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Fig. 5 Comparison of the enhancement effects of different attention mechanisms on leaf edge features under strong illumination

2.2 {4k MobileNetV4 {E A TF MK

MobileNetV4 ** J2& Google 2% 7l &1 % 55 211 5
MBI 2%, ABF50R MobileNetV4 #E17
WCHE TR o YOLOV12s (1B T4, SEia+
iR At B TN AR R S U Y
FRACREIE B, FRAEZS I 2R, THMERE
Z% 1) I 288 AR SF 58 IRFIE BRI 328, DR X 3
— AT 55 RN R R R A HEAT TR, ARl 6
FIroR o ASBIESE WA HME S 09 3 X3 TR B2 7] 43 55 4
TR 38 FH (8 B BTI . (Universal Inverted Bot-
tleneck, UIB) # B H1 ) 5X 5 AR ] 7r B 4 FH
BRI ZE T 2, (R R T & 0 258
A THRRCEE R AN, Bk )E R UIB B if
VISR fin 4 Z% O RRAIE ,  [m] Bk CR AR [] 1 22 1) 2
Tl

UIB -
Start/MidDw
UIB
- StartDw
Conv € ;( g
1X1 Conv
1X1
v
MidDw
3X3
Conv y BN
Conv
1xX1 1X1 RelLu

a. MobileNetV4 J& 4 UIB #23k b. Eit )5 i) UIB 483k
B 6 MobileNetV4 ¥ UIB A3 49 32 L 45 My itk
Fig. 6 Lightweight structural improvement of the UIB module
in MobileNetV4

PSR, ESREIRAE T, BIHRE B A fe i H
PRAGAR R, YIRS E I, bR S PURHE
AE I W] R

c. TREE K d. D-F-Ramit

SRR DT SX S BRI SRR C, X C,, X
5X5, MMA3IX3HERZEWNSEE N C,XC,\ X
3X3+C, X C,, X3X3, FHRBH EEEE C, =64,
iy AN thilsE C,=C,, =64, W 5X5HMZNSHRE
7102 400, PIAS3X3 B S5k 73 728,
AL UL, BRI E AN 3 X3 BB T SR AR
B 5X5 BB, SHEm2928%,

BRI, — A SXSERELITEER
HXWXC, X C, X5X5, SWIRXFAEA 4 X 4 2
25 KT MNAB A, AN 3X3 B S BE N
HXWXC, X CyX3X3+HX WX C, X C, X3X3 4

out

KB OUSRNsS:, NI SRR E A,
2.3 KRERGINESRER

YOLOV12s BERIAEHEAT H ARG I, 5 20 A
[ 2 R YRR B BEA T Rl (AR SRRl E 7 AR 2
Sy Y R FE T S B ZE FVRRIE AR S R R I ), Bk 2
HEAERENS R LI S RIS BEARJE M) R, SCHP TR
F T 2% 25, [ 1) 3 BE i AR Y A U B, 22
S ORISR, A B TR AR R
DA A S i 41 7 A 4 sy b SO A L 3]
FREE, R VRMERLGRE S, filk 1 IR 2 S
B, G, ARBRITE A ak i Y, kg
G, UKAITHESH P IR ERA TG
(Residual Aggregation Gate-Controlled Convolution,
RAGConv) B, ffe e A B i Fp ik fi 15 g 0 Al
FROE(R B RMEIERE ), SO T .

BRZEVERE . TR G N A Y
B 2E A, I A A i A 4 R 2 T Y R



Vol. 8, No. 1

PRI S5 LTt YOLOv12s B30I 3o ML A e AU A v 7

IR T REAE A RS2 A 6 B BHLZE A ) JE, 4 TSR
B

FROESR A Ok Al — A0 I 2 6 4 08 1A 4
JE, AESCRANRIER, SRS IS SR AT A B A
PHE, IR DRBZE A . e A RE IR B I R
MIFRIESE AR 7, B TR AR

A 3 3 A SR R B s RIS B . B el 24
LA 2 A — B RE, AR5 s 1 iy
KPATITIE B, B Ja¥ 55 — ks I3 25 B8 0 i
H, EABGEZ DRI R AL R

RAGConv L3 : FHE T YOLOV12s J5i 7 1Y
A2C2H FRE Al A i, RAGConviliid “WEZER A+
BB &b, WO REEm A LR E R

=1
k.
RAGConv
[ ]
(" Tasiion )

Concatenation

Saaling |

[Gutput |

a. RAGConv B3k o4 H AR 2 4

b. I B RAEH 254

B 7 RAGConv #3325 #
Fig.7 Module structure of RAGConv

2.4 M FmREIRAIEEED

R AL RS R LT /i AR A L
A5 £ 1 — Fh s i AR A 1 I 2% 2 4 ——Y OLO-
MDFR, SAARIHESL AN E 8 fif s o ARWFFEEE T
YOLOvI12s ™" BkiF 7okt , YOLOv12s HyiEFE 3
B . X R A AR BR YOLO £ % B Rl 550 . YO-
LOV2 " 1 YOLOvSs ™ B 7E i A, Bk
S5 ALBE IR 5 1 YOLOV12s 2 1L BE /1 0T,
REN e it ko SRt e SR, P A KSR
TRE” 5 s FK.

