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1- Decision algorithm patch spraying (DAPS) 2- Herbicide patch spraying-online (HPS-ONLINE)
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1- Object-based image analysis (OBIA)
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Figure 1. (a) Using an Unmanned Aerial Vehicle (UAV) flying at 30 m altitude over a sunflower field to detect weed infestations. (b)
Classified image by applying an auto-trained Random Forest classifier Object-Based Image Analysis (RF-OBIA) algorithm (De
Castro etal.,2018).
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Figure 2. Using aerial images to design herbicide application: (a) NVDI image view of a winter wheat field infested with Avena
1500 m altitude; (b) herbicide prescription map with three classes: high sterilis. Original RGB images obtained from a plane flying at
rates when >26% infested pixels, low rates when 11 to 26% infested pixels, and no herbicide when <11% infested pixels (G Omez-

CandOn et al.,2012a, b).
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Figure 3. True values versus “WeedFinder” estimated values of (a) total broad-leaved weed density and (b) total broad-leaved weed

cover in two wheat fields (Myhrer and Holstad) (Berge et al., 2008).
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Abstract

Site-specific weed management (SSWM) is a strategy of varying weed management
within a crop field to match the variation in location, density and composition of the
weed population. This concept is based on three facts: 1) weed populations are often
irregularly distributed within crop fields, 2) new sensors and platforms together with
geospatial technologies (e.g., GPS, GIS) have provided the tools required to detect
and map weeds, and 3) new smart sprayers, robots and mechanical cultivators have
provided the possibility of careful tailoring of weed management to fit the different
conditions found in each field. Site-specific weed management has a real potential
to deliver a more productive and sustainable agricultural production based on a more
precise and resource-efficient approach. This paper reviews the major conceptual
approaches and specifications for the design of site-specific weed management
decision support systems (SSWM-DSS), recent advances in the use of remote and
ground platforms and sensors for information gathering and processing, and initial
experiences translating this information into chemical and physical weed control
actuations through decision algorithms and models.

Keywords: Decision algorithms, sensors, smart sprayers, sustainable agricultural,
weed population.
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