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Corn Seed Appearance Quality Estimation Based on Improved YOLO v4

FAN Xiaofei WANG Linbai LIU Jingyan ZHOU Yuhong ZHANG Jun SUO Xuesong
(College of Mechanical and Electrical Engineering, Hebei Agricultural University, Baoding 071001, China)

Abstract: Aim to identify and position corn seed, an object detection model based on improved YOLO v4
was proposed. This model combined with multi-spectral images with four channels ( RGB + NIR) , the
appearance quality of corn seeds was identified and classified. In order to reduce the number of
parameters in the model, the trunk feature extraction network was replaced with the lightweight network
MobileNet V1. To improve the performance of the model, the effect of spatial pyramid pooling ( SPP)
structure on the model performance was studied. Finally, the improved YOLO v4 — MobileNet V1 model
was selected to detect the appearance quality of corn seeds. The experimental results showed that the
comprehensive evaluation indexes F1 and mAP of the model reached 93.09% and 98.02% ,
respectively. The average detection time of each image was 1.85 s, and the average detection time of
each corn seed was 0. 088 s. And the number of model parameters was compressed to 20% of the original
model. The spectral band of four channel multi-spectral image can be extended beyond the visible range.
Image can extract more representative feature information. The improved model had the advantages of
strong robustness, good real-time performance and lightweight. It can provide a reference for high
throughput quality detection and optimal classification of seeds.
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Tab.1 Detection results of model under RGB image

1o 7 25 TR/ % AR/ % FL{/% ¥ FLAE/ % AP/ % mAP/%
good 95.79 82.73 88.78 80. 14

YOLO v4 — CSPDarkNet53 90.78 83.63
bad 97.47 88.51 92.77 87.12
good 88. 33 96. 36 92.17 97.04

YOLO v4 — MobileNet V1 90.53 96. 33
bad 96. 00 82.76 88. 89 95.61
good 86. 40 98. 18 91.91 97.20

YOLO v4 — MobileNet V2 89.98 96. 07
bad 97.22 80. 46 88. 05 94.95
good 87.70 97.27 92.24 97.23

YOLO v4 — MobileNet V3 89.79 95.90
bad 97.18 79.31 87.34 94.57
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Tab.2 Detection results of model under RGB + NIR image
LT B3] HER /% B 1A /% F1 {8/% S F1 B/ % AP/% mAP/%
. good 96. 56 83. 65 89. 64 85.16
YOLO v4 — CSPDarkNet53 91.49 86.70
bad 97.38 89. 62 93.34 88.23
good 91. 15 93. 64 92.38 96. 96
YOLO v4 — MobileNet V1 91.10 96. 50
bad 93.75 86. 21 89. 82 96. 03
good 90. 27 92.73 91.48 96. 37
YOLO v4 — MobileNet V2 90. 26 96. 24
bad 94. 81 83.91 89.03 96. 10
good 88.24 95.45 91.70 96. 87
YOLO v4 — MobileNet V3 89.95 95.24
bad 95.95 81. 61 88.20 95. 60
A Y145 Bt YOLO v4 — MobileNet V1 #i%1 YOLO v4 —
MobileNet V1 —3SPP %] YOLO v4 — MobileNet V1
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(20x20) (36:36) (5232) 3SPP & A 1.16 A~ [ 45 &L, & T YOLO v4 —
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L SPP SRS Dt H 30 3 A 2% 4 B Jo £ 39 5
Fig. 11 SPP network structure
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Tab.3 Test results of models with different SPP structures

H 7 5 HEH R/ % 4 [ %/ % FL /% V3 F1 /% AP/ % mAP/ %
good 91.15 93. 64 92.38 96. 96
YOLO v4 — MobileNet V1 91. 10 96. 50
bad 93.75 86.21 89. 82 96. 03
YOLO v4 — MobileNet V1 — good 90. 00 98. 18 93.91 97.175
91.96 96. 86
3SPP bad 98. 63 82.76 90. 00 95.96
M #E YOLO v4 — MobileNet good 91.53 98. 18 94.71 98.31
93.09 98. 02
Vi bad 97.40 86.21 91. 46 97.73

2.4 Mi@EE(RGB +NIR) BR T AE&EB A XTEE
BT HEBA P YOLO v4 — MobileNet V1 £ 5 f)
PERE , AS SOl Y 3 3B (RGB + NIR) %6 iF 4 & 5%t
JE 4 YOLO v4 #5581 ' YOLO v4 — MobileNet VI #E71 |
YOLO v4 — MobileNet V1 — 3SPP i 7 pi
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BAPE B2 i RS I B R PR A R I o AR 4
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MobileNet V1 4570 n] L v o iy 52 47 45 00 b 5~ 1 15 4%

1, I HL AT DL A b 4R 590 BRE K Bl o BT Y
UK IEAEAS TR b %5 B2 2% 00 1, B AU g 3k B4R AT
PR, BR b B T i 5 %% 4R 1 4R 08 XOF
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3SPP B RIFE A % AL HED 1Y KB+ BHR T A 3 A
KR K I L U8 ] SPP 45 4 v A 42 1 B K 4k
FEIFRA R BB B ROR . BRI PR BRI 4 B
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F1 {1 mAP fiz w1 WIS 7Y (4 o B 1 e e, 1 B
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(a) YOLO v4-CSPDarkNet53

(b) YOLO v4-MobileNet V1
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Fig. 12 Test results of corn seeds by different models
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Tab.4 Performance comparison of models

. SEHF1 mAP/ pa— < 0
16/ % % /s
YOLO v4 — CSPDarkNel53 91.49  86.70 6.401 x10" 2.00
YOLO v4 — MobileNet V1 91.10  96.50 1.233x107 1.87
YOLO v4 — MobileNet VI —3SPP  91.96  96.86 1.300 x10” 1.84
B3k YOLO v4 — MobileNet V1 93.09  98.02 1.284x107 1.85

YOLO v4 — MobileNet V1 7E4& il 10 21 RGB + NIR [4]
B ILIFE 18.5 s, P By R AG TN 1 ORE K A 1 FE MY
0. 088 s, 1A FIJ 552 f A I AR
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F1EA mAP 55, 3 20 4 BSRA & vT WOk Z 4 i
SFAEAF U A [ 5 5T A A R PR 2 A R TR Y o %
W B L 2 B e, G A EHR L AR R
R T I A DR IOK D e T R AE A

(2) 0 T i B AY G 3F 55 f F0 2 800 k2
YOLO v4 £ 1+ M 4% ( CSPDarkNet53 ) & i by 42 12 21
f) MobileNet V1, [ i %f H T H fth MobileNet 4% #
45 R W, MobileNet V1 f 1 g S A0, 7] B A5 720 g
SRR R R UG (1) 20% | A B 5 76 00 456G 1
HIHE T, W B o/ T R B S R

(3) Mt YOLO v4 — MobileNet V1 H #5 # il 45
U TN T 2 4~ SPP 4544, fil 4 T RRAE 1 i 4
JRI AL, B4 M3 0 T A B I B A B ORI I
A E A B R S35 FL{E 1 mAP 43
W35 5] 93.09% 1 98. 02% , VA6 I 1 0 & 14 46
F 1. 85 s, SFHAEKG I 1 A J K FhFFERT 0. 088 s,

Beijing: China Agricultural University, 2014.
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