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Research on Seed Sorting Method Based on Lightweight
Pyramidal Network

LI Weijie' . SANG Xiaoting'» LI Huanyu?, WEI Pingjun', LI Xiao'
(1. School of Electrical and Information Engineering, Zhongyuan University of Technology, Zhengzhou 450007, China;
2. College of Marine and Spatial Information, China University of Petroleum (East China), Qingdao 266580, China)

Abstract: To address the problems of low recognition accuracy, large number of model parameters, slow inference speed and dif-
ficult deployment in current convolutional neural network seed sorting methods, a seed sorting method based on lightweight pyramidal
dilated convolutional network is proposed. A residual spatial pyramid module is proposed to expand the perceptual field by using the
convolution of dilated with different expansion rates, to effectively extract the multi-scale features. Then, deep-wise separable convo-
lution techniques are used to reduce the model parameters and the computational complexity. A lightweight attention mechanism mod-
ule is introduced into the network structure to improve the extraction of seed key feature, the local cross-channel interactions are a-
dopted to focus on the important information. The experimental results show that the parameter quantity of the proposed network is
only 0.13 M, with a accuracy on corn dataset and red kidney bean dataset of 96. 00% and 97. 38% , and the average time of 4. 51 ms
to recognize single image on NVIDIA Quadro board, the recognition time on the NVIDIA Quadro board is better than that of the ma-
instream lightweight networks, such as MobileNetv2, Shufflenetv2 and PPLC- Net, etc. . which can meet the requirements of real-
time recognition in industrial sites.

Keywords: seed sorting; lightweight networks; ECA attention mechanism; depth-wise separable convolution; dilated convolution
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0.92} TR e e ot Mobilenetv2| 2.23 [566.33 M|95.15(95.15|95.15|92. 64| 7.58
BB et tareacd: o891) Shuffl
ot farea=0. S 2048 (301,90 M|96. 85| 96. 85| 96. 85| 95. 10| 8. 94
0,90 : . i " tv2 1.5X
o 0.2 0.4 0.6 0.8 1.0
I e T Mixnet-m | 3.48 [337.64 M|96.59|96.72|96.72|94.91|19.04
(a) PUFp S 2 ¥ 9 4% LPD-Net | 0.13 | 75.3 M |97.38(97.38|97.38(97.20| 4.51
1.00 [ T T i |
2.4 HELKIE
Wt o T MRS BE AR, AR BT T RSPM L F IR
ig’ FER B BB IS AT ECA FEAVLE . AT EHA
g O-96) BRAE AR AT = A0 Bl S 06 R 30 IE 45 A AL B 7E R B 25 R
o RIS . SEOS e PRIEBCHE 45 . B S 50 i 5 Hifh s2 58 55 14
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= 0-94 —e}t;ficientnetfbg(ggggzo.9878) FOAR R ARG O . 38w 2 E— AR 1 7 R R
=1 —— ghostnet (area=0. N < e N
& Elixnetfmgareazo. 9877 SEEERE UL 5, S — 4505 L RSPM B fE R £
002} R SESRIR 2 1 b B B A4 .
° — e area=0. =3 DIX] E=NaE < A e
e T Y rao0). 9836) TRAESR B 4, BEAITER A2 S OL N7 EoR A4 =
— LEPD Ket (area=0. 9891) SRR R R4 B 95. 02% 1 96. 99 %, 4b B 45 K [
0-90 0.2 0.4 0.6 0.8 1.0 B B #E B[R] A 4. 25 ms, FE40E B RSPM 42 BU(E B 19 fE
False Positive Rat \ ) e - .
N S(E)é%g;g%a ¢ DM EE M. MERE S EERMmA, 7L

P9 CNN BIRIYS oK £ dis 42 19 ROC i 2k
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XL, WFRFAT LR, A EA H/ FLOPS Fl S H & 1
BUF . BRI 0 A B R B EAR B . B L K
FERI FLAR4r . S FOREARE LIRBIKRL, ke =
SRR AE b EAS RUN A5 R L A AR 40 ResNett™™ |
DenseNet® | GoogleNet™” | MobileNetv2"'" | Shuffle-
Netv2™# | GhostNet™ fl PPLCNet™ & 347 T % [, 5%
RN 4 R, NARIE SR A T BT A R Rt
WESHEMNE., NEATTUEE, B kS ResNetl8 4
RERIAE LG, MER SR A T 0.66%, KitBE4RF T 0.66%.,
A A F1E00 58T T 0.66%F 2.39% ., B
ResNet /0T 10. 92M, 5 HAfib#2 F 4L M2 4 ., LPD-Net

SERKE NS B (S BT . FE RO B 5 L AT 25 T R
4 FRFIET R RS T 0. 30% 1 0. 68%, UM AR
AT B BT LA S e e A B M B . b S iR ABIE 5T
TEBRIVHI SR RE R . 5 AERE I ILHE ES
TR SE G 25 R R B A G 0. 11 %6 A 0. 2806, [ B
SRR A T B LT B, TR A 5 E T B 0 AL
ERAER T i 4F 5 LA sitE . N SE5 b /] LA H AR SC
TAETEW A KR SRR A TR IR, g SR T TR R A R
28 B 0 4 T
F5 IR HTE TR AL 25 SR 4 b AR 5 R

RSPM Depth ECA Acc (E A(;c (41| 248 | Flops fgiﬁﬂa‘
SepConv K/ % | S/ % BE/M | /M | [i]/ms

J X X | 95.02 | 96.99 | 0.12 | 75.3 | 4.25
J X < | 95.32 | 97.10 | 0.12 | 75.3 | 4.36
J J < | 96.00 | 97.38 | 0.13 | 75.3 | 4.51
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