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Table 1 Image counts, instance counts, and small-object proportions for eight categories in the field corn leaf disease and pest dataset
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Table 2 Stratified group-wise division of the field corn leaf dataset into training, validation, and test subsets
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Fig. 1 Overall architecture of LiteFocus-Net
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Fig. 2 Structure of the proposed AKL-Block
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#3 LiteFocus-NetZE ERM AR REHFEE LT EHAIERSEITREEST

Table 3 Complete ablation study and statistical significance analysis of LiteFocus-Net on the corn leaf disease and pest dataset

AR ARG pE WS pE

0, 0, 0, 0,
Scheme AKL FDR SAGB mAP@0.5/% AP _s/% AP _m/% AP 1/%  Params/M GFLOPs (AP s) (mAP)
YOLOvI11n Baseline — — — 72.20£0.20 28.10+0.50 55.80+0.30 64.30+0.20 2.58 6.3 — —

only AKL-Block N — — 73.50+0.20  30.10+0.40 56.20+0.20 64.10+0.30 2.50 5.0 0.026 0.005
only FDR — N — 72.80+£0.20  28.70+0.40 55.90+0.30 64.00+0.20 2.58 6.3 0.367 0.043

only SAGB-Loss — — N 72.70£0.20  28.50+0.40 55.90+0.30 64.10+0.20 2.58 6.3 0.367 0.043
AKL-Block + FDR N J — 74.30+0.30  31.40+0.50 56.10+0.30 63.90+0.30 2.52 53 0.008 0.005

- + -

AKL Bl(]ic(l)(ss SAGB N — N 73.70£0.20  30.30+0.40 56.30+0.20 64.10+0.30 2.50 5.0 0.023 0.005
FDR + SAGB-Loss — 73.50+0.20 29.20+0.50 56.00+0.30 63.80+0.20 2.58 6.3 0.163 0.005
LiteFocus-Net N N N 74.97£0.32  32.77+0.71 56.37+0.40 64.03£0.15 2.52 53 0.004 0.009

i #30 iL, AKL-Block. FDR F1 SAGB-Loss
PIREHSTE YOLOV] In FEZRARAY |3k — e i 75, (0
= HAE R E AR TR A AE 22 5% . YOLOvlIn
JE 2 #5581 mAP@0.5 N 72.2%, /NH AR AP s K
28.1%., 5| A AKL-Block 5, mAP@O0.5 2 T+
% 73.5%, AP sH4RTFE 30.1%, HELIE R 2.0
ANE S FEE, 8 R 6.3 GFLOPs [ ik &=
5.0 GFLOPs, &5 Ull], [l W AZEBEHLE GE %
TEVW D TCA TR A TR, B o A 8 6 A ) R
B, BT RIERE ST, 2 =Bl Sy
8 35 e (A A Rt

TEARG| A AKL-Block FIEHL T, HkJin A FDR
N 20k 481 ] SAGB-Loss % mAP@0.5 #l AP s
A AR R B A3 25 . X 5% B FDR 1 SAGB-Loss Jf:
A AKL-Block A fE & #E4FH . FDR ] LA7E R iR
YOLOv 1 1n 3= [ 2% FE At I 3455 PS 2 P4 1 4 15 #h
48871, SAGB-Loss WL A] DL i< 8 2 AN ] )R H b
LA B oA, el /s BAR IR R By In) i, 4
FDR 5 SAGB-Loss 41 & i 1], mAP@0.5 $2 7} &

73.5%, AP s#ETFE29.2%, LIRS 114N E S
Mo I RS W R T B ST 25 2 R, B R
J2 4071 AN 5 /0N B BRRS RS 9 2 (R B — 5 B AR
P FDR A 55/ B AR E R JZ HP 3R 45 50 355 B 9 )= 3
M., SAGB-Loss W ZE VI ZRB Br itk — 25 41 X 26/
HAREEA R BUHACE, P& 50 E FH T4 IE 2k A
WEBHEAE IR .

AKL-Block 5 FDR BX & fifi B, mAP@O0.5 i5
) 743%, AP sik#F|31.4%, BWILILEFIINE D
AL % THE T AKL-Block H1 FDR 4 [ 0 57 3% 25
Z A, RPN B AE 5 W S A I ) R
HJFHAE T, AKL-Block 78 3= W 2% b i sh 75 vk
BARRIRZ B, g T2 RE Bisiwin
FRIESREUT 5 FDR WIZE SLSERE T X2 RRAE H 1)
NG sCHMER T R R ER . REZ,
AKL-Block >k FDR $&4it  Joit 42 5 /&7 (1) 7] ¥k &2 R 11E
1 FDR 1 — 250l /0 T 2 SR 1 A 40777 20K

1 AKL-Block F11 FDR (1) % fit | it A SAGB-
Loss J5 , LiteFocus-Net [) mAP@0.5 & 74.97%,
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AP sikF32.77%, ®YOLOvIIn Lt Es4.7 N E
Sy, SR, AP m H 56.37%, AP 1N
64.03%, SHERLRMILA T BB TR BARISHE
3252 M, iE & k53 GFLOPs, {51 T YO-
LOvI1n #2611 6.3 GFLOPs, %4516, LiteFo-
cus-Net [P REFE TR A 3 AMEEHAE AR R B Bt 1 D3 []
Ak, =FILRIVERN, MR R L3

