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Pepper Disease and Pest Identification Algorithm Based on PDPI - YOLO
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Abstract: Accurate identification of pepper diseases and pests in complex field environments remains
challenging due to dense target distributions, significant scale variations, and practical deployment
constraints of existing detection models. To address these issues, PDPI — YOLO, a efficient detection
model was proposed based on an enhanced YOLO 11n architecture. Firstly, the model reconstructed the
feature extraction structure using MobileNetV4 as the backbone, leveraging its efficient inverted residual
blocks and integrated attention mechanisms to enhance multi-scale feature representation. Secondly, the
original SPPF module in the backbone was replaced by the SPPF_LSKA feature enhancement module. By
integrating the large kernel attention ( LSKA) mechanism, this module augmented global contextual
information at the end of the backbone, providing superior top-level semantic inputs for the feature
pyramid and thereby optimizing the efficacy of feature fusion within the pyramid structure. Furthermore, a
dynamic upsampling operator ( Dysample) was incorporated into the feature fusion process to adaptively
enhance multi-level feature integration and localization accuracy. Finally, the EfficientHead optimized the

detection head structure, ensuring high precision while handling dense and scale-varying targets.
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Experiments on a public Kaggle dataset of six common pepper diseases and pests showed that PDPI —
YOLO achieved a precision of 80.8% , recall of 75.7% , mAP50 of 83.1% , and mAP50 — 95 of
43.5% , outperforming the baseline by 5.6, 1.7, 3.8, and 1. 2 percentage points, respectively. When

deployed in a visual interface, the model achieved inference times under 0. 1 s per image, meeting real-

time requirements. Validation on a self-built dataset of Dongshan smooth-skinned pepper further

confirmed its generalization capability and robustness, with inference times below 0.2 s per image. This

model can offer practical technical support for automated disease and pest monitoring systems and

intelligent plant protection equipment in edge environments.

Key words: pepper; YOLO; deep learning; disease and pest identification; model deployment
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Fig.1 Example of image classification of six common pests and diseases of peppers
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Fig.2  Augmented dataset on pepper anthracnose diseaset
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4, A F I ETF Python 3. 8, 7F PyCharm #1: [X it #
i ] PyTorch EE~7 > HEZRSEIL T A 58 0k o A A
e IR S 8 T SR R S W g e
O3S AE WP BT R HEAT 4 A (W) 4 5 R 2 H0k
B LI A% R M R 22 5 M AU ARRICR IR S Hcn
£ 1R,

x1 N&EsH

Tab.1 Training parameters

28 A/ =X
PN YN 640 x 640 x 3
R SGD
AL 3h i 0.937
DAL 5 A T 3 0 R AR 0. 000 5
LR GE=cRT S 0.01
fR KN 16
Epoch 400

1.4.2 BEIRIEN S5 bR

¥ H K5 75 % ( Precision, P) . 7 [A] & ( Recall,
R) . F %5 & 5 {8 ( mean Average Precision, mAP)
FIEE AL 24 i (Parameters ) 1E N B0 F e br . HE
f1 mAP50 1) it & # T 22 I kb ( Intersection over
union, ToU) {8 Jy 0.5 I 4% 2% 51 - ¥y ks 2 (AP) fiy
¥IH , mAP50 - 95 (Wit 5 TS H L B(E R 0.5 ~
0. 95 2 [] iy % 2 531 - H4K5 B2 (AP) R34 (E

2 HR5WRR
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B R Ve RE A4 AR T, 153 T 4 ATH RS
Bk 3 T % #e i MobileNetV4 £ T W 2% . SPPF _
LSKA #HE A5 1 SPPF | Dysample 5 He & X 1% 5t
MR 1E R A EfficientHead , 43 % ] A .B.C,
D &R, GRIME2 iR,

