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Fig. 1 MSAF-YOLO model
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Fig. 2 Structure of HFFM module
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Fig. 4 Structure of ADRF module
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common_rust), & KFE H (plaga), AEFRE ISR (ki
WL BB . B . ) ROACRIED) BRI IE 6 By
N, X TR B AR R RSP 2 A B s, ALK
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WO RS R B AR, BHPEATHT  SERE A RRTE . AR
i Labellmg T B A7hr 1 TAE, Fridas 6 & anE 7
B o

Leaf spot disea

Leaf blight disease

B 6 mEXAmHA A

Fig. 6 Disease category slice diagram

B 7 RAEARZTHE

Fig. 7 Data Annotation example diagram

£ (1240 3RS FRAE (620 3K IEMG) ., BAKRMIREA >
G BN 1 .

% 1 CORN ##EHRKH9H £
Table 1 CORN dataset sample distribution table

Category Images Bounding boxes
Healthy 1480 1620
Corn_blight 1350 2100
Gray_leaf_spoot 1250 1850
Corn_commom_rust 1400 1950
Plaga 1150 1500

R T 2B B UEA SR Rz AL RE ST, AR SCRR T 7
H i oK RCFE A IR AR AT, A H R
4E diseases [ AT LU S2 5 FIVE Al 525 . Diseases 4848
I 4572 kIR, HIEM F 20 A E ok, FEE
K ERREEK, LS 27000 A0 FAE . iz B R/ NH
b i FeAE R, 0 T SRR SO 4 /)N H A sl fig

4.2 LWIMESTFNIERR

AR SCHY BT SR IHE Win 10 R4 FiEfT, GPU A&l
‘5 GeForce RTX 4060Ti (16 G), VIZkHELE A Pytorch,
CUDAI11.3. Python3.9, SIS E I 2 PR,

k2 RBRARSHRER

Table 2 Experimental hyperparameter setting table

HMBHPTR S8 SR

PllE R 200 SUNZRAAREL, BB TS
LU EIGEL, Hee A7 RS IR 1
WG, R A G R
AR SH, A SO T8 B S

FAPGRAT, B35 YOLOR S bR —8

Batch_Size 8
Bk 0.01
Momentum 0.937

Image_size 640

o TR eTE SRy
DRI TA BN SRR, ASSCRE LR 1R
% 7:2:1 B LLOIREALI 73 DI ZREE (4340 5K IS . Bk

AR SC S 2R B PEA 95 A 32 A T 0K A
(mAP) FIEEAY S5 4 (params).

TE BARK 4G, AP 2B A% U RS BE e bs, 2R
G 7% S8 T NI A B BE T RS % (precision) Fl4 ] 32
(recall) FIMERE, TR B S0 B — 2800 0 o A Toa i
MEFE B A5 BE s 2R, fEARIEFRERMET, iH5E
tH— &5 (P.R) 5XF, 22 P-RMIZ, P-RMIZ T A
TR R0 AP (H . AP ERHE = (19) Fros .
mAPZEZ AR B (AP) BF-IME, S i im AR Al
ORI M RE R B A bR, HaTR =L (20) Bk,

1
AP = fP(R)dR i (19)
0
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1 N
mAP = ﬁZAP,»,

b PR HHEAZERIN P-R th2k, HUESSIFIL (oU) Y
AFEHUE, K mAP 54543 4 mAP@0.5 Fl mAP@0.5 :
0.95, mAP@QO.5 /& IoU [ {6 & 0.5 K () mAP1{H ,
mAP@0.5 : 0.95 5245 ToU B{E M 0.5 £ 0.95 (-1 mAP,

(20)