[, $ 1 oK R s /N H bR B AG RS 2

R4 20 RN, SR ETE mAP@0.5
AP s A1E B % 255 ; %4 Holm - Bonferroni 1
TEJ BRI £ 4 30y ik — 20 3R B, S8 B AR ALY AP _s 4
FHABN Gt B E K. SiFEE, AP_mFIAP_IR
HHELEA R

#4 LiteFocus-Net EEHRBAEMERBEENR LHNBERETAENNER

Table 4 One-way ANOVA results of the complete ablation matrix of LiteFocus-Net on various precision metrics

o ANOVA %538 p 18 45k
mAP@0.5 F(7,16)=44.78 <0.001 P TE
AP s F(7,16)=32.25 <0.001 PSS
AP m F(7,16)=1.47 0.246 ERARE
AP | F(7,16)=1.19 0.361 FA
FEMELE AT 3HAANFBEILFF (seed=42., 123, 2024), SR MESFIR,
% 5 LiteFocus—NetZE 3T AREMEHFHF THEE LW ER
Table 5 Repeatability results of LiteFocus-Net under three different random seeds
BEBLFD T mAP@0.5/% AP _s/% AP_m/% AP_1/%
42 75.1 33.4 56.6 64.0
123 74.6 32.0 55.9 63.9
2024 75.2 329 56.6 64.2
PR UE 2 74.97+0.32 32.77+0.71 56.37+0.40 64.030.15

95% {55 X [ (74.17,75.77]

[31.00,34.53]

[55.36,57.37] [63.65,64.41]

3R] FEMLFR T T LiteFocus-Net [ 45 25 R
0.32, BEAITEA R BEALWI IR AL A5 T DR R T R e
P REARRIPERE , (H N BARTE BRI 2RI H AR XS B G
Wk 8, AP_s W An#E 220 0.71, & T AP_m I
AP_ I, HFBFEHEERE: /NH bR E S 4 g
R, TOAE & A R i A% R AT 5 | e 5 ) 9 ToU A%
fb; AKL-Block 7E 112k B Btk ] Gumbel-Softmax fj

B, ARIBEYLAD 2%k B AR R B 42
P —E R ; SAGB-Loss AR H Ar it FH 20 A 1 5%
MUEREEE , RIIZRAE I i /s B A8 AR 43
AT AT R I 3

TG T A BLHAE AP s I 1) Pl 25 FI2H A
gk, JFHE T IEEE, Horh Overlap=Mk 5 1 45 -
KPR 55 2

% 6 LiteFocus—Net E#EHRFE/NBHRIEE (AP_s) ERI B MK HEIBza X LE

Table 6 Gain comparison of individual and combined modules on small object precision (AP_s) for LiteFocus-Net

TR A AP_s/% (¥{H+bRER) AT R 25 G 25 2 N 2 H 3G
Baseline 28.10+0.50 — — —
only AKL 30.10+0.40 +2.0 — —
only FDR 28.70+0.40 +0.6 — —
only SAGB 28.50+0.40 +0.4 — —
AKL + FDR 31.40+0.50 +3.3 +2.6 +0.7 (IE 1)
AKL + SAGB 30.300.40 +2.2 +2.4 -0.2 (F&hdfrm)
FDR + SAGB 29.20+0.50 +1.1 +1.0 +0.1 (k)
AKL + FDR + SAGB 32.77+0.71 +4.7 +3.0 +1.7 (IE 1)
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MGERAT UL, BT AKL {4 B8 09 - & A AE 40
IE4f 0 FDR A9 dE A 42 41 T 01 47 1 BE i, AKL 5
FDR Z [d] i B 1 i ) P [a] (+0.7) . Wi AKL 5
SAGB Z [a]l A3 B it Br e (-0.2), FDR 5
SAGB 3 g5 AR RS, —AHa &
Je (R R A3 25 3R 30 +1.7

3.1.2 HRZERKE

AKL-Block BRIAK ] {3X3, 5X5, 7X7} X
3P R o B RAL, AaHT IX L ERER,
TE BN A LR AN A IX ki, Fpk— 0
J9X 9 % FUE R KRR AZ BE XTI, SEge g5 Rk 7
Fis o

F7 AKL-Block AEMEIEZEAHIHRIEIN
Table 7 Ablation study of different candidate kernel sets in AKL-Block

BRI T L mAP@0.5/% AP_s/% AP_m/% AP _1/% Params/M 1144 5/GFLOPs
3% 3} 72.80+0.20 29.00+0.40 55.90+0.30 63.70+0.30 2.47 4.6
{3X3, 5X5} 73.20+0.20 29.70+0.40 56.00+0.30 63.90+0.30 2.49 438
{3X3,5X5, 7X7} 73.50+0.20 30.10+0.40 56.20+0.20 64.10£0.30 2.50 5.0
{1X1, 3X3, 5X5, 7X7} 73.40+0.20 29.90+0.40 56.10+0.30 64.00+0.30 2.51 49
{3X3,5X5,7X7,9X9} 73.60+0.20 30.20+0.40 56.20+0.30 64.20+0.30 2.52 5.4

