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Evaluating the Efficacy of Targeted Pesticide Applications and Machine
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Elisabeth Clover Artemis Kitchin

Academic Abstract

There is an increasing demand for sustainability in turfgrass pest management,
emphasizing the need to reduce chemical inputs while maintaining effective pest control.
Precision turfgrass management (PTM), a subsect of precision agriculture, addresses
these sustainability goals by tailoring management practices to the site-specific variability
of the landscape. Targeted pesticide applications are a fundamental practice within PTM,
involving precisely delineating pest outbreaks to create pest maps. These pest maps are
then used as a guide for Global Navigation Satellite System (GNSS)-guided sprayers to
apply pesticides solely to pest-affected areas as opposed to traditional broadcast pesticide
applications. However, significant barriers have hindered the widespread adoption of
these practices. A prominent limiting factor to the adoption of GNSS-guided sprayers is
turfgrass manager’s skepticism of the technology’s accuracy due to a lack of documented
quantifiable data demonstrating its capabilities. Additionally, the considerable labor,
technical skills, and resources needed to create spatially accurate pest maps create
another substantial barrier for turfgrass practitioners. An investigation into the accuracy
and precision of GNSS-guided sprayers examined the influence of operational parameters
such as travel speed and target size on spray deposition patterns. Fluorescent dye imaging
under ultraviolet illumination, coupled with digital image analysis, quantified spray
accuracy, overspray, and overlap. Results showed that the sprayer applied solution less
accurately when operated at 4.8 kilometers per hour (km/h) compared to 7.2 or 9.7 km/h.
Target size had no significant impact on any metric tested, indicating that targeted
pesticide applications made while traveling 7.2-9.7 km/h were highly accurate, no matter
the target size. An automated solution for pest mapping using machine learning was
developed to identify and quantify dollar spot (Clarireedia spp.), a common turfgrass
disease. A semantic segmentation model (DeepLabV3+) was trained on diverse images
featuring various turfgrass species, disease severities, and environmental conditions. The
developed model successfully automated the identification and quantification of dollar
spot, offering significant improvements in efficiency, consistency, and accuracy
compared to manual visual assessments. Overall, these findings demonstrate the efficacy
of GNSS-guided sprayers under specific operational conditions and validate machine
learning as a viable method for automating pest mapping. Future research should focus
on optimizing technological and operational aspects to improve the practicality and
effectiveness of precision turfgrass management.
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General Audience Abstract

There is a growing emphasis on making turfgrass management more sustainable,
especially in pest control. Traditional pest management methods often involve applying
pesticides broadly across entire landscapes, which can be environmentally harmful and
costly. Precision turfgrass management (PTM) addresses this issue by tailoring practices
to the localized needs of the turfgrass, rather than applying uniform management across
the entire system. PTM includes targeted pesticide applications, which involve creating
detailed pest outbreak maps and using GNSS-guided sprayers to apply pesticides only to
affected areas. Despite the potential environmental and economic benefits of targeted
applications, their adoption is limited due to skepticism regarding their effectiveness and
the substantial time, expertise, and resources required to create accurate pest maps.
Documenting the accuracy and consistency of these sprayers and developing solutions to
reduce the time and resource required for pest mapping is necessary in order to promote
the widespread adoption of targeted pesticide applications. A GNSS-guided sprayer was
evaluated for its accuracy and consistency when making targeted pesticide applications
on turfgrass. Factors that may influence the sprayer’s performance, such as the speed of
travel and the target size, were assessed to measure their impact on the application
accuracy. Fluorescent dye illuminated by ultraviolet (UV) lights was used to measure the
sprayer deposition’s proximity to the intended target and the consistency of applications
across repeated trials. Applications at 4.8 km/h were significantly less accurate than those
at 7.2 or 9.7 km/h. Target size had no significant impact on any metric tested, indicating
that targeted pesticide applications made while traveling 7.2-9.7 km/h were highly
accurate, no matter the target size. A machine learning model was trained to detect and
quantify instances of dollar spot, a common turfgrass disease, across images of various
turfgrass types and conditions. This model greatly reduced the effort needed for pest
mapping, providing faster, more consistent, and more accurate results compared to
manual inspections. Together, these efforts demonstrate that GNSS-guided sprayers can
be effective when operated under optimal conditions and that automated mapping
techniques using machine learning can significantly simplify and improve pest
identification. Advancements in GNSS-guided sprayers and automated pest mapping will
improve their practicality, encouraging broader adoption of sustainable turfgrass
management practices.
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Chapter 1: Literature Review

