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Abstract; Aiming to address the issues of excessive parameters, poor real-time performance, and
insufficient lightweight design in traditional models for soybean field weed recognition, an improved
lightweight weed detection model named YOLO 11n — ADS was proposed based on YOLO 11n. By
replacing the original C3K2 module with a switchable atrous convolution ( SAConv) module and
integrating a global context mechanism with multi-dilation-rate feature fusion, the enhanced model
strengthened multi-scale feature extraction capability and improved weed detection accuracy in complex
environments. Meanwhile, the backbone network was optimized by using the adaptive downsampling
module ( ADown) , which fused the average pooling and maximum pooling strategies to reduce the feature
loss caused by target occlusion and light interference. The YOLO 11n — ADS model achieved detection
accuracy, mAP,,, mAP,, .., and recall rates of 90.6% , 92.0% , 86.0% , and 92. 6% , respectively,
representing improvements of 1. 1 percentage points, 2. 6 percentage points, 5. 0 percentage points, and
3.6 percentage points over the baseline YOLO 11n model. Additionally, the parameter count was
reduced from 2.6 x 10° to 2.2 x 10°, while the floating point operations ( FLOPs) was decreased from
6.3 x10” to 4.6 x 10°. Deployed on the Jetson Nano edge computing platform by using the TensorRT

framework, the optimized model achieved efficient real-time inference with minimal resource
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consumption. The memory usage was only 1.6 GB, and the detection speed reached 35 {/s. In field

dynamic validation tests, the end-to-end detection average frame rate reached 28 /s, with detection
accuracy, mAP, , mAP,, ., and recall rates of 89.5% , 91.0% , 84.0% , and 91. 4% , respectively.
Compared with YOLO 11n, the proposed model demonstrated stronger robustness and real-time

performance under challenging scenarios such as uneven lighting and target occlusion. The research result

can provide an efficient and lightweight solution for real-time weed detection in complex farmland

environments, which was suitable for deployment on edge computing devices and contributed to the

intelligent management of precision agriculture.
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Tab.1 Composition of soybean field weed dataset
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after model improvement
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Tab.4 Model comparison results on Jetson Nano

ps R/ mAPs/ mAPs, o5/ WA/
L7

% % % % (f-s7")
YOLO v5n 89.1 81.0 85.0 74.0 20
YOLO v8n 89.0 84.0 86.0 75.0 15
YOLO v9-tiny 88.9 86.2 86. 4 78.9 18
YOLO 11n 87.4 87.0 86.8 79.2 22
YOLO 11n— ADS 89.5 91. 4 91.0 84.0 28

3.3 HiE g

TEAR AL A 2 1] BH 35 Hb A oK 50 HE ) 47 3 2
Rl , 7% 37 6 BRI TR (R g ) 5 AT HEEBE (0) 2Z
[ FEAE— A A AR TS A D AR A 2 R .
TORUEXS e 58 2 5, 315 Sk b #1581 it RS
(RIIFTA] 1/R g 250 /N T 805 T8 3 F- G R i 1 >4
BLRL 7 M v 752 5 5 B2 (H,, ) BT o O I 18] (H,, /o), B
Ryps=v/H,, o V-6 1058 Sk 2 2% vay i o JH: b 1o 22 40
Y w2 0.5 mo 475 LU 0.8 m/s i
HERF, A S B TG A A T, BRSO R K iR
0.8/0.5=1.6{/s, #R1M, X H2—1Hig TR, 7



334 o AL B ¥ i

2026 4

SERR I, S TR S A PR UE TR A 1Y
B DI LB ST H bR B ER SO A, DL R O ) &R
R0 S5 NN B I ) A T S5 B o AT FR R 2
TUHHIEME, FHAEEE 0.8 m/s T F K iy
28 {/s, it PG B IR SR R4t T 17 A %2 &
TUAR, FEMPRAE T A5 2l 255 Ml i 72 op 9 46 00 AT 5 4
BT

YOLO % 91 53 vk i Ve A6 i 1 PR A v, (H 7 5K
i b SR HORAE AR R MR 2R 50T, AL
R 32 B A AL B A BRI . — AL Bk R
FETF AR K AR AP ) (NMS) 35797 24 24>l 57 H bs
(B8 A R AR 2% 1) 16 300 S AE g 8 T & I, NMS ]
RERE LR DR M 5 I O — A, I i 8 H A e K. A
FEI ) 52 s 3K, YOLO 11n — ADS #5783 B8 H 58 K
(9 H bR 73 BERE A7, 18 A0 85 R EL M 2% 2 % w0 1) i 4 4R
G F RTRE S i 2 R0 18 AL bR, X —4h
UL AR AR AO PR 5 B S R RS
DL 2 o> FIPERE . X 2 T SAConv #Ek
2 1 B ARG A e T SCHLA, HE 5 T R 2R 2 R
JERFAE Y B S 8 A R 0, AT S ARG EAS R 9 F
B 8T B X 3 B B AR AR R, A AR iR T NMS
MG IE R 5380, 18 SEBR T, B AE 05 A7 R0R
A H bs it 32 H R 5 N R Ak H Y B

5
Ao

() NMS k2 N R Hil 2. Rk, it sl 18 4~ B
BRIGRE ST GEHA T YOLO 11n — ADS A5 70 75 %5 4 4 i
Gysep B O o BERE ) B R, X8 25 T
SAConv 5 3 58 1) 22 JEE FRAF $2 BURE ) .

[ J% B 43 A 4 A E R 96 30F A9 S b, Il 10 22
1.2 50/ E, YOLO 11n 7] 845 X A H b5 2Z 8] (1
WS E S S EOR K SR A, W YOLO 11n —
ADS i i SAConv 5 B 1) 22 R FR1E il &, A 54 b
WhR T X E & H AR PUNRE T, nE 10 AR 3
FI B, R 7E 15 3R 855 f, YOLO 11n #5870 25 )
PR AG ok U K o Mk A TR 0 5] A SAConv fHR,
R T xR [ ROBE RRAE R AR ) ZE RIS IR R
MRAR BB 45 Ry A b 3RS s 2% B Wl 2D T fh Ol
A BT 5 A L A A 1R 22, 2 PR M R A R A
FEIE 10 225855 4 BB S BEOR 350 0 21 855 30 45
S ECRUR S A A 22 5, DT 52 ) B A 4G 0 ) o 4
£, YOLO 11n — ADS 7£ X Bl £ 4 F (19 3= AL T
YOLO 11n, 52l ADown A58 /) [ 35 i T R #F 5 i
REAS A 2015 S [ 28 B X 38 A% S5 AF $2 B, a8 4 T
TR AR b W RRAE & K o A, SACony AEHL )
25 1 2 BUHL A B T 76 6 IR Ak 5 5L AR5 2 R
JE O RRAE SR BURE 7, DA AR TE T 7606 BT 41T 1
HERR I .

(b) YOLO 11-AbS
10 BIR DCHR 5 505 T R AR AT L

Fig. 10 Detection performance comparison under shadow, illumination, and dense clutter conditions
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