SR, (PR 3X3 BRI, BRI
AL, A KRRE AR B R SUFE BN
/&, mAP@O0.5 FIAP_s IR THRIA T % A 5X5
HBRE, WrEREA ek . {3X3, 5X5, 7X7{
H A A5 73.5% 19 mAP@O0.5 F130.1% 19 AP s, I
FAP_s (IR ZR T 2045 ] h: F (4, 10) =
426, p=0.029, FHH 451105350 4 1E] [ AL
WHME; p<0.05FIZAMEEZ I ELES AP
AP_s¥IER A G B EN 2SS, WA A1
K B 5T 2 I AR B . A 1X L ik
e, ItE A TR, {5 AP s H30.1%F 2

29.9%. XS R 1X 145 Bk D 2 (] 41 Bl 15 G
1, MELL ST 4R /NG BE i g R R R . in A
IX9OERUR, AP_s{UHEm 0.1 A 43, il
4% 5.4 GFLOPs.,
3.1.3 @Bk HIERAEIE

FDR ¥4 P5 R AiF 4] 73 o 25 74 53 S Al 5 43 32 .
A I R 1 o o LTl o 1 I N R Bl
1:1,3:5, 1:3F01: 734445495 5907959
SO E L] PS I AGE A CHL 256, HARBIHLR
Al T RS, 2R NR 8 Fin .

%8 FDREHRA[E)IE & bk Y i Rl SE I8
Table 8 Ablation study of different channel ratios in the FDR module

ZERY O S AN S S GRSy SCEIER A SEE L mAP@O0.5/%  AP_s/% AP _m/% AP 1/% Params/M 115 /GFLOPs
1:1 128 128 74.00£0.20  30.80+0.40  56.20+0.30  64.10+0.30 2.51 52
3:5 96 160 74.10£0.20  31.10£0.40  56.20£0.30  64.00+0.30 2.51 52
1:3 64 192 74.30+0.30  31.40£0.50  56.10£0.30  63.90+0.30 2.52 53
1:7 32 224 74.10£0.20  31.50£0.50  55.80+0.30  63.60:0.30 2.54 5.4
Hi & 8 AT UL, Bl & 4 7YY 4 S am a5 e s, SEREA 1R

AP_s B, UK S 2R IR I An AT
TG ) T 1 5 G/ BE R 6 S Y Jm 3 R
MEEM S S M B 1 1IR3
i, AP_s H 30.8% 42 F+ & 31.4%, T4 &=L H
5.2 GFLOPs 4 /il & 5.3 GFLOPs., #k 0¥ Hb 1] 5 %%
HF1: 7k, AP_s B/NIR$E R 2 31.5%, {HAP_mFi
AP_153 50 T B 22 55.8% F1 63.6%, = WI45 4 43 338
ERE Do SRR U R SR a B IEAFRE B
PRrERE RN ITRY , AWFTERATT « 34E N EAGH

3.1.4 FDREEAHRIR

R AIE 2.4 75 BT E ) FDR 5 P4 FR1E @l A R
W, ASBIFSEAE ORARE i 0 T B LA U R AN
2T, XETTRERMM ., EEPEEE 11X 15
TR SR AT 27 3 INACRE in 3 b 5 28 64T il b A
SR NFE PR

HERIF I, MEPHE G I XTER T
A5 fe o AP s, (H$E TR BE ALK 0.2 4 H 43 45,
A I 2 805 2.52 MBS hn 2 2.58 M, i3 il
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Table 9 Ablation study of different fusion strategies between FDR and P4 features
Scheme mAP@0.5/% AP_s/% AP_m/% AP _1/% Params/M 1188 /GFLOPs
BILFEAHIM(Add) 74.30£0.30 31.40+0.50 56.10£0.30 63.90+0.30 2.52 53
HEPHE + 1X 1 Conv 74.40+0.30 31.60+0.50 56.20+0.30 64.00+0.30 2.58 5.6
A2 ] AR fin 74.40+0.30 31.50+0.50 56.20+0.30 64.00+0.30 2.53 53

5.3 GFLOPs ¥ /il & 5.6 GFLOPs, #] 2 ] Jii AU AH fin
MMERe S PR N, (EARE BRI E T 2= AR
(Add) F%, U8/, B0 E AR N JC 75 &b
WAE TEZE B, BENSKS FDR fiy Al P4 RRAE A 410
WER AT HEAME, EAR SRR E Bin.

U, AMFSR R HE IR AR IE Rk fl & 7 =
3.1.5 MEFRIEE EEH AL SLIE

R UE 2.5 71 o SO T A R iR BUE L, A
AR ZHAE . Aol a RNAEI ST, XS
P 77 ZEHE i Al Le e, 25 R AR 10 .

