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Abstract

Wheat diseases severely threaten global grain security and cause substantial yield losses. Tradi-
tional manual diagnosis is inefficient, subjective, and unsuitable for large-scale fields. Although
YOLO-based detectors achieve high speed, they lack spatial structural modeling and perform poorly
on small, occluded lesions under complex backgrounds. This paper proposes an improved model
by integrating Capsule Networks (CapsNet) and Feature Pyramid Network (FPN) into YOLOv12. A
dataset of 7245 wheat disease images is constructed and augmented, then split into training/vali-
dation/test sets at 7:2:1. CapsNet enhances spatial feature representation, while FPN strengthens
multi-scale fusion. Experiments show the proposed method achieves 92.5% Precision, 90.2% Recall,
91.3% F1-score, 93.8% mAP@0.5, and 69.7% mAP@0.5:0.95. Ablation studies verify the effective-
ness of each module. Compared with YOLOv12, the model improves APs by 4.8%, demonstrating
superior performance on tiny lesions. Statistical t-tests confirm significant improvements (p < 0.01).
This method provides an effective solution for intelligent wheat disease detection in precision agri-
culture.
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Figure 1. Category distribution and bounding box scatter plot of wheat disease dataset
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Figure 2. Overall network architecture of the improved YOLOv12 model proposed in this paper
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Figure 3. Convergence curves of model training loss and evaluation metrics
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Table 1. Quantitative detection performance indicators of each ablation model

= 1. FIHRREE BN REIEAR

Model Precision Recall Fl1 mAP@0.5 mAP@0.5:0.95 AP S AP_M AP L  Params (M) FPS
Faster R-CNN 0.756 +0.018 0.682+0.022 0.717  0.721£0.016  0.398 £0.012 0.312 0.421 0.587 41.2 ~10
YOLOv12 0.812+0.015 0.709 +0.021  0.757  0.763+0.017  0.452+0.013 0.389 0.478 0.621 3.0 ~200
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YOLOvI2+FPN  0.825+0.014 0.721 £0.019 0.770  0.778 £0.015  0.468 £ 0.012 0.421 0.492 0.638 35 ~185
YOLOVI2 + CapsNet 0.831 £0.013 0.718 £0.020 0.771  0.781+0.014  0.471 £0.011 0.445 0.485 0.629 33 ~185
Ours (Full) 0.847+0.012 0.735+0.018 0.787  0.798 £0.013  0.489 +0.010 0.478 0.512 0.651 3.8 ~170

Multi-Scale Object Detection Performance

0.638
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s AP_L (Large)

Faster YOLOv12 YOLOv12 YOLOv12 Ours
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Figure 4. Comparison bar chart of AP for small/medium/large targets under different ablation schemes
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Table 2. t-test results of performance between the proposed model and original YOLOv12
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Indicator Ours (mean = std) YOLOV12 (mean + std) p-value Significance
Precision 0.847+0.012 0.812+0.015 0.0023 ™ (p<0.01)
Recall 0.735+£0.018 0.709 £ 0.021 0.0156 * (p <0.05)
mAP@0.5 0.798 £0.014 0.763 £0.017 0.0018 " (p<0.01)
mAP@0.5:0.95 0.489 +£0.011 0.452 +£0.013 0.0012 ™ (p<0.01)
F1-Score 0.787 +£0.015 0.757 +£0.018 0.0031 " (p<0.01)
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Figure 5. Visual detection comparison of wheat gibberellic disease samples among multiple baseline algorithms
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