4.3 HFFM &R 54

R B5HIE HFFM A H Al A SR ) =+ 45 h A
RPERZ AN, A BITE YOLO 24 b HA A FUE S
Ty g 1 B A E A7 6 L, AL 4G H AR A (YOLOv10n |
YOLOv12), 3 fi] 43 %] (YOLOvVI2 -seg) Fll [l 1% 43 2&
(YOLOvI2-cls), FARXELEIRI (TS5 HARAR, {HI
T ML AT ONN FRAE SR, B TR A i
HFFM BBz fb Mk 0 A& BE L 28 o DL R A B o0 e ik 1)
DETR %%% % (RE-DETR", RT-DETR™") ) =T M %%

i TR J2 BITR 2 1 3 H2 AL 4 A\ HFFM B8, 7E CORN
BAREE AT, SCHEE RN 3 PR, Siggh
RFEW, K HFFM B8R B R AY 32 T M 4% h
mAP@O0.5FImAP@0.5: 095743 1 R E 4T, Bk 1
HFFM B2, [FlAS HFFM BB HTEAS A 2571
(L TP I B B AP I PERBEE T, UEBH Tzt B
BRIz A

FE YOLOv11 7 | Jin A HFFM 5, 450 7 g ik
HIE PN R RE B 2 6 L an ] 8 i o Al 8 4y
BroT4s, A HFFM RS, BERITE I 25 R0 Tk By Bt
i box_loss. cls loss. dfl loss ¥ & & TR, X%
A5 8 B Dy b 7 VI 25 A v 2 TR A L R
(box_loss TFE). HERHLIX MRS (cls_loss T ) LA
KA H 1 FAE T 7345 (dfl_loss T ) RIRES), JFH.
FERSUEAE LAS S T R, EA TARLEA BTz
fLiETT

%3 AERREREA A N HFFM A3 69 3¢ 1b 52 35

Table 3 Comparative experiments incorporating the HFFM module into different models

Before improvement

After improvement (+HFFM)

Model
mAP@0.5 mAP@0.5: 0.95 mAP@0.5 mAP@0.5: 0.95
YOLOv10n 0.795 0.643 0.819 (+2.4%) 0.659 (+1.6%)
YOLOv12 0.817 0.653 0.836 (+1.9%) 0.668 (+1.5%)
YOLOv12-seg 0.827 0.652 0.839 (+1.2%) 0.658 (+0.6%)
YOLOv12-cls 0.829 0.659 0.838 (+0.9%) 0.666 (+0.7%)
RT-DETR 0.821 0.654 0.836 (+1.5%) 0.664 (+1.0%)
RF-DETR 0.832 0.665 0.840 (+0.8%) 0.669 (+0.4%)
YOLOv11 0.825 0.662 0.846 (+2.1%) 0.681 (+1.9%)
YOLOv11 YOLOV11+HFFM
Train/box_loss Train/cls_loss Train/dfl_loss Train/box_loss Train/cls_loss Train/dfl_loss
104 —— Results 8 4.0 —— Results| 4.0
74 9 ... Smooth 35 ~==- Smooth
3 7 1 3.54
61 ] 3.0
71 61 3.0
54 64 5 | 2.54 251
44 51 41 2.0 2.0
34 . 14 : 434 . . 1.5+ . . . . . . . .
0 100 200 0 100 200 0 100 200 0 100 200 0 100 200 0 100 200
Val/box_loss Val/cls_loss Val/dfl_loss 35 Val/box_loss Val/cls_loss 40 Val/dfl_loss
7 81 51
104 7 30 3.54
6 4 30
_ 6 .01
5 8 2.5
] 3 2.5
6 5
4 4 2.0
2.0
T T T 4 L T T T T T T T T T 2 T T T T T T
0 100 200 0 100 200 0 100 200 0 100 200 0 100 200 0 100 200

B 8 Ao N HFFM #£3k 5 #9452 2 47 & 2 bk

Fig. 8 Comparison of model loss after integrating the HFFM module
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IR AL g | A GE B R RS, AL
T HFFM A5 e v 43 5|5 FH %5 [B] 74 7 77 (spatial attention,
SA). IEHFE S (convolutional block attention module,
CBAM). 2k #57F % 71 (coordinate attention, CA), %3k
£ & /7 (multi-head attention, MHA) >R 638 18 1 & 77,
TE CORN ¥4 FiEATscgxy L, Wik 4 s, Mk 4
SIHTATAR, BT HAWLANEE D), fEizsiderh gl A
BEEZEAS, ERFHFEESEENFEE, #AT
mAP@0.5 FImAP@0.5: 0.95fH .,

