220

FaE  FE4H
2025 & 2 H

Kok TR R

Transactions of the Chinese Society of Agricultural Engineering

Vol.4l No4
Feb. 2025

ey AN ER

BAN, His , BBEE, TX%x, AW, %BRAMF
(EJer I KRFHBME R, fRE 071003)

E T YOLOvS8n-Aerolite BY%% 2 {4 ik =~

WOE: DNEWALRN Y B TR R R R BRI S, O T R == e e IR e I 2R DA K
R R SRR RN, A RS (i L, 2T iR T — M A B AR 5% YOLOv8n-Aerolite. H 56, R
F StarNet /E 9 E T M4, TR F 3N KA 2 B & At 4k /2 SPPF_LSKA (large-separable-kernel-attention) ,
SR AR R R UE AR A 26 SR 5 7R 3000 I 2% 7 2Rl 45 & StarBlock [ C2f Star BB, £ e B tof st =2 o i A i 1y
MR fJa, RAUEEEFONEMM 2 E SN L Detect LSCD (lightweight shared convolutional detection head) ,
FEFHABETI AT /)N B Brksr ] 000K BE RIS BE o ZE T E == iy PR St A 10 H AR A D38, YOLOv8n-Aerolite 5.3 (1734
BEEILR T 435.8 Wi/s, KEHAIZIE 91.1%, MLESTAF RN 3.1 MB, X TSR HUSFTAE s B AR KRS B34 91.6%, {E
PR JEHGRIE I E R 78%, WFFLEE AR /N EY A AL RS BRI E S5

XHER: RAF ] YOLOvSn: ¥k 2APd . 4284b: Mk B AFEN

doi: 10.11975/j.issn.1002-6819.202408192
FESES: S126 MRAFRESS: A

BokA, BT, PRISEE, F. ET YOLOv8n-Aerolite HI52 8 (L #IIR = #h & B AR M B A D] Rl TRRZFR, 2025,
41(4): 220-229. doi: 10.11975/j.issn.1002-6819.202408192 http://www.tcsae.org

ZHAI Yongjie, TIAN Jiming, CHEN Penghui, et al. Algorithm for the target detection of phalaenopsis seedlings using
lightweight YOLOvS8n-Aerolite[J]. Transactions of the Chinese Society of Agricultural Engineering (Transactions of the CSAE),

TERS: 1002-6819(2025)-04-0220-10

2025, 41(4): 220-229. (in Chinese with English abstract)

0 3| =

G 2 ARy —Fh 2 AR AR AR AR, R LR AR
Je M E M E MR 2 5B, SR, RGN TR T
XFAME R TAEMEE. FIET. i, N ToHk
HR: 721 R 2 WA Bl v B JC TR E, B4 N o e K 44
FHHAR . BEERHRRE, Baith. N LR BEAILE
NFARIZ A N T80 2 M e 4. DI RPh SRR
o fEIXEE H A IR, DUSEELR AR H B
s 35 . R 2H 2RO RS B 1 E B A I R O
FR.

X REYA L B brkarill, B 32 2R H G ab
FIHLAS 2 2] 5 idee Tyl AR ) ) F g S R HL 2% 2 ST Y
AT S S S X A& N e i, SR E AR KA S
M8 S SR N R &0 TR 5D I AT L6k 1
PRERRAIE 45 5 S ) B ALEEAT iR 2 8 TURR 50 s B 1R
%, KH SURF (speeded up robust features) $51E &
A ERAE N 4y ) 45 R AT . i % v ICRE F 0 1 R
ZHiRRAES . RIS G KGR A BRI BP #f
28 W 28 SR0E S| N B FOK M SR i W, SR T K
b N N s e B R 1 | I £ W a1y B S

ek H A 2024-08-26  EITHH: 2024-11-19

HETH: BEXAARRFESBEGIEESTE EASCRIE ((U21A20486)
Wb EARREEIE e EH  (F2023502010) 5 648 m 54 Rb AR
WP H % B (QN2024171)

