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Abstract

Rice leaf disease detection in complex field environments is challenged by large variations in lesion
scale, strong background interference, and limited edge-computing resources. The local self-similar-
ity of leaf vein textures aligns with the lightweight design principle of the Ghost module. Accordingly,
the network uses GhostHGNetV2 as its backbone to reduce standard convolutional computation and
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incorporates Slim-neck into its neck for low-cost multiscale feature fusion. It also employs DySample
dynamic upsampling and the DyHead dynamic detection head to mitigate the loss of spatial detail and
inadequate feature selection associated with lightweight design. Under a unified data split and shared
test protocol, GD-RiceNet achieves 57.3% mAP@50 and 35.3% mAP@50:95 on a public field rice dis-
ease dataset, with 6.56 M parameters, 12.7 GFLOPs, and 169 FPS under the shared test conditions.
Relative to YOLO11s, GD-RiceNet reduces parameters and computation by 30.4% and 40.9%, respec-
tively, while improving mAP@50 and mAP@50:95 by 0.6 and 1.4 percentage points; throughput de-
creases from 185 to 169 FPS. These results indicate a favorable accuracy-efficiency trade-off under the
present dataset and test conditions. The model therefore warrants further validation on independent
datasets and agricultural edge devices.
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Figure 1. Overall architecture of GD-RiceNet
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Figure 2. Comparison between standard convolution and GD-RiceNet
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Figure 3. GhostHGNetV2 backbone and GhostHGBlock module: (a) backbone hierarchy; (b) HGStem; (c) GhostHGBlock
[&] 3. GhostHGNetV2 BT 5 GhostHGBlock #£: (a) BF/EX; (b) HGStem 2B; (c) GhostHGBlock £5#4)

DOI: 10.12677/jisp.2026.154044 494 K 5{E5 a8


https://doi.org/10.12677/jisp.2026.154044

HAER

2.3. &F Slim-Neck BI{EXFF$E 2 R EHF{REE

BEAE T WSS IS, B TRAEA R B2 (AL s A& 18 SUE B . 281, f£45 Neck 18
BB hr B RAE, £ B RHERA I A I 2 B IS HE AR & O PEACRHE RS B B T4,
AR A Slim-neck 4% GhostHGNetV2 i 58kl Sk, LAER BRI Z REREZ B,

A [ Slim-neck LA GSConv 1 VoV-GSCSP 4% YOLO11s #1314 C3k2 454, GSConv [13]45 &4
THEBA(SCO)FIER 1] 43 BB AU(DSC), {EEIE A B 51 HE AR 2 MBS P, HArES s SonsiEiEs
BA AR T AN IE R

Wi 4(a) 7, GSConv 8IS bRt 5 SCHEHURFIE, RIS R FE 0T 43 B AR 70 S BT H ST 4,
B J5 4 PR B RFAE Y IS 2 FE P o XSS BT B AR 298D Neck HiTHE &, [RIIJRAT 58 Ok B 0 B i1 2%
GRS R A 15 K, FL SRR AR 5 2 BTV il S AT R

GSConv 5| Ni#iE R FE(Channel Shuffle)#fF LA 73> A5 BACH, %W 1HE)E ShuffleNetV2 [20]
(R A AR, I EE R E G o A SR (R B RR ES (1] 4(b)).

TEMIERE I, A SCEERL VoV-GSCSP i, Ll GSBottleneck 1E N EiHH T, FiEd—XE AR
AN FIB B BIARFAE o 1A HE 32 ) TSR F 85 1 [ B (R R AR A 52, AS SR AR SORSH AT 55 1 e 28 S T 2K

GSConv 5 VoV-GSCSP HL[AI# B Slim-neck, 582 REERHIERL G 34 542 DySample #1 DyHead i
BHESAER N . AR 22 1 T EbSS 5, 51N Slim-neck JE AR 44 FEHE— D FRAK, A IFEFRIE AR,

C2/2 channels

.——> Conv Reshape . ] .
input
Transpose

(C1 channels) _ Flatten 1
i DWConv — Concat — |

(a) GSConv (b) Shuffle .

output

(C2 channels)
C2/2 channels
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4. GSConv ;R AHEF5 Shuffle #1E: (a) GSConv &it; (b) BER

2.4. BTSN BIERMENM

GhostHGNetV2 F Slim-neck A U FK T A M S 4 E S5 H &, (AR e R e — e R L
i%’lJ 55 % (R A0 15 A0 RBEAS BRI o 0 T IAREUN . 10 BB R, X P 2 %ﬁmﬂ“"f EE N
o NI, ASCHE _LSREERIRG I SLB BE4> 551N DySample 5 DyHead, {E A% 5 BRI Zh &N TS
&40 LSRR ] e KA B AR RN, = N HI&ENBE /1. DySample [17]185d 2% > RAE R 2
BN R E RO B, ARSI T B R DASGE = 7 2 R A A v 1 SR 0 2 IR B AR
BAKTI S, DySample MR35 R UG RREMAR G AL 2 1153 ) ms 8 A KR ShA A E .
S=G+A 3)