Introduction to Turfgrass & Turfgrass Management

Turfgrasses are a small subsection of grass species that are recognized for their
ability to form a low-growing, densely-knit ground cover, while withstanding continuous
stress from defoliation and traffic (Christians et al., 2016). In the United States, roughly
163,800 km? is covered by turfgrass systems, including both maintained and non-
maintained, no-input systems (Milesi et al., 2005). The turfgrass industry has been
estimated to employ over 800,000 individuals and generate roughly $60 billion in the
United States (Hall et al., 2006; Haydu et al., 2006). In addition to economic value,
turfgrasses provide a wide variety of economic, societal, and environmental benefits
(Beard & Green, 1994; Braun et al., 2024). Environmental benefits, also described as
ecosystem services, of turfgrass include urban cooling through evapotranspiration
(Monteiro, 2017), soil stabilization and remediation (Chang et al., 2021; Easton &
Petrovic, 2004), groundwater filtration and runoff reduction (Steinke et al., 2009; Gross
et al., 1991), and carbon sequestration (Braun & Bremer, 2019; Phillips et al., 2023;
Singh et al., 2019). Societal benefits of turfgrass can range from improving human mental
health (Bratman et al., 2019; Van den Berg et al., 2015) to promoting physical health and
wellness (Hassan & Deshun, 2024; Jia et al., 2021).

To maintain the diverse range of benefits that turfgrass systems provide, varying
degrees of management and regular maintenance are often required. Each turfgrass
species has specific cultural requirements, with some persisting with little to no inputs,

whereas others require more intensive management practices to maintain their expected
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performance. In addition to maintaining the health of the turfgrass, there are also high
expectations to maintain the aesthetics of some managed turfgrass systems (Herzog &
Chernick, 2000; Jung & Chung, 2024). These demands necessitate dedicated
management plans to ensure the consistent health and performance of the turfgrass
surface, in addition to maintaining its aesthetic qualities. However, these dedicated
management plans often increase the amount of water, fertilizer, and pesticides used on
golf courses (Carlson et al., 2022).

Diseases pose a formidable challenge to turfgrass management, with roughly
$150 million spent annually on fungicides in the United States (Tredway et al., 2022).
Turfgrass disease management is multifaceted and can involve planting genetically
resistant turfgrass varieties, modifying the environment to limit the spread of disease,
using appropriate cultural practices, and applying biological or chemical treatments
(Tredway et al., 2022). Although synthetic chemical pesticides have well-documented
efficacy and target-specificity, pesticides can have unpredictable nontarget effects
(Smiley, 1981). Nontarget runoff from pesticides applied to golf courses can cause
waterway contamination and toxicity to aquatic organisms (Baris et al., 2010; Haith &
Rossi, 2003; Metcalfe et al., 2008). Continuous pesticide usage can potentially be
hazardous to the health of golf course workers (Knopper & Lean, 2004; Kross et al.,
1996). Pesticides can increase the risk of arsenic contamination in groundwater (Cai et
al., 2002) and may negatively affect beneficial soilborne organisms and invertebrates
(Gunstone et al., 2021). Due to these risks, there are increasing calls from the public to
reduce pesticide usage on turfgrass (Beyond Pesticides, 2021; Garris, 2018). Reducing

pesticide use, particularly fungicides, can mitigate risks associated with pesticides on golf
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courses (Bekken et al., 2021). Here emerges a complex issue for turfgrass managers: how
to reconcile the demand for high-quality, attractive turfgrass with rising calls to reduce

chemical inputs (Held & Potter, 2012).