4.4 ADRF t&ER 49
FYGUE ADRF #EH (A 2Pk, R H 5 SR A A Hh iy
C3K2 PR it 78 CORN B4 ik Ts2iext 1,
%4 T REENZIE mAP Ak

Table 4 Comparison of mAP between different attentions

e s fim. LY RV, i ADRF #EHUE #t C3K2
W5, mAP@O.5HImAP@O.5: 0.9543 2T+ T 1.2% il
0.7%, HTFFET 5% (S5 . C3K2 fik 5 ADRF
P ARV AE Y 2R AN 50 E fr Be iy box _loss . cls_loss, dfl_
loss BYEZIANIE] 9 IR o

& 9 Zrpr T £5, AR SCiETT ADRF bR i 23 7]

HIENACE 5 200 3225 R, ARas s AR ARk
PRI 23 a] S L A2 B A B RE T o dlid box loss .

cls_loss FlI dfl_loss — T JC 5 5 A5 19 & 35 14 T R R B,
ADRF FHAH L AR C3K2 Ak, RAS LI B 8k
T BN HUE . ZARRE ISR, SRS P TR A R
T oK HUFAAE 55

TE ADRF flerp, ARSI AT — A28 [AAE AR M
4% SWN, REUEiZ M4 7F ADRF fHRGILH, A SCE
%I ADRF #5875 JC SWN %%, 7£ CORN #ffs 4k - it
7T TXP RS A, ande o fron . Bl £ M, 5lA

Module Params/M mAP@0.5 mAP@0.5 : 0.95
+SA 2.95 0.829 0.653 SWN M5, mAP@O.5FHImAP@O0.5: 0955 3T T
+CBAM 3.06 0.842 0.679 1.3% F1 0.8%, HBEEFEAGFFALE,
ca 287 0834 0562 HYE ADRF BEHAE /N FIRT . 5475 5 F AR AT i
s 281 083 066 PITRL T ORRIIRRIE , A% S H R TSI
Ours 2.72 0.846 0.681
PEPYFREEXT CORN Hs i I8 i 5 4028, JFiat 1
% 5 ADRF #= C3K2 sttt
Table 5 Comparison of ADRF and C3K2
Module mAP@0.5 mAP@0.5 : 0.95 Params/M
+C3K2 0.825 0.662 2.79
+ADRF 0.837 (+1.2%) 0.669 (+0.7%) 2.64 (-5%)
YOLOv11+C3K2 YOLOv11+ADRF
Train/box_loss Train/cls_loss Train/dfl_loss Train/box_loss Train/cls_loss Train/dfl_loss
101 ——Results 81 4.01 ——Results | 40
71 9 Smooth 351 Smooth
; gl 71 3.51
7] 61 301 3.0
51 61 54 2.51 2.51
41 51 41 2.0 201
3 41 34
0 100 200 0 100 200 0 100 200 0 100 200 0 100 200 0 100 200
Val/box_loss Val/cls_loss Val/dfl_loss Val/box_loss Val/cls_loss Val/dfl_loss
- 81 201
101 3.51 4.01
61 7 157 3.5
3 61 3.01
S | 10 3.0
5 2.51
61 2.5
41 41 2,01 > 201
T T T 4>-| T T T T T T T T T T T T T T
0 100 200 0 100 200 0 100 200 0 100 200 0 100 200 0 100 200

B 9 ADRF #3k 5 C3K2 #3242 A M At 49 %5 v 3 Lb

Fig. 9 Comparison of the Impact of ADRF and C3K2 modules on model performance
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XFEESEE, ARPERREAE AR UG A E ook — 4
/NEE (EE H<1%). 1 ER (1%<TR 5T <10%) .