%10 SAGB-Loss A [EEFAIG5E [ F X B HE S

Table 10 Ablation study of different area-aware enhancement functions in SAGB-Loss

Scheme mAP@0.5/% AP_s/% AP_m/% AP 1%
Je iU R 74.70£0.30 32.20£0.50 56.40+0.30 64.00£0.30
A ] {4 it 74.60+0.30 32.80+0.50 55.80+0.30 63.80£0.30
e o 74.70+0.30 32.50+0.50 56.00+0.30 63.90+0.30
Sigmoid FE I i 74.80+0.30 32.60+0.50 56.20+0.30 64.00:£0.30
TRECE I R 74.97+0.32 32.77+0.71 56.37+0.40 64.030.15

H 3R 10 AT UL, N A AR s B, AP_s
32.2%. i [ E 3 50 0T AP s 48 R E 32.8%, {H
AP_m BEAT T B 3k 2 PR Sk o] 1 RUBE 11 33w il
PRGN, 755 38R BUE Y T AE BRI
YRk, LRk R BRI Sigmoid BRI i T A O 4%
it 7%, HE K mAP@O.5 {3 A% T 46 K
Ti % 8 BRI bR B AN () T AR X [) P 2 R 4 45
A, B AR5 75.0% I mAP@0.5 . 32.8% 1 AP_s
F156.4% 1Y AP_m. DRI, R % 2ds Zom) i AR

55 PREVE A SAGB-Loss MR IA I & .
3.2 WEIXTEE

3.2.1 AKL-Block 5B & R E=attt

TEAFMINZECE T (A5 A FDR #l SAGB-
Loss, (W #E ™45 25%) ), # AKL-Block 5
ETX T4 C3k2. C3k2-Inception, LA}z C3k2-
SKAEHLEA TR H, 25 R ILFE 11,

*£ 11 EZEX#.Inception.SKNet #1 AKL-Block B FHERAI MRS £ ZE LR

Table 11 Performance and complexity comparison of fixed-large-kernel, Inception, SKNet, and AKL-Block backbone modules

Scheme mAP@0.5/% AP s/% AP m/% AP _1/% Params/M 118 /GFLOPs
YOLOv11n Baseline 72.20+0.20 28.10+0.50 55.80+0.30 64.30£0.20 2.58 6.3
C3Kk2-Fixed 7X 7 72.10£0.20 27.60+0.40 55.60+0.30 64.500.30 2.55 6.8
C3k2-Inception 73.70+0.30 30.40+0.50 56.30+0.30 64.80+0.30 2.68 7.9
C3k2-SK 73.60+0.30 30.20+0.50 56.20+0.30 64.60+0.30 2.66 7.3
AKL-Block (Ours) 73.50+0.20 30.10+0.40 56.20+0.20 64.10£0.30 2.50 5.0

gL, [ g TXT BB AP s
27.6%, A% T IELAR, 1hd B A X B0 /0N 9 B 4t 79
i S 3 B T o 2SS . Inception A1 SKNet A9 /N H
B BE 3 )3k 21 30.4% H130.2%, 1 T AKL-Block
1) 30.1%, 3% KB IF 17 2 0 L A5 Ak 2
ROEFIE LE20m . HFE R8RS 079

F17.3 GFLOPs, 1fi % ' AKL-Block 19 it 5 & K
5.0 GFLOPs, mAP H73.5%, TEXE B KA/ MK R
PET W EREAR TR e B . SRR I /R
& BARFEAR R EURSE TR, S5k 12 R
12 B s W fg fe me Y AKL-Block 11 J5 BR -
AKL-Block /N HAx AP_s 4 30.1%, {XF Inception
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% 12 AKL-Block 5 Inception ZERIEI K/NR E BIRiE & H
A LR B
Table 12 Performance comparison of AKL-Block and Incep-

f930.2%. X J& T EUR 9 B A s 5 01 7 ] — ik
P L[] Bsf e st 220 40 /N Fn K T A H A . fif AKL-Block
K H AR AP 1N 64.1%, B = F Inception fY
63.8%, ®IAmAP K 73.1%, 5 Inception FEAAH Y

tion on images containing mixed small and large targets

Scheme mAP@0.5/% AP_s/% AP_1/% 322 FDR '—ﬁ,ﬂ\lﬂﬂﬁﬂi%?i?ﬁ%ﬁ kb
C3k2-Inception 73.00+0.30 30.20+0.50 63.80+0.30 "[%/‘ FDR 5 %ﬁll)ﬁ T P5—P4 %?EE*@ 4] Eif./}ﬁjf
AKL-Block (Ours) 73.10+0.30 30.10+0.40 64.10+0.30

FHATXLL, ZR I 13,
% 13 FDR 5 HAU4FIEIBR T AT tE

Table 13 Comparison of FDR with other feature enhancement methods

Scheme mAP@0.5/% AP_s/% AP_m/% AP 1/% Params/M i[% f/GFLOPs Extra Params/M
No P5 enhancement 73.50+0.20 30.10£0.40 56.20+£0.20 64.10+0.30 2.50 5.0 0
Bilinear-only 73.60+0.20 30.30+0.40 56.10+0.20 64.100.30 2.50 5.0 0
Deconv 74.10+0.30 31.00£0.50 56.20+0.30 64.00+£0.30 2.68 5.6 0.18
Full-PixelShuffle 74.80+0.30 32.20+0.50 56.40+0.30 64.20+0.30 2.62 5.8 0.12
FDR (Ours) 74.30+0.30 31.4040.50 56.100.30 63.90+0.30 2.52 5.3 0.02

Full-PixelShuffle 3K 15 & = 1) AP_s (32.2%) ,
b FDR & 1 0.8 4N 4 i o S RITE T8 % B A A
BRI T TC 2R S 2] FORAE, REIR B 2 HHIE(E
B HARI B, FSNSEE 012 M, T
FAEETE T 16%. FDRSEAUE N T 0.02M, 115
B ETET 6%, 1 AP s M 30.1% F+%] T 31.4%, [
IFAP 1M 64.1% %31 63.9%, %45 53] FDR 7654
AL T UG T840 B 5 A R .