YOLO-MDFR & #Y = 7E DL 7w i 47 1 18
1k, 1) Backbone. & JH itk )52 i 45 FA 22 W)
2% MobileNetV4 1 Ry i T HA RS2 ORI 2%, &1 8 fir

BackBone i Neck i Head
] |
| > Head
MobileNet-0 ¢
| [ RAGConv_| [ cov | |
[ MobileNet 1 | ¥
Concat | Concat ‘ |
[ MobileNet-2 | A ¥
RAGConv Head

| [ Upsample |
MobileNet-3 7y v

|
| [ RAGConv_ | [ Conv | |
WihioNet | : :
Concat [ concat ] |
WihioNets | : 3
Upsample | | C3k2 }—'—»{ Head

g8 YOLO-MDFR M %R #)
Fig. 8 Network architecture of the YOLO-MDFR

TN, BRI B A el IS 1) MobileNetV4 1 %]
KIZR, TEMROREIIRE B RTEE T, SeBl AR
BRCRA L E R T, 2) Neck. #2H RAGConv #5
Yo, BRI 8 iy B i, 3 amA AL S e 2 HL
il & s S ne Sy Fnds e M, TRl N R
B, TERFERFE TP IS I 2 45 b F 3 1AL
filfsE s, RPE 8 A2 (adsidh , (45188 AU TR R iE il
Fea bRy LN R Y SE i RN =D WAN & K vy il Tk
KSR, [RIB /N T3

gi Bk, AW E0) TR EAA R IR
FIERR AR SRl L, 38 FRT T N 5 A5 S B
BgmA, IR R R AIE R A S T
ek R I, R 0 A Xt /N R H R 14 47 AE 45 B

ey,
3 HRES
3.1 LIGIFEE

S0 3R 55 it B NVIDIA GeForce RTX 4060 fY
GPU, TR JHEX N PyTorch 1.12.0, Il Zk i 1k
PR 5 A5 2 K/ K 640 X640, batch_size 4 16,
epochs & 500, 1L %% N Adam, 22> KiFE N
0.001, TP {d B AR e b S 52 5, B A1 2k
PR amp PEREVE ] o
3.2 1T 5HR

(AR IR o o e S O I g < A ¢
(GFLPOs), Z%ii (Params), “F¥F5E (Mean
Average Precision, mAP) 1E NPT $548, A /& 52
PR TR, BRE AIEFRAL, A H Ak 35 i
(Frames Per Second, FPS) N AVEALIA R, LIfiT i
ALY TR M.

EARIAE i A 2o 1 70 8 SC 0, SR P 1 it S
R REWIR . idle DIFE . HEHRIIFE . 1/NEFIELL
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K ShFEAVE i e hn, PEAERRI7E I A %4
FITERE .
3.3 BFMEITLLiXIE

ST = Rl 20 e O L ) ) =
MobileNetV4 e+ #% iF 52 B A7 L T YOLOv12s 1Y Ji7
W TR PERER L. R4 Rk 2 Frs,
B4 % F bR 7E MobileNetV4 # 4t YOLOv12s 2RI 1
BT R, BARmAP FFET 4440 H 08, H
ESHBES/NT 55M, FfiHEREE DT
13.7 GFLOPs. # 2t # 1Y) MobileNetV4 1t % Dark-
Net-53 (2%, FHE T A 8 1 MobileNetV4, mAP
WK T261MHESMN, ZHETHETOTIM, iHHE
FF%&T 0.2 GFLOPs, [Alf#} FPS - FF0.5Mi/s, UL,
P E f MobileNetV4 2%, LIt 2k 1.8 4> 43 Y
RIS B AR, 48/ TSR KN . S8R AT
B, i1 YOLOvI2 B E— ik

F2 YOLOVI2 A [E & T M4 K145 R
Table 2 Results of YOLOv12 comparison experiment of different

backbone networks

PIZERERL 5T RZ%  mAP%0.5 Params/M GFLOPs/G FPS/(ilyi/s)
YOLOvI2s  JEUR M4 93.6 9.1 19.7 33.4
YOLOvI2s MobileNetV4 — 89.2 3.6 6.0 46.0

i Mobile-
YOLOvI2s " f0 91.8 29 5.8 46.5

3.4 D-F-Ramit 5l H i & 1 ¥ &l B9 % 88
*tEE

it — B AE D-F-Ramit BLHCE SR AL 5 K6
PERE ERIZRA RS, TEARBIGE A 2 A BT 7
FRAEE B RS M e R e & P
(Squeeze-and-Excitation, SE) . & %% i 18 £ & /)
(Efficient Channel Attention, ECA) . CBAM #f17 X%}
PRSI, A ) b S 56 1 5 1A (W] 1Y) 2 i Mobile-
NetV4 B T M2 528 S50, ik 248 548 broi
IPAL S HLHR P PERE2E 5, S5 R WSR3 s .

% 3 D-F-Ramit 5EREENTENIHIEIXTLL

Table 3 Comparison between D-F-Ramit and mainstream lightweight attention mechanisms

ey =aLiNi TR 4R G 23 18]/ 45080) ZHR/K T E/M FLOPs INEFE mAP #ETF% K (E B RRES
SE HiA 8.2 12.5 1.1 5
ECA BIBLE 0.5 3.2 1.5 5
CBAM W + 43 [H] 15.6 28.7 2.3 &g
D-F-Ramit S+ 23]+ S 18.3 35.1 3.8 G

P2 3 B vl 0, PRI GE ZE B A T R T ML
BHAREREEL (SHE<82K, MR E<
12.5 M FLOPs) , {H PR A 7 35 25 [ S5 40 (5 B, Xt
/NEARmAP HEFHIREA R ([0 1.1%~1.5%), H
NGAE BB REN KRS, X E5EmEEEE) “2
P2 )7 5 AR A0 1 I A Bk — 3. CBAM
A T 5 S 4R, K/ HAR mAP #2712
2.3%, NGFEEMARBRIEAZHE, HZRTR
FIASSRE , A JCEA AT v B 2R
LU JRy R 4 K .

