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MAFF-YOLO: a target detection model for planting holes

in afforestation acceptance
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(1. School of Economics and Management, Beijing Forestry University, Beijing 100083, China;
2. Fujian Jiangle State Owned Forest Farm, Sanming 353300, Fujian, China)

Abstract: [Objective] To solve the problems like strong subjectivity, lack of scientific basis, and
insufficient personnel in traditional afforestation acceptance, this paper proposes an afforestation hole
detection model of MAFF-YOLO. It aims to automatically identify and count the number and location of
afforestation holes, promoting the digital transformation of afforestation acceptance and improving
efficiency and scientific accuracy. [Method] Based on the YOLOv8 model, MAFF-YOLO was obtained
through multiple improvements. First, it used MobileNetV4 as the backbone network to increase parameters

and layers, enhancing detection accuracy. Second, it added a normalization-based attention module (NAM)

I Fs B H#A: 2024-10-28 fE[E HHA: 2025-03-16

E ST kiR 5 RS 4016 & #L0 H (2221100005222108), 48 7 4 K 5 E A M35 5T B AN MG RIS & B 3k R G mF &
(20220517)

E—1EH: AR TEI A ME 2 L. Email: 15540258597@163.com  Hiuhik: 100083 Jb 5T i vE X G AR 1 35 S bttt K2
8 s U

FEMEE: T, #d2. EEARTTA: RS B, Email: wangwukui@bjfu.edu.cn  #hdik: [ F.

Z5FRI4iE: http:/j.bjfu.edu.cn; http://journal.bjfu.edu.cn


https://doi.org/10.12171/j.1000-1522.20240353
https://doi.org/10.12171/j.1000-1522.20240353
https://doi.org/10.12171/j.1000-1522.20240353
mailto:15540258597@163.com
mailto:wangwukui@bjfu.edu.cn
http://j.bjfu.edu.cn
http://journal.bjfu.edu.cn

54

FiHEYE S MAFF-YOLO: [f [A13& RIS U 1) B 7 B FrAdr AR

143

to better capture hole features and reduce false detections. Third, it replaced the feature fusion module with a
cross-scale feature fusion module (CCFM), which integrated features of different scales and reduced
computational load, improving detection of small holes. Fourth, it replaced the detection head with an
RFAHead, which dynamically adjusted the receptive field based on data complexity and importance, thereby
enhancing adaptability to different input features. Finally, the bounding box loss function was optimized to
FocusCIoU to address sample imbalance and improve learning capability for key samples. [Result] MAFF-
YOLO demonstrated high accuracy in identifying the number and location of planting holes. Compared with
basic YOLOv8 model, its precision increased by 1 percentage point, mAP50 by 0.7 percentage points, and
Fy5 by 0.6 percentage points. Moreover, the algorithm complexity was significantly reduced. [Conclusion]
Under the same experimental conditions, MAFF-YOLO shows significant advantages over other existing
methods in improving the detection performance of afforestation holes. It has been successfully integrated
into an end-to-end detection system, providing effective technical support for the digitalization of
afforestation acceptance and further enhancing the efficiency and scientific nature of the acceptance process.

Key words: small object detection; YOLOVS; algorithms; digital afforestation acceptance; unmanned aerial

vehicles (UAV); MobileNetV4; NAM; CCFM
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THE L FHES R I 275 2 P8 E 8 X Aol IR
AR FEL, EH T E R RE 2 HARIRES, (AARFEE
HHE A AR B P10 I . A SO SR P B CH b
N, EEARN RE Z, IE AR AT . B,
A AEH CloU, Bl FocalLoss ¥4, 7F 1514 FHE
1 I 380 R TR T, R O IR 2 SRR AR B A R
B, AR B By 2% S0 DL A 2K HAR D IRE AR,
DA R 50 A Ik #2 AR R BT A B O T B v K
(1O TR -

{ —a(1-y)logy’, y=1
Lﬂ =

~(1-a)y"log(1-y), y=0 (1o
ey TR B, y N ECREARRSS; 9N H
1) 2 B0, B Y L [0, 51, BUE AR, 8870k o8 0 o
LAY KHIREAR, 45 Bl T8 v A By B A5 AR S #7 f) J
o FH T B LE A A R0 A7 R A (LB, R 31 B 22 [0,
1], B TR DR A R AN A . % T AR SO BT 3
fir A v B O\ BT TG B S 25 S, VR R A — 3,
BEE Y =0, Hii%allfy.