HH 3 2 AT AL, R EARE RURS 86 % R 75. 2% (A A
%R 74.0% , mAPS0 K 79.3% . .o 5| A
MobileNetV4 3= 145 J5 , 25 T A% 00K BE 6 A 241 3R A5
W E PRI HERR AR TE 2.1 A 48 80, mAPS0 $2 T
L6 ANH S RS SHEA ISR AT T
RSB AP AE S HURE 77 o 7EREAY 5] A MobileNetV4 32
T 45 i BL Al b 4E i SPPF_LSKA HFAiE 3 si 45 B | 46
R PRS2 F R A mAPS0 15 2 3 — 5t fk, o
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Tab.2 PDPI- YOLO ablation experiment results
YOLO 11n A B C D K 0%/ % H =/ % mAP50/%  mAP50 —95/% EY &
Vv x x X x 75.2 74.0 79.3 42.2 2.580 x 10°
vV vV x x X 77.3 74.7 80.9 43.0 5.430 x 10°
Vv Vv Vv X x 78. 4 75. 4 81.8 42.8 1.204 x 10’
Vv VvV Vv vV x 79.1 76. 4 81.2 42.6 1.205 x 107
vV Vv Vv vV vV 80. 8 75.7 83.1 43.5 1.178 x 107

TV R ATZB S, x Fm R

A R0 2 B KR 1S, L X B Sy AR 0 25 S 4 A
mAP50 - 95 B AL R IF AW . 4k g5 A
Dysample [ RARBEI S, 4 5 2 5 44 0] 5 3K 2] £ K
(BRI T HAE ST AR E AL RS BE Oy T AL . B
2RI 4 DR e PDPL— YOLO 8 , 76
#ER % . mAP5S0 , mAP50 — 95 ¥yik 3| i {H, Ju H 2
mAP50 $2 7t % 83. 1% kW] T & B Py W] T A 1 5
DAL

HE— 2 AT & 25 45 2R, SPPF_LSKA Ay A A i
AR T T ALK i AR A A ol R H 0 S R R
5.430 x 10° |75 1.204 x 107, 1117 24 5c & (1 EfficientHead
B e I A Sk 5, 58 R S R A AE Ry o A R Y TR
S E M 1.205 x 10" B & 1.178 x 107, & ¥
EfficientHead 3 i {5 A6 25 1 BT WU 2 52 3L 1 2 B0k
] 5 115 IR A O R, TR T B R BE LU
BEC IR . BEAM , A mAPS0 - 95 3% —ZE A 1A
TEPRRF 4 PR B 20 5 1R A i A I6C v IR
T AMCBCR , UL A B BT B A B ) 4 P e 26 I 25 0
SR T REATE S [R)AG I XE BT R AR B R £ BT
W IZIE BRI AN B AL B UE 1 S E AR 4 T A
R B2 B Rk, BB SR 2, 7R 1 PDPT - YOLO i@
WA B BET 5 RGN, AT TR e T
B1IG 2% A AL = 18] 1) e AR -
2.1. 1 oA Ta] 3T M4 Rl e

h F GRS 2 T 9 48 8 48 % ARG HL
SRR PE R R 2, B0t 4 4HiCE K YOLO 11n 4
®E T W4 4 B B H o StarNet, FasterNet Fl
MobileNetV4 45 3=+ [ 45 , I 15 J5 4 455 70 1547 1% RE XS
Hoo #5533 iR,

x3 BBRABETREREE R
Tab.3 Performance of models with different

backbone networks

KH BB mAP50/ mAP50 -95/

ENCESS . . SR
/% B/ % % %

e 75.2  74.0 79.3 42.2 2.58 x10°

StarNet 72.2 70.2 4.5 39.5 1.94 x 10°

FasterNet 76.2  73.9  77.4 42. 4 3.90 x 10°

MobileNetV4  77.3  74.7  80.9 43.0 5.45 x 10°

M2 3l g, 8 IR 3 R 4% 2 4 Ol StarNet |
FasterNet } MobileNetV4 J5 , B 5 ¢4 5 52 3 Y @ 3
25, Hr MobileNetV4 & R 2% 76 45 174 35 b 2
WAs e A 45 B, HOKS o %<0 A [nl F8 . mAPS0 Al
mAP50 -95 43 5 15 B 77.3% . 74.7% . 80.9% .
43. 0% , 34 0 Jir s 5 A0 B2 oA X LG = M2
T, FasterNet 7t Kf # % Wt A 2 7+, (2 4 0] R 5
mAP50 & B AN K 5t hn AL RL, PR RE B E A R T
StarNet 5| A W 5 50 BT A7 4% .0 48 bR 23 H 30 2 )
Wi, 2 I R AR 42 R ) 5 A S5 G B A, X
XF LE 5 RS04 B AlE T MobileNetV4 fF Sy 3 1 M 2% 76
AU LA AT 55 v ) A R, G Ry 0 e )
LA T T ML RE % B 4 P S AR AR R AL RE S 5
R,