TEF I BRAS, W4, B, W Moy s

Email: zhaiyongjie@ncepu.edu.cn

doi: 10.11975/j.issn.1002-6819.202408192

http://www.tcsae.org

TEM A ) B bRkl v 5 52 4 SRR B e, (KO T30
N VREE A, YIZRI A1 BRI BE AR

ITAER, B TR L5 I H A A 77 v UL B i
WM Sz AR AR B A 2 B2 . &
RALEL S F 1 YOLOV4 T4 27 ST AR RS 36 R[] B 2
FEERFEMBATEN, %454 HSV C(hue saturation value)
J7F0F B A B LA X IR AT 0 B, B e Rl R R R
IR . X% 0 K B0 ) Faster-R-CNN #1220
250 By % TSR T BB A7 AT R, 38 A R R AR £
BRI 28 R TR ARG o LE 25UV 3R T — R T 423085
ARSI 7%, 7 Faster R-CNN B 1 5] X Inception-
ResNet-V2 FpEH UL, Kl ST TS E. #
RS %) YOLOv4-tiny BEATBGE, 7R8I T 7676
Ak, JRAEF T Mg\ T EBREE B, B
338 5 X A7 0 40 JE B 1 7 50 (AR BE . ZHOU 250
MobileNetV3 % £ Android V- &, J#id &[] APP 5L
PUBRAGE R = B il B LIS T AT TR IIAS R, (BAE
R (e AR RV, A AFR & AN A7 B8 U A
HVRERNINGE&AT, LA AR ZE .

FERE R AR AT O 400, YAN SOV 3R T — g
ALK YOLOVS HARK ML, T S i 126 s E R
AR NE . FERESE R T — MR R SR
TR, 3@ 5]\ EfficientNet P45 M0 YOLOVSSs,
U JE B S A B O SR UGB 1) 55.5%, (HAESF-3HG
BE AT T 0.6 NE . MR AR T ETERN R
B, AEHT/NEY AL H bR EAES

FEM A B R IR, 75 (AN 2 e RS


https://doi.org/10.11975/j.issn.1002-6819.202408192
https://doi.org/10.11975/j.issn.1002-6819.202408192
https://doi.org/10.11975/j.issn.1002-6819.202408192
https://doi.org/10.11975/j.issn.1002-6819.202408192
https://doi.org/10.11975/j.issn.1002-6819.202408192
https://doi.org/10.11975/j.issn.1002-6819.202408192
http://www.tcsae.org
https://doi.org/10.11975/j.issn.1002-6819.202408192
https://doi.org/10.11975/j.issn.1002-6819.202408192
https://doi.org/10.11975/j.issn.1002-6819.202408192
http://www.tcsae.org
mailto:zhaiyongjie@ncepu.edu.cn

4 1

KNS FT YOLOvSn-Aecrolite [ & AV MII8E > F fy H A5 kG 0 4355 221

5 B )R . (HIE BERE AR T4
WA I BT A M, Bk, FER M
¥ B R AR I DR AN, AR X I 2 Rt ) S
SRICHL T AR, 3% 2 A0 W 25 A SR S R X b i i
W >, H A H 2R AT H AR AR RN, RS 0 A
JSE 24505 /I B I KE A P 4 v o

BExt EiR E) , ASCAE YOLOvSn 36l Bkt T
— ol G 2% P P A AR R YOLOV8n-Aerolite, JEId Xt 3=
TP 2 X 4% R Sk 350 0 2% kg, B PR AR Y 1)
BREATRRE, (R SIS RS R S A I R A, DA
1A w1 UE =2 i ) B B4k e EER AR — bR ORS A 1 e
1k B AR A