Precision Turfgrass Management

Precision turfgrass management (PTM) has emerged as a promising solution to
this issue (Braun et al., 2023; Carlson et al., 2022). A subset of precision agriculture,
PTM describes a range of methods and management practices used to improve input
efficiency while maintaining turfgrass health and aesthetic quality (Carlson et al., 2022).
Turfgrass systems especially benefit from precision management practices due to the
inherent spatial variability and site-specific input requirements of golf courses, athletic
fields, landscaping, and utility areas (Bell et al., 2013). In practice, precision turfgrass
management involves establishing site-specific management zones by identifying spatial
variability within the turfgrass system and then directing inputs such as fertilizers,
irrigation, or pesticides only where they are needed (Braun et al., 2023; Carlson et al.,
2022; Carrow et al., 2010; Krum et al., 2010). Management zones and spatial variability
across the turfgrass system are most often distinguished and delineated using Global
Navigation Satellite Systems (GNSS) and Geographic Information System (GIS)
technology (Krum et al., 2010).

GNSS technology, the most commonly used positioning system in precision
agriculture applications, refers to a collection of satellites used to determine a receiver’s
precise location (Perez-Ruiz et al., 2012). GNSS receivers play a foundational role in

precision agriculture applications, as the highly specific locational data they provide is
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essential for site-specific management. Real-Time Kinematic (RTK) systems improve
Global Navigation Satellite System (GNSS) positioning by correcting satellite data errors
in real time, achieving centimeter-level accuracy (average error < 2 cm) (Perez-Ruiz et
al., 2012; Hou et al., 2023). Geographic Information System (GIS) software uses this
precise georeferenced data to create detailed spatial maps that identify variability within
turfgrass systems (Braun et al., 2023; Krum et al., 2010). In turfgrass research, combined
GNSS and GIS technologies have been employed to study the spatial aggregation and
etiology of diseases like dollar spot (Clarireedia spp.) and large patch (Rhizoctonia spp.)
(Horvath et al., 2007; Spurlock & Milus, 2009). Henry et al. (2009) employed GNSS
technology to study the environmental conditions and cultural management practices
associated with bahiagrass (Paspalum notatus Fluegge) and dallisgrass (Paspalum

dilatatum Poir.).

Targeted Pesticide Applications

Site-specific pesticide application, commonly referred to as Variable Rate
Pesticide Application (VRPA), uses technology to adjust application rates based on pest
presence and severity while avoiding treatment in non-target areas (Karkee et al., 2013).
One of the most common methods of VRPA is the map-based approach, where a sprayer
equipped with a GNSS receiver identifies its field position and adjusts the application
rate based on a prescription map as it moves through the field (Balafoutis et al., 2017).
Map-based approaches often rely on modulated spraying-nozzle control (MSNC) systems
combined with automatic section control (ASC), to enable precise, site-specific

application adjustments. These systems enable individual nozzle control, adjusting flow
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rates in real time based on field location and the presence of pests. As the sprayer
navigates according to the prescription map, MSNC systems are able to shut off single
nozzles or nozzle sections over areas already treated or free of pests, applying pesticides
only where needed (Grisso et al., 2011).

Map-based targeted pesticide applications with GNSSS-guided sprayers provide
effective, site-specific pest control while significantly reducing input requirements (Luck
et al., 2010; Sharda et al., 2013). When using UAV sprayers, site-specific herbicide
applications reduced inputs by 20-60% compared to full-coverage applications (Hunter
III et al., 2020). A study by Booth et al. found that, when treating spring dead spot
(Ophiosphaerella spp.), targeted, site-specific fungicide applications used 50-60% less
fungicides while maintaining similar levels of disease suppression as traditional full-
coverage applications (Booth et al., 2021). However, Booth et al. (2021) note that despite
the benefits of targeted pesticide applications, more research is necessary to improve
efficacy when using GPS-guided sprayers with individual nozzle control, and further
refinement for site-specific applications is necessary. Sharda et al. (2013) note that off-
rate errors in GPS-guided applications are significantly affected by automatic nozzle
control and variations in ground speed. Their findings show that deceleration with MSNC
turning sections off led to over-application, while acceleration with sections turning on
often resulted in under-application. The study suggests that further research is needed to
optimize the efficacy of map-based targeted VRPA using GPS sprayers, particularly in
understanding how factors such as ground speed and target size influence the precision
and accuracy of applications. Despite the promising potential of this technology, many