AL S H/NE S UNT 6418 5) M EMR#E
7528, H M2 (Recall) *fF W3 14, FDRAY
Recall@0.5 & 33.0%, {X T Full-PixelShuffle i
34.8%. ZHAYMRIELE T FDRAKE PS iR 2 45E, 24
J 45 PS5 S 4 dEw s i, SRR Rk M3 15
AR M oU BEK R 0.3 25, PIHER
Bz 46 70N, 23512 50.4% F152.1%.

% 14 FDR 5 Full-PixelShuffle ZE#8/N B B9 B B ZEXT L

Table 14 Recall comparison between FDR and Full-PixelShuffle on extreme small objects

Scheme Recall@0.5/% Recall@0.3/%
No P5 enhancement 31.20+0.50 48.50+0.60
Full-PixelShuftle 34.80+0.60 52.10+0.60
FDR (Ours) 33.00+0.50 50.40+0.50

3.2.3 SAGB-Loss 5 H i # 5k 4 5K A& 3 £k
1E AKL-Block+FDR [ W Z&HEZL T, 2 SAGB-

Loss 5 JLAF ERMBCRME A TR, S45R W& 15,

& 15 SAGB-Loss 5 H fih 5 5k ISR EE X LE
Table 15 Comparison of SAGB-Loss with other loss weighting strategies

Loss Strategy mAP@0.5/% AP _s/% AP _m/% AP 1/%
ClIoU (Baseline) 74.30+0.30 31.40+0.50 56.10+0.30 63.90+0.30
EloU 74.50+0.30 31.70+0.50 56.30+0.30 64.00+0.30
EloU + Layer-wise weighting 74.70+0.30 32.20+0.50 56.40+0.30 64.00+0.30
EloU + Hard area threshold weighting 74.60+0.30 32.80+0.50 55.80+0.30 63.90+0.30
SAGB-Loss (Ours) 74.97+0.32 32.77+0.71 56.37+0.40 64.03+0.15

M CloU# 4 EloU Z J5, /NHER AP_siik T 0.3
ANE S, TEICEERT EINA R ONAL, AP s BT+
F32.2%, A A AR I {E v W GA B T B s 1 AP,
fH AP _m M 56.3% [ % T 55.8%, HoJ5 N IEJ& F{E

R BE A A H AR b AN HESET 5] & %P . SAGB-
Loss [} AP_s 4 32.8%, 423 A [ {H (% /K-, R
AP_m N 56.3%, Xfrf . K H bR 1 6T 5 T
Hik.
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masprd, BSE o H TGN B bRks A5 % 16 SAGB-Loss 38 & ot/ 1 K BRI T HERE

KMKATHL . Fe 1638 1246 o 7 0~4.0 F ] P i 17 1K RS
ﬁ AT A S BUUR ST Table 16 Sensitivity analysis of small-, medium-, and large-
’ - - : N N bject detection to enhancement coefficient o in SAGB-Loss
WZE SRR, AP s o ¥k ETE, A ° \
’ _ ’ HfT . %
322% 42+ 2 32.9%., B alid20Z)5, AP_m
o mAP@0.5 AP s AP _m AP 1

T TR, 2] a=4.0 B 2] T 55.7%; AP 1M

64.0% [l g @J 63.7%. mAP E 0=2.0 EH‘ % @J IIJ%{E 0.0 74.70£0.30  32.20+£0.50  56.40+0.30  64.00+0.30

74.97%. %54 % & mAP@0.5. AP s. AP m i 1.0 74824030 32.50+0.55 56.40+030  64.05+0.25
AP 1, ABFSEHEEL 0=2.0, 20 74974032 32774071  56.37£0.40  64.03+0.15
3.2.4 LiteFocus—NetB#{E5MAH A iEXTLL 3.0 74755030  32.85£0.60  56.0040.30  63.90+0.30

P A G T 42 LiteFocus-Net 5 3= 3t H A5 A 52 40 74455030 32.9040.60  55.7040.30  63.70:0.30