1 #RFEE

1.1 BIERE

A YRAR TG K 7 5256 25 25 1F T HA 5% () 10t =2 o 7y 1F
LA NS RGB BIE, #0814 Intel TREEAHAL D455,
B A5 08 TPG %30, %N 3072x2 048 8% .
FH T S B 350 B P AR X A o G % A R LR A,
AR IR X6 AN ) 28 25 0 ) 1t 2 o Py 0 5 L4 4R, A
TR, 5 BT B HEE A o B . e s
MZALRE ST, FEEIE SR, 2 MEMET 2R 4
T R R, FEBIAE 1 TR,

b. BT M
b. Dark without stains

a. W58 G A
a. Bright without stains

d. RIS A
d. Dark with stains

c. BSEA G
c. Bright with stains

B 1 Bk 2 Al R

Fig.1 Phalaenopsis seedling images
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Fig.2 Annotation examples of phalaenopsis seedling images
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Fig.3 Phalaenopsis seedling dataset category distribution
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Note: V indicates the use of the module, and - indicates the non use of the module, base model is YOLOv8n. The same below.
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Table 3 Hyper parameter comparison experiment results

[FlI 7E S HOR AT ps B E IR R R EAL, ALt
LRSI R, XK Y], StarNet 14 £ T ML IR
R 1A [ P A R B 1 A B A R HE B P PR 755K AE
WY T A S bR A 7 B R R
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Table 4 Backbone network comparison experiment results

BE R

EFEG CFHRES s NS fON Inforence
; !

Backbone  {H mAP,s/% Params/M FLOPS/G W;;i};;z ]fs'lle o SS;E;E(LI)
Ghostnetv1?! 90.9 1.454 42 32 90.2
LSKNet!! 90.5 5.051 17.8 10.5 128.0
RepHGNetv2*! 995 2.144 6.5 46 932
RevColNet™?”! 89.9 1.433 43 3.2 109.0
StarNet 91.1 1.440 4.6 3.1 435.8
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Table 5 Head network comparison experiment results

RE e —
TR wE g Cpomn | SR
H /0
llllest rate Momentum Weight decay =~ mAP,s/% FPS/(is )
T 0005 0.937 0.0005 90.2 3672
0.020 0937 0.0005 89.4 233.1
30010 0920 0.0005 91.0 75.6
4 0010 0950 0.0005 90.5 79.1
50010 0937 0.0002 90.3 81.2
6 0010 0937 0.0010 90.2 236.4
7 0010 0937 0.000 5 91.1 435.8

SR 2 AR PR ¥ Precsion/% I
Head net\;lork mAP, /% R AR EEEZE  Inference sg?ed
) Blade Stem Black tuber FPS/ (fii-s™)

HEE 3 AT, MBS ERNFIEHN 001, =
9 0.937. BUEZEIHN 0.000 5 B, AR ZE K A FEE AN RS
SEME T R B e o X 4 A AR AR S Sk
ARG 2 MDA B T RUFH-F, BErEdREnT s
BOERERE, AT MU, ER S E R
PLE BRI A . ShE % B T AU g R e i,
A3 HAE A AN St A2 P ORARE 0o 25 BB A 2 PR AU A o
A, B R CE AR B 7 KA E R, G T
MERENLFEEK. Bl 5 EEE T IESH
He, AR AE SEBR N B s e R .
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N T I E T N AR TR R B AR A A
i P RO B B A RE MR, A U LG T 2 AR L 32
W2, bt R RS2, RIS S Rk 4 Fios.

3 4 W41, Ghostnetvl TEFEHIE . =, F A8
12 B AR DA R R E S A KN T i A SO A, ]
7 HEFH R 5 1R FPS 1A 90.2 Wifs, ki & 92 b e
7K. LSKNet fEM MR T HIMERIAE, Hhs
BEIEE T 5.051 M, {ESLPrAm BN & ERRKHE I
RepHGNetV2 7EXEE LRI R 4T, ~FRNEEHHEER T
90.5%, {H7EHERLEE - FPS AV A 93.2 Wi/s, Ak &
12, RevColNet fEZ% & LAUH 1.433 M, (HIERZRA
K 90%, B HEFEE S, StarNet 78 2 W& b5 I E I
S CPEIREREYE N 91.1%, L EIETTE 435.8 Wi,