2 A B IE

2.1 HIRERIKE
B R AE H AR 3 A K R E A M35 09226020 1%

MONIE, Z/NHE N B 58 BEE 42 7 1 2 A T 103
PRI . 45 B 440 SR A PRI 20 A0 AR K SRk X A i
Je AR N, 4278 XTI AR 75.333 km®, FRAR L
BRE 116 1 m’, HME 52 85.7%, HMFFAK
BN 1S T m MR EEAER K, EE RGN
AL 1.333 km?,

To NHUIAHE R M 2 ) T H Cln i W 2R 6 55D, #e
R AT R —FRAME T 75 m(& 3) . BIRAEAG K
AR FIRFAAZ 1 0.1, RF/NFRARZA4 16 0.12% ,
J& T/ B B, YOLO Xt T 4 N S2 A% 1 4 9 3R i
I, I S5 I 2K i N AR 48 TRCAS R WR ST (640 %
640 8 %). PR EmEII RS FEBRER,
Je kN B AR R . A, BANLAR >
(5280 x 3956 {F 2T}, FEETE 640 x
640 4% LLR/D R 3. REATIARE 7L R, 4l 2R
By PR —B, TN AT R A, BRI R S
ECR R, H bRig MR ey, AL I SRR B ™ it
Gb, TANUE T CATHS, R 2N, Ta%
MRS, FEFTRY RSN A 2 YOLO 75K

X

3 BANLUKATEE 75 m B (R3E AR /R 1R
Fig. 3 Forest planting hole image of unmanned aerial vehicle flying at
an altitude of 75 m

SRR BT T HLAE S 1R B 7 AR, AR SOR A KR
8 3B Jo N WLEAT 07 e AT CREAE % 7 8 AT &
FE, PRFF S Hh T AR R 5 B — 0, AT RN 75 m,
BUgs B US” AL, 78 55 B S /N EE (2R B R R
), $HR4E 187 5K 5 280 x 3 956 B HK 1%, Ik
HL 640 x 640 15 F 2R BATARiE . M & Z ]
TCH BRI AR AE N SE R £, RN e 75 s,
LFRE 133 5k 15, B 4 361 MEA, KA X5
HERI A VI SRSEFNIGTELR, BEALEEY 15 5k & 1 il
REE . JBTE AR R4S R E 4 Fow.
2.2 BA7VIRSI 5I8IE

ASZIGTE Windows11 R4 FH#HT, fii il NVDIA
GeForce RTX4060 ‘<O EAT-8 GB), T Pytorch1.10.0
TREE S SIHME S, Jh 454 CUDAILL3 R THEH AR,
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als bl. cl. d1 ABH 640 x 640 (R R RIGTAL, a2\ b2, c2. d2 AT bR A .
4 JRIGAR IR IERAR

Fig. 4 Original images and its annotation images

TR NFAZ R ST 640 x 640 182, 1255 (epoch)
A 1000, - #1451k (1) i 00 B (patience ) S 200, 4k
R/ (batch) 4 8, it nzk (1) TAE 25 (workers)
N2, HRZHAIRFF YOLOVS MIERINIEE .

Tk E R R 53 ) PEAL O 22 I 42 A5 A e Al
TR AT EE M, AR SR F 28 B IE J7 1, K EHE 5
10 AN R/NHIEI B T4, B E#E 1| M TFEIEAR
WESE, HR 9N TERIE NGRS, HEMHERE 10 X,
IR T RSB R IRIE R — IR ZRE I 2Y
FRRISAE R PE R TR bR, 128 B BE 48 A5 =y HLZE D42
SRRV SRR (BT rallie S

5 E B R A R, AR SR A el
YOLOVS8, #F 17 V8 fill SE 56, MRk B 4 £ T 25
MobileNetV4, ¥ il NAM, 1& SURFAE il & 77 XK
CCFM, # #: £ I 3k i RFAHead, 5| A\ FocusCloU
E120/ N SSk- QS bi s 2 AT G A i N3 WA o L T E 7+
T+ 1E FH 378 7€ FocusCloU H Z % a ¥ B AR{E, AL
FEA SO B A TS IARBUL AR, 64T X B sieie, o
S = IR R RS 7 2, Al 2k 22 FocusCloU
ZHEFE.