KHEGS (G E>10%) 5 MG ERE R AL 0 9
A fREE (WEA—, LTy, ZRTE &0

Fro kB BUAR TR AR ERREIER L1 =41
JCHEFS GEEFS I R <109%) . B3 HEF (109 <allh 4 i L <
50%). TR GRS T FU>509%). 52 45 5 A 4 7-9
B, M 7-0 50T ADRE BEHOW/N HRR . 7%
W R R AR T B, BTN it
AR 2 RBERSAE, S0 S T 0, DX Sk AT
T e P45 6 PR R 135 A2 A

4.5 HERSZIG AT
N T BAF ADRF A58 F1 HFEM A5 B Xk 455 780 g 3k 1)
HRE, AL YOLOv L 5 R Sy 5k 2k 485 70 43 Wil 7E

diseases £ #5 £ Al CORN 45 5 L #EF7iH mh s e, o
10 s

BEAY 1 2 YOLOv11 JEZRFERL; 57 2 55 YOLOv11
(P 26 BEA (R 6 A 1, 4 A HFFM B3k, #£ CORN %4
R I, BRI mAP@O.5 HImAP@0.5: 0.95% 74
F+T 2.1% #1 1.9%, 7F diseases FIELE I, WIRLLF A
mAP@0.5FI mAP@0.5: 0.954> B2 T+ T 1.9% F1 1.8%;
B 3 76 YOLOVI 1 Y W 48 284 (1 BE 7l F, K5 C3K2
BiHe il ADRF BB, 7F CORN #¥iife I, Lk
B AImAP@O.5F1 mAP@0.5: 0.9553 | 4& Ft 1 1.2% Hl
0.7%, 7F diseases 544 I, # I LB A mAP@O.5F
mAP@0.5: 0.9543 BT T 1.3% il 0.6%; LR 4 A
SCIERY, FE CORN $UHE4E I, AL A mAP@O.5 1
mAP@0.5: 0.955 B T+ T 3.2% fil 2.7%, #& diseases
B I, BELERmAP@O.5 HImAP@O0.5: 0.9543 5

%6 SWN M kst

Table 6 SWN network effectiveness comparison

Module mAP@0.5 mAP@0.5: 0.95 Params/M
ADRF (-SWN) 0.824 0.661 2.63
ADRF (+SWN) 0.837 (+1.3%) 0.669 (+0.8%) 2.64
AT AR 8RR IS IR E
Table 7 Module verification for different object scales
-ADRF module +ADRF module
Target scale
mAP@0.5 mAP@0.5: 0.95 mAP@0.5 mAP@0.5: 0.95

Small target 0.782 0.621 0.810 (+2.8%) 0.648 (+2.7%)
Medium target 0.836 0.674 0.845 (+0.9%) 0.680 (+0.6%)
Big target 0.855 0.691 0.862 (+0.7%) 0.695 (+0.4%)

%8 AR

FI

EISg=A

o W L2 Soeh

Table 8 Module verification under different background complexities

—-ADRF module +ADRF module
Complexity of background
mAP@0.5 mAP@0.5: 0.95 mAP@0.5 mAP@0.5: 0.95
Simple 0.860 0.698 0.865 (+0.5%) 0.702 (+0.4%)
Complex 0.805 0.648 0.842 (+3.7%) 0.673 (+2.5%)

k9 AFat RRE AR A9BSR I

Table 9 Module verification under different occlusion levels
—-ADRF module +ADRF module
Degree of obstruction
mAP@0.5 mAP@0.5: 0.95 mAP@0.5 mAP@0.5: 0.95
Unobstructed 0.852 0.690 0.855 (+0.3%) 0.692 (+0.2%)
Partially obstructed 0.810 0.660 0.842 (+3.2%) 0.678 (+1.8%)
Severely obstructed 0.785 0.629 0.816 (+3.1%) 0.651 (+2.2%)
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10 HEREIRATH
Table 10 Comparison of ablation experiments
CORN Diseases
Model HFFM ADRF Params/M
mAP@0.5 mAP@0.5: 0.95 mAP@0.5 mAP@0.5: 0.95
1 0.825 0.662 0.772 0.597 2.79
2 v 0.846 0.681 0.791 0.615 2.72
3 \ 0.837 0.669 0.785 0.603 2.64
4 v v 0.857 0.689 0.809 0.628 2.58

