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[Abstract]

In this paper, we design an improved weed detection model using YOLOv10, a deep learning-based
object detection algorithm. YOLOv10 improves its performance compared to previous versions by
adding an attention module, the PSA module. PSA is strong at recognising complex patterns in large
areas because it uses some features of its own attention to reduce computation and learn global
information. However, it may be inefficient for certain problems, such as weeds, which are generally
small objects. Therefore, in this paper, we propose an improved YOLOv10 by applying another
attention module, SENet, instead of the PSA module. Since, SENet learns the importance between
channels, it can learn the features of weeds in more detail than the PSA module. In addition, SENet is
lighter, less computationally intensive, and faster than the PSA module, so we conducted experiments
by replacing the PSA module with SENet, which is suitable for weed detection. The experiment
consisted of 200 training runs with a total of 14 classes, and we compared the performance through
various performance evaluations. The experimental results showed that the FPS increased from 476.19 to
526.32, which is about 9.52% processing speed improvement. The mAP50-95 value increased from
88.7% to 88.3%, which shows that the proposed model is lighter than the existing model and performs

similarly to the existing model.
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1. Related works
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1.2 YOLOv10 algorithm
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Fig. 1. The Partial Self—-Attention module
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III. Proposed Model Design
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Table 1. weed class

class contents
0 gangppi
1 gaebireum
2 gaeyeuggui
3 ggaepul
4 gangpul
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6 gamagsali
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10 golaeng-i
11 jommyeong-aju
12 hanlyeoncho
13 hunimyeong-aju
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2. Proposed model
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Fig. 2. A Squeeze—and—Excitation block
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IV. Performance evaluation
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1. Evaluation method
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Table 2. TP, FP, FN, TN

Predict
True False
True TP FN
Actual False FP ™
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2. Performance comparison
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Table 3. Comparison of the performance of
YOLOv10 and proposed YOLOv10

YOLOVIO ig’fgffg Delta
GFLOPS 12.4 11.8 4.84%
Params(M) 8.1 7.0 13.58%
FPS 47619 526.32 10.52%
I”ffirrizce 0.0021 0.0019 9.52%
mAP50 94.3% 93.8% -0.53%
mAP50-95 88.7% 88.3% 0.45%

5] =g, FAE R Ao YOLOVIO Brle) 37|
7h15.7% Hon £ 45t wacks A & 4 ok

metrics/mAPS0(B)

0.8
@ 0.6
Q
A
a
<
£
804

0.21

yolov10
0.0 proposed_yolov10
0 20 40 60 80 100
epochs
(a) mAP50
metrics/mAP50-95(B)
yolov1l0
roposed_yolov10

0.8 1 proposed_y
B 06+
w
a
o
n
a
<
€04
w
L2

0.2

0.04

0 20 40 60 80 100

epochs
(b) mAP50-95

Fig. 4. Comparison of mAP50 and mAP50-95

Fig. 42 58 7]& YOLOvI0 ==at Aok
YOLOv10 50| A9 fARRE 4528 Hol= 7le & &
o

it} o] Aokl YOLOvI0 2elo] o 71ie meiol
& Btola, Agke EHoA 71E 29} fARE 45
HoIth= 71 Qjulsity.

o] =FollA AlQtel= 2H-S wAlo] A&517] o
2 7HA] S volE 4 ook A WME, oY E 7t
olet2 &QlstuAL she AA| J9s ZAst
RS wdoto] Alokels 2o 2 HEoia xS
TEohe ol £ ofE shie] =
of 7iletg AAsto] AXteR WAl A7Hsto
S A= eIt A B W2 R usiAtee] 17t
o2t dasta, & HA] By 280] FAY &

L =,

5|43t} o]F g1to] Easits Tl

i

{

T

%)

F

o

=SB

30 1O @
o NY

v

2



Effective Automatic Weed Detection With Improved YOLOvIO 95

T2 02 ARFEAE wAlY) o] S AAH 2YE

ardso} Q.

2

V. Conclusions
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