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Online Detection Method of Corn Kernel Quality Based on FSLYOLO v8n

ZHANG Weiran'> DU Yuefeng' LI Xiaoyu'? LIU Lei'? WANG Linze'> WU Zhikang'"*
(1. College of Engineering, China Agricultural University, Beijing 100083, China
2. Beijing Key Laboratory of Optimized Design for Modern Agricultural Equipment, China Agricultural University, Beijing 100083, China)

Abstract; The broken rate and impurity rate of corn kernels are key indicators for evaluating the quality
of corn harvest. Aiming at the demand for online detection of corn harvest quality in complex agricultural
environments, a lightweight detection method for corn kernel broken rate and impurity rate suitable for
small and large detection targets was proposed. Firstly, a quantity and quality regression model was
established for complete kernels, broken kernels, corn cobs, and corn bracts, and an evaluation method
for kernel broken rate and impurity rate was proposed. Secondly, an improved FSLYOLO v8n algorithm
was proposed to address the characteristics of similar grain and impurity sizes, large number of detection
objects, and small detection area. The algorithm improved the backbone network structure through
FasterBlock module and small detection area and parameter free attention mechanism SimAM, and
improved detection head by using shared convolution combined with scale module. In addition, the
SlidLoss function was used to replace the original category classification loss function of YOLO v8n. The
average accuracy of the improved FSLYOLO v8n model mAP@ 50 was 97.46% , FPS was 186.4 {/s,
which was 6.35% and 45 {/s higher than that of YOLO v8n. The network parameters and floating-point
operations were compressed to 66. 50% and 64.63% of YOLO v8n, respectively. The model size was
only 4.0 MB, and its performance was better than the commonly used lightweight models. The bench
experiment showed that the proposed model can accurately detect the broken and impurity rate of corn

kernels. The accuracy of the detection results was as high as 95.33% and 96. 15% . The improved model
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was deployed on the Jetson TX2 development board and the device was installed on a corn combine

harvester for field experiments.

Key words: corn; direct kernel harvesting; broken rate; impurity rate; online detection; FSLYOLO v8n
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Fig. 1 Structural diagram of online monitoring

device for corn grain harvest quality
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for corn grain harvesting quality in corn harvester grain bin
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Fig.4 Image after Mosaic data enhancement processing
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Tab.1 Parameters of network

AR i A TE B i H1 3 T HR iy REAE RS ELi6 BRERA K Sk
Conv 3 16 320 x320 x 16 464 3 2
Conv 16 32 160 x 160 x 32 4672 3 2
FasterBlock — SimAM 32 32 160 x 160 x 32 3920
Conv 32 64 80 x 80 x 64 18 560 3 2
FasterBlock — SimAM 64 64 80 x 80 x 64 22 144
Conv 64 128 40 x40 x 128 73 984 3 2
FasterBlock — SimAM 128 64 40 x40 x 64 26 240
Conv 64 256 20 x20 x256 147 968 3 2
c2f 256 256 20 x20 x 256 460 288
SPPF 256 256 20 x20 x 256 164 608
Upsample 40 x40 x 256 0
Concat 40 x40 x 384 0
c2f 192 64 40 x40 x 64 140 032
Upsample 64 64 80 x 80 x 64 0
Concat 80 x 80 x 192 0
c2f 192 64 80 x 80 x 64 37 248
Conv 64 64 40 x40 x 64 36992 3 2
Concat 40 x40 x 192 0
c2f 192 128 40 x40 x 128 123 648
Conv 128 128 20 x20 x 128 147 712 3 2
Concat 20 x20 x 384 0
c2f 384 256 20 x20 x 256 493 056
L — Detect 64 x 128 x 256 107 479
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Tab.2 Model training parameters and environment

configuration
PR ZH
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Fig. 14 Training results of model on training and validation sets
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Tab.3 Ablation test results of YOLO v8n model

