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Abstract ; [ Objectives ] Identifying crops and weeds are crucial aspects of advancing intelligent and automated weeding. This article
aimed to improve the accuracy of crop and weed identification, to enhance the real-time performance of detection models, and to
enhance robustness. [ Methods ] Focusing on maize crops and their corresponding weeds in the leaf age range of 3-8 leaves, this
research endeavored to devise a detection method for maize seedlings and associated grasses. The seedling detection method leveraged
an improved real-time end-to-end object detection with transformers( RT-DETR ) for maize and weed detection in field conditions. The
novel concept of replacing large-scale deep convolution with small-scale convolution equivalence within RT-DETR was introduced,
reducing training complexity and inference time while maintaining detection accuracy. Furthermore,a self-attention mechanism with
contextual information was integrated to enhance target attention and improve small target detection. Additionally, a combined image
enhancement strategy was employed to enhance model accuracy and generalization. [ Results ] The improved model effectively
distinguished weeds from crops in complex field scenarios,achieving an average detection accuracy of 90.11%. In the inference stage,
each image took 33.67 ms for processing, with a model size of 44.86 MB. Compared with the mainstream target detection model, the
improved model had higher overall accuracy and fast speed. [ Conclusions ] The proposed method had excellent overall detection
performance for corn seedlings and associated weeds,which could improve the accuracy and efficiency of weed identification.

Keywords : corn ; weed ; detection ; end-to-end object detection with transformers ; convolutional equivalence ;image augmentation
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Fig.1 Block structure of ConvNeXt and equivalent convolution
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Fig.2 Diagram of TDAM attention mechanism
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1X107*; 24 2 RAL KRB « Piecewise-Decay , HIAEIH R A 0.98 , FEVR A WA 100 2 ; W 45 A RI I kit e KAk AT
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Fig.4 Loss curve(a)and accuracy curve(b)
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RT-DETR #5558 | 3= W E5 4 ConvNeXt R I FIAR SCHE H A A R BE % 5 AR A A5 005 AR 485 W e AR ) 45
PFF BB RURE BE ARk, AR SCHE H A 5k b A e T A PR S0e L R A UEASE RS TG I i o
2.2 MEEMMHMR R
221 EXERSEREM  KIT IR EASFZ FR00GE 18 43 55 )5 58 A U 2l SO B 5 #E AR R 1
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A S H, BT I SRR G B2 454 o S O 28 0 24 43 B (2k+k,2) C/8 T (2k+k,2)
CHW/4, 2% k 5 k, BUEE/N, M2 E b BCR S, 8 THRIESREA R HERITEEN S
ky, BUART 1 BIZFEL, BT X LAY ConvNeXt BB N 7x7, I B A5 # ( 42 AL 12 /N T Tx T,
R RO L 2k+k,2 <35 BB A MTRE, FHREENSEALE . e S0 SRR E BS54
HWFE 1R,

*1 ZWEWNSHASNE

Table 1 Possible parameter values for equivalent convolution

k, ATREBUHE k, possible value WHXE k, J& k AT EHUE The possible value of k after k, of determine
3 3,5,7,9,11,13
5 3,5
k5 kb, OSBRSS SN 5 R PRI R P o 67 N
FERT /b FIORS 3 725 1 2 0L, BRI b A R I E 3] 0 k=5
AR SEAS (3,9 MBRT RIS AL, WA § 35069 40
SR, =3,k =9 MRESHI AR I 4, i s B ) 4O o6
W1 BERE 2 ISR 5 b, BUEROROR BR R 2 P14 LT |
WY, SRR B HERAL ARG, D F ] | | 09
TR 6] 50 5 A R 84 0 I8 e RS 2 O o 890 892 893 894 895
T D HL AR 75 f A 3 | A R 2 B 0 S5 AT AR HAIEL/% Precision
T2 30 EH A O RS HS EAERSMRENLM
222 TFSERINEHSN 155 285 UR Fig. 5 The effect of the value of equivalent
SHUE 5 F R ET RO, BERGHE AR (% 2) ., % convolution parameters

ET R 77 BT AR T L SCHT IR A TE 53 28, HORS EE SR 0.58% , HEFRFEMIBL 11.69 ms,
R RE TR T HABSEAE , Wiz TS SO AR (308 38 435 07 v TT LA R0 R 1 4 BRI [) A DR IE RS B2 52
M) | SEINAT G B Fr A oA Zp R S P A SR a6 0 S 1 At 1 o P A R4 4 S R B AT 345 AR
HAREA R BT BE SO AT
R2 AIE) M4 T XA B 4G i 3 SR Y 2 01
Table 2 The impact of different network backbones on model detection results