PEFT 3.7% F1 3.1%. FHIHRLSCE 53T AT 1%, ADRF £
ORI HFFM AR K H 3 S0l iy A sk, et
J&5 ) MSAF-YOLO A A] S g B35 (8 vt RE A
[ Hsf AT FRARAR AL ) S 40

Pk J5 B R A (MSAF-YOLO) 5 YOLOv 1 #5 A1 7
CORN %4 51 diseases FUHi4E L 1461 2 ph £ XF kb [ 4an
£ 10 AL 11 Frs s

FHE 10 AL 11 0B el 45, B S ) MSAF-YOLO
BEARSTE AR VERE T 200 TR ERTAY YOLOvIL, B4R
ST

1) S FHERNAB 504 EM DBl dE T, MSAF-
YOLO 7 [¥) box_loss HHZ& MY L5497 5 T Ui e JrE 30 14 B
R, BSOS — BN ER 2 -5 - box_loss
A 1 o TN 40 FOAE 5 S RHE 22 [ 1) B R R 2
(4n CloU), FHAIRAY box_loss i Mk & AR TR BB THORS Bff Hb 2
SrEG R BRI, T i 407 R /N i B
T, MSAF-YOLO FERIAE b7 1 [ i i B 5, R

ARG RO T TG H AR s [ A LA REAE 1 R
HIRE ST . BAIRENS T UERR L R AR T HARA B, /i 5
T, ST A e ARG

2) IR MSAF-YOLO HY cls_loss ik fE
PR IR 2R T YOLOVIL, Ff B USGHE i E
P, AT EETAR, cls_loss i 1Y Z R % H AR
AR TERATE . BEARAY cls_loss MR FA 3 i B o Aff
bR G I 21 1 B K] 3 31 TE AR B2 B0 (1 an X 43 AN )
PRSI ) o SEU0 IR el 5 ARG R T TR
SAEHINGE S o 22 RO RFAE Rl A L 55 Bh AR ek 1
2 BT XAt n 22 5 0 TR CUFER, mER L
Tl LR — 2B Ak T 0 S I AR A BRI, i TG
SRHIE, (EAAEAIAE ST 2475 55 N BB B T HE Y 42K
FIHT

3) AR #E dfl loss E, MSAF-YOLO
[FIRE R B T — S DU M, LA 2k i 4 R AT
YOLOvI1 #i#1, dfl loss 4& YOLO Z%1 H THifkin it

YOLOv11
Train/box_loss Train/cls_loss Train/dfl_loss
124 —— Results
6 -~ Smooth

w »~ 0 O N 0

0 100 200 0 100 200 0 100 200

Val/box_loss Val/cls_loss Val/dfl_loss
5.5 104
5.0
4.5
4.0
3.51
3.0

w »~ U1 O N

100 200 0 100 200 0 100 200

o

MSAF+YOLO
Train/box_loss Train/cls_loss Train/dfl_loss
5 —e— Results | 4.04
3.0 -=-= Smooth
3.54
] 4
25 3.0
2.04 34 2.5
1s | 2.0
1.54
0 100 200 0 100 200 0 100 200
Val/box_loss Val/cls_loss Val/dfl_loss
5.01 40
2751 45 7
2.501 4.04 3.5
2.251 3.5 3.01
2.00 3.04 2.5
1751 55
’ 2.0
1.50 2.0
: . - . . - 154 : :
0 100 200 0 100 200 0 100 200