industry practitioners do not have a thorough understanding of the benefits and
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applications of these advancements, thus creating a need for evidentiary support of the

potential positive impacts (McBratney et al., 2005); Kutter et al., 2011).

Pest Mapping

A key component of map-based VRPA is the maps themselves, which are made
by identifying and segmenting instances of pests and their spatial distribution. These pest
maps enable targeted pesticide applications and document disease growth and
development spatially and temporally (Bell et al., 2013; Delgado et al., 2008; Hutchens et
al., 2024). The creation of pest maps has historically relied on physically scouting for and
identifying the presence of pests. These manual assessments rely on visual identification
and quantification, which can be subject to variation among different assessors (Bock et
al., 2020; Nutter Jr et al., 1993; Schwanck & Del Ponte, 2014; Shahi et al., 2023).
Additionally, the process of creating pest maps can be laborious and time-consuming,
especially when documenting pests over a large area of land. Digital image analysis
(DIA) has been used to expedite this process, analyzing images and providing accurate
estimations of pest incidence and severity, allowing for a reliable, consistent, and
autonomous method of pest mapping (Karcher & Richardson, 2013; Sykes et al., 2017).
Applications of DIA for pest mapping are limited, however, by its inability to
differentiate between different diseases, weeds, and abiotic stresses. This hinders the use
of DIA when analyzing turfgrass images with more than one pest or abiotic issue present
(Karcher & Richardson, 2013).

Recent technological advancements, such as the development of Unmanned

Acerial Vehicles (UAVs), the Internet of Things (IoT), and software programs, have


https://www.zotero.org/google-docs/?hylgo4
https://www.zotero.org/google-docs/?4VNVuC
https://www.zotero.org/google-docs/?WeBYma
https://www.zotero.org/google-docs/?WeBYma
https://www.zotero.org/google-docs/?wS2X1i
https://www.zotero.org/google-docs/?wS2X1i
https://www.zotero.org/google-docs/?Ey5qHZ
https://www.zotero.org/google-docs/?UGK0SV
https://www.zotero.org/google-docs/?EEWwau

allowed for the adoption of semi-autonomous, rapid, highly accurate pest detection and
mapping in agriculture (Shahi et al., 2023). A Python-based script was developed by
Henderson et al. (2021) to automate the mapping of spring dead spot using UAV
imagery. This script greatly improved image processing speeds, though it still required
manual intervention in the processing procedure (Henderson, 2021). A solution to these
manual intervention requirements is provided in the form of machine learning, which
allows for quick and accurate analysis of imagery without cumbersome labor
requirements and has proven to be an incredibly efficient method for pest mapping in

agricultural settings (Shahi et al., 2023).

Machine Learning for Turfgrass Pest Management

Machine learning has become increasingly prominent in agricultural applications
in recent years. Though use cases vary, machine learning models typically involve one or
more of four main tasks: identification, classification, quantification, and prediction.
Identification begins with detecting specific targets such as distinguishing plant types or
locating disease presence. Classification groups visual data into specific categories, such
as different stress levels or types of weeds and diseases. Quantification measures the
extent of these phenomena, such as estimating coverage area or incidence rates, which is
crucial for assessing weed invasions or disease spread across a field. Finally, prediction
allows for anticipating these issues before visible symptoms arise, supporting proactive,
cost-effective management in precision agriculture (Singh et al., 2018). For autonomous
pest identification purposes, machine learning models with identification, classification,