Detect DyHead"" 90.1 98.4 824 89.6 118.6
Detect AFPN™) 89.8 975 819 896 72.1
Detect_Aux""! 89.4 992 815 87.6 124.8
Detect_Seam!®"! 89.5 97.5 89.3 81.7 1432
Detect LSCD 91.1 97.1 845 916 435.8

2 5 R 45 T %0, Detect Seam X JIE ARG I 4 F&E
By, ELSH B B K ARG A ST 2K B A B A
81.7%, X BAFXNS /N H bR ORI AR 82, A& T LA
BN H bR 5. ISk, Detect AFPN F
Detect DyHead [1] 14 68 R BLRS & R KRS FE i, (H AR
TSN 721, 118.6 Wi/s, A fA i BE 33 5 PR o 1 3
TE SRR = AR5 R & F P . Detect Aux [1J°F
Wi FE MR 89.4%, MIGTEAK,  H7E 25 77 THI RS Il 14 A
HARH,

AL H Y Detect LSCD Sk 55 W 4% 78 45 B Al FE -
RS, FRREESMEER T 91.1%, HEHZEH
57 Aoz WK IR 91.6%, Aor I JH B 435.8 Mil/s. 1% 1 B
Detect LSCD ¥ i1 5 38 A Mo 108 > b 15 AN ] 350 7. 1) 4 T

AR 55, A AR A SIS R B 1k 75 SR v (037 55t oh R L
NS
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T B U AR TR T G 2 o S 0 R A R R R A
6 X T AT TR B ARKE IR, 5 YOLOv3P?,
YOLOv5P?!, YOLOv6PY. Faster R-CNNP*, YOLOvS8n.
YOLOvS8n-ghost. YOLOv5-ShuffleNet £l YOLOv9",

i 6 A[ %0, YOLOV3 fEAI A mAP, s N 84.4%,
HESHE L 103.732 M, AP HEFER K YOLOVS
F1YOLOV6 IR S8 5 FIVT fda AR A/, HERLHE
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FE 4y ik E 277.3 263.2 Wi/s, {HIE mAP,s ¥Ebs EAHE  H&E 1.714 M, BEMAMBHE, EHEEEENA 80.6

AN 85.5% A1 84.1%. Faster-RCNN 7E £ I J& 5
RIS, mAP, s 1% 86.0%, {EAE PR Bkl 5k,
R B AR K. YOLOVY 7EHG B E R o, {HH
45372 M M ERCR, R\HTFFET KRR, ElL%
WA BT REZ IR . A SCHEXS HEAR I NN T8N

Wi/s, FEAL. YOLOvS-ShuffleNet i — 51/ T S
FASUE SO R/, BEEIAUE SO R/MYE 3.4 MB, {H
H mAPs A 84.3%, TEERMESHHIRIAR. Mk
Z F, YOLOv8n-Aerolite LA 5 /) f X B 3 £ K /)
(3.1 MB) SZHL T #5119 mAP, s (91.1%) A Il 3ok

=2 A% F ) YOLOvSn-ghost 1 YOLOvS-ShuffleNet 4% & (435.8 Wi/s), fEMERES R FIARCPAT, 2 3R IR
AR, YOLOvV8n-ghost AUEE LA R/MU A 3.8 MB, £ I M BEARIE S
F6 BIEBENZRITEE
Table 6 Comparison of detection effect of multiple models
" F& FE Precsion/% " N E 3 " NS
e R i gEs gaccn | R sep s
s 0, 0, H H
Model Blade Stem  Black tuber mAP, /% Recall/%  Weights file size/MB FPS/ (iifi-s ) Params/M FLOPs/G
YOLOvV3 97.9 71.3 84.4 84.4 79.5 207.8 122.3 103.732 282.2
YOLOVS 99.2 73.8 83.5 85.5 81.7 53 277.3 2.504 7.1
YOLOv6 98.8 71.7 81.8 84.1 80.2 8.7 263.2 4.234 11.8
Faster-RCNN 98.2 73.1 86.9 86.0 58.9 315.1 1.1 41.761 196.7
YOLOvS8n 98.7 88.8 83.7 90.4 86.1 6.2 182.3 3.006 8.1
YOLOvV8n-ghost 97.6 81.4 88.5 89.2 85.7 3.8 80.6 1.714 5.0
YOLOv5-ShuffleNet 96.9 80.4 75.5 84.3 79.0 34 344.8 1.571 4.6
YOLOvV9 99.4 70.9 85.7 85.3 84.1 102.8 206.7 45.372 207.9
YOLOv8n-Aerolite 97.3 84.3 91.6 91.1 86.4 3.1 435.8 1.440 4.6

