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Abstract

In view of the large parameter size and high difficulty in hardware deployment of existing rice dis-
ease detection models, this paper proposes a lightweight improved algorithm YOLO-SGHM based on
YOLO11. The model adopts the Ghost-HGNetv2 backbone network to replace the original structure,
and the Ghost module generates redundant feature maps to reduce the computational load. The
neck network integrates the C3k-Star module to enhance the feature fusion ability. By implement-
ing the information sharing strategy in the convolutional layer of the detection head, the model
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reduces the parameters by 25.7%. The Minimum Point Distance IoU (MPDIoU) loss function is in-
troduced to optimize the bounding box regression effect. Experimental results show that compared
with YOLO11, the improved model reduces the parameter size to 1.24 M with a decrease of 52.1%,
and the computational load is reduced by 33.3% to 4.2 GFLOPs. On the rice disease dataset with
6960 frames, the model achieves a mean average precision (mAP) of 96.3% and the frame rate is
increased by 14.6%. This research provides an efficient disease detection solution for mobile plant
protection equipment.
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Figure 1. Network architecture diagram of YOLO-SGHM
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Figure 2. The Ghost-HGNetv2 backbone network
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Figure 3. Star module
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Dataset Images Total Bacterial Blight | Brown Spot Blast
Split (Files) Targets (Class 0) (Class 1) (Class 2)

Training 5,088 13,974 | 3,206 (22.9%) (6,270 (44.9%) (4,498 (32.2%)

Validation | 1,272 3418 | 826(24.2%) |1,558 (45.6%)| 1,034 (30.3%)

Testing 600 1530 | 367 (24.0%) | 638 (41.7%) | 523 (34.2%)

Total 6,960 18,922 4,399 8,466 6,055

Figure 5. Sample distribution and division of rice disease dataset
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AT P TAZ O F AR, SRR 1 R
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Table 1. Results of ablation experiment
1. HASLIRER

Ghost-HGNetv2 ~ C3k2-Star Share Head ZHE/M  TFEE/GFLOPs IR/ mAP50/%
} - - 2.58 6.3 105 96.0
N - - 1.71 48 119 96.3
N N - 1.55 4.5 120 95.7
Y Y v 1.24 42 123 96.3

T HAWNRIRIN IR, FORAR I I

3.3. xfEbscig

AT PPl YOLO-SGHM #5878 /K A 3 far AT 25 vh MR, A8 SC5 2400 20 B Aner il kT e ot
Fbszt, 55 YOLO Z%(YOLO11n. YOLOvSn 25)fi4E 4t i [ B 5592 (Faster R-CNN. Mask R-CNN), 7£
G —IRE E KR, BEZE, mAP@O.5. ZHE. IMHEE. W NIRRT e, 457k
2 B

Table 2. Comparative test results

2. SHLNER

it ZHE/M 115 =/GFLOPs it 2/t mAP50/%
YOLOv5n 2.50 72 120 95.7
YOLOv6n 423 118 125 96.0
YOLOV9n 1.97 7.6 75 95.8
YOLO10n 2.60 8.2 114 95.9
YOLOI11s 9.24 21.0 117 97.8
AR 1.24 42 123 96.3

ME FFEHE T W, YOLO-SGHM FEFE T A mAP@0.5 ¥R IHM, 7255 97.1%AH1 96.3%, #H
BT HRRA YOLOIIn (K 94.5%. mAP@O0.5 94.2%)6 B ERTF: AL JE 50, YOLO-
SGHM Z$ &1L 1.24 M, ;¥ YOLO11n (2.58 M) 48.1%, 15 &[4 4.2 GFLOPs (F41i% 33.3%); 7E4f
FH T, YOLO-SGHM fER A& ERMiERE 123 Mi/Fb, AHET YOLO1ln (105 MWi/F0)#& 7t
16.5%.

HAFERE M, B/ AR BRI, YOLO-SGHM [ A [BIRIETH 7.2 NE 0 A, HRRD 7TE 2
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Figure 6. Heatmap of the YOLO-SGHM model
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Figure 7. Typical missed detection sample
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R B SRR B X R FUO R B ] 8(a)Fraw, AKFER: v BRI S8 7= A 1) B SRR B X3, g0
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(a) B AR 50 E BEARFEAR L S BRI

Figure 8. Typical false positive sample
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