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An improved YOLOv11 model for citrus leaf disease detection

YANG Ruqgiang, ZHAO Xia, ZHANG Xin
(College of Information Science and Technology, Gansu Agricultural University, Lanzhou 730070, China)

Abstract: To improve the detection accuracy of citrus leaf diseases in orchard scenes, this study used the YOLOv11
model as the baseline model. The original backbone network was replaced with the GhostHGNetV2 network. The C3k2 and
Conv modules in the original model’ s neck network were replaced with the C3k2_MSEIS module ( C3k2_MutilScaleEdgeln-
formationSelect) and the ADown module, respectively. Furthermore, the original detection head was substituted with the
MultiSEAMHead to enhance the model’ s ability to detect small targets, achieving multi-scale feature fusion and fusion path
optimization. An improved YOLOv11 model ( YOLOv11-Citrus) was proposed. Finally, the detection performance of the
model was analyzed using images of four common leaf diseases collected from citrus orchards. The results showed that the
improved YOLOv11-Citrus model achieved increases of 3.4 percentage points in detection accuracy, 1.1 percentage points
in recall rate, and 2.6 percentage points in mean average precision (mAPs,) compared with the baseline model. Compared
with mainstream models such as RE-DETR, YOLOv5, YOLOv8, and YOLOv1On, the YOLOv11-Citrus model demonstra-
ted higher detection accuracy and mean average precision ( mAPs,) in detecting citrus leaf diseases. The results of this

study provide technical support for the accurate identification and effective control of citrus leaf diseases.
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Table 2 Results of ablation experiments

Wy CFHREEAE R

AmR  CFIREIIE

FE (mAPs) (%) (%) (%) (mAPsg . o5) (%)
ES! 90.6 84.6 88.0 66.1
GEY) 92.4 85.2 88.4 66.9
%3 91.2 85.7 84.3 64.8
LEX! 91.9 83.9 88.5 67.0
UE 91.5 84.8 89.9 64.9
VEXS 92.6 85.6 89.8 65.4
VEY 91.9 86.1 88.8 67.3
UE 3] 91.3 84.1 88.3 67.1
VESS 89.7 82.4 87.1 63.1
FHE 10 93.2 88.0 89.1 69.0
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Fig.7 Mean average precision (mAPs,) of different models for

citrus leaf disease detection across training iterations
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Table 3 Detection performance of different models on citrus leaf

diseases
Hom TR MR R TR
(mAPs) (%) (%) (%) (mAPgy. o5) (%)
RE-DETR 91.8 87.6 89.1 69.2
YOLOvS 89.6 80.4 89.1 60.7
YOLOv8 914 84.7 88.2 64.5
YOLOv10n 88.1 79.9 85.9 59.2
YOLOvI1 90.6 84.6 88.0 66.1
YOLOv11-Citrus 932 88.0 89.1 69.0
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Table 4 Detection performance on various citrus leaf diseases

3 - HH A it 3 ] %
(mAPsy) (%) (%) (%)

BB 99.5 82.8 100.0
YY) 92.8 83.6 88.5
Bt 90.2 88.4 81.3
B 84.0 86.2 76.0
e A 99.5 99.2 99.9
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Fig.8 Confusion matrices of YOLOv11 and YOLOvV11-Citrus models for citrus leaf disease detection
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