D-F-Ramit 38 iF B3 5 @il & 38 18 + 25 (3] + 45
B SHERRE, fEiR Sl bSO T R RE S
FH3 T CBAM, HZ ¥ U3 2.7 K (3 iF
17.3%), 588064 M FLOPs (31§ 22.3%) ,
{H/NH bR mAP - THIRE 15 3.8%, 5 CBAM T 1.5
ANE AT A 9 e AL SR AT Ak T,
D-F-Ramit 1Y 1 % {5 B % K % 8 CBAM F# 1iX
68.57%, JLIHAE ARSI . M PSS A
T, I BT M LR B e B 2k S A

X — g A A A 00 R F A3 IR R 51 A D-F-Ramit
T o e FEL I G ) A R O Y 4 R SO 2
¥, B AR R R R G A AL E R, A
RO TG R R R A )
R, SR ORI R /N HR s R ) R VARG T B T R AE
pz:
3.5 HELXIE

AWFFE 7 YOLOvVI2s, YOLO-Mob, YOLO-
MD. YOLO-MR F1 YOLO-MDFR #1714 fil 52 5 LA
U UEAS AL A ROPE o 7R T R BT i R oA ARIE S,
B AT HOPE BT A T R TR A R A A ] A 52 56 21
gERANFR 4 PR

2 4 T %0, K kot Y MobileNetV4 R0 5 4G
BT ML, BEAREE R ERES R SRR, |
EWA T —E M mAP, 7EMLIERE EINA TRk
YT B AN F R AL, SEER 25 R B R mAP
WMETOSANE M, (HIEHIT 0.7 GFLOPs [#)
WEE, HASHERTE RN, Bl FPS %2
| T, AT YOLO-Mob 4 1 FPS [&1K T 7.8
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R A - T ROHE YOLOV12s BB F 2R B d A G 7 2k 9

b. SEA® )

a. B4t B c. ECA& )5 d. CBAM 4 # 5 e. D-F-Ramit 4 2 5
B9 REVEE AHUH AT %A 8P E RE A 04 TTARAL AT L B
Fig. 9 Visualization of edge information preservation across different attention mechanisms
®4 BEBUIRER YOLO-MDFRZR KL
Table 4 Ablation experiments with YOLO-MDFR model for self-built datasets
AR Mt MobileNetV4 (533X 3) D-F-Ramit RAGConv ~ mAP%0.5 Params/M GFLOPs /G FPS(/i/s)
YOLOv12s x x x 93.6 9.1 19.7 33.4
YOLO-Mob N x x 91.8 2.9 5.8 46.5
YOLO-MD N N x 923 3.6 6.5 387
YOLO-MR N x N 90.8 3.4 5.5 56.4
YOLO-MDFR CRF- i ) N N N 93.8 3.5 6.2 43.4
YOLO-MDFR N N N 95.6 3.5 6.2 43.4
T VAR A IR < R A R
it/s. 42kt i) MobileNetV4 5 RAGConv B gE 47 98 e s L
ZE4m, AT YOLOvI2s £, St /b T
57M, B W T 14.2 GFLOPs, [AlH}FPS | % .
T 23Ws, IR OURSK T 28 T 4h Mg mAP, | e
BOE A7 A QR 10 %, XL “YOLO- &
MDFR (A FH%#E) ” 5 “YOLO-MDFR” M4 il
SCHE . YOLO-MDFR (R 504E ) mAP iy sl 9.5
93.8% (K4), HZN mAP K 23k 82% (Hih
Mosaic 3¢ mAP Ffik, {0 89.5%); Zidf Bl Pl " e N v

Ab # 5, YOLO-MDFR £i A mAP 2 7} & 95.6%
(F£4), FIHIIE1.8%, [FIEHE2E 5] mAP H 22 45
INEE 4.3%, Mosaic A MNRG B B & 42 T 4.1 0 F 43
M (N 89.5% HETF 2 93.6%) o X —ZEFRAER, “iF
RAEAHSMOTE &5 L7 11 SR W e A 38U e /NS
SR AR AN g [l 50, i 452 76 X6 22 5028 531) 19 A 1)
PR, PRFHERANT A2 3 0 4 A A T g

YOLO-MDFR fE 54 4 b i il 9046 S 36 25 5 4n
B R, E Nanl A, BEE &GRS,
FEAL g B, RGBT T 1.0, RSEIREE AT,
ZERI IR RAE T, fFEmERE (20.927) BI04
TRITEE, SHRHEEZERNY R, 482
TH A HESEBG P, IR RIS A B AR — S5 T /N
B A B b, I BB AR R — A5 i Al
KR

B 10 A E AR R 09 B8 -F 47 S 5
Fig. 10 Data balancing experiments on the custom-built dataset

of pepper leaf diseases and pests

i Lk, i rifk)5, YOLO-MDFR
TE ORI o HCE BOE 4R OV v R 1k 2]
95.6% 5 YOLOv12s £5 # Af L &6 I K B2 42 7+ T
2.0%, SEEATHE RSB T 61.5% F168.5%,
YOLO-MDFR /8 2 L F YOLOvV12s.