2.3 EMIERR

AL LUKE FE (precision) 7 8] % (recalD) & & 5
A AR ) 2 R (F-score) VYK (mAP). &
4 1 (params) Fl1VF £138 5 E (GFLOPs E A VE M
fabr, i & OO . K BE PO TN A IR A
FEART B IE R IEFEARIMEER, THE AN

Tp
" Tp+Fp (b
s Tp Ron IEFEARBE IEH TN A H , Fp Rom 7

FEARBCRT R T A IEREAR R H « Fp B/, KRBk
i FI I E BRI AR H bR
H1BIZE R B 500 A TEAE AR I A 4 A% v S
NIEFEARIMER, AN
Tp
- Tp+Fn (12)
s Py Ron IEFE A A R TO o 5RE AR (1) &
F BN, 013580, e b
FERELEAEDL R, K BN E BT JE R R,
BEHE R A, BINHIE LR E e F-
score, Feit B AN

(£2+1)PR
Fe="apin (13)

A E-A/NT 0 BIBCE T H T, H T4 =
R R GKEE PG VRN TR IR Fe P AR 85 24k,
Me=1 0, X 13BN HER F 2% B F =
PR, MR 5 R % £ > 1,
4[] 6 A A K I €, BB DGy A A s 4
E< 1 W], K BE A EE B ey, BRSOy Bl iR A

TEIE ML 28 H, il T BAFZ B U @ A = 212,
1M 25 D2 s Ol o DRI, AR S 38 4 5% 4 3E B
JON E AR, DIBRRIRAZR, TrliRAEARA . BT
I, ASCHEEARE ARG B iR ERE EAE,
ASCHLEN 0.5, B 58 A 7] 2 (1) 51 BLFE R B 1
—Eiéo

A5 R FE (mAP ) A2 BTG 28 )R I v Aff 2R 1)
YA, tHHE AN

1 c
mAP = EZi:lAp,- (14)
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1 L XIEZREE
av= [P ar 15 %2 ZRWIEIFLER
0 Tab.2 Cross-validation training results

ot ¢ Rom B AR ) S5, PRS2 DA [ %6
N Xl REREDN Y il 1 1D ot 2, 12 2 15 AR il
BB RS P T B B DR P S HE R 5 o AR AR SO, AN G
PO B 7R — R H AR, K mAP B AU Ap -

SRR T PT A AT IR S HN B 5, B
SRR A O P I Rt 8] ANHE B . ¥ Rs 5
IR B A5 R HE T IR B AD $AT OV I8 SRR E. &
bR, Fos SR6 %5 A BIRARG L, 2 R E 2
IRV Fa AR, HLUGERE L, mAPS0 LL A [a] 5 5
HE . ZHEMTF G IRBOA, SRR 8
ik, AR S

3 ZR G0

3.1 T XIEiZ

28 XCHAE I 2R 45 (R 2R B AR 74
1 4 950 UF SR B (1 255 VRN FB br i s, (H 4R
Sl 28 R — R, AT UK 2 . X R BRI AT
LRI CH ARTE T 2R A, T IR b A A A
OB AR B 7 DR, FEFRI A 8 ARG SR,
R Fos s FEER A AREMENTFEIEN
IUEEE
3.2 HEXIE

5 A AU A S 2R (1 9 Rk S & R an SR 3 A
TNe B T M 4% A MobileNetV4 J5, 2505 1% in
AR R, Fos REFAZE, KEREHR S 0.6 M E
43 5, A RIS N, 2B MobileNetV4 1445 4>
BEZEDIRFREE . #E— PN NAM J5, T
YOLOV8-MobileNetV4, 1581 1) 25 & FI VL E
AR, K FEAN A B Z 50l i 0.4 1 1.3 AN E 4 AL
mAPS50 Fl Fy s 3825 0.6 AN H 70 5, Ui B NAM 3
5 TR/ H AR R AE SR ELRE ) o TE LR 5
A CCFM J&, # T YOLOvV8-MobileNetV4-NAM,
B RS B2 L 0138, mAPS0. Fy s BIM&A T [, HZ
BB AR R FE W R BRI, Ui B CCFM i &1k