[ 10 MSAF-YOLO 5 YOLOv11 £ CORN ##% % L6947 & i & 3 L
Fig. 10 Comparison of loss curves between MSAF-YOLO and YOLOv11 on the CORN dataset
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HE AL B 8] 73 A B — i 2k o BN BT — 2 X A
BRE, T2 AR BRE I — N0 A, Jlad 151 B4
T A b, 2R A 1) L S R A R 4 T [T USRS B . MISAF-
YOLO #EAYE LAY dfl_loss BaHH, BEAIXT T3 FAE AL bR
A7 B T By . AR, X5 box_loss FYFEAIL
AHEEDUERY o RIS 5 A BN o S, AR
FA) T I 0 R o o

4.6 IFELSEIG AR

Ry it — 25 B0 UE AR SCBL R B I e, FE diseases X
P 4 A1 CORN % 4 % 1 43 %l 5 YOLOv8n-ghost™ |

YOLOvIOn, YOLOvll., YOLOvI2., YOLOvI2-seg.
YOLOvI2-cls, YOLOv13, RF-DETR, RT-DETR % H
A E B ARSI B R R TR s g . Hod, R
YOLOvI12-seg Fll YOLOv12-cls ) 3= 5 AT 4 F- AR K6,
AEHCAGIN 43 S AT IEFARAL RS = T Z% 1, R mT/E
HE LR R, DAL MSAF-YOLO 7EKIAT 45 |
& IIARRCR, mas gk 11 . #1145
MroT4%, 7F CORN $udifE I, A SCBEAIA AT LA L
FPoE . mAP@O.SHE R4 T+ 2.4%, e 32Tt 6.2%,
mAP@0.5: 0.955% i 42 T+ 2.4%, I & R Tt 4.6%; 1E
diseases (HH4E I, mAP@O.SH 4R TF 1.3%, I

YOLOv11 MSAF-YOLO
Train/box_loss Train/cls_loss Train/dfl_loss Train/box_loss Train/cls_loss Train/dfl_loss
10 —e—Results 8 —— Results | 407
71 91 --='Smooth 3.51 3.5 -~ Smooth
7 3.5
j 81 j i
6 ] 6 3.0 3.0 3.0
51 6 5 2.51 2.51 25
N 5 4 2.01 2.0 2.01
3L : J 41 : Jo3d : : 1.5 1.5 : 1.5% :
0 100 200 0 100 200 0 100 200 0 100 200 0 100 200 0 100 200
Val/box_loss Val/cls_loss Val/dfl_loss Val/box_loss Val/cls_loss Val/dfl_loss
8 357 101 4.0
7 10 A .
] 7 | 81 3.5
61 3.0
8 6 61 3.0
5 2.51
6 > n 251
4 4 2.07 2.01
T T T 4 1 T T T T T T T T T 2 1 T T T T T T
0 100 200 0 100 200 0 100 200 0 100 200 0 100 200 0 100 200
) 11 MSAF-YOLO 5 YOLOv11 & diseases £t #% % 6945 % iy £ 3 L
Fig. 11 Comparison of loss curves between MSAF-YOLO and YOLOv11 on the diseases dataset
11 BRAeBAx
Table 11 Comparison with other models
CORN Diseases
Model Params/M GFLOPs
mAP@0.5 mAP@0.5: 0.95 mAP@0.5 mAP@0.5: 0.95
YOLOv11 0.825 0.662 0.772 0.597 2.79 6.7
YOLOv10n 0.795 0.643 0.745 0.552 2.80 6.8
YOLOv8n-ghost 0.815 0.649 0.768 0.571 2.13 6.4
YOLOv12 0.817 0.653 0.783 0.589 2.56 6.9
YOLOv12-seg 0.827 0.652 0.789 0.592 2.45 7.9
YOLOv12-cls 0.829 0.659 0.784 0.587 2.62 8.2
YOLOV8-SPPF-L 0.833 0.664 0.796 0.615 2.72 6.8
YOLOv13 0.819 0.653 0.785 0.583 2.68 6.3
RT-DETR 0.821 0.654 0.788 0.596 5.41 14.7
RF-DETR 0.832 0.665 0.792 0.613 8.52 15.2
Ours 0.857 0.689 0.809 0.628 2.58 6.2
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Tt 6.4%, mAP@O.5: 0.958% ik $2 T+ 1.3%, = T+
7.6%. HEeMRFFERARSEE MR,