3.6 YOLO-MDFR Xf 8l f%" E I X 53 £ 16

g E— A BAE YOLO-MDFR %A 2 1 X 43
At 71, P& 12 YOLO-MDFR A4 7 V6 4 B 7 i) 2 it
B 5 A G R Y LR RN 2.3%,  ANEE PR
TS Y TE B RO 2R 3K 98.1% H oA

YHT AT, AR R SE 3 D-F-Ramit A5 5 ) 45 el 4
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A i
b. & F e m A

B 11 skt 7 gm & S 2 R

Fig. 11 Detection results of diseases and pests on pepper leaves

i, AKX T “#H S st (Eih s A
ny 75 RNERARE (RN 7, ki
RN TR AR O i, 2D EDE TR EE 2% )
TERRBU g A I ()
3.7 R MAEE AL b R0

T A @SR, AR T S 4% s
¥ . SCH62H 407 Faster R-CNN, YOLOvlln, YO-
LOv10b, YOLOV9s, YOLOv8n. YOLOv5s. SSD
FIRT-DETR AR R MR, DL A 5T $2 1Y
YOLO-MDFRAEHRY 75X} S5 v i A A AU 25 2R ]

Healthy 80
60
Xanthomonas
= 40 E
@ Mosaic -
20
Thrips. 0.5 0.0 23 0
Healthy ~ Xanthomonas ~ Mosaic Thrips
itIESH]
B 12 AT adEsiet ARk F 4% YOLO-MDFR i
H4EE

Fig. 12 Confusion matrix of YOLO-MDEFR on the

custom-built pepper leaf diseases and pests dataset

AH A ) S50 B IR AT A LU . Y
FEFRYEFE mAP, Params, 1354, FPS, SCIe4h
MK S PR, SERLE 53R M Faster R-CNN FI1 SSD &
AR 2, IR0 3 20 501 R 60.9% 1 60.7%, A
1 YOLO-MDFR, YOLOVS5s £ 9K 15 54 i & 15 5
790.0%, {H}&5 YOLO-MDFR A, YOLO-MD-
FR 1 250510 H YOLOVSs 1 50.0%, 8 &N
39.2%, HARGKE O EE LS 5.6% 5 Hh B A
ARUAH L, YOLO-MDFR i+8 i i/, RIS B
5, FPS R 43.41Mi/s, & LA & S IR I i) 5 5K,
HERIWWERIL R, R Eit, EEWEERENER
[ QIOPUEZ S5 S

x5 AEBHMEMEIE B E2EMEBES LRSS EREXTLL

Table 5 Comprehensive performance comparison of different
object detection models on the custom-built pepper leaf diseases
and pests dataset

BIRIAFR  mAP%0.5 Params/M GFLOPs/G (l':p;/ss/) Epochs Batch_size

Faster R-CNN  60.9 137.0 370.2 5.3 500 16
YOLOvlIn 90.8 2.6 6.6 53.1 500 16
YOLOvV10b 92.2 20.0 99.4 39.5 500 16
YOLOV9s 89.7 7.5 12.5 55.0 500 16
YOLOvV8n 91.9 3.2 8.9 85.0 500 16
YOLOVSs 90.0 7.0 15.8 68.1 500 16
SSD 60.7 26.0 62.7 46.0 500 16
RT-DETR 91.2 32.0 100.0 50.0 500 16
YOLO-MDFR  95.6 3.5 6.2 43.4 500 16

3.8 WHIR EHRIELLE

AESIE Y OLO-MDER X 47N BE 19 S0 518
FUAE R, BT TR B R AU S . SIS AE RN
Z6Jr/~, YOLO-MDFR 5 YOLOvI2sAH I, X%
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PRI AT . LT Ot YOLOv12s (ORI 9 HUE A A R v 11

/NERR BRSNS B4 i 1 3.3 F s, /N EARRY
RRE B2 S 1T 1.2 E 2k, E AR G IS
fem T LS AR, KREARIEIRE R R T 0.8

ANEAE, AR E YOLO-MDFR X /N BE i A6
RS BE 24T YOLOV12s,

%6 YOLO-MDFR 5 YOLOv12s A 6] R B wBE L B46 45 B Xt L
Table 6 Detection accuracy comparison of YOLO-MDFR and YOLOV12s on lesions at various scales

R BER MR % FEAKCL /5K YOLOvI12s mAP/% YOLO-MDFR mAP/% TR/ 0
/N E R (<8 X 8) 126 22.8 28.5 5.7
/N EH R (8—16) 348 30.2 33.5 3.3
/NEFR(16—32) 512 53.2 54.4 1.2
i HAR(32—96) 897 75.1 77.6 1.5
K EFR(=96) 1203 81.4 82.2 0.8

3.9 RK3588 &=

F ¥E— 25 B F YOLO-MDFR 7E31 4% 45 11
T RS, ASHERSE AT R B O i A 72 1 RK3588 I
KA IIAE 5 HE R L I, AR i A SC

s Ty “SERME-RThAR” R, S H RSk
Wi ss (AAEORTC AL, THRef Il &) mae 8 4
HEECE 308 . RK3588F- 5 - YOLO-MDFR 57 1y
UIFE . HEIR 5K S A5 R an g 7 iR .