TH  HE®% HERMR/% — mAPS0/%  Fys/%
1 95.3 96.6 98.8 95.6
2 93.2 94.2 97.4 93.4
3 91.4 95.9 97.8 923
4 96.3 95.7 98.9 96.2
5 95.0 97.9 99.0 95.6
6 95.0 97.9 99.0 95.6
7 94.4 92.0 97.9 93.9
8 93.9 91.1 95.9 93.3
9 97.1 95.1 98.0 96.7
10 97.6 92.8 98.6 96.6

f‘)joﬁ%fﬁ [0 R AL H A5 0.5 1% I F-Score, mAP50 431
FRAE SR IO FE PR AR 1 it SRR 2, B 3 B0 7y
YT E K. B, B A Sk A RFAHead, #H LG
YOLOV8-MobileNetV4-NAM-CCEM, #5 Y () 74 [a] 2
BRI 05 NED S, SHEMEIET REH D
IG, HRIPR AN, Nt % EC, K9 RFAHead
LA /N RO B X H ARRRAE, $ TS ) Tl R N
B &2, i\ FocusLoss ¥, F FocusCloU &1L
CloU J&, LT YOLOv8-MobileNetV4-NAM-CCFM-
RFAHead, 1% 8475 2 80 & F LR 2% AN (1) 15
T, KSR, A EZ, mAPS0. Fy s 4T BT, 36 R A
T I B OV IR R AR — 0 Y s AR SR L B

W B, &M E T MAFF-YOLO £
A, eih s R, 5 YOLOvS ALk, MAFF-YOLO
(1] Fos K& JE T mAPS0 43 BI$2TF 0.6. 1 F1 0.7 N EH
SR BREFETET 1A S, SHEEAAR
A5, HVEE 2 W B A K . MAFF-YOLO 444 &5 4>
HERE DR TG, PRAGR A, ST IR S,
JETTH K.
33 XE=ER

7E YOLOV8-MobileNetV4 45 ¥ ff) Ffitl =, 43 5
76 £ T M 4% SPPF 2, Neck i #% Head /) 3 /> C2f,

®3 HEXRBER

Tab.3 Ablation experiment results

i) Pl% RI% mAP50/% S 7 RIS E Fos/%
YOLOVS 97.1 95.1 98.0 3.0 x 10° 8.1x10° 96.7
YOLOVS-MobileNetV4 977 927 97.9 4.3 x10° 8.0 x 10° 96.7
YOLOVS-MobileNetV4-NAM 98.1 94.0 98.5 43 x10° 8.0 x 10° 97.3
YOLOV8-MobileNetV4-NAM-CCFM 977 926 98.0 33 % 10° 6.5 % 10° 96.6
YOLOVS-MobileNetV4-NAM-CCFM-RFAHead 977  93.1 97.9 3.1%10° 5.6 % 10° 96.7
YOLOV8-MobileNetV4-NAM-CCFM-RFAHead-FocusCloU ~ 98.1 94.0 98.7 3.1 % 10° 5.6 % 10° 97.3
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Neck Z i C2f J5 %I CBAMCHE FA BT & Sy o),
PSA(EFIEHF R E R I, NAM, MLCAGRE &
JR BB B VE B R, SECH R #ihvE & iy,
HEAT X L SEIR  45 SRan3K 4 Fiow

F 48R, M R 5 FhEE JpLE e, B
SR EMBEVEE R EFEAANA . 18 SPPF JZ 5 i
T NAM KRR F 5(97.3%) ¥ % (98.1%) mAP50
(98.5%) f i, H [FIZE ML (94.0%) « XK NAM
JE s A R A T LA BRI AS B R AR A, R
H B OCBRRAE, S35 R T 7 AR IR T B A T A
FE, B3 T IR S8R