and quantification capabilities are most applicable. Deep learning has been used to
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autonomously identify various weeds in a range of turfgrass systems for precision
herbicide applications (Jin et al., 2022; Joseph et al., 2024; J. Yu et al., 2020; J. Yu,
Schumann, et al., 2019; J. Yu, Sharpe, et al., 2019). Other aspects of turfgrass health,
such as visual quality and color (Ding et al., 2016) and clipping yields (Zhou & Soldat,
2021, 2022), have been successfully analyzed using deep learning techniques. Despite
successful applications in crops such as cereal grains (Waldamichael et al., 2022),
tomatoes (Durmus et al., 2017), and soybeans (M. Yu et al., 2022), machine learning for
disease detection on turfgrass remains unexplored. The ability of deep learning models to
overcome technical limitations in performing autonomous disease detection makes them
a promising candidate to assist in the identification of turfgrass pests (Boulent et al.,

2019).
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Chapter 2: Evaluating Factors Influencing the Accuracy and Precision
of Targeted Pesticide Applications on Turfgrass using a GNSS-Guided
Sprayer

Abstract:

Managed turfgrass systems such as golf courses and athletic fields provide essential
environmental and recreational benefits but rely heavily on pesticide applications that
pose environmental and economic concerns. Precision turfgrass management (PTM),
utilizing global navigation satellite system (GNSS)-guided sprayers, offers a sustainable
solution by enabling site-specific applications that significantly reduce chemical inputs,
cost, and environmental impact. Despite their potential, limited quantitative data on the
accuracy and precision of GNSS-guided sprayers have restricted widespread adoption.
This study quantitatively assessed the accuracy (offset distance and percent overlap) and
precision (consistency of applications) of GNSS-guided sprayer pesticide applications on
a golf course fairway, considering operational parameters of travel speed (4.8, 7.2, and
9.7 km/h) and target size (0.5, 1, and 2 m). The trial employed a randomized complete
block design, where target locations were accurately mapped using real-time kinematic
(RTK) GNSS receivers and sprayed with fluorescent dye. Application patterns were
captured by drone-based UV imaging and analyzed for offset distances, overlap
percentages, and overspray areas. Results demonstrated that sprayer speed significantly
influenced accuracy, with speeds of 7.2 and 9.7 km/h achieving greater overlap and lower
offset distances compared to 4.8 km/h. Overspray area increased with higher travel
speeds and larger target sizes, suggesting the need for operational adjustments at faster
speeds. Target size alone did not significantly impact accuracy or precision, highlighting
the technology's versatility across different target scales. These findings provide critical
quantitative evidence of GNSS-guided sprayer effectiveness, addressing industry
adoption barriers related to accuracy and efficacy concerns. Further research across
various environmental conditions and equipment types is essential for broader
implementation of targeted pesticide applications within PTM.
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Introduction

Managed turfgrass systems, including golf courses, athletic fields, and parks,
enhance urban environments by providing safe recreational spaces, mitigating erosion,
moderating temperatures, and enriching landscape aesthetics (Beard & Green, 1994;
Braun et al., 2024). Effective pest management is crucial for sustaining these benefits,
and conventional practices have relied on chemical pesticides. Although effective in
many cases, this reliance has raised concerns regarding environmental sustainability.
Pesticide runoff from golf courses can degrade water quality and harm non-target
organisms, including beneficial insects and pollinators (Haith, 2010; Gels et al., 2002).
Moreover, blanket pesticide applications across large areas often result in chemical
overuse, wasted resources, and elevated maintenance costs (Luck et al., 2010). As
criticism of traditional pest management practices rises, there is increasing emphasis on
adopting sustainable technologies for pest management (Braun et al., 2023).