WK 9 for, W WA R F L YOLOVS-ShuffleNet
TEREAS 3 B A v BT RS T S A I AR A R =
EALRL Y, FEREAR 2 WP BUAS A IR G, S B XA 1R
KA T e [FEFE, YOLOvS8n-ghost i A8 5 Y A5 E0
FABAPE, EAEAR 1 AT B 2 E SR
IR, FEREAR 2 RAEEXT I A A . AHELZ T,
A HU) YOLOv8n-Aerolite 5576 K6 d R UL 5
TEZAREA F 3558 BT S U0t 22 Tl 45 8% 355 S 8 B PO ARG 01

FEAL
Samplel %‘
kA2
Sample2
PR3 y
Sample3 = 5 .
P4 ;
Sample4 4 :
Jiit ¥ Original YOLOVS- YOLOV8n- YOLOVS8n-
pictures ShuffleNet ghost Aerolite

B9 AMEAL T AARA MR
Fig.9 Comparison of detection performance with mainstream
models
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33 il
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1, A KeyShot ST RERIE , AE R T 2 AR
WG 2= P P AR, I MAS ) ) FE R AP v R . AE Y
KR o o, g T 3 2 168 TR B Rl EG, I
P IR 8:2 1 H A7 K Bl SR X A N R AR AN A4 . 38
WEMZHEES 23578, R4 RWNE 7w
5 YOLOvSn tH L, YOLOv8n-Aerolite ) mAP, s £l 4 [A]
RO HRTT 1.6 M 14N H s, M ERT T
84.8 Mi/s, 7T =4 & F W >4 Fh iy b AR 25 1A 10
Fiior, IEB YOLOv8n-Aerolite £ %3R4 FiZ Ab 47

F*7 ZHEFEEILRI
Table 7 Comparison experiment of three-dimensional
reconstruction
. Tkl ams SRR
157 Model AP, /% Recall/% Inference speed
05170 ®  FPS/ (Wis™H
YOLOv8n 89.2 84.6 206.4
YOLOv8n-Aerolite 90.8 86.0 291.2

N
@“t-m: 1 0,55

b. YOLOvVS8-Aerolite

a. YOLOv8n

B 10 YOLOvSn 5 YOLOvSn-Aerolite 494+ # = 4 T4 R
Fig.10 3D-reconstructed seedling detection results of YOLOvS8n
and YOLOv8n-Aerolite
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Table 8 Comparison of calibration control and deployment of this
paper's model detection

FHL 7% Gripping strategy FEUHINF Success rate/%

FRAE$E ] Calibration control 32
T2 Model deployment 78
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Fig.11 Implementation results of gripping task
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Algorithm for the target detection of phalaenopsis seedlings using
lightweight YOLOv8n-Aerolite

ZHAI Yongjie , TIAN Jiming , CHEN Penghui , WANG Jiahao , HU Dongyang , XU Dawei
(Department of Automation, North China Electric Power University, Baoding 071003, China)