#7 RK3588F & L YOLO-MDFR&EZEHIERE 1 AE S 45
Table 7 Measured deployment performance of the YOLO-MDFR model on the RK3588 platform

it i WL
S 45 BLTRE 3 43.8ms  ATLEFENS, & EHR B HE (20 ms, & AT 4L S H—A6) B RUHERE (23.8 ms, NPU fil )
Y ES 22.8Mit/s  FHERMIFEIR HESE (1 000/43.8~22.8 /s ) , i fet FH 1] 2 A A ISR (Al A= 15 /s )
idle e AW FFARARGHE H (PG MG AR A R AS TG , S 45 T HLRERE
HEHLYIFE 35W GBS A RSO TR 19 TR SIS TIFE, & NPU .CPU N A7 Pl T AERE
1/ N SR I D FE 126 Wh  HHIfEBIDIREHESY (3.5 WX 3.6 h=12.6 Wh) 3 it 12 V/1 000 mAh(12 Wh) £ i b fit i (19 8 3 1% 4%

SE R F B, YOLO-MDER 7F RK3588 V-4
RS R R B, T R T S A X))
FE 5 SR E AL O TR o FESERTETT I, BRI
PAMTHE IR S 43.8 ms, FRUE MR 22.8 Wi/s, I H
[ R SRt R R (15 Wi/s), AT S 4 e bt R 5]
A R R IR B T K . FEDIARETT T, AR
FRIFEA R 3.5 W FHLEIFE R 21 W, EH TR
RukEis Y5t SRATHR, —/ NS IR
12.6 Wh, AJ i /N E gt AR e, A TR 2 o
PR TC ML RS B £ I S i ek

£ I, YOLO-MDFR 7Eitx AZF- 5 b iy S2ii Pk
AB T G IRIIFE+SE BT RO
K, R BRBURRE F R RS Bk . 4 fhe 3 R T 4
BT TR TR

3.10 FEIBWMANG PR TRIREERES T

AT BT H B AL A TR B2 15 728 2%
RIS W PERBE LR B AU 0 3 s

FRBER YT RRAE, (A4 BT EaE, R T
£ RK3588 S il i 5 L SC L = alHE B s (K3 B
BRI, M5 TR OCHERRE, 3 B A 1
h. NEE YOLO-MDFR 1E A [Rl37 5 F 1 Fe e i A
RS, AR A — S BB T K 5 20 32 3 0
(320X320 2 736 X736) , RGHHror PR “Hf
RS- € Y& P ENiIA PN LTI ) 2
T YOLO-MDFR #5 2 i ¥ 5g i 45 SR 1 3 8 s,
AR R 3 E LR A, B R R ]
S

“A 255 mAP R ifE 227 1155 Healthy, Xan-
thomonas, Mosaic. Thrips PUZEFEA mAP Y 25 HL R
JEE B N s AR IR X AN [] i 3 118 A ) 85 iy e
#f; FPS 3T NVIDIA GeForce RTX 4060 SZil, 7
Th2E T RK3588 F Ao, Wi 27 3.7 45 iR 1
Bt (24928 PC 3 52%~55%) o

SRR, 1) A3 PR TR XA RS BE Y
M I “TIPRELN 8 FUE. R 8 TR, i
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% 8 REHASPET YOLO-MDFR HtEAERT te
Table 8 Performance comparison of YOLO-MDFR under different input resolutions
AR (98 X B MG E mAP%0.5 BNHFR mAP/% %25 mAP FRiEZE/%  Params/G GFLOPs/G  FPS/(i/s)
320X320 89.5 253 5.8 3.5 1.6 65.2
416 X416 92.3 28.7 4.2 3.5 2.7 58.6
512X512 94.1 31.2 3.1 3.5 4.0 50.3
640 X 640 95.6 33.5 2.4 3.5 6.2 43.4
736 X736 96.2 34.8 2.1 3.5 8.9 35.1

A3 HEF N 320X 320 £ T & 736 X 736 B, HLAI 4
1A mAP H1 89.5% 1 K & 96.2%, Ritii7lt6 71 H
gy R Hob, IRE T HERE B (320X320—
512X512) $#2£FH8%, & mAP 58/ H AR mAP
it 4.6 5590 EH A, R HERIETHA %Mk
BT BORBE R 2 S S T R &R
FrEt (512X512—736X736) $2THA R, /A mAP
TOER 20 E 408, JEHAE 640 X 640 22 f5 4 223
K7 HE RS B G 25 0055, LS B RR AR B A5 5
FEATHREL, BEAL, 2B mAPbRIEZEH 5.8% [ 2
2.1%, Ui B S PR A B B T AR AR X R A A /D
AN PUN B YE . 2) BRSO R R
HEERI KPERAE” KR, WASHER I
BRI K, 736 X736 4 PR R T 1A
& (8.9 GFLOPs) & 320%X320 (1.6 GFLOPs)
5.61%; AHNIHL, FPSH 652 FIEZE 35.1Mi/s, 454
RK3588 - {5 & & S M 25 (640X 640 0 KT
FPS J322.81i/s) FIHEWT: 25K 736 X736 0 HF%,
FPSFE [ 2 18~20Mi/s, XELLH A2 B SEHF ARG (>
20Mii/s) TR T 512X 512 43 HER it FPS 1] ik
26~28Mii/s, AT FITFAERG B o B 22 [ US4 .