#£ YOLOv8-MobileNetV4-NAM 45 ¥4 % fith I,
A Neck M 2% 2544, 3 il %5 4 J5 4 PAN-FPN
BiFPN L[] B 1iF 4 7345 ). FASFFHead G e Y Sk K

DUF 3 R 2 (R AR AIE R B RepGFPN (EE 244k
ZACHFIE & 7). CCFM. 5 Ff i 18 % () HSFPN
(B R IF IR E R & 4 735 ). ASFYOLOUEE JiliE &
IR ARl ) YOLO HEZE); % #e Neck H i HE
AEFEEUREER, 735 % 4 Concat J2 )y SDICZ 2 IR FIE
b A AL, 51N SlimNeck 22 #) (] VoVGSCSP #
f{ C2f )2, GSConv EAX Conv J2), 7 C2f EF I
MLCA #1#; F]F] SDI 1 ASE-YOLO Bk & et 4 41E
Rl A G, BEAT L SEE6 (R 5).

5 BN, UNINFHIERA LS, S50 52
HORE M BLE ¥ % 7, i H CCFM # 48 PAN-FPN
J& , BEHLAE Fy 5(96.6%) RS & (97.7%) 77 TH % L i
fE, ZHEMEIEERERC BRZE-ET 92%. 1X
F B CCFM 8 I AL A0 KR AE il 8% 12, 804> T0 R 1E

F4 EEANHXIELIER
Tab. 4 Comparison experiment results of attention mechanism
FF =Ll LER=aLiIK P I A Pl%  RI%  mAP50/% Y FRIBRIE Fos/%
E T M4 SPPF)Z G 96.0 94.5 98.4 8.0 x 10° 95.7
CBAM Neck i Head M3 C2flE - 96.6 922 97.7 4.4 x10° 8.0 x 10° 95.7
Neck 1 IC21J5 974  92.8 97.7 8.0 x 10° 96.4
PSA FETF ML SPPFE G 96.3 93.9 97.9 4.5x10° 8.2 % 10° 95.8
T T ML SPPFIZ A 98.1 94.0 98.5 8.0 x 10° 97.3
NAM NeckH 7% #:Head )34 C21)5 97.0 942 98.2 43 % 10° 8.0 x 10° 96.4
MobileNetV4 NeckH#C2f)5 96.3 93.9 98.0 8.0 x 10° 95.8
F T M4SPPFE 5 97.7 92.8 98.0 8.0 x 10° 96.7
MLCA NeckH 7% #:Head )34 C21)5 96.7 942 98.0 43 % 10° 8.0 x 10° 96.2
Neck 1 #HC2f)5 97.7 92.8 98.4 8.0 x 10° 96.7
T T ML SPPFIZJa 96.7  93.9 98.4 8.0 x 10° 96.1
SE Neck 4 #%HeadfI3/~C2f/F 97.7 912 97.0 43 x10° 8.0 x 10° 96.3
Neck 1 f)C2f/5 97.0  93.1 98.0 8.0 x 10° 96.2
x5 HAEMESERITL LR

Tab. 5 Comparison experiment results of feature fusion module
FRIE R R Pl% R/% mAP50/% it ST R Fos/%
BiFPN 96.8 92.8 98.3 4.3 x 10° 8.0 x 10° 96.0
FASFFHead 97.3 92.2 97.7 5.6 x 10° 15.1 x 10° 96.2
RepGFPN 93.7 94.6 97.8 4.5 x 10° 8.3 x 10° 93.9
A Neck 45 251 CCFM 97.7 92.6 98.0 3.3 x10° 6.5x 10’ 96.6
HSFPNS 95.9 91.7 97.4 3.3 x10° 6.8 x 10° 95.0
HSFPNL 97.0 92.3 97.6 6.4 % 10° 30.7 x 10° 96.0
ASFYOLO 97.0 94.6 98.0 4.3 x10° 8.5 x 10° 96.5
SDI 90.2 87.4 94.5 6.1 x 10° 15.1 x 10° 89.6
B4 Neck 4 AE R RS B SlimNeck 96.7 94.2 98.6 4.1 % 10° 7.2 % 10° 96.2
C2f MLCA 96.8 92.8 98.3 4.3 x10° 8.0 x 10° 96.0
A it SDI + ASFYOLO 96.0 94.7 98.5 4.7 x 10° 8.9 x 10° 95.7
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S, PRARSEIR S R, (R J e e A vt D S Y
SR R ERCR, AR R

£ 2 T et Rk E, 20 %90l HATHead (Rl A
TRATTE B AR 3% 1 70 HE A2 3 2k ) RFAHead.

