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Fig. 1 The enhanced dataset of Chenopodium quinoa Willd spikelets
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Fig. 7 Schematic diagram of DA implementation

1.4 FEMHEER

R T HERR DGR B AR, A R FAS 1)
K (Precision, P) . 74 B % (Recall, R) . il & &
GFLOPs, V¥4 {8 (Mean Average Precision,
mAP) . FPS. BIAMARE A VERE RPN FE A o
Hodr, ZETPFH mAP B, K HE 5 BCSCHE /Y B S R
(Intersection over Union, IoU) FI{E 5 0.5 %', ¥5#
B PR IR BRI R BE A T A A
X (7))~ (10) iR,

_ T

P_E+Fp (7)

_ T,

R_E+FN (8)
1

AP = fOPinterp (R)dr (9)

Y AP,
mAP :L (10)

N

AP T 9 BOE SR B 2 L MR B s F,
NSRRI A R B s F O T 2
A TERVBCRE s P, (R) N4 115 R Ab 22 i 40 i 19
KR Ny EARIEEG AP RS iS5 K4
i o

I A 0 B30 B4 P i 3 00 0 2R B ) R E ot
RE D WIS T7 L, R UL AY R U7 U mAP (i .
mAP {8/ MUR R RMER YRR, 2 RRk
ORSBRTE S e o D3 8h, RGN 308 A R R ok
i, e A WA T R A A R RE A Ak B T 2 KK
i, PRALE IR A S BT

1.5 XWREESHIRE
AL — G EICA RN, 54 Win-

dowsl11 #:/E&R %, CPURLE M 13th Gen Intel (R)
Core (TM) i7-13620H. GPU [it & & NVIDIA Ge-
Force RTX 4060 Laptop it F, 17N 8 G, HAKMW
B B8 55 4 Python 3.9, CUDA M7k K 11.8, Py-
torch BUAS 4 2.5.1. itk YOLOvSn B AL I 25 (1) 48 2
HiREWNT, W= REERN0.01, WAKZRE
% K/ K 640X 640, Batch Size & 16, Epochs
100, RALeSE N Auto, FFIT H SR GRS E AT
YLk, RRARZEFIFRMES, HWSEE
TS

2 HRE5HH

2.1 M RIS E AL

J ik — 2 T % YOLOv8n-SSND Xif 22 A2 e 4 fi
RO, , o SRS AR A 45 SR 55 i R v A R 1Y)
R I 255 55 ok Ay PR R, AR 8 TN o 3 ) X
L, G AR AR B D R o AR AR I8 S T A R R A
(R, TR X T PRIG 0 A (1) S 5 4 28 2 R 1Y)
KEIRE S B P . XS Fe e, AREESE I
MO SRR AR KGR SRR IR T S
AN B ST AT

2.2 DASHEAES AU FIHIRTLL

N ARG UEA I TR B DABHAERE, A
WFFE BT Y i BA AR RN R P —
R4S )1 (Hattention, HA) 5 7] A8 JB K A%V 25
(Deformable Large-Kernel Attention, DLKA) 1E A%}
PORETE G £ A [ S B8 PR 055 R X YOLOvSn 15 73
PEAT R S e SR, BRI L TR



66 BB (FIHESL) Smart Agriculture Vol. 8, No. 2

YOLOv8n-SSND
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K8 YOLOv8n-SSND 5 YOLOv8n x4t 3 & A4l 25 R F bk
Fig. 8 Comparison chart of detection results of aerial images of Chenopodium quinoa Willd grains by YOLOv8n-SSND
and YOLOvS8n

RIS L EZ A TER AL, AR R
B A S S R T SR, SCHR AR Ik 2
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Table 2 Comparison of DA and other attention mechanisms in the aerial photography-based Chenopodium quinoa willd spike target

detection model

Y FET A/ NMB PI% R/% mAP50/% i1 H/GFLOPs Params/M FPS/(15i/s)
YOLOv8n-DA 6.8 89.1 86.7 93.6 8.3 33 87.7
YOLOv8n-HA 16.9 89.8 85.7 93.4 8.1 8.2 294.1
YOLOv8n-DLKA 9.8 89.0 85.9 932 9.5 4.8 185.2

HA R HIATIR & B 480, 30 o 4 e 18
5523 [ U AR S BLRRAE 3 5, . FL3E I PR AR 8 2T 42 )R
A 4 i 4 R 2 S TE R OC R, 25 () B A2 0
A A R A s R R T, B2 A
AL G AU o PP TR R R R kS B
) [ B S S AR TR, an# 2 1 YOLOv8n-
HA 523 294.1 Wi/s B L S B0