AR, WRIEIE I A E N
e T 5

1) MR (K5 MCU/K B ) 7 ) .
HEAE 320X320 43 HE %, A EAL 1.6 G, FPSik
65.2 /s, mAP K 89.5%, ifa Ay (U
Te B

2) PAFRGRE (i AR ). HERES512X512
SRR, A E4.0G (H 640X 64018 /0 35.5%) ,
FPS #2 7F & 50.3 /s, mAPALFFEIR 1.5 N E 0 S &
94.1%, 1 & 25 H B R 75 5K

3) MAEENE (LREWS). R
640X 640 73 HEF, mAP ik 95.6%, /)y H AR
T (33.5%), 1E T GPU A4 43.4 /s S2if
PERE. 736X 736 43 HER A UH T/ B il H.
BhF e .

4 & ®

ARG L — Tl if 1) 2 2% F SR ERBE A BB A
g R BHAE RS A YOLO-MDFR . 38 i 5 Aok
i MobileNetV4 & - M4 . 24 H 4 HEE )
PL#l (D-F-Ramit) 5582 R ETTHEEH (RAG-
Conv) Fi, T A @EHE4E LTI T 95.6% 1)
mAP, PERERER T RMAIEIR, BT REHE
SES, AT HE— 4R T A [ 3 s A Ak
Be B RS . [ B = R BRI A s R ER S
FRIRE RN R . X E AR AR . &
PR /N B AR 2R . AR THE A il
WEOCLEEWE . 45A8EE N 5B 5IA
W H W AR iR — R T A fE

TR P RAER: ABFAEERIH L S AT
HIFTEEARAT SR R 4 PR

e PEIE

[1] wBE, X4, 54485, % Chilli-YOLO: 3£ T-## YOLOvV10
B i 3t B LB A REAGLIN B0 (0], AR (R 3E30), 2025,
7(2): 160-171.
SI C G, LIU M C, WU H R, et al. Chilli-YOLO: an intelligent
maturity detection algorithm for field-grown chilli based on im-
proved YOLOv10[J]. Smart Agriculture, 2025, 7(2): 160-171.

[2] 4BEh, B, 1B, 4 . EF MobileNet V2 (1 BUBUR SC A IH
UL SR FHIT]. SN ARAL A, 2024, 52(9): 125-132.
ZOU W, YUE Y B, FENG E Y, et al. Identification of anthrac-
nose in pepper fruit based on MobileNet V2 and the application
[J]. Guizhou Agricultural Sciences, 2024, 52(9): 125-132.

[3] 2B, BRF0E, TICR, 5 R [RBE5E B iRl 76 A R JC A B it
A M v 3ot 555 DT BURR P B 82 [, Al TR 224z, 2021, 37
(16): 31-38.
LAN Y B, SHAN C F, WANG Q Y, et al. Effects of different
spray additives on droplet deposition characteristics during plant
protection UAV spraying operations[J]. Transactions of the Chi-
nese Society of Agricultural Engineering, 2021, 37(16): 31-38.

[4] Wy, skoliF, Sre, 45 . T 0 AL AR AEDIE 3 W
WUWFFEHE R[], Th A K224, 2024, 55(5): 616-628.
CAO Y L, ZHANG H Z, GUO F X, et al. Research progress of
crop disease monitoring based on UAV remote sensing[J]. Jour-
nal of Shenyang Agricultural University, 2024, 55(5): 616-628.

[5] 2, i) [, T2, % AR O H o B0 5 1 2 B
BRI PR TSI B ROl 24 2= i (h 330, 2025,
6(1): 25-40.
LI D, TANG Q G, WANG H B, et al. Current status and trends of
research on early warning and emergency control technology for



Vol. 8, No. 1

PRI S5 LTt YOLOv12s B30I 3o ML A e AU A v 13

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

major crop pests and diseases[J]. Journal of Intelligent Agricultur-
al Mechanization, 2025, 6(1): 25-40.

SHARIF M, KHAN M A, IQBAL Z, et al. Detection and classifi-
cation of Citrus diseases in agriculture based on optimized
weighted segmentation and feature selection[J]. Computers and
Electronics in Agriculture, 2018, 150: 220-234.

EBRAHIMI M A, KHOSHTAGHAZA M H, MINAEI S, et al.
Vision-based pest detection based on SVM classification method
[J]. Computers and Electronics in Agriculture, 2017, 137: 52-58.
PUJARI J D, YAKKUNDIMATH R, BYADGI A S. Image pro-
cessing based detection of fungal diseases in plants[J]. Procedia
Computer Science, 2015, 46: 1802-1808.

A KA, BT, P, 4 BT ConvNeXt IYSESR I
T AX FERLE ). ) UM SE A 2 R (A AR A RR), 2025, 43
(4): 83-96.

SHITY, NAN X Y, GUO XY, et al. Improved ConvNeXt-based
algorithm for apple leaf disease classification[J]. Journal of
Guangxi Normal University (Natural Science Edition), 2025, 43
(4): 83-96.

R T, MIRIL, 5K353C, 45 . HE T Uik YOLOvSs B BHUCR i HL
e NI E O 5 12 [J]. 0 I3 2 4R (8 SRR ), 2023, 26
(1): 61-69.

WEITY, LIU T H, ZHANG S W, et al. Research on pepper pick-
ing robot recognition and positioning method based on improved
YOLOVS5s[J]. Journal of Yangzhou University (Natural Science
Edition), 2023, 26(1): 61-69.

FReth, AW, BRI, 45 HT U YOLOVS HYSRBUR H AR
7 (0], Bl Bz, 2024, 61(12): 3032-3041.

WANG Z L, BAIT, LI DY, et al. Green chili pepper target detec-
tion method based on improved YOLOVS5[J]. Xinjiang Agricultur-
al Sciences, 2024, 61(12): 3032-3041.