RepHead( H1 2 £ A0 A5 B 28 A% (1) 46 I 5k D Detect
DBB(G| AZ A5 A BIATIISK ) Dyhead (325 3k
ALK Sk ). FRMHead N7 AIF #2453 B fr) 4G 1
SO BAMIUE Detect farill Sk, HEATRT LS (R 6).

x6 WML LIGLER

Tab. 6 Comparison experiment results of detection head

e Sk PI% R/% mAP50/% it EP ek 87 ¢ it Fos/%
HATHead 98.5 92.3 97.5 329 % 10° 53 x10° 97.2
RFAHead 97.7 93.1 97.9 3.1 % 10° 5.6 x 10° 96.7
RepHead 96.2 92.4 97.4 3.1 x10° 5.4 x10° 95.4
Detect DBB 97.5 93.0 98.1 3.3 x10° 6.9 x 10° 96.6
Dyhead 95.8 95.0 98.0 3.7 % 10° 7.3 x10° 95.6
FRMHead 59.4 72.7 70.1 88.2 x 10° 74.6 x 10° 61.7

MR T HAAS ISk, ¥ HATHead 5 RFAHead
XA DUAE FEFD Fos 3R R IO B35 (R 6). K
F HATHead FRE B SRE B 4 B f AR G mis BLIEL
N 5.3 %107, Fy5(97.29%) ks £ (98.5% ) e ey, HS
TR 32.9 x 10 TFHACR B EFK. MLz
N, By RFAHead J&, B4 Fy5(96.7%) FIkG FE
(97.7%)W&AK, {543 8 KA1 mAP 5 i, Hik 2 LT
A FF, 28 A & HATHead 1) 10%. X 3% B
RFAHead i i A8 A4 K6 W Sk &5 44 sk 20> 0 &R 1H 5, DA
BEANAR A SE DA U 250 R - AR R T, A BRI

R % FocusCloU W 2% o) B ARAE, 430k
17T X HLSEEE, 45 /K 7 Fim. Mat N 0.9 B,
R Fo 5o REFE A FIR A mAPS0 43 HiEE] 97.3%-
98.1%- 94.0% F1 98.7%, &I Fabrisim . X%
B 24 IEREAAUE A 0.9 I, AR RS PRSI A5 R 3 e

F 7 FocusCloU SEEFEXSbL L6
Tab. 7 Comparison experiment of FocusCloU
parameter selection

ZHa Pl% R/% mAP50/% Fy5/%
0.1 0 0 0 0
0.25 95.9 93.4 97.2 95.4
0.5 97.0 93.5 98.0 96.3
0.75 97.7 92.3 98.3 96.6
0.9 98.1 94.0 98.7 97.3
0.99 96.8 93.9 98.1 96.2
0.999 97.0 94.6 97.8 96.5
1 97.2 93.5 97.8 96.4

3.4 SERIGIE
NI IE MAFF-YOLO Xt B 7 H A 46 I ) 42 T+

BOR, AT T MRS A RIS BIFE AR, 45 H b5
T T+ 8T8 A T AR 11 B 7, G I T A A 2
i 80%, MY AL GARIFEAR % 52 10%. Xf b
3 Hi B, YOLOv8 F1 MAFF-YOLO 7ESMikEA I
YIRS, (B MAFF-YOLO 7E i A48 Fx I 58 B AL
e, AR R R G AT R A T R B T BRI &
PEPE, BEOE A BARUNER o LUK 1) B 7T

XTI A AT R 58 F 5 I YOLOV8 XLk, & Sa
7R BT YOLOvVS, MAFF-YOLO ¢ EhiR 5 i 4%
PR (1 B 7, L G TR R AR R R D B X
] 5b 1, MAFF-YOLO B 2 i1 3 B BH G, FER 51
HH T AR 1 B X CIE €035 73 2 YOLOVS R 51 A7
TERIER) .

