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B. ML approaches
• Traditional supervised learning:

i. Support Vector Machines (used in ~70% of studies)
ii. Random Forests (used in ~55% of studies)

• DP :
i. Convolutional Neural Networks (CNNs) applied in ~35% of studies.

C. Model performance
• Reported classification accuracy ranged from 85% to 98% under controlled experimental 

conditions.
• Sensitivity values above 90% were frequently reported for early-stage infection detection.
• Performance decreased by 10–25% when models were applied across:

i. Different geographic regions
ii. Different olive cultivars
iii. Multi-year datasets

D. Validation and generalization
• Only ~20% of studies included independent external validation datasets.
• Only fewer than 15% assessed the robustness model under multiple stress conditions, such 

as water stress, nutrient deficiency, and co-infections.
• Most models lacked uncertainty quantification and explainability metrics.

E. Operational limitations
• Limited interoperability between sensing platforms and regulatory surveillance systems.
• High dependence on sensor calibration, flight altitude, and lighting conditions.
• Lack of standardized protocols regarding data acquisition and/or annotation.
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Figure 1: Global distribution of the plant pathogen Xfp by country.

Figure 2: Representation of key actors in the evolution of OQDS.

Xylella fastidiosa subsp. pauca (Xfp) has caused significant economic losses in EU agriculture 
(Figure 1). Xfp triggers olive quick decline syndrome (OQDS), disrupting the flow of 
ecosystems, biodiversity, and economic stability. OQDS has affected >1 M hectares in the 
Mediterranean basin, causing over €5 B in losses since its first detection in Europe (Figure 2). 

Current surveillance relies on visual inspections plus molecular confirmation, typically 
detecting infestation once symptoms have appeared, limiting the effectiveness of 
containment efforts. To control Xfp, the EU has implemented quarantine protocols, including 
eradicating infected plants, vector suppression, and restricting trade barriers in plant material. 

Machine Learning (ML) technologies can help control pest pressures, while Deep Learning 
(DP) algorithms can detect spectral signatures in leaf reflectance caused by infection with 
over 90% accuracy. This systematic review the application of ML for the early detection of Xfp 
in olive cultivation.

A. Data acquisition
• Unmanned aerial vehicle–borne multispectral and hyperspectral sensors were used in 

~65% of the studies.
• Thermal infrared imagery was included in ~30% of cases, primarily to detect canopy 

temperature anomalies.
• Ground-based spectroradiometry was used in ~40% of studies for model validation.
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ML-enabled sensing technologies complement existing phytosanitary measures with 
precision agriculture support for crop health, water use, and Xfp detection. However, 
achieving widespread adoption requires robust field validation, which involves regulatory and 
farm-level decision-making frameworks.
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