ARER, A, W EE, 4 BT YOLOV2 By BR3P
P[] AR R AA2A (A ARBHERR), 2023, 54(5): 700-709.
ZOU W, YUE Y B, FENG E Y, et al. Image recognition of aphid
on pepper leaves based on YOLOvV2[J]. Journal of Shandong Ag-
ricultural University (Natural Science Edition), 2023, 54(5):
700-709.

RS, BUOE, M, A LT G AR 25 MR 1Y) T A% e
I 5 R[], 380 R Al R 2 2 A (AR 2 AR), 2024, 50(6):
123-128.

LIGS,LIJT, YANG Y L, et al. Potato leaf disease identification
based on improved residual networks[J]. Journal of Hunan Agri-
cultural University (Natural Sciences), 2024, 50(6): 123-128.
SHORTEN C, KHOSHGOFTAAR T M. A survey on image data
augmentation for deep learning[J]. Journal of Big Data, 2019, 6
(1): 60.

AR T L BT BT Y 22 R B B 22 I 2% [0, T AL AR R
bR B4R, 2025, 27(2): 13-16, 43.

MAN Z X. Multi-scale convolutional neural networks based on
frequency domain analysis[J]. Journal of Hebei Software Insti-
tute, 2025, 27(2): 13-16, 43.

DING M Y, XIAO B, CODELLA N, et al. DaViT: Dual attention
vision transformers[M]// Computer Vision-ECCV 2022. Cham:
Springer Nature Switzerland, 2022: 74-92.

YU QH, XIAY D, BAI'Y T, et al. Glance-and-gaze vision trans-
former[C]// Neural Information Processing Systems. California,
USA: NeurIPS Foundation, 2022.

(18]

[19]

[20]

(21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

[31]

[32]

ZHU X Z, CHENG D Z, ZHANG Z, et al. An empirical study of
spatial attention mechanisms in deep networks[C]// 2019 IEEE/
CVF International Conference on Computer Vision (ICCV). Pis-
cataway, New Jersey, USA: IEEE, 2019: 6687-6696.

WOO S, PARK J, LEE J Y, et al. CBAM: Convolutional Block at-
tention module[C]// Computer Vision-ECCV 2018. Cham, Ger-
many: Springer, 2018: 3-19.

LEE-THORP J, AINSLIE J, ECKSTEIN I, et al. Fnet: Mixing to-
kens with fourier transforms[EB/OL]. arXiv: 2105.03824, 2021.
LIANG J Y, CAOJ Z, SUN G L, et al. SwinIR: Image restoration
using swin transformer[C]// 2021 IEEE/CVF International Con-
ference on Computer Vision Workshops (ICCVW). Piscataway,
New Jersey, USA: IEEE, 2021: 1833-1844.

ZAMIR S W, ARORA A, KHAN 8, et al. Restormer: Efficient
transformer for high-resolution image restoration[C]// 2022 IEEE/
CVF Conference on Computer Vision and Pattern Recognition
(CVPR). Piscataway, New Jersey, USA: IEEE, 2022: 5718-5729.
HOWARD A G, ZHU M L, CHEN B, et al. MobileNets: Effi-
cient convolutional neural networks for mobile vision applica-
tions[EB/OL]. arXiv: 1704.04861, 2017.

SANDLER M, HOWARD A, ZHU M L, et al. MobileNetV2: In-
verted residuals and linear bottlenecks[C]// 2018 IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition. Piscataway,
New Jersey, USA: IEEE, 2018: 4510-4520.

LIU Z, LIN Y T, CAOYY, et al. Swin transformer: Hierarchical vi-
sion transformer using shifted windows[C]// 2021 IEEE/CVF In-
ternational Conference on Computer Vision (ICCV). Piscataway,
New Jersey, USA: IEEE, 2021: 9992-10002.

QIN D F, LEICHNER C, DELAKIS M, et al. MobileNetV4: Uni-
versal models for the mobile ecosystem[M]// Computer Vision -
ECCV 2024. Cham: Springer Nature Switzerland, 2024: 78-96.
L0F, BRIR, T B, % . Axial-FNet: JEF RO B S A1 1455
I6] 19 TR T 04 5 AR P a3 IR U D). R RER 2 SRR 27 4R,
2025, 7(2): 221-233.

JIANG S, CHEN K, DING W P, et al. Axial-FNet: Skin cancer
image segmentation model based on fuzzy convolution combined
with gated axial self-attention[J]. Chinese Journal of Intelligent
Science and Technology, 2025, 7(2): 221-233.

SZEGEDY C, IOFFE S, VANHOUCKE V, et al. Inception-v4, in-
ception-ResNet and the impact of residual connections on learn-
ing[C]// Proceedings of the Thirty-First AAAI Conference on Ar-
tificial Intelligence. New York, USA: ACM, 2017: 4278-4284.
YU J H, LIN Z, YANG J M, et al. Free-form image inpainting
with gated convolution[C]// 2019 IEEE/CVF International Con-
ference on Computer Vision (ICCV). Piscataway, New Jersey,
USA: IEEE, 2019: 4470-4479.

TIAN Y J, YE Q X, DOERMANN D. YOLOv12: Attention-cen-
tric real-time object detectors[EB/OL]. arXiv: 2502.12524, 2025.
ZHAO J Y, QU J H. A detection method for tomato fruit common
physiological diseases based on YOLOv2[C]// 2019 10th Interna-
tional Conference on Information Technology in Medicine and
Education (ITME). Piscataway, New Jersey, USA: IEEE, 2020:
559-563.