FEIR WSS B, ANBETI AR Mg 5 2%, B2
P IF B 22 7, BT ANLR A7 R AT Ha 5%, Xk
CAGRAIE BT A B 78 N IR 545, BB et 22
M, NGB . XS5 SRR W], MAFF-YOLO £ —
SEFEE LR T LR, $27t T B AN R A A
PRSI SR

it — P IR AE R BT BH 7 H BRI A ) SEBR AL
R, Mg TAEN RAESS YOS 2 X e — B TE A 4,
NT XA 68 AN, BERGHZ R )
Tor il 45 A 6 55— F o, R0 H B R R
T 5 N TR A5 R 58 4 — 5. MRS 15 5K A
Krigs g5 N THAKG S R(ED 3 ASE, Bk
FAFRESRD LT e — R GE SR LE 6). H
TG PR, N H A6 () vH A 1 5 Szt
Ui o = R PO s 2 A TIN R R SO A
(10 B8 WS 1) (R K 1S3 353.3 ms) iz /T A LB
1] Rk P35 42.3 s, 3 B AR B 7 ORI 7 T 3%
AR«
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Fig. 5 Comparison of detection results between the MAFF-YOLO and YOLOvVS models

6 MAFF-YOLO #5720 st i ) 45 51

Fig. 6 Field detection results of MAFF-YOLO model

4 %  ®

DRy i i AR B G UL 2 W R SR = R A M AN
BN RS, AP T —FET YOLOvS
P ANLREB LB T7 3%, T B3R BRI Gt 8 7T
GO N N2 AN B Y K NSRS
Al T7 N, X AR AT 40 fead, 8 3 B 5@
TaE AR B SR . 1524 BL MobileNetV4 iy & ]
2, PR IARS FE ; 8 I0 NAM V= S L], 58t W
TN BRI ORBERHAIE s SEHT R RS LIy CCFM,
KR B I Neck 2 1 5 & DUBE A Wl 3o B2 5 5 4
RFAHead 6 3k, 2 25 1 % 8 52 5 DA 5 6 /) ]
£ B ORFAE I 4 B2 B8 775 AR A 321 SR HE 45 2k e R

FocusCIoU, o3 IF 57 A 73 A A -1 1] &t DA PRI AS:
AR ZE o Y RSO0 3R 0, 126 S Xt 353 B2 ARG WU 2R
MAFF-YOLO 44 4 [a] &, {51 B2 A0 Fy sCBH XS
Wi T SRR bR 23 3 T 1A E 4 58 0.6 N E A
A BEARPETHRC I R, BRI E TR, iF
FCRSETE, W R T H TR . St gt LR, 5
Fo A AL St A vE AR b, AR eSOt R AE SR AR Y X
AR 7 H BRI 8RR T T R I B A

S AR ST H 1 S AR R A 3 PR B R AT 55
RS TR YRR IR T, (B AR AE — 2e R PR 1 .
H %R AR AR B — /NERIGAIE, R 308 2 HAhdg &,
EERERB T ARG AR AN BREAR, S8
PR o BhAh, MRIZEEHAZ U AERAE 1—2 H
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HEAT, HE— D PR B SR R BN R 48 O AR
W37 96 WS T R B N A T (BT B8 75 72 R R 3R
B WHAUN Gt RIESRBUCH 8 5, 456 5 2 9P
SV ALRE 71, IF PR SR, AP
ST AR I R AR 2

RARME TR T B AT ANLEE. R <
ZAF BN Sl Wi 2R G, LR R A
T LR RN ARIR BT, S THAS I RG RN Bk o RN
AR K O 2R 5 S iz AL e 70, I iE M 2
STHE SRR Y BEAT i, 3E— D3R THRE R RE . A
FITFIEALIX (0 7 8, S Sl AT R S8 H, s e A
IEAC T 1) SBT3 55, R A I 4 T 55
MR, JFEE AR IS 48 S5 R B BRI B
AT 2 T S THE TR R SEI A% o 7 58 22 4 5% T TR Al A6
ZALRE T, TR BE R G DL THAROL A 0% .
%, JHILIX LR T 5 [ IR, IE MR AR
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