Hr, S FonalS ARG KRR E . BEJR, RYEHT RFEAL B X ARRE X AT HRAE, 33055

DOI: 10.12677/jisp.2026.154044 495 K 5{E5 a8


https://doi.org/10.12677/jisp.2026.154044

PHER

e 7 PRRARRAE X
X' =grid_sample(X,S) 4)

AR B B A, e 4 1 B i FR A 5 R VG KA 77 2. DySample [958 A H
HEZ 1 H YOLO11s-B 5 YOLO11s-C 2 [l Bl A AL #4718

TESERL R Z G, ASCRH DyHead [ 1814t —haS kil Sk # ek mlikr il sk, LA5E a2 RS 3 H Ax
525 AL, DyHead MRFE . 2 (AT 585 = ANERE VA TTRFIEMI R, B8 8% 76 A 5] 73 F 2R A AAS [ Ao
1155 2 [RIBHATENAS R, YRR A0 2 REAK B AR 1 3& B g

Wil 5 fizn, DyHead B NEK S A = 4ERFETR R F, TR UGIAT RBE BT, 2 [A) B RURIMT 55 S e 1

E:E
W(F)=rc(ns(7, (F)-F)-F)-F Q)
Hrb, 7y« g Mo 53 3os REERG . 23 (AN 55 B E = ) e 8. 1% 2 e T L) 5 E G 5

FRUEEASAE A L RTR T BT A S R
41, GD-RiceNet 5 T Neck W BGIAT HELIEAR, 15 b RRE ARSI BOR HI 2l A A b,
TR LIRS - BhASHME” WL LEH, SRR TERS 4 et b, o b S AT R 4 5

BT RGUIRAIE -
DyHead Block Ml
1,0,0,0
I
1, Normalize —
Offset — I
Hard sigmoid FC
I > Sigmoid — T _QH
Relu Relu ~QP—‘
I ! i
=
Conv 1x1 Conv 3x3 FC
Avg pool Index Avg pool
1 t I

Figure 5. Architecture of the unified dynamic detection head (DyHead)
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Figure 6. Representative samples of rice leaf diseases under complex field conditions
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Table 1. Quantitative results of the cumulative ablation configurations in GD-RiceNet
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Model  GhostHGNetV2 Slim-neck DySample DyHead Pz:;‘;;“s GFLOPs mA(‘l;)@)Dso mAl}%“‘% FPS
YOLOI s - - - - 943 215 56.7 339 185
YOLO11s-A 0 - - - 738 174 56.5 B5 172
YOLOI1s-B 0 0 - - 702 169 56.6 BT 172
YOLO11s-C 0 0 1 . 754 172 57.0 347 185

Ours 0 0 1 656 127 57.3 353 169
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56.7%7% M 56.5%, mAP@50:95 H 33.9%48°H 33.5%. %45 R E T 5 B Z K TR 8, A
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F G — W = L B AR A 2 A0 RBE R RN 73 32, B8 240 [ %2 6.56 M, GFLOPs [ %2 12.7;
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4.2. SFEEECLE

VAN GD-RiceNet 7EAH FIEHE &1 7r F LA R, ACH IS RT-DETR-r18 [23]. RetinaNet [24].
YOLOV5s [25]« YOLOVSs [26]. YOLOv10s [27]81 YOLO11s 34T EL#E, 455 and 2 .

Table 2. Comprehensive performance comparison between GD-RiceNet and representative detection algorithms

3% 2. GD-RiceNet 5SEREERNEAMEREXTLE

Model Params (M) GFLOPs mAP@50 (%) mAP@50:95 (%) FPS
RT-DETR-r18 19.88 57.0 48.8 28.9 71
RetinaNet 36.48 147.5 52.9 28.0 14
YOLOvS5s 9.12 24.0 56.1 32.8 204
YOLOv8s 11.14 28.6 57.0 33.0 188
YOLOvV10s 7.23 21.6 53.6 324 164
YOLOL11s 9.43 215 56.7 339 185
Ours 6.56 12.7 57.3 35.3 169

BH# 2 7] %1, GD-RiceNet 7E 245 (6.56 M), 15 5(12.7 GFLOPs). Kl (mAP@S50 4 57.3%,
mAP@50:95 A 35.3%)FIHERL I AL (169 FPS)UANYERE F IR I BERILEATERE . (ER PRI,
GD-RiceNet [JZH5 M GFLOPs HJ4b T4UIK/KF, 1 mAP@50:95 Jyix =i{H »

HARIE, SEEHR YOLO RAEIFX 2 Ik — Sl . 5 YOLO11s #Lt, GD-RiceNet 2
/> 30.4%, GFLOPs K 40.9%, mAP@S0 Al mAP@50:95 43742 0.6 Al 1.4 A~ 4 5, FPS i
185 [£%£ 169. 5 YOLOv10s L, GD-RiceNet ZH&E k> 9.3%, GFLOPs P&k 41.2%, mAP@50
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Figure 7. PR curves of YOLO baselines across rice leaf diseases
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Figure 9. Qualitative comparison of detection results under complex field conditions
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