AJAYI O G, ASHI J, GUDA B. Performance evaluation of YO-
LO v5 model for automatic crop and weed classification on UAV
images[J]. Smart Agricultural Technology, 2023, 5: 100231.

Lightweight Detection Method for Pepper Leaf Diseases and
Pests Based on Improved YOLOv12s

YAO Xiaotong', QU Shaoye

(School of Electronics and Information Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China)



14 BEAN (FPIESL) Smart Agriculture Vol. 8, No. 1

Abstract: [Objective] Pepper cultivation frequently faces challenges from diseases and pests, and early detection is critical for reducing
yield losses. However, existing detection models often suffer from limitations such as insufficient feature extraction for subtle lesions,
loss of edge information due to complex backgrounds, and high missed detection rates for small lesions. To address these issues, the
YOLO-MDEFR (You Only Look Once), a lightweight detection algorithm was proposed based on an enhanced YOLOV12s, specifically
designed for accurate identification of pepper leaf diseases and pests in complex natural environments. [Methods] The dataset was es-
tablished in the primary pepper cultivation zone of Gangu county, Tianshui city, Gansu province. The cultivated variety was the local-
ly dominant Capsicum annuum L. var. conoides (Mill.). Data collection was conducted from March 15 to May 20, 2024. The collected
samples included four categories of pepper leaves: healthy leaves, leaves damaged by thrips, leaves infected with tobacco mosaic vi-
rus exhibiting yellowing symptoms, and leaves affected by bacterial leaf spot. First, the original YOLOv12s backbone was replaced
with an improved MobileNetV4 architecture to enhance lightweight performance while preserving feature extraction capability. Spe-
cifically, the original 5x5 standard convolutions in the bottleneck layers of MobileNetV4 were substituted with two sequential 3x3
depthwise separable convolutions. This design was based on the principle that two 3%3 convolutions achieve an equivalent receptive
field (matching the 5x5 coverage) while reducing parameter count—depthwise separable convolutions further decompose spatial and
channel convolution, minimizing redundant computations. Second, a novel dimensional frequency reciprocal attention mixing trans-
former (D-F-Ramit) module was introduced to enhance sensitivity to lesion boundaries and fine-grained textures. The module first
converted feature maps from the spatial domain to the frequency domain using discrete cosine transform (DCT), capturing high-fre-
quency components often lost in spatial-only attention. It then integrated three parallel branches: channel attention, spatial attention,
and frequency-domain attention. Finally, a residual aggregation gate-controlled convolution (RAGConv) module was developed for
the neck network. This module included a residual aggregation path to collect multi-layer feature information and a gate control unit
that dynamically weighted feature components based on their relevance. The residual structure provided a direct gradient propagation
path, alleviating gradient vanishing during backpropagation and ensuring efficient information transfer during feature fusion. A sys-
tematic experimental framework was established to comprehensively evaluate model performance: (1) Ablation studies were conduct-
ed using a controlled variable approach to verify the individual contributions of the improved MobileNetV4, D-F-Ramit, and RAG-
Conv modules; (2) Lesion scale sensitivity analysis assessed detection performance across different lesion sizes, with emphasis on
small-spot recognition; (3) Resolution impact analysis evaluated five common input resolutions (320x320 - 736x736) to explore the
trade-offs among accuracy, speed, and computational efficiency; and (4) Embedded deployment validation involved model quantiza-
tion and implementation on the Rockchip RK3588 platform to measure inference speed and power consumption on edge devices. [Re-
sults and Discussions] The proposed YOLO-MDFR achieved an mAP@0.5 of 95.6% on this dataset. Compared to YOLOvV12s, it im-
proved accuracy by 2.0%, reduced parameters by 61.5%, and lowered computational complexity by 68.5%. Real-time testing showed
43.4 f/s on an NVIDIA RTX 4060 GPU (CUDA 12.2) and 22.8 f/s on a Rockchip RK3588 embedded platform with only 3.5 W power
consumption—suitable for battery-powered field devices. Lesion-scale analysis revealed 33.5% accuracy for <16x16 pixel lesions crit-
ical for early detection. Confusion matrix evaluation reduced misclassification, bacterial leaf spot/thrips damage misrates fell from
5.8% to 2.1%, and tobacco mosaic virus/healthy leaves from 3.2% to 1.5%, resulting in an overall 2.3% misrate. Experiments across
varying input resolutions revealed a clear performance - resolution trade-off. As resolution increased from 320x320 to 736x736, mAP
rose from 89.5% to 96.2%, showing diminishing returns beyond 512x512. Concurrently, computational cost grew roughly quadratical-
ly, reducing inference speed from 65.2 f/s to 35.1 f/s. [Conclusions] This study presents YOLO-MDFR, a lightweight detection model
for identifying pepper leaf diseases and pests under complex natural conditions. By integrating an improved MobileNetV4 backbone,
a multi-dimensional frequency reciprocal attention mixing transformer (D-F-Ramit), and a residual aggregation gate-controlled convo-
lution (RAGConv) module, YOLO-MDFR outperforms mainstream detection models in both accuracy and efficiency. Systematic de-
ployment experiments yielded optimized configurations for different application scenarios. Despite its strong performance, the model
shows limitations in robustness under extreme lighting, generalization to emerging diseases, and detection of small targets under occlu-
sion. Future work will address these issues through ambient light data fusion, domain adaptation with semi-supervised learning, and
binocular vision integration.
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