E T ™ Backbone network SIS /% Mean average precision( mAP) Z4 i /MB  Params A BRI [E]/ ms Processing time

ResNet50 86.38 54.22 34.08
MobileNety3!3! 83.39 50.13 40.81
Mobileone!??] 77.39 42.78 21.91
ConvNeXt 90.00 56.15 44.42
ZRICAEHRY Text model 89.42 42.96 32.73

223 AREEANGIFHEREGNHRAZM  7EFE T h ol A ESGE P UCE BRI, A
FEEL 32 0 3 ANEEZLRY Stage 70 W EA AR b R gUE B A R RUR & g i as (BTERRG ) |3 D RUEZ YT
HPAS e e S22 2 K S T P 3 ok AP R R R ME A2 Ll 5 R T T s RUBE il 6 A B E T 2 IR AR, 2%
i A5 R 2 B R ) 8 B LAV TDAM P

K CIEBURAT A, 55 D 3 P R SCHRE o 66 I 5 1 DL A
B HEER N3 3 B, BN B T B S (sequeeze and excite, SE) P4 R D3R TR RISE YR EE (H B0
SRR FHEREAE I 5 10 46 AR 1 7 145 (convolutional block attention module, CBAM ) ') Jf: & $1 FH-455 75 k5
JE 5 AR BRI 3 SRR (coordinate attention, CA ) PO X RIS R R A 42 TF BARA AN SE 5 [ T ) R 1 7 Sy 4
e (top down attention module, TDAM) TV AR RN R T B A S5, BTG KL RSN 0.7 % , T Sk %) 32 B4
PrafE BEAE I YA D . TDAM FSCR 22 5 T RAR R B S 19— 28/ H AR, ARV HA B AR$E T 1.3%, /)y
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H AR PR V- 25 1E 0 R AL (average precision value) A 64.0% , 3B TDAM [ [ T [a] T 29U EER & REMS
I AL RRAE
T3 AEIEEAVEIXHERIS MR R A 2200

Table 3 The impact of different attention mechanism on model detection performance

R FIHLE Attention mechanism SERIAG B/ % mAP ZHiE/MB  Params AbBRATE]/ms  Processing time
JeHLHI No mechanism 89.42 32.73
B b 38 1 R Bk (SE) B4 89.62 0.13 32.75
LIEE S (CcBAM) 1) 89.87 0.24 33.17
A bR TE RSB (CA) P 89.55 0.18 33.02
T ) R 3 = AR B (TDAM) 90.12 1.89 33.60

2.3 BUAEEBIRHRLIRNIE

J T VA BRSO RO R A LIRS, RT-DETR BSR4 A, 4% Bt 7 vk R R AN 6 4
N TH RIS A EE RN 5 Fr/R . THRERIR R I SO Tk BB A PERE XA $E T, AR T RSN Y 3 Aol
i PR AL B 5 v RSB BEAS B Be2H & MRS 98 05 A BORS AR 15 0.64% , 1207 A S 5 HERRIEAS H.
AN HEREEE 3T PR R B A B A S 2R AE , AR 2R DL oK 5 R T R — D4R Tt
BRI b BRI TR] 3 I, TDAM VS B e A B0 [ A 2R AR DX /N H A O SRR B, il T K 5 2%
FYUNME S5 of HAR /N SR AR AE T e B H AR S8 88 AN T TR, 25 2806 ARG T R B N A7 o
F A BEGE R B v 25.65% AR/ A Rt TR RN R APERE . TH Bl 45 R R W O AR B AR AR
4 K 1 -5 2 B B AR LSRG P T, SEIESOR S, BE R A S8 R AT 55

x4 BYHAERHERIXE
Table 4 Methods involved in ablation tests

itk Ty ik AL Model SR
Improvement method A B C D Text model
A S B RS E Auto augment vV \V iV Vi
e 3=/ Replace the backbone \V VA V4
TER I Attention module V4 v/

50 B Equivalent convolution V4
T A 9 RT-DERT #8  B~D K selt i ioBom . IRl VSR T sty ik
Note: A indicates RT-DERT model,and B~D indicate methods involved models. The same as follows. \/;Improved method adopted.

x5 AREFENEEHIMW
Table 5 The influence of different methods on the model

i Model SRS B/ % mAP ZHim/MB  Params AbFRRFA]/ms  Processing time
A 85.74 54.22 33.28
B 86.38 54.22 33.28
C 89.42 56.15 44.42
D 90.12 58.04 45.29
A 3CHAY Text model 90.11 44.86 33.67