BIPEATPEREXT L o T A B I AE R — B 4 . AR
SLIECE TGS MEl, #17h G —E T ER IS
% 17 LiteFocus—Net 5 HHE B MHERERTEE

Table 17 Performance comparison between LiteFocus-Net and other models

Method mAP@0.5/% AP_s/% AP_m/% AP 1/%  Params/M P15 5/GFLOPs  FPS/(i/s)
Faster R-CNN (ResNet50) 66.9 19.3 482 60.4 137.10 370.20 21.0
SSD (VGG16) 72.3 24.5 53.1 63.8 26.29 62.74 41.0
RT-DETR (R18)"" 75.8 312 57.0 65.8 20.00 71.10 24.0
YOLOvV5n 62.1 223 48.5 56.2 1.90 4.50 141.0
YOLOvS8n 71.1 26.5 542 63.1 3.20 8.70 124.0
YOLOvI1n (Baseline) 722 28.1 55.8 64.3 2.58 6.30 136.0
YOLOvlls 74.5 30.1 56.6 65.2 9.42 21.90 86.0
YOLOv1im 75.3 31.0 57.0 65.8 20.00 67.70 51.0
YOLOVI1I 76.7 323 58.2 66.5 25.29 86.60 43.0
EfficientViT*!! 733 29.5 55.9 64.8 3.56 6.90 128.0
Gold-YOLO" 74.8 31.5 56.9 65.6 21.50 46.00 38.0
YOLO-MS (X$)! 73.8 30.2 56.1 64.9 4.50 8.70 118.0
YOLO-MS (8)"! 75.6 32.0 572 66.0 8.10 15.40 82.0
DAMO-YOLO (Tiny)"* 73.1 29.0 55.5 64.5 6.80 14.10 95.0
DAMO-YOLO(Small)** 743 30.6 56.3 65.2 11.20 23.40 68.0
RTMDet-Tiny'*’ 735 29.8 55.7 64.7 4.00 14.20 72.0
RTMDet-Small"** 74.9 31.2 56.8 65.3 8.89 14.80 68.0
MobileViT-YOLO"*® 72.8 28.6 54.8 64.0 8.60 10.20 105.0
EMO-YOLO""! 73.4 29.7 55.6 64.5 5.10 8.50 122.0
FasterNet-YOLO"** 72.5 28.9 55.0 64.2 3.96 7.80 136.0
YOLO-MSM™ 74.0 30.2 55.8 64.5 5.40 18.50 69.6
MA-YOLO'*! 73.9 32.1 56.8 65.2 6.42 17.20 67.2
YOLO-LCE'™ 73.9 30.1 56.2 64.0 1.69 5.40 130.0
LiteFocus-Net (Ours) 75.0 32.8 56.4 64.0 2.52 5.30 135.0

Hrf, LiteFocus-Net i mAP@0.5 4 75.0%, W  Z—. AP_s }32.8%, TENIA X LB i HE7E S —
#F YOLOvIIm (75.3%) FlYOLOvIIl (76.7%), {7, M H YOLOvlln, AP s #4710 H 05,
ASHEEL2.52 M, 155 5.3 GFLOPs, 8%  mAP Lt 2.8 P E4r s, & FFE15.9%. AP_L
JYOLOVIIm /N3 22—, HHEEANHA =5 J64.0%, T R MR, HIFEKRET



Vol. 8, No. 4

#  E5F: LiteFocus—Net: I [a] F K Fri HUE /N B ARRE I A9 = o5 2042 B A 3 nin e 40

231

LiteFocus-Net #1582 RAEGE J1 3 Be R /N HAx L.

H 2 18 45 AT L, 5 YOLOV11n 345 #5574 A
I, LiteFocus-Net 7F 38 /4K IUOKS BE A1 /N H prka i 4
R My HAE T R ERTE, 4 Holm-Bonferroni J7
ARG, pfHR0.002, 2% SKFG R EKFE,
LiteFocus-Net # AP_s #% 1E J5 F) p {H M 0.004,  []Ff

KB G B EKT . HHILZ T, AP_mFlIAP_1 I
AR Z R R KB G B EKF. SREH,
LiteFocus-Net g 7EAN i & PG . K H bRk ik
BEMATHE T, AR B okt R /N E
bR iR 5 fE

% 18 YOLOv11in 5 LiteFocus-Net Mi%tit B & M3ttt
Table 18 Statistical comparison between YOLOv11n and LiteFocus-Net

G YOLOv1in LiteFocus-Net T E 5 PR p(E #hit
mAP@0.5/% 72.20£0.20 74.97+0.32 +2.77 0.002 IS S
AP_s/% 28.10+0.50 32.77+0.71 +4.67 0.004 BERTE
AP_m/% 55.80+0.30 56.37+0.40 +0.57 0.250 ZRARE
AP _1/% 64.30+0.20 64.03+0.15 -0.27 0.250 ZRARE

3.3 AL

MR EE Bk A AN R RO R BE R R, X

PR o B A B O e M R A T T A . A X
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Fig. 4 Visualization of kernel selection behavior of AKL-Block

FE/NER H bR RS EG T, 3X3ERZN
VEPRMERZIT 1.05 8 RT IR BE s AL i &
VEBEAME R AE 3 X3 FI 5 X5 Z A ¥y 5) 4 A5 KT ALt
BEpG MG T, 7X 7 Bt RN B A T, X S5
PR T — 2.

15 2 FDR /Iy E ARAREAIE e 07 118 185 5 2350 5 1 44
FE, HERRG /N E R GRA T, K 5a ik
Jin FDR I #5035 P4 R AE BTG F4 1 1&1, 181 568 FDR
By B RRAE OIS A B, B Se o A 2=, R
FDR &S5 | A B4 7 5% 22 3 5 2.