DLKA B8 M 1R il A8 T2 5 B 5 K% G B 45
A, dlIE 7TXT R UL b RSE 0 K B A A I A e
ZHF ARG AT AT AL SR A A R A AR R R AE
P2 FE R RS o X AT RECR B8 1 KRR 7 1F
X HE B AR BE T, SR T AR H AR
JUART 25 8 85 W01, A S S R R A T R A
A -

MEZ T, M4 DABER A YOLOVSn 5 7Y &
P R I LR A R RE A B . AERTIDRG B 7 T,
RIS T 93.6% 1Y mAP50, % HA 5 D-LKA 4}

AT 0.2 F1 0.4 F 40 TEBRAEE A i, H
6.8 MB [ 45 R B 18 2 /N T HA (1) 16.9 MB A1 DL-
KA 19 9.8 MB; [AlBETHE AR T, DA LI
S0 R AR () FPS R ZE 1 . SLuG 25 R 3R,
DA 7EKG B3 . AV Ak 5T H 58005 3 A G
AR LS T R AT, JCHGE AR TR BT
JUREAZ BRI TE AL 5

2.3 HAIEIE

TEHATIHALSE S Z AT, B 56X YOLOv8n, YO-
LOv1ln, YOLOVI2niX 3 /> H brAs 5% Y (14 3 v 45
RUPEAT T %F LU S2 s, S5 936 3 iR .

SIYGLE R E I, YOLOvSn 7EAS R (90.4%)
ERBUE N A, X B HSG IE R AR W R
I, RKCREME, 1 YOLOvIIn N 7E4E & EfE
SR R, HOP B R . H A ALK
NG IREESRE, U LS EE AT YOLOVSn,
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Table 3 Aerial photography-based comparison experiment of benchmark models for Chenopodium quinoa Willd grain target detection

FELAY KRR/ INMB P/% RI% mAP50/% J145 i /GFLOPs Params/M FPS/(1lwi/s)
YOLOv8n 6.3 90.4 84.0 92.5 8.1 3.0 131.6
YOLOvl1ln 55 89.6 85.0 93.4 6.3 2.6 59.5
YOLOvI12n 5.4 87.9 83.9 922 5.8 2.5 243.9

YT HARK AT 55t mAP J& A 1 B 0 2555 PR RE 0
Bl 48hR, B mAPS0 2 G BIRILE & oU 5
B NP B AR FIERR Sk ae . L, A
fifF 5% 1% £ mAPS0 {5 /) YOLOv11n £1 YOLOvSn
— [T S SR TR AT Al 256

AHIFFEHE ) 3 Fh ket i o B SAC. DA
SN, K TEUEEANTX YOLOvSn f7I fy : fe i ik
B, XEANTE A e R A AT S, SIS Y 4
w4 iR,

&4 ETYOLOv8nHyfnin#E &1 BArie IR RASLIR
Table 4 Ablation experiments on the aerial Chenopodium quinoa Willd spike target detection model based on by YOLOvS8n

YOLOvS8n SAC  Slim-Neck DA  HHEIK/NMB  P/% R/%  mAP50/% 1% 4/GFLOPs Params/M FPS/(15i/s)
N x x x 6.3 904 840 92.5 8.1 3.0 131.6
N N x x 6.9 89.0 87.6 93.8 74 33 108.7
N x N x 59 87.9 84.9 92.7 73 2.8 204.1
N x x N 6.8 89.1 86.7 93.6 8.3 33 87.7
N N N x 6.5 89.6 85.7 93.4 6.6 34 208.3
N N x N 75 89.6 86.9 93.9 7.6 3.6 270.3
N x N N 6.5 88.3 86.8 932 7.5 3.1 2273
N N N N 7.1 90.8 86.2 943 6.8 3.4 166.7

T VFORRMB; <R AR

AT LAE Y, Bfg] A SAC Bl mAP50 #2 T
133, FPSHETF 17.4%; DA B HAE{R RS
JE B [ s 43 ] 8 i 254 e 1 2.7 N E 48 A 1T Slim-
Neck 25 14 U] J& 20 11 3 38 i 2 AR RO, B B A 4
R4 T 6.3%, HWESHERIKT 02M, | T
204.08 /s AR HE B . 3 RIS A fi A5 Y
¥ mAP50$2 T+ 1.8 1~ 43 i B3k 94.3% W [Al B, it
B[R 16%, 1A% 6.8 GFLOPs, FPS #15 26%,
K5 166.7W/s, BiE T 45 et 41 14 i B AME AT B E]
TR BEARME . ZFIET 3N AE D) 6E L
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Table 5 Ablation experiments on the aerial Chenopodium quinoa Willd spike target detection model based on by YOLOvI11n

