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Abstract: [Objective] In order to improve the grading detection accuracy and speed of hybrid rice seed vigor.

[ Method] A rapid grading detection method for hybrid rice bud seeds named YOLOv5-I model, which was an
improved model based on YOLOvS, was proposed. The feature extraction ability of the target channel of
YOLOVS-I model was improved by introducing the SE (Squeeze-and-excitation) attention mechanism module,
and a CloU loss function strategy was adopted to improve the convergence speed of this model.

[Result] The YOLOVS5-I algorithm effectively achieved the rapid grading detection of hybrid rice bud seeds,
with high detection accuracy and speed. In the test set, the average accuracy of the YOLOvVS-I model was
97.52%, the average detection time of each image was 3.745 ms, and the memory space occupied by the

YOLOvS5-I model was small with 13.7 MB. The detection accuracy and speed of YOLOvVS-I model was better
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than those of YOLOVS5s, Faster-RCNN, YOLOv4 and SSD models. [ Conclusion] The YOLOv5-I algorithm is

better than existing algorithms, improves detection accuracy and speed, and can meet the practical requirement

for grading detection of hybrid rice bud seeds.
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Fig.1 Classification of hybrid rice bud seeds
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Table 1 The number of data set samples of hybrid rice bud seeds

KRR ZFFPT Wi A 1 REFFT KZFR

w ) Ungerminated seed Pre-germinated seed Germinated seed Long bud seed RA A

M 2. L) EZ24 FR EZ L) 2 MR Mixed 4

Data set . . . . ] . . . Total

Multiple Single Multiple Single Multiple  Single Multiple ~ Single  bud seed
seeds seed seeds seed seeds seed seeds seed

Y E%S 400 480 546 530 679 637 423 345 400 4440
Training set
LSaTIRES 60 75 66 81 87 60 53 43 30 555
Validation set
IERRE S 60 75 66 81 87 60 53 43 30 555
Test set
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Fig. 2 The schematic diagram of SE attention mechanism
module
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Fig. 4 The schematic diagrams of IoU and CloU
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Fig. 5 YOLOVS5-I network structure, and CSP1_X and CSP2_X modules
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seed,““cy” means long bud seed, “wfy” means ungerminated seed
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Fig. 6 Image annotation of hybrid rice bud seeds
3.1.2 N d84F SRAUERREE (Precision, P/ %) A
[0 # (Recall, R/%)- AP(Average precision, AP/%)
F1 mAP(Mean average precision, mAP/%)4 M Fx
SR REATVERE PG o THEE AT
TP

P=— 1 9 ’
TP+ pp < 100% ©



6 1 B, 25 BT YOLOVS Bt AR (1) 44 A8 8 25 b i 2 A il 965
TP 0.10
R=———x100%, @) s
TP +FN 0.08 | —¥8t8vgsl
1
Ap:j P(R)dR x 100%, (8) w2
0 Q E
e o
mAP = -~ ;AP (k) x 100%, 9)
0

A H, TP Al FP 4373l 7 5052 1 TEFF AR A0 R iR A 1
FEA, FN N SAREAS, M ORI H b 0250
%, AP(k) N k2K AP {H.
3.2 MERUHBIE RIS NZE RELER

WIZRHT, M2 N EHR B RN 608x608, &
WE N 36, ShHERE N 0.937, WG >1FE N 0.0001,
BUEZE I B N 0.000 5. BEAREA BN 300 K,
Y ko #% o A8 BE HLBE FE T BRvE Ak 52 21 2, )l
Sk AR 7 Fros. BB 7 AIEL YOLOvVS-1 Hiik
Hi 28 46 2 2 T YOLOvSs ik fh &k N 77, % B
YOLOvS-1 B 40 & R T YOLOvSs 154
X YOLOvSs #i 2k #2610 5, 24 Ik Ik B0 i
100 K Jg, fE55 140 XA 240 K A4 HBLEH B
2 Uk T R ek, 3R B RS R AR M R A R
YOLOvS-I #i 2k B 21 &, 4l ZrikEE 2 50 ]
AT, R Al I n T U, M2 aEs e, &
AR A ) e e MR . DR FE T CToU 4 2% bR £ 1)
YOLOV5-I #52 LE 3§ GloU 22k B £ [) YOLOVSs
AR LA BB A WS RN SR AT (AR e

Bl 8 25 th T ARG ORI EF B EE 5. &

100 200 300
PIE:3V€3

Traning rounds

7 YOLOvVA-I1 1 YOLOVSs 15 813)I1 2k 5 thk

Fig. 7 Training loss curves of YOLOvVS-I and YOLOVSs
models
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Fig. 8 Detection effect comparison between YOLOVS-I (a) and YOLOVSs (b) models

YOLOv5-1 Al YOLOvS5s 1 A48l 45 5 1) P-
R MZ & 9 Frow, HI45 RS AA R BT T A1 Xk
T AR 2 7~ i ABE ARG W) PO v AF E o T 9 AT 6, X AR
RGE IR ER 1 R EE R SR R 2RI, YOLOVS-1
{1 P-R B ZZI7E YOLOVSs fAMI, H.oih 4 5 55
ARBR S (1,1), 28] YOLOVS-T K60 i) e o B2 i T
YOLOVSs, PEREFEAL

3.3 YOLOvA-I 28 5 H th BEG M 25 RELES

f55 R AH [F) 0 B0 9s 4R, SR H Fo At 4 SRR
YOLOVSs. Faster-RCNN. SSD 1 YOLOv4 #4751l
Zk, 1B B AEE 5, AR INASE Edifr
R, 5 il B ARSI W 4 7F B A FE REA 0.5 Ik
17 mAP. #ET R 1 8] SN P I A] A AR, 45 R
W 2 fis. R 2 Al %0, B4k -, YOLOvS-T H#x