Pl Sa A HE SR Y P4 AT B, B0 NI BE 0

{55 W55 SCHL, %A B A, FJE R Ao
B X o BEARAG , JE 2R Ab FRP AR 25 oy w1 . & 5b
5 hE PAFRAEAR L, FDR 7E G0N BE Y 321 5 Fn &
PR IX S8 S 2 1G5 7 e ), , FDR SA4 5 A #A ) 1]
SR, (RS B0 DX ) PTG i T S G A, g iy g
HAFEE R H s, FBERRER ™ B ok, Kl Scok
ZHTE I T FDRESM S| ARIAH 5 8., FRBEr
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Fig. 5 Feature enhancement results of the FDR module

PERE, 7F .0 RK3588 Fll B A5 ik Jetson Orin P S
WG 6 BT T & S RBERLRH] T 8
# A (8-bit Integer, INT8) FI 16 i i s B (16-bit
Floating Point, FP16) & fb.77 ik LR IR0 52 4%
P P s U BE A, Al ad B2 20 Bk T RK3588 ' 7
P AL 0 bt 22 o 24 4ib B8R R OT & T R A (Neural
Processing Unit Software Development Kit, NPU
SDK) FiI 3% i ik 5k & 4 B 5] % (NVIDIA Ten-

sorRT) . i, INT8 & fb R A X AR Fan i (e
S [-128, 127] ) Kedse/N-fe K B i LA GE i
FP32 FRAE 40 A5 o BF R AE F R, #58 7E RK3588
NPU A #4036 AKL-Block HuA% 45 B A% LIkt 62 22 43
T E U4y, 1E Jetson Orin | W38 15 TensorRT 25 £k
T AR TIE INT8 A5 784 7 4 3 v O 47 42 35 FP32 AU HG
FE o SEERAS R ANE 19 7R .

% 19 LiteFocus—Net5 YOLOv11n % RK3588 # Jetson Orin =4k #1214 88 B 483
Table 19 Quantized inference performance and energy efficiency of LiteFocus-Net and YOLOv11n on RK3588 and Jetson Orin

5 BT biiEs FER/ms  IFE/W  NAE/MB  mAP@0.5/% EAMTREFE/(mI/frame)  RERL L/ (Wi/s/W )
RK3588 CPU YOLOvlln INTS 12.7 0.9 92 69.8 11.43 87.5
RK3588 CPU  LiteFocus-Net INTS 12.1 0.9 88 71.5 10.89 91.8
RK3588 NPU  LiteFocus-Net INTS 7.5 1.2 152 71.5 9.00 111.1

Jetson Orin YOLOvlln INTS 5.3 5.1 124 69.7 27.03 37.0
Jetson Orin LiteFocus-Net FP16 6.8 6.2 198 74.7 42.16 23.7
Jetson Orin LiteFocus-Net INT8 4.8 4.9 122 71.5 23.52 425

LiteFocus-Net 7£ RK3588 NPU |- #fi ¥ /U 7
7.5 ms, FEFMWIF LA 133 Wi/s; 1F Jetson Orin i
TINTS LG 1EIR H AT 4.8 ms, MiZEn] ik 208 vi/s.,
HILJE I mAP R 71.5%, BHE & T RISEAF T ik
f YOLOvIIn (69.8%).

3.5 ExHEFEMGHTHEBENIK

SN idE— 2 BS3F LiteFocus-Net 78 & 2% H [6] 3155 vh
ME R, IR thifi e bRt . 55906, i
S SR P RN [ R AR R AT B R A
2 S8 — i T ] R AT RE R HAT B4 . 66 A
RHABSERAE, S TERTFAELELL, HikT
R EMG B Z AR S TR RS Bk, T A ey

PR AR RN 2R 2 H00R A5 B A, e )5 an ) a4
1% EAE AT PRA,, IR seed=42 5148 F Ul 23R A5
PRI AT, S5 R 20 Frs .

H AR L, 52 2 PR S A [ 5 i o AR A A
R DNRS B2 o 305G ARy BRI 25 F T AR R R Al
W o G o fdi it e Jag 9 DXl o B 0 i B 2 9]
%, FRARIR RSO S 9 5 Z (AR P 5
M SRR BE . HUACRIIE T Y e e AR 3T, e
PIMERE

FLRE I 5T, LiteFocus-Net ) mAP@0.5
¥ T YOLOvIIn, H, 7E s S5 55 1 T,
LiteFocus-Net [y mAP@0.5 1 68.7% 2 T+ & 72.6%,
AP_s1125.1% $#E T+ % 30.4%., TEHHKMFT, AP s
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% 20 LiteFocus—Net5 YOLOVIInZEERRE 2 H i &G THEEENiK s R

Table 20 Robustness evaluation of LiteFocus-Net and YOLOv11n under different complex field conditions

MRS EUREYSK BARSHIE/ S YOLOvIIn mAP@0.5/% LiteFocus-Net mAP@0.5/% YOLOvI1In AP_s/% LiteFocus-Net AP_s/%
A 2049 4827 72.2 75.0 28.1 32.8
HIEEA 312 708 70.8 74.1 26.9 31.7
EEpI s 286 655 69.6 73.0 25.8 30.8
Uil 2td 241 536 67.9 71.7 24.6 29.8
Jr B Y 354 812 68.7 72.6 25.1 30.4
ENGIE{EE:5:0i 328 741 71.0 74.4 27.2 32.0