4.7 IFREMMRER

AT FEEXARYTE F A H U L AR A T B
MR/, X HASCHERIAT YOLOV1 1 AU 7E CORN #4
A IR E R AR, s 12 fiR . 7 CORN
BEAE LA EDURT R, AR SCBEAUAHAES YOLOV T 52
BT TR o B BUE U] . YOLOV T AR RN Tk it
FNRCHRBEAAAE W W A, HOOHR A B AR A E A
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A 12 YOLOv11 #= MSAF-YOLO &9 4& M 5 3 4}tk
Fig. 12 Comparison of detection performance between YOLOv11 and
MSAF-YOLO
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S SR AR SO AE SC BRI T A R, A S
YIZRIE ) MSAF-YOLO FERIET XPAR | foideh . Py, £
H b5 #8855 PR 5 i UG A TR SR I, anfe] 13
fias. Ml 13 ATLLAE H, MSAF-YOLO A D)X RH 4
fIE . ABURMERAE | JERSARAF DA K 2450 T B A5 L 0
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Fig. 13 Detection performance of MSAF-YOLO across different scenarios
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BLHLH ADRF H 38 3 828852 B, HFFM B[R]
TR DR, T2 30 o 3 3 R R AL S T R
fE3EsR, JF HA AR 245 RAL D) T %k, FEAR T
IFER SR, [RIE RT3 586/ H Ar A 0 9 1 fg .
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MSAF-YOLO: A corn pest and disease detection
algorithm based on YOLOv11
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Abstract

Objective Corn, as one of the world’s most vital staple crops, plays an indispensable role in agricultural production, industrial
applications, and economic development. In China, corn planting area and yield currently account for over 40% of total grain output, a
proportion that continues to grow steadily, underscoring its strategic significance for national food security and economic stability.
However, throughout the growth cycle, corn is persistently threatened by various pests and diseases, including corn borer, leaf spot, rust,
stalk rot, and armyworm, which severely restrict both yield and quality. Traditional pest and disease detection methods rely heavily on
manual field inspection—a labor-intensive, time-consuming, and inefficient approach that struggles to meet the demands of large-scale
cultivation. Moreover, manual detection is inherently subjective and discontinuous, often resulting in missed diagnoses and misjudgments.
Consequently, developing an automated, efficient, and accurate detection method for corn pests and diseases has become an urgent
necessity.

In recent years, deep learning-based object detection technologies have achieved remarkable success across various domains, with the
YOLO (You Only Look Once) series of algorithms gaining particular prominence due to their exceptional balance of detection speed and
accuracy. YOLOvV11, the latest iteration in this series, incorporates further optimizations in training strategies, network architecture, and
detection precision, providing a solid technical foundation for agricultural pest identification tasks. Nevertheless, when applied to corn pest
detection in real-world field scenarios, mainstream models including YOLOv11 continue to exhibit critical limitations: 1) Complex
environmental interference—the intricate backgrounds, variable lighting conditions, diverse pest morphologies, and frequent occlusions
characteristic of field environments substantially impair the model’s ability to accurately localize and recognize targets; 2) Small-target
detection difficulty—early-stage or physically small pests and disease lesions occupy extremely limited pixel regions in images and display
indistinct features, leading to elevated rates of missed detections and false negatives.