PE—4 43 BT MobileNetV4 £+ 1 i 4 1 fiE, 3L
RBEAE T2 W 2% 20k i S ik vk o AR A A 3= 1 )
2% ,MobileNetV4 i 2 HOWg 0 52 1 B 38 8] 351 e 5
75 L H) Mobile MQA 238 Sy #Lh , 52 B 1 iR R Y 2
OB AE SIS Rl B8 0 o X 7R S A% T R 3R B8 R 0
L AR B BAR R 22 R Bk B 5
SR 2%, MobileNetV4 7 [0] K 5 mAP50 4y 5l & Ft
0.7.1.6 ANE 4k i, B3 ST 3% W 258 % 4% 28 R
H s, It H 2 5 ek /N ROEE o B sl A ik, Bogg 17
e S RE ) 5 AR EE o W), AR mAPSO -
95 LSRG, HE— 2D E B T AL A R ARG W 1 B Y B
PEVEAS R TR0 . 2 BT IR O Rl S iR R T 5]
A MobileNetV4 /£ > PDPI — YOLO 7Y & -+ M 2% i)
B BE G B, O R SRR B LA BEE T AL
H & YRR LA
2.1.2 Br#ATR] bR AR H I Rl g

N R GEIRGEA R b R A 0] SO HL 55 1)
BERIVERE I sE MR, 50t 3 41K 50, 78 5 4 MobileNetV4
T M g8 Fek gk SPPF_LSKA L8y Befilt b, Kt i 46
ERARRE 7y 5 e CARAFE Al Dysample, Jf- 5
B U3 s R T R AT P BE X L o Ao SR AR 4
B .

iy #4750, 5] A CARAFE ML i £ e 5 R 42 T+
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Tab.4 Performance of models with different ﬁlj% R
oversampling modules 0 0 Sk P B 2 57 I W 3 46 12 AR
1 1 mAP50/ mAP50 - £ - 2 &b s 2l By
GRE Lok o0 A sHE LADH i 8 T (5 F b5 81 55 6 00 , (5 4% AF 30 50 1 R

/% /% % 95/%
YOLO Iln+A+B 78.4 75.4  81.8  42.8 1.204x10’
CARAFE 79.6 745 811  42.7 1.218 x10’
Dysample 79.1  76.4 81.2  42.6 1.205x10’

L2 A1 20 i, (B ol R EEAR 0.9 A\ 7k
mAP50 [f] & FFE 0.7 D H . MILZ T, RH
Dysample #L i 75 D8 355 #E B R A 32 71 0.7 41 70 4
TR A1 B2 T 1A o i, B T R H
PRI AR AE F7 MO . i CARAFE 3 22 P 25 8% 1 11
A 2 B TR AR SRR TR A B TR AR R AR, H
AT AE I 55 X /N RO H A5 8 U 5 Dysample U 38
1 Bl A b SRR SR G A R R BT B 23 ] B R B
A7 LR B A AE B, DT AR T X TR AR A Y A
TURE ST oS4 2 B WL 33 27 o 45 %€ 18 A5 1 2
{H Dysample 75 4 454 52 - 47 1 [] i 52 8L A (0] 5 1
P T 30h R AR N Al T A R AR e
B AL 5 HA @M E. KR RRIET
Dysample 758 B AL (9 25 & L 3
2.1.3 B A ARG I Sk v A

N ZR GEARGEAN TR A 0 Sk A BT SHORURG ML 3 TR
BOARPERE RS20, Beit 3 4Ll , 78 5 #t MobileNetV4
T W 4 Bt SPPF _LSKA KL B Al s fin %
Dysample | >R K52 B, f It A I Sk 20 591 B e
LADH SEAMHead # EfficientHead % /A [f] 4 I 3k ,
55 T 40 7 Tl 0 Y AT PR RE XS HE T o AR AN
xS PR,

RS BRI KB R BB {4 e
Tab.5 Performance of models with different

detection head modules

Mo HME mAP50/ mAP50 —

ENGERIBS S8
R/ % /% % 95/ %
YOLO 11n +
79. 1 76. 4 81.2 42.6 1.205 x 10’
A+B+C
LADH 78.2  76.4 81.4 42.4 1.175 x 107
SEAMHead 79.2  75.7 82.3 43.0 1.196 x 107
EfficientHead 80.8  75.7 83.1 43.5 1.178 x 107

