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Abstract

In response to the issues of imprecision, incompleteness, and low efficiency associated with tradi-
tional manual seed screening methods. Aiming at the inaccuracy and incompleteness of traditional
artificial seed screening methods, this paper proposes an algorithm for detecting the quality of
peanut seeds based on the improved YOLOvV5 algorithm. Firstly, we collected several images of
peanut seeds of different quality types to create the dataset using the labellmg tool. Secondly, we
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replace the original backbone network with a lightweight network, ShuffleNetV2, to increase the
network speed without decreasing the accuracy. The paper then introduces efficient channel at-
tention (ECA) into the neck layer of YOLOvV5 to suppress unimportant feature information and en-
hance the feature extraction capability of the network. Finally, the improved YOLOv5 model is ex-
perimented on a homemade peanut seed dataset. The results show that the improved YOLOv5
network improves mAP by 2.7% and 4.1% compared to YOLOv4 and the original YOLOv5. The
model has a better detection speed and reaches 65 frames per second (FPS).
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Figure 1. labelimg annotation interface
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Figure 2. Peanut seed category
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Figure 3. YOLOV5 network structure
3. YOLOV5 Mgk

DOI: 10.12677/m0s.2023.126527 5817 A ()


https://doi.org/10.12677/mos.2023.126527

THRE, B2

() Input: XA T Mosaic HdlEtiam. FaE N ATHE TS5 F3E N B A 4678 Mosaic 72l id Hf4%
A€/ T S Y

(b) Backbone: T % 4% @i CSPDarknet53 25 #4) 3T FFAESEHL . ‘& HH CBS. C3. SPFF S5 L ZH il [14]

(c) Neck: i FPN 1% 12 5 4 W9 25 (PANet) K 5 A Z M B UG HFAE

(d) Head: % H G I Sk = AN J2 28 A adt AT 000
3.2. BUERY YOLOVS MLgLE#

AT G YOLOVS K R AT 7 odk, Wil 4 o, XU adE: 1) FIEFR I E T8 5,
PAER T ShuffleNetv2 [15]%F YOLOVS Mg i Ti2 84k . &0 LA/ SEE AR i, FHFEARRL
FEEERIG D0 N it — DR M B R T SR . 2) R T 3R TS IRRFAE SR BB ) JF % AN B B 45 ER A A
W T ASCEEXSFE Sy, EH PR T ECA-Net HUHI[16]. %M B4 B & MR B BRI
EIfRE Sy, T H B T L.

Input Backbone Neck

Head
Upsample l ECA ‘—)-
Shuffle_block(b) C¢
onv
l i

Shuffle_block(a)

Concat

ECA ‘

—

Shuffle_block(b)

Shuffle_block(a)——) Concat ECA ‘—).
l ) . l

—

Shuffle_block(b) Upsample Conv
\)
Shuffle_block(a) Concat

1T1—>-

Figure 4. Improved YOLOVS5 overall structure
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Figure 5. ShuffleNetV2 architecture
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Figure 6. ECA module structure
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Figure 7. Partial image detection results
7. BB E A MER

DOI: 10.12677/m0s.2023.126527 5820 A ()


https://doi.org/10.12677/mos.2023.126527

TIRE, B2

metrics/mAP_0.5

0.8
0.6
0.4
0.2

0 20 40

Figure 8. Improved YOLOV5 mAP curve graph
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Table 1. Comparison of experimental results from different models
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