Methods To address these challenges, this paper proposes an improved YOLOv11 model designated as MSAF-YOLO (Multi-Scale
Adaptive Feedback YOLO). The core innovation lies in reconstructing the backbone network using a novel MSAF-Net (Multi-Scale
Adaptive Feedback Network) architecture, which synergistically integrates two specially designed modules: the Hierarchical Feature
Feedback Module (HFFM) and the Adaptive Dynamic Receptive Field Module (ADRF).
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Fund (2025B-193), Ministry of Education Industry-Academia Collaboration Project for Collaborative Talent Development (231005634170926), Gansu
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The Hierarchical Feature Feedback Module addresses the fundamental problem of semantic information deficiency in shallow feature
layers and the progressive loss of small-target features during repeated downsampling operations. Conventional feedforward convolutional
networks propagate information unidirectionally from shallow to deep layers; while deep layers acquire rich semantic representations,
shallow layers remain dominated by fine-grained spatial details but lack high-level semantic context. HFFM introduces residual-style
feedback pathways coupled with channel attention mechanisms to establish cross-layer feature calibration and enhancement. Specifically,
deep feature maps containing abstracted semantic information are selectively fed back and fused with corresponding shallow feature maps
through learnable gating mechanisms. The channel attention component adaptively recalibrates feature responses, emphasizing informative
channels while suppressing less useful ones. This feedback-driven feature refinement significantly enhances the model’s capacity to extract
and preserve discriminative characteristics of small pests and incipient disease symptoms, effectively mitigating the information attenuation
typically observed across deep convolutional architectures.

The Adaptive Dynamic Receptive Field Module confronts the inherent inflexibility of standard convolutional neural networks, which
employ fixed geometric receptive fields that remain constant regardless of input content. Such rigidity proves particularly disadvantageous
when processing agricultural images containing objects at vastly different scales—from millimeter-scale rust pustules to centimeter-scale
expanded leaf spot lesions—under heterogeneous background conditions. ADRF achieves pixel-level receptive field adaptation through an
elegantly designed integration of spatially adaptive weights and multi-branch dilated convolutions. For each spatial location in the feature
map, the module dynamically computes context-dependent weights that govern the relative contributions of parallel convolutional branches
employing different dilation rates. This mechanism enables the network to expand its receptive field when processing large contextual
regions while maintaining fine resolution for small-target localization, all modulated by the local structural characteristics of the input
features. The resulting adaptive receptive field substantially improves model robustness and generalization across diverse pest and disease
categories, growth stages, and environmental conditions.

Results and Discussions The proposed MSAF-YOLO model was rigorously evaluated on two datasets: a self-constructed corn pest
and disease dataset (CORN) encompassing representative categories including corn borer, leaf spot, and rust under various field conditions,
and the publicly available general plant disease dataset (diseases) to assess cross-domain generalization capability. Experimental results
demonstrate substantial and consistent improvements across multiple evaluation metrics. On the CORN dataset, MSAF-YOLO achieved
mean Average Precision at 50% IoU (mAP50) of 85.7% and mAP50:95 of 68.9%, representing significant gains of 3.2 and 2.7 percentage
points respectively over the baseline YOLOv11 model. On the diseases dataset, mAP50 and mAPS50:95 reached 80.9% and 62.8%,
improving by 3.7% and 3.1% respectively. Notably, these accuracy enhancements were accomplished alongside parameter optimization,
demonstrating that MSAF-YOLO achieves a favorable trade-off between detection precision and computational efficiency.

Conclusions In conclusion, this research makes three principal contributions: 1) it systematically identifies and characterizes the specific
challenges confronting corn pest and disease detection in complex field environments, particularly the coupled difficulties of small-target
detection and background interference; 2) it proposes two novel modules—HFFM and ADRF—that respectively address semantic feature
deficiency and fixed receptive field limitations through innovative feedback mechanisms and dynamic convolution strategies; 3) it delivers
a practically deployable model that achieves state-of-the-art detection performance on corn pest and disease tasks while maintaining
architectural efficiency suitable for real-time agricultural applications. The proposed MSAF-YOLO framework not only advances the
methodological frontier of object detection in agricultural contexts but also offers a viable technical pathway toward intelligent, automated
crop health monitoring systems.
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