Abstract: This study aimed to improve the efficiency of visual detection for the seedling gripping points in the automated rapid
propagation of Phalaenopsis orchids, particularly on edge devices with limited computational resources and storage capacities.
A lightweight algorithm of object detection was introduced (named YOLOv8n-Aerolite), in order to balance the high detection
accuracy and the low computational complexity. As such, the algorithm was suitable for real-time applications on devices with
restricted hardware capabilities. The StarNet was then developed as the backbone network, due to its efficient extraction of
various features. An SPPF_LSKA (Large-Separable-Kernel-Attention) layer was incorporated to further optimize the model.
The computational demands of the model were significantly reduced to maintain high precision during detection. The large-
separable-kernel was designed to enhance the performance of the model, in order to process the key visual features with
minimal resource usage. There was a critical advancement for the edge devices. Additionally, a new C2f Star module was
implemented to combine with the StarBlock in the network's neck for better feature fusion. Some finer details were then
detected, such as the small and intricate points of seedling gripping. The C2f Star was also integrated to introduce multi-scale
feature processing. The gripping points were distinguished in the dense environments, where the seedlings were closely spaced.
The detection head was also redesigned to include a lightweight shared convolutional layer structure, referred to as
Detect LSCD (Lightweight Shared Convolutional Detection Head). There was a notable increase in the detection speed, in
order to reduce the overall size of the model. Specifically, the optimizations were fully realized to perform efficiently under
resource-limited environments. The improved YOLOv8n-Aerolite algorithm was then tested on the image dataset of
Phalaenopsis seedling. Experimental results showed that the improved model was achieved with an average inference speed of
435.8 frames per second, highly suitable for real-time applications. The improved model was also marked as one of the greatest
available options for the detection of edge-based seedlings than before. The detection accuracy of the improved model reached
91.1%, particularly with an impressive precision of 91.6% to detect the small targets black tuber. The gripping points of the
seedlings also validated the reliability of the improved model in practical deployments. Such high accuracy was achieved in the
detection of small targets, indicating better suitability for tasks where the precise targeting of small objects was essential. In
addition, the weight file size of the improved model was compressed to just 3.1 MB, particularly for the deployment on the
edge devices where the storage capacity was constrained. A series of practical gripping experiments were conducted to further
validate the algorithm. A success rate of 78% was obtained for the high efficiency of the improved model in real-world
scenarios. The generalizability of the YOLOv8n-Aerolite algorithm was also tested on the 3D reconstructed dataset of
phalaenopsis seedlings, similar to the detection of small targets. The results showed that the mAP, s increased by 1.6 percentage
points compared to the original YOLOv8n model. The better performance of the improved model was obtained across different
datasets. The cross-dataset testing confirmed that the robustness and adaptability were suitable for a variety of detection tasks.
In conclusion, the YOLOv8n-Aerolite algorithm significantly advanced the field of automated crop propagation. A highly
efficient, accurate, and lightweight solution was also provided for the visual detection. The finding can serve as a valuable
reference to develop scalable and automated technologies, especially for small-scale crops like Phalaenopsis orchids.
YOLOv8n-Aerolite can also fully meet the needs of edge computing environments, particularly for the broader applications of
agricultural automation.

Keywords: deep learning; YOLOv8n; phalaenopsis seedlings; lightweight; detection speed; small object detection


https://doi.org/10.3390/s23063161
https://doi.org/10.1371/journal.pone.0307643

	0 引　言
	1 材料和方法
	1.1 数据采集
	1.2 数据集制作

	2 蝴蝶兰种苗检测方法
	2.1 YOLOv8n目标检测
	2.2 YOLOv8n-Aerolite算法
	2.2.1 主干网络改进
	2.2.2 颈部网络改进
	2.2.3 头部网络改进

	2.3 试验环境与参数
	2.4 评价指标

	3 试验与结果分析
	3.1 消融试验
	3.2 超参数及多种网络对比试验
	3.2.1 部分超参数对比
	3.2.2 主干网络对比
	3.2.3 头部网络对比
	3.2.4 常见模型对比

	3.3 泛化性试验
	3.4 实际场景的验证与分析

	4 结　论
	参考文献

