLOVS8 [ 2% £ty rh A —Ar B, FF A2 A B b4
e R 3 I AR AR

®3 RBATAREENNHEREMKEER

Table 3  Test results of the models with different attention

mechanisms
Y (et PN
Models PI% RI% mAP/% Model size/MB
YOLOvVS8 88.6 80.7 87.7 6.0
C2f EMA -YOLOv8 90.6 80.9 87.9 6.0
CBAM -YOLOv8 85.7 77.8 86.0 6.0
SE -YOLOV8 91.0 79.8 87.5 6.0
SEAM -YOLOvVS 90.8 77.3 87.5 6.1

T PRSI, ROAMZE, mAP AFEERENIE. TH.
Note: P is precision, R is recall, and mAP is mean average precision. Same below.

23 AL 45N EMA R NG, B8 mAP
BAELIETHT 0240 70 i 1 51 A CBAM. SE
SEAM VEE AL G, BEAH) mAP ML LG4 LA [F]
R TRE, 2B FRET 1.7, 02FM 024 H 4 ri. 5
EMA #EL, CBAM & LA MR 1E 10 IEE & 7]
AR T, R SKE TR EE B mscH #ark
PR RO 22, AR B IR0T HUTE A R 5 o R A
52 FIPRE], AT FEM 1 X 5 2% 0 858 v (B i A e
SEVER ADOREIRIEER ), — R LR 1 X i
i H T RHAE A € LA B EXBE /1. SEAM VE =& 7 72 52 %%
Ty S5 MR S JE 424 2% AR 8 T RE TGV AR 8 4R B A H A
UbAh, AR, AR R AR R LR S 5
R RN R AR R . 5 BT, 7E5I N EMA VER
JIWUEJG, AEASIE B R/ 8 [ I 86 42 T3 A S B
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Table 4 Results of the ablation test

= pre
I\Eils Pl% RI% mAP/% mAPs./% Par;m%iim
YOLOVS 886 80.7 877 753 3.0

YOLOv8+Slim-neck 89.5 81.4  88.8 75.0 2.8

YOLOV8+C2f EMA  90.6 809  87.9 75.6 3.0

YOLOv8+Slim-neck

+C2f EMA 92.4 81.8 89.3 75.3 2.8
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Table 5 Detection performance comparison between different
mainstream object detection models on the test dataset

R ZH [ EEHNAN
Models Pi%  Rf% mAP/% Parameters’/M  Model size/MB
Faster R-CNN 643 85.1 85.5 41.3 108.0
SSD 88.5 80.1 79.0 23.8 92.1
YOLOV3 82.7 664 75.8 61.5 235.0
YOLOv4 80.9 405 58.6 63.9 244.0
YOLOv5 86.9 76.5 84.0 7.0 13.6
YOLOvV7 81.1  80.5 83.0 36.5 71.3
YOLOVS 88.6  80.7 87.7 3.0 6.0
YOLOV9 842 79.8 84.4 9.6 19.3
o YOLOvE 924 818 89.3 2.8 5.6
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Fig.8 Radar chart of the comprehensive performance comparison
of the mainstream models
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Note: The triangles in the figure indicate missed detections, and the circles indicate false detections. Same below.
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Fig.9 Comparison of visualization results of the lotus leaf diseases and pests detected by using different models
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Table 6 Detection frame rate of the model implemented on the

edge computing devices (g™
. . Mt YOLOvVS
L
%% Device YOLOV5 YOLOVS Improved YOLOVS
Jetson Xavier NX 18.1 239 27.0
WEE)R 4B 0.4 0.7 0.7

B3t YOLOVS # AU TE Jetson Xavier NX FH &7k 4B
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Fig.10 Detection effect of the model deployed in different edge
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Lightweight model for detecting lotus leaf diseases and pests
using improved YOLOVS

LIU Zhong , LU Ange™ , CUI Hao , LIU Jun , MA Qiucheng
(School of Mechanical Engineering and Mechanics, Xiangtan University, Xiangtan 411105, China)

Abstract: Lotus leaf diseases and pests have seriously threatened the yield and quality of lotus seeds, such as rhizome rot, leaf
spot, virus disease, and Spodoptera litura. The detection of diseased leaves has been the most important measure to prevent and
control the lotus leaf diseases and pests. However, manual detection cannot fully meet the large-scale production in recent
years, due to the subjective and inefficient experience. It is still lacking in professional knowledge, easily leading to missed or
false detection. Therefore, automatic detection can be expected to improve the planting quality in the actual environment of
lotus fields. In this study, a lightweight detection model was proposed for the lotus leaf disease and pest using improved
YOLOVS. The detection accuracy was improved to reduce the calculation scale for the better deployability of the model. At the
same time, a new dataset of lotus leaf disease and pests was established to consider the different environmental conditions.
Firstly, the convolution module (Conv) in the YOLOv8 neck network was replaced with GSConv. The C2f module was
replaced with the VoV-GSCSP to form a slim-neck architecture, in order to reduce the computational complexity of the model
for the high recognition accuracy. The C2f EMA module was integrated with the EMA efficient multi-scale attention
mechanism. The C2f module was then replaced in the backbone network, in order to extract the features of lotus leaf pests and
diseases in the complex environments. The experimental results show that the improved YOLOvVS detection model effectively
detected the lotus leaf pests and diseases. The mean average precision (mAP) was achieved at 89.3%, which was 1.6
percentages higher than the baseline model; The number of parameters of the model was reduced by 0.2M, compared with the
baseline model. The model size was only 5.6 MB. A comparison was performed on several mainstream one-stage target
detection models: Faster R-CNN, SSD, YOLOv3, YOLOv4, YOLOv5, YOLOv7, YOLOvV8, and YOLOVY. The results show
that the improved YOLOv8 model shared significant advantages in the detection accuracy, number of parameters, and model
size, compared with the rest mainstream models. Finally, the improved YOLOv8 model was deployed on the Jetson Xavier NX
and Raspberry Pi 4B edge computing devices, where the frame rates were 27 and 0.7 frames/s, respectively. Compared with the
YOLOV5 model, the frame rates increased by 8.9 and 0.3 frames/s, respectively. In terms of actual deployment performance,
the improved YOLOvV8 model performed better than the classic YOLOvS model, indicating a better prospect for the mobile
terminal deployment. The accurate identification can provide support to the automatic prevention and control of lotus leaf
diseases and pests.

Keywords: lotus leaf; diseases and pests detection; deep learning; YOLOVS; lightweight; attention mechanism
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