966 HErg RO K 2= 244 (https://xuebao.scau.edu.cn/zr/hnny _zr/home) 44 5
e YOLOVS-I  ceeeee YOLOVS5s
P e T
8§
e b+ WM R (15T
S | KA b D e ¢ R A ds K2 A
18 a: Ungerminated see + Pre-germinated see c: Germinated seed d: Long bud seed
20 40 60 80 100 20 40 60 80 100 20 40 60 80 100 20 40 60 80 100
B (R)/% A (R)/% HIEI (R)/% HIELZE (R)/%
Recall Recall Recall Recall
9 YOLOVA-I 1 YOLOvSs #2851 4 FhFfnia 25 R0 P-R ghik
Fig.9 The P-R curves of detection effects of YOLOvVS-I and YOLOVSs models for four types of bud seeds
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Table 2 Detection results of different object detection networks for four types of bud seeds
K L (mAP)/ %
(RN Hor P9 245 . ) ) AQr U 5] /ms
N i Mean average precision W (P)%  ARIZE(R)% " )
Status of Detection - — —— . Detection
kL e A P Precision Recall }
bud seeds networks . . time
Single seed  Multiple seeds Mean
KK YOLOVS-1 99.54 98.12 98.83 98.63 98.91 3.21
Ungerminated ~ YOLOvSs 97.21 97.87 97.54 98.56 98.87 5.56
Faster-RCNN 96.52 94.85 95.68 97.56 96.45 23.54
SSD 95.47 93.25 94.36 94.21 96.42 6.52
YOLOv4 94.87 92.47 93.36 98.21 97.13 25.24
4 i i 11 YOLOV5-I 98.17 96.85 97.51 97.72 98.46 3.63
Pre-germinated YOLOvS5s 96.58 96.41 96.50 96.21 95.43 4.25
Faster-RCNN 95.14 94.21 94.68 94.28 95.17 23.73
SSD 95.42 92.21 93.82 89.57 88.52 436
YOLOv4 94.82 91.57 93.20 93.24 95.72 24.83
R YOLOvS5-1 98.28 94.22 96.25 98.16 97.54 4.58
Germinated YOLOVS5s 96.41 95.47 95.94 93.51 93.42 5.68
Faster-RCNN 95.24 92.17 93.71 94.56 96.41 25.83
SSD 94.85 93.57 94.21 85.72 86.36 7.98
YOLOv4 93.47 92.28 92.88 92.53 94.26 26.83
K2 YOLOVS5-1 97.57 97.39 97.48 96.89 98.16 3.56
Long bud YOLOVS5s 95.43 95.28 95.40 95.24 97.41 5.14
Faster-RCNN 92.91 94.29 93.60 95.74 96.52 23.47
SSD 89.56 93.82 91.69 90.52 89.71 5.75
YOLOv4 90.51 93.82 92.17 93.58 94.28 24.84

LU X 268 7E mAP. #ERA 2 . A [ 2 R0k A 35
ftF HoAl B bR 535 . YOLOVS-I. YOLOVSs.
Faster-RCNN. SSD fl YOLOv4 % ] mAP KX
9 97.52%- 96.36%- 94.42%-. 93.52% 1 92.90%,
P HIKN 97.85%- 95.88%- 95.54%- 90.01% £l
94.39%, R KK N 98.27% 96.28%- 96.14%.
90.25% F1 95.35%, ~F-F1 4 I B[R] 4K 2 3.745.
5.158. 24.143. 6.153 H1 25.435 ms. YOLOv5-I 5%

] mAP 435tk YOLOvSs. Faster-RCNN. SSD #l
YOLOv4 E %7 1.164 3.10. 4.00 A1 4.62 N 4>
Rs YOLOvVS-T 5k 11 35k Wil i 8] 43 1 b
YOLOVS5s. Faster-RCNN. SSD 1 YOLOv4 5.2/
1.413. 20.398. 2.408 11 21.690 ms. It4h, YOLOVS-I
AL BN A2 N 13.7MB, # x4/, t
YOLOvSs /0T 1.9 MB. A ., YOLOVS-T kAR
T A M B, SB T e RS B R R ) 42
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PR, 25 BT YOLOVS Bidb st A i) A8 T 28 Foh il 43 25 il 967

2%V RE RE 95 395 AL 2% S 28 b 20 ZAS I 1Y) S

4 Z5ip

HT YOLOvSs #7, it 5] N\ SE yE= S
ACACAR T BR L, $R T — M AR ARG 2 MR 43 %
KA YOLOVS-1, SEHL 1 2R A8 R 2 B bR 4 4%
Kl o K YOLOWVS-T B B I 44 58 78 2 Fh 4 4%
I, P3G EAN 97.52%, T HERI RN 97.85%, 1
B Bl 20N 98.27%, P30l vt 7]y 3.745 ms, fE
3 2 A AT AE ZF PRI S AT SR . 5
YOLOVS5s. Faster-RCNN. SSD #1 YOLOv4 3% kb
5, YOLOVS-1 L TC 18 2 B 2 T R #0f B i
PRI, K5 4 5 EE YOLOVSs. Faster-RCNN,
SSD 1 YOLOv4 5% 1.164 3.10. 4.00 fl 4.62
A5 5 YRR (8] 43 5 L YOLOvSs. Faster-
RCNN. SSD fll YOLOv4 & y%k/> 1.413. 20.398.
2.408 F121.690 ms.
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