2.4 AR BRGNS R L BRI
FEAATRIR A A A A SO 5 7 A 3 H ARSI R 7 6] kg, S5 R an e 6 i . ettt JE
AT RS- PR ORG FE (mAP) 5535 90.11% , Ab3HE ] 33.67 ms, XF b HABAL AU SR (AR PERE SR T, A SCHR
(R Bk 7k ELA f e B R BIVERA R /0 oK w4 1k A rP iR AG SRS, TR i22 0 1 ELA B e i)
MR PSR A SR B R T 00U AZ B AR A DRAIE K B 5 2 BRI A9 SE PR R
6 AEBMRENERMEREEE

Table 6 Performance comparison of different target detection models

FR T Model SRS FE /% mAP Z¥(E/MB  Params AbBRATE]/ms  Processing time
YOLOv5 79.68 7.07 244.00
YOLOv7 81.79 37.20 30.10
Cascade-RCNN 82.76 69.23 100.75
FCOS 84.68 32.16 60.91
Faster-RCNN 82.37 99.36 123.43
Rt-DETR 85.74 54.22 34.08

A SR Text model 90.11 44.86 33.67
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2.5 ZMERTIRFIHLRIRAE
SR EAK HR BRI 5 A B A KRB ZHE B TR S)  HAA EK S it A S R ol
WX ik AbR AR HAR 2 MRAEIR G AFERYI R 4 25RO 1Y EHRIEA TR BLAG I BOR 50 iE 1K
B AR SO SR B R B RT-DETR M3% 6 sk BEd & i & BB AL FCOS X [, X
PrrnZRE AR IR BIBCR R 7 s
F7 BEBEMHEERENER
Table 7 Two type results of object detection

T Model TOKIRBIREEE/ % Maize identification accuracy HR BRI/ % Weeds identification accuracy
FCOS 94.4 72.1
Rt-DETR 99.3 72.4
AR SCAEEY Text model 99.6 79.9

K6 2 3 R R AEAN RO T BTRBIBOR R, D it B EASS B OL T 2% -5 R B 1R 01 e fi
BRI B RERF B RCR . Ae W 5 R E B AR HARI R T, HinZ JEE 5K
NZESEER, BB AARANSE 88 B o Tkt AN 6 R UL, AR SCRSE R ) 2% e 0 B K RUISCR B . e &b
RSO IRINS FAFAE B A S W W B 15 DA B A DR R BT S iz AR RE T i

W2 0.52 S W2 0.55 i
A

W2 052518 dra

q * oA
W1 0.51 8%

T

S

. iy
‘.:i 4 j ; {

6 BB R TG E
Fig. 6 Diagram of model checking effect
A B.C J3ilIZRR AR SCBTL RT-DETR (FCOS KRR 51.2.3 .4 43 BIFRIR L2000 Je W HIVEYREAE A B bR S 5 AF TR
FIARHERRIE S W1, W2 R 2 400, C FR TR BRI BRI,
A,B and C represent the detection effect of the text model, RT-DETR and FCOS, respectively. 1,2,3,4 indicate the recognition effect under
conditions of multiple weeds, weed and crop associated, a small number of targets, and foreign bodies, respectively. In the target box, W1 and W2

represent two types of weeds,C represents corn,and the number represents confidence.
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3 ZHig

AR SCHR H — Pl TR 1 R R ) K 5 A RGN Ty i, 9 B SRS R B TR I 5 A T I Bl
il L UGG 5 T 05 25T T A5 R0 AR R ) S e BBy | Ko AR SO ) ke ot 05 12 5 2 0 0 ik R A X
F AR SOREAE Z R0 A4 T RIS R e b

I K BN R 5 TR ERBIE 55 1 SR 2O AU R 2% 5 2RI R 2R R RIS 1 25 T 5
K, BRI DR/ B bR S BN SEHE H AR AR AS . 12 7 RS L 3 5 i A AR R B3R , 3k 3 W1 K die
SERRIE RS /N FARFIAN S8 B AR AR IEAFAE DR, n] B2 1 &8 23/ B R S8 8 H b, SR BRI 1R
i SR 22 M PG P R TN SE 8 A s (B D BObRE 11X 2 2R DL B b, 52 1 Rt 8 i, i
PAERE 2 HARAR  MELL XA DR F b, AT I 2o — 6 S U R U, (R FET ) 2658 DL A £ e
FEATAFREIE BE AL B, FLIR PR AR T RO B R HAFAEIZIE AR, AL T — 285 DLy, e S 30T fif iR
R, i TR AR R E A, SN, HAS BRI SR AT E 24 T ok B R B R K S
(COCO HHla 4R ) T ZRAE R | DN IR LA — E SRR AR M PR RE 1 , DRI AT LBURE 53 49 XA U Ak 2R
oM,
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