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Abstract: To evaluate the feasibility of using deep learning for efficient and accurate wheat spike count-
ing, ten major winter wheat cultivars from the Huang-Huai wheat region(Fanmai 8, Zhoumai 36,
Zhongmai 895, Malan 1, Xinmai 26, Yumai 49, Jimai 22, Zhongmai 578. Zhengmai 1860, and
Zhongmai 255) were selected as materials. Three planting densities (1. 2 million, 2. 4 million, and 3. 6
million plants « hm %) were tested, and four deep learning algorithms(YOLO v5, YOLO v6, YOLO
v8, and YOLO v10) were employed to construct real-time video-based wheat spike detection and
counting models. The models were validated using field-grown Zhongmai 578 populations(3 million
plants « hm™?). The results showed that the initial loss functions and convergence rates varied among

models, with all models improving in spike detection performance as iterations increased. In terms of
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training speed and inference efficiency, YOLO v6 and YOLO v10 were faster but exhibited lower de-
tection accuracy compared to YOLO v5 and YOLO v8. Although YOLO v5 and YOLO v8 required
longer processing time, YOLO v8 achieved the best performance in recall (90. 90% ), Fl-score
(93.00%) , mean average precision(97.20%), and overall accuracy(88.00%). The correlation(r?)
between YOLO v8’ s spike counts and manual counts decreased with increasing planting density,
yielding values of 0.92, 0.81, and 0. 79 for the three densities, respectively. Field validation demon-
strated that YOLO v8 outperformed other models in stability and precision across different grain-fill-
ing stages, with the highest »? (0. 90) for real-time video-based spike counting. The model also
showed robustness against variations in planting density, cultivar, and spike growth stage, maintai-
ning high performance in complex field environments. These findings suggest that YOLO v8 is a reli-
able algorithm for wheat spike counting, suitable for yield prediction, breeding, and cultivation man-
agement applications.
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A Location of the study area; B: Experimental plots with different planting densities; C: Wheat field.
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Fig. 1 Geographical location of wheat planting area and UAYV video acquisition



52 W o ) 1 4 TR LA T 01 /)N 22 B ORS o 0 1 5 267
AN TR AR 2 B B A 7 H /N 22 R I B SR 7
Data collection of wheat video streams in production wheat fields [%—
with different planting densities ﬂ'/
iU
Frame extraction
¥
¥
; BamsE R & L]
AL . Dataset construction Data augmentation
Manual counting |
YOLO v5 YOLO vé6 YOLOv8 YOLOv10
RER PG
Model evaluation
v ¥
AR BRI IR WA R [ VERE Pk
—™ Recognition evaluation of Performance evaluation of
video stream models video stream models

|
! !

AR B RBIRR A7 HIRBIRCR
Recognition performance
under different densities

Recognition performance
in production wheat field.

F1 AP Acc

L

B R

Selection of the optimal model

E 2

1.4 HIEEGE

VU I DA ) o 3 R ) LG OBOH R D T8
RIYIN SR, T 22 B A 0 BT 3 B o K %5 4R L 5 B 3
BHE A7 it 25 5] R4k B85 L AR 5 0 5 d A (o
e 3 840 X2 160) 3 Y A 43 BE Rl 450 X 450
/NI, Ry T AR ) R B & R g 45
B 1 it , JEAR 2] 528 W BRI T LRI 2
RG24 51 T N T8 2 3 35 DL g TR b 1) 22
FERCH AT, B IR T EIMER (450 X 450 13 %) 5%
F14 S I FEL (i) T B BB R D e R e 1) 7 L 9
9 0.12~0.24 m®, {#i [ labellmg % 54 4 ¥EAT
PRE L B3 G R S AR TE R XS LI, A,
R T AR A 2 AR B L 0D N 22 )2 A2 DOk
HR S5 A R A7 b R R 3 45 PR 38 52 ), SR FH KO- 8l
e JHE LN KOT SR B RHAL L m TROR L BG UEORT L
J 6 Fh 7 G0 RS R AT B0 1 ok, 2L R4S 3 168 5K

s MR BEIZGFL: F1AM8GAP: PR R Ace: MERfZE,
: Precision; R: Recall; F1: F1 Score; AP: Average precision; Acc: Accuracy.

B B 2k B
Fig. 2 Technical roadmap

RUREE . ESRE R R SO & 4 iR,
Python 1 5 4 5 1 I A X 18 58 J5 1) RS 2547 1 R
FEE B DUARASHAR R AT RSO F, 4R 8:1:1 1Y
F 510465 5080 5 o R U e AR A AN IR £
1.5 ZERNEEFERE

YOLO v5 J&—4~&F PyTorch BIIRE ¥
SR o G 5 R A i S e Mosaic B MY 9 OR
W, ISR R AL XS 2 A8 ) s iz AR J) . LS,
YOLO v5 51 AT A i by B HE T35 5w, ik 17 X
ENEE € e E R T N W 15 A N OB i 1 Bt
RARS . S T 8GR 22 H AR 00 SE R ARG 5 R
A P EAE YOLO v5 HAERL T RelD(re-identifica-
tion) FEAE U HR , i e 7 R B o, 4 S B s E
P B B AE B AR RRIEF B,

YOLO v6 ¢ 3 A W58 8 GeF AT & . &8 Tall
7 FH BT, LA RS R b G B AR, M



. 268 - % X WY

546 B

A: Gaussian blur; B:Decrease contrast; C: Horizontal and vertical flip; D: Horizontal flip; E: Increase contrast; F: Vertical flip.
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Fig. 4 Data augmentation effect diagram
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Table 1 Comparison of training time and detection efficiency among different models
- N N 01 4cb B[] e 3L A (1] iy 4 5 i) S b A BBV A8 R
UM A4 B ?J”.% Hﬂﬂ Preprocessing time/  Inference time/ Output time/ D fle i WU Floating-point
Model name Training time/h ( . i . 1 . —1y Frames per second I .
ms * image ') (ms * image ') (ms * image ') operations per second
YOLO v5 11.15 5. 80 146. 40 19. 50 12. 80 95.97G
YOLO v6 6.37 6. 80 130. 60 17.90 13. 04 97.83G
YOLO v8 24,37 6. 20 144. 80 22.20 11.95 89.59G
YOLO v10 8.57 5.70 136. 90 0. 60 10. 07 75.53G

B PR RSB BT B G RR L (107 ¥ rlis 5.

“G” in floating-point operations per second(FLOPS) denotes one billion(10%) floating-point operations.
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Fig. 6 Correlation between the predicted and actual values of wheat spikes under different planting densities
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Table 3 Comparison of model prediction performance

under different planting densities

b %% 15
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o4 b
Model combination
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Fig.7 Comparison of the predicted and actual values at different wheat growth stages
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Table 4 Comparison of wheat spike detection results among different models
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Fig. 8 Correlation between the predicted and actual values of spikes in wheat field videos
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