YOLOvI1 SAC  Slim-Neck DA  HEIK/PNMB  P/% R/%  mAP50/% 15 &/GFLOPs Params/M FPS/(i/s)
N x x x 55 89.6 85.0 93.4 6.3 2.6 59.5
N N x x 78 90.4 85.8 93.8 6.5 3.7 166.7
N x N x 59 88.9 84.7 92.7 6.4 2.8 2174
N x x N 6.1 89.7 83.3 922 6.5 2.9 2222
N N N x 8.9 89.0 86.1 93.2 7.8 42 125.0
N N x N 8.4 89.7 85.1 93.6 6.7 4.0 131.6
N x N N 6.5 88.4 85.7 93.2 6.6 3.1 1724
N N N N 9.4 89.2 85.9 93.6 8.1 45 137.0

Ve VIORRIB; xFR AR AT

B, XEWE, BIEES Neck H4r 8 2 K
Slim-Neck 3t 5 YOLOv1 1n A< £ =5 J3 45 fai F4k
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PR KR A o [RIRE M, DA AL R B 5 70 14 i
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FEEE BREIR T R4 POk D BT IR E S, T80T
BNAS B N R AT ok W E R RERG 25, H RS
RIS R, ek, 3RHEX A RATE YO-
LOvlin k%] T 93.6% B mAPS0, /5 b FE4k $2 7+
T 02 A, X R UG A A
— S AR S

GARAGRSAA, AWM A
YOLOv8n I B8 5% MUK & 5 o J3 1Y) 5 3 [R) 25 42 T,
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TERUERZ DR (W1SAC) MzALRe ), LASRER
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W, AFFEHR ARy S8 75 £ YOLOVS 142 |
AW A, R A O B R — A0 H
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2.4 IFEELIE

N T FE4Y BIE 2t YOLOVSn B Xt it 4 P 4%
rh B2 22 B AL U BE . % B0 S 9 YOLOV8n-
SSND #% B 5 = 3 & I £ % YOLOvlin, YO-
LOvI2n, YOLOv7, YOLOv5s. SSD (Single Shot
MultiBox Detector) , Fast R-CNN (Fast Region-
L f YO-
LOvIIn-SSND #£ 47 Xf 50 5, L& REK 6
B

based Convolutional Neural Network) ,
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Table 6 Comparison performance results of different models for target detection of Chenopodium quinoa Willd grains

i FIAIR/INMB P/% RI% mAP50/% 1144 5/GFLOPs Params/M FPS/(1i/s)
YOLOV8n-SSND 7.1 90.8 86.2 94.3 6.8 3.4 166.7
YOLOV11n-SSND 9.4 89.2 85.9 93.6 8.1 4.5 136.7

YOLOv1ln 5.5 89.6 85.0 93.4 6.3 2.6 250.0
YOLOv12n 5.4 87.9 83.9 922 5.8 2.5 2439
YOLOV7 713 88.0 86.4 92.9 103.2 36.9 53.2
YOLOVS5s 3.9 89.4 86.2 92.3 4.1 7.0 119.1
SSD 90.6 79.0 62.6 712 30.4 23.3 135.3
Fast R-CNN 108.0 79.3 74.9 74.7 369.7 413 13.7

SEE R R W, GBI YOLOvV8n-SSND 7E
mAP50 $§ A5 [ 3k %] 94.3%, H % T YOLOvlIn-
SSND. YOLOvlIn., YOLOvI2n. YOLOv7. YO-
LOv5s, SSD. Fast R-CNN £ YOLOv8n %I, 4}

MARTF 0.7, 09, 2.1, 1.4, 2.0, 23.1, 19.6. 1.8
ANE Y. ELRRE EOREEE BRI, 2l AR Y FPS
iKF]166.67Wi/s, & YOLOVT Y 3.14%; HABRIAR
{2 7.1 MB, t/NT YOLOV7 8 71.3 MB; iS4
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YOLOvV8n-SSND: An Improved Lightweight Model for Aerial
Chenopodium Chenopodium quinoa Willd. Spike Target