FasterBlock — L — Detect mAP@50/ mAP@ 50 - T 33 %R/ RN AE S B
L W 4% MPDIoU Ei6 I RS
SimAM BRI % % 95/ % (f-s71) J 4 /MB
X X X 91. 11 86. 66 141. 4 6.2 3014 674 8.2 x10°
vV X X 94.29 89. 36 178.5 5.3 2 653 628 7.0 x10°
YOLO v8n
vV vV X 96.27 89. 68 183.9 4.0 2009 015 5.3 x10°
vV % Y 97. 46 91.45 186. 4 4.0 2009015 5.3 x10°

T xRN IR VT ORI

&

16 Gkt EHUS ) GradCAM F4 ) [&]
Fig. 16  Different GradCAMs with added improved modules
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Tab.4 Comparison of detection results before and after improvement of dataset and algorithm

F5 95 mAP@ 50/% mAP@ 50 —95/% ey =Rr =iy WO R/ (fos™") BB AE S HH/MB T B R
YOLO v4 — tiny 48.32 7.0x10° 87.0 25.08 6 056 606
YOLO v5n 70. 80 57.80 7.2 x10° 166. 6 6.0 2509 244
YOLO v7 — tiny 56. 30 41.80 1.32x10" 103.7 12.3 6023 106
YOLO v8n 91. 11 86. 66 8.2 x10° 141. 4 6.2 3014674
FSLYOLO v8n 97. 46 91.45 5.3x10° 186. 4 4.0 2004 839

HHAR R LB R A L, A SCRREAERT T USRI TRk A P
A KRR BEAR T B A, BRI W, S IS I A B AL R BB 3 PRI A5 158 AN [ A A
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4 MB, G A 7EfRREFETT bl & L& . BATERE  ting \YOLO v5n YOLO v7 — tiny S8 42 i AL R A, 44 [n]

P17 AN TR B A AU 495 2R (B 37 AR A T 21, 5 Bl /s B R A T )

Fig. 17 Recognition performance measurement of different algorithms (white circle represented undetected

blue circle represented error detection)
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Fig. 18 Testing of detection device
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Fig. 19 Real time detection of images
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Tab.5 Field vehicle test design and results

iy T/ REHE, MR, AT ANTREM ELRKI A RN B DR R A X & 22 R AT
(km-h™") (remin~") mm TR/ %o TR/ T BWEWER/ % HFHR/ % R/ % R/ %
1 2.00 325.00 37.00 5.52 1.32 5.59 1.30 1.27 1.52
2 2.71 310. 00 35.00 4.43 2.01 4.63 1.93 4.51 3.98
3 2.75 300. 00 32.00 5.84 1. 14 5.63 1.06 3.60 7.02
4 3.47 315.00 33.00 7.35 1.55 7.86 1.47 6.67 5.16
5 2.45 320. 00 38. 00 6. 86 1.31 6.57 1.38 4.22 5.34
6 1.93 330. 00 35.00 6.06 2.29 5.71 2.19 5.94 4.37
7 3.00 325.00 33.00 5.94 2.15 5.62 2.17 5.39 0.93
8 2.76 340. 00 32.00 2.23 1.57 2.14 1.48 4.04 5.73
9 2.72 345.00 36. 00 4.93 1.89 4.66 1.87 5.48 1.06
10 3.45 350. 00 38.00 3.69 1.53 3.58 1.46 2.98 4.58
F6 ERIFRFERMK RT KERWER
Tab.6 Composition of corn grain samples Tab.7 Device detection results %
. FEARE 8% E WHE  ME — o W% & Ju
g TIOORER KRR R e T T
e Wb/ Wl g T R e
1 2235 2184.78 44.63 5.59  2.00  0.25 1 2 T g ! 2 T e
2 1367 1315.97 40.71 10.32  2.98  0.75 1 1.93 1.92 1.95 3.33 0.24 0.25 0.26 2.67
3 1704 1615.39 67.31 21.30  3.95 1.25 2 3.14 2.88 2.86 4.45 0.73 0.72 0.77 3.11
4 1630 1521.41 80.07 28.52  4.91 1.75 3 3.89 4.25 3.83 4.42 1.24 1.21 1.18 3.20
5 1032 948.27 60.51 23.22 5.8  2.25 4 5.22 4.77 4.78 4.47 1.68 1.67 1.71 3.62
5 5.67 6.24 573 4.67 218 2.19 2.12 3.85
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Fig.20 Bench test
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