Precision turfgrass management (PTM) is a subset of precision agriculture (PA)
that enhances turfgrass management practices by tailoring site-specific applications to the
natural variability of the turfgrass landscape (Bell et al., 2013; Carrow et al., 2010; Krum
et al., 2010). PTM incorporates technologies such as global navigation satellite systems
(GNSS) and geographic information systems (GIS) to precisely delineate areas that
require intervention and directs management practices and input applications accordingly
(Straw et al., 2020; Krum et al., 2010). GNSS-guided sprayers play a key role in site-
specific management, specifically in applying inputs only where they are required, which
significantly reduces waste, cost, and environmental impact (Carlson et al., 2022; Carrow

et al., 2010). Equipped with individual nozzle control, GNSS-guided sprayers can apply
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inputs within a predetermined boundary without manual intervention to turn the boom on
and off (Braun et al., 2023). The adoption of these sprayers addresses two central goals of
PTM: increased application accuracy and decreased input volume (Warneke et al., 2021).

The experiences of turfgrass managers who have adopted this technology have
been primarily positive, with users reporting improved accuracy in applications and a
reduction in total areas treated (Floyd et al., 2024; Richman, 2019). When compared to
manual sprayer applications, the implementation of GNSS technology has been shown to
reduce spraying errors, such as non-target, missed, or overlapping applications, resulting
in up to a 4.6% reduction in total volume applied to athletic fields (Floyd et al., 2024). A
study by Booth et al. (2021) found that targeted fungicide applications reduced fungicide
inputs by up to 65% while controlling spring dead spot (Ophiosphaerella spp.) outbreaks.
However, the authors note that further research is necessary to refine methods for site-
specific applications, including optimizing the size of targets sprayed. In another study
using a GNSS-guided sprayer for targeted spring dead spot fungicide applications,
Henderson et al. (2025) reduced inputs by 48% on average while maintaining control of
the disease similar to full-coverage applications.

Despite their potential benefits, targeted pesticide applications using GNSS-
guided sprayers remain limited in the turfgrass industry. A survey of golf course
superintendents revealed that while general knowledge of variability within turfgrass
areas exists, precise data quantifying the advantages of site-specific management is still
necessary (Straw et al., 2020). Several barriers contribute to this limited adoption,
including the high initial cost of equipment, difficulties in training staff, and concern

about the technology's efficacy (Price et al., 2023). In particular, limited quantitative
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evidence on the accuracy and precision of targeted pesticide applications deters
widespread acceptance. Risk aversion among potential adopters is heightened by the
limited track record of GNSS-guided sprayers in commercial agriculture, indicating that
the technology must be widely demonstrated to encourage adoption (Warneke et al.,
2021). To support this process, the establishment of proven, standardized protocols is
essential for enhancing the perceived reliability of the technology and promoting the
broader acceptance and effective use of site-specific PTM strategies (Bell et al., 2013).
To promote the adoption of PTM practices in the turfgrass industry, further quantifiable
research is essential (Braun et al., 2023).

There is a clear need for research that evaluates the performance of targeted
pesticide applications made with GNSS-guided sprayers. Key metrics such as accuracy
and precision are critical to understanding the effectiveness of these systems.
Additionally, real-world factors, such as sprayer travel speed and target coverage size,
may significantly influence the effectiveness of targeted applications but remain
insufficiently characterized in current literature. This study seeks to address these gaps by
quantitatively assessing the accuracy and precision of GNSS-equipped sprayers in
targeted pesticide applications under varying operational parameters of target size and
sprayer travel speed. Quantifying the variability in the accuracy and precision of targeted
applications using a GNSS-equipped sprayer at different traveling speeds will provide
turfgrass managers with information to make a more informed decision on whether to
adopt this precision management strategy. It is hypothesized that sprayer travel speed and

target size will significantly affect the accuracy and precision of targeted pesticide
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applications using GNSS-guided sprayers, with reduced accuracy and precision

anticipated at higher travel speeds and smaller target sizes.

Materials and Methods

The trial was conducted at the Virginia Tech Golf Course and tested three
different travel speeds, 4.8, 7.2, and 9.7 km/h, and three target sizes 0.5, 1, and 2 meters
in diameter. Target centers were marked and mapped using a real-time kinematic (RTK)
GNSS receiver and were integrated into the Toro GeoLink