WU Tingting', GUO Junrui', TAO Qiujie', CHEN Shihua’, GUO Shanli*

(1. College of Mechanical and Electronic Engineering, Northwest A&F University, Yangling 712100, China;
2. College of Life Sciences, Yantai University, Yantai 264006, China)

Abstract: [Objective] The Chenopodium quinoa panicle is a critical phenotypic indicator for estimating crop yield and evaluating the

growth condition of Chenopodium quinoa plants. Accurate and efficient recognition of Chenopodium quinoa panicles in complex field

environments is therefore of great significance for intelligent agriculture, yield prediction, and automatic crop management. However,

unmanned aerial vehicle (UAV)-acquired field imagery often exhibits complex characteristics such as diverse panicle morphology, un-

even illumination, overlapping occlusion, and background interference, et al., posing substantial challenges for conventional target de-
tection algorithms. To address these issues, a lightweight target detection model, named YOLOv8n-SSND (YOLOv8n with Switch-
able Atrous Convolution, Slim Neck, and Deformable Attention) is proposed, and specifically optimized for UAV-based Chenopodium

quinoa panicle identification to improve the detection accuracy and inference efficiency for Chenopodium quinoa panicles while main-

taining low computational cost and real-time performance suitable for embedded UAV deployment. [Methods] The proposed model

was constructed based on the YOLOv8n and YOLOv1In frameworks, and incorporated several improvements tailored for small-ob-
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ject agricultural detection tasks. To enhance the ability to capture multi-scale and high-dimensional semantic features, the switchable
atrous convolution (SAC) module was embedded into the backbone network. This module dynamically adjusted its receptive field ac-
cording to spatial context, enabling more precise extraction of local and global texture details of Chenopodium quinoa panicles. In or-
der to reduce redundant parameters and maintain high computational efficiency, a slim-neck lightweight feature fusion layer was de-
signed, which effectively strengthened the integration of shallow spatial information and deep semantic features, allowing the network
to maintain high accuracy without increasing model complexity. Additionally, a deformable attention (DA) mechanism was introduced
to enable adaptive focus on regions with rich panicle-related features while suppressing irrelevant background noise. This attention
mechanism assigned dynamic weights across both spatial and channel dimensions, improving the model's robustness against occlu-
sions, illumination variations, and complex field textures commonly encountered in UAV images. [Results and Discussions] Compre-
hensive field experiments were conducted using UAV images of Chenopodium quinoa plots collected under different environmental
conditions and growth stages. The results demonstrated that the proposed YOLOv8n-SSND model achieved a mean average precision
(mAPS50) of 94.3%, showing a remarkable improvement over multiple baseline and comparative models. Specifically, compared with
YOLOvVIIn-SSND, YOLOvI1n, YOLOvI12n, YOLOvV7, YOLOVSs, single shot multibox detector (SSD), fast region-based convolu-
tional neural network (Fast R-CNN) and YOLOv8n, the proposed model achieved improvements of 0.7, 0.9, 2.1, 1.4, 2.0, 23.1, 19.6
and 1.8 percentage points respectively (SSD and Fast R-CNN). In terms of computational efficiency, the inference speed reached
166.7 /s, representing a 26.7% increase over the YOLOv8n baseline, which ensured real-time detection capability for UAV-mounted
onboard processors. Moreover, the total operation count was reduced to 6.8 GFLOPs, reflecting a 16.0% reduction compared with the
baseline model, thus demonstrating the improved efficiency of the proposed architecture. The experimental comparison also indicated
that the integration of SAC enhanced the model's sensitivity to complex spatial patterns, while the DA module effectively improved
feature selectivity and prevented overfitting to background textures. The Slim-Neck design contributed significantly to reducing pa-
rameter redundancy and facilitated smooth feature propagation across layers. [Conclusions] The YOLOvV8n-SSND model effectively
achieves a balance among detection accuracy, inference speed, and computational cost, making it well-suited for real-time UAV-based
agricultural monitoring. The experimental outcomes confirm that the model not only provides high-precision detection of Chenopodi-
um quinoa panicles but also offers superior inference efficiency with minimal computational resources. These characteristics make it a
promising solution for UAV-deployed intelligent agricultural systems, where power and processing capacity are limited. Furthermore,
the proposed method provides a technical foundation for large-scale and automated monitoring of Chenopodium quinoa growth, en-
abling accurate yield estimation, phenotypic analysis, and precision crop management.
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