H 2 5 W] A, LADH &g I Sk 7€ 4k K¢ A [l % Ny
76. 4% [ [FBF AE 00 R AT BT T B LR B R bR WL i 3
$& 7t ; SEAMHead ¥ i 22 5 mAP50 43 5l #2 = &
79.2% 5 82.3% ,{H G W HFEAL 0.7 4> H 535 5
EfficientHead W 52 3 1 & fL ¥ 1 % (80.8% ) 5
mAP50(83. 1% ) .7 [ 3R (75.7% ) , }: 7 mAP50 - 95

2 s SEAMHead 3 it v 5 AL 1 55 4 AR B 5, 32 T
Fel) X oy B, HN7E — E FE B BN pE T A Al
EfficientHead Wi 3 A0 4k 7155 58 I 20 B 5 51 A3 25
BT ARG RS A mK P/ R i 5 e Ty 2k
SE LN BE o 4TI T X 6 1 PR RE R L, SR HE 1% 4
M TE S 2% 22 RO H AR I 55 vh i A 200 e 5 TR 5
FHAE | BACHE R 909 Sy die AU g R I Sk 7 5%
2.2 Mg

4 THTAG 2CHE Y PDPT — YOLO #5E R 7E BUBUR
U U ) 255 R B, e Y AT R A B bR
R 55k Bk 47 4 i 86, 2 4% YOLO v5n, YOLO
von  YOLO v8n ,YOLO v9t,YOLO v10n,YOLO 11n,
YOLO 12n,YOLO 13n #1 PDPI — YOLO, f7 A £ £l
TE AR [F) B8 B ARE 7 &5 R 7 U125 5 Tt 2 40
B2 ARBEIIZRERINE 6 Fin,

x6 AEWMNEEINEER

Tab.6 Training results of different detection algorithms

A 1l B mAP50/ mAP50 -

ik /% /% % 95/% B

YOLO v5n 75.8  65.3  75.7 39.4  2.500 x 10°
YOLO v6n 76.7  74.2  77.3 40.5  4.230 x10°
YOLO v8n 76.6  72.0  77.1 40. 8 3.010 x 10°
YOLO v9t 71.7  74.8  79.5 41.8  1.970 x10°
YOLO v10n 72.3  70.3  76.3 41.4  2.700 x10°
YOLO 11n 75.2  74.0  79.3 42.2  2.580 x107
YOLO 12n 72.7  70.4 4.6 39.9  2.510 x 107
YOLO 13n 75.0 74.5  78.9 42.2  2.450 x 107
PDPI-YOLO 80.8 75.7  83.1 43.5 1.178 x 107

% 6 5 PDPI-YOLO 5 YOLO & 4| £ A-AR K 7E
AH R B A AR B0 1 B T 2R 45 R . L mAPS0
K% ,PDPI— YOLO % 83. 1% , B B f&£F YOLO v5n
(75.7% ) .YOLO v8n(77.1% ) ,YOLO 12n(74.6% )
PLM YOLO 13n(78.9% ) ,#2 F- 2488 4 A 40 i, 1K
IR ARG B T TR B L R AR
mAP50 - 95 |-, PDPI — YOLO ik #| 43.5% , 4 5 kb
YOLO v5n,YOLO v6n,YOLO v9t Al YOLO v1On &
4.1.3.0,1.7.2. 1 DF 5555, Ul B1Z B B 7E 5 ToU
9 (B 4% 10 T 5 A TR 1Y B Al AORS B RS A,
AR Z= Gy s ik B A5 10 500 1000 58 oA . b
4, PDPI— YOLO ()&% R 1. 178 x 107, B4Rk & T
YOLO v5n,.YOLO v6n Fil YOLO 13n %5 fif 45 X L #5
AU {H D255 A5 I PE BB 48 A1 >k &, PDPL-YOLO (45
B 7 13 .mAPS0 Fl mAPS0 —95 2 &5 T Hifth SOTA
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Fig.9  Visual identification performance for pests and diseases across different models
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Fig. 10  Visualisation of detection results for self-built dataset
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Fig. 11 Visual heatmap detection performance for identifying
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different pests and diseases before and after improvement
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