HH 24.6% Tt % 29.8%., 45K E£ W, AKL-Block fE
AR A i AP 3 AT R A U AZ B, FDR AT LUAR
252 2 IR P A5 R T 3o 0 i i 4 5 S0P
B, SAGB-Loss W #& & T /) HARFEATE [BH I 25
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Fig. 6 Qualitative detection results of LiteFocus-Net in complex field scenarios
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Fig. 7 Typical missed-detection anomaly analysis of Litefocus-Net for maize disease and pest detection
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LiteFocus-Net: A Three-Point Lightweight Enhancement
Framework for Small-Target Detection of Corn Leaf
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Abstract: [Objective] Early detection of corn leaf diseases and pests is important for field monitoring, precision pesticide application,

and yield protection. In practical field environments, early lesions, insect bodies, eggs, and spore clusters often occupy only a very
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small part of the image. Their visual appearance is affected by weak texture, irregular shape, and complex backgrounds, making the vi-
sual boundary between disease targets and normal leaf tissue less distinguishable. When lightweight detectors based on the YOLO se-
ries are applied, fixed convolution kernels lack flexibility for targets with large scale differences. After repeated downsampling, small
objects lose representation in deep feature maps, while larger targets dominate the regression loss. These factors make it difficult to
balance detection accuracy and deployment efficiency on edge devices. To improve the recognition capability for small targets under
complex field conditions, LiteFocus-Net, a lightweight enhancement framework, was developed based on YOLOv11n. [Methods] The
framework improved the baseline model from three closely related aspects: adaptive backbone feature extraction, deep feature detail
recovery, and scale-aware regression supervision. In the backbone, an Adaptive Kernel Lightweight Block AKL-Block was designed
to replace part of the original feature extraction structure. Instead of computing multiple convolution branches simultaneously during
inference, AKL-Block used global average pooling and a lightweight gating module to estimate the selection probabilities of three can-
didate depthwise separable convolution kernels with different receptive fields. A Gumbel-Softmax strategy was used during training to
keep the kernel selection process differentiable, while only the kernel with the highest selection probability is activated during infer-
ence. In this way, the model could adjust its effective receptive field according to the input feature distribution without introducing the
redundant computation usually caused by parallel multi-branch structures. To alleviate the loss of small-object details in deep layers, a
Feature Decomposition and Reconstruction module (FDR) was introduced after the P5 feature layer. The deep feature was divided into
a structure branch and a detail branch. The structure branch was upsampled by bilinear interpolation to preserve global semantic infor-
mation, such as leaf shape, lesion distribution, and large disease regions. The detail branch used a lightweight pixel-shuffle reconstruc-
tion operation to enhance local responses related to lesion edges, insect contours, and spore textures. The reconstructed feature was
then fused with the corresponding P4 feature in the neck network, allowing the model to reuse deep semantic information while selec-
tively strengthening detail-sensitive responses. For the regression loss, a Scale-Aware Gradient Boosting Loss, termed SAGB-Loss,
was constructed to increase the training contribution of small targets. The loss combined feature-level weighting and target-area-aware
weighting. The feature-level term assigned larger weights to shallow layers that are more closely related to small-object detection,
while the area-aware term used a continuous exponential function to smoothly enhance the regression gradients of small targets. Ex-
periments were carried out on a field corn leaf image dataset containing 10 324 images and eight categories of disease and pest targets.
The dataset was divided into training, validation, and test subsets at a ratio of 6:2:2. [Results and Discussions] LiteFocus-Net achieved
74.97% mean average precision (mAP) at an Intersection over Union (IoU) threshold of 0.5, with 2.52 million parameters and 5.3
GFLOPs. Compared with the YOLOv11n baseline, the average precision for small objects (AP_s) increased from 28.1% to 32.77%,
giving an improvement of 4.7 percentage points, while the computational cost decreased by 15.9%. Ablation experiments confirmed
the contribution of each component. AKL-Block reduced the overall computational cost and improved small-target accuracy, FDR fur-
ther enhanced detail-sensitive features from deep layers, and SAGB-Loss increased the regression contribution of small targets with-
out causing an obvious decline in medium- and large-object detection. Comparisons with Inception-style and selective-kernel multi-
scale modules showed that AKL-Block achieved a more favorable accuracy-complexity trade-off under lightweight deployment con-
straints. Comparisons with full-channel pixel-shuffle reconstruction also indicated that FDR provided a practical balance between de-
tail recovery and additional computational cost. Deployment tests on RK3588 and Jetson Orin NX further showed that LiteFocus-Net
maintained real-time inference capability after INT8 quantization, which indicated its potential for field inspection and agricultural
edge intelligence applications. [Conclusions] The results suggest that LiteFocus-Net improves small-target detection of corn leaf diseas-
es and pests without relying on a larger model scale. Future work will focus on expanding cross-region, cross-variety, and cross-
growth-stage samples, and on exploring region-level dynamic kernel selection, video-based continuous detection, and weakly super-
vised annotation strategies to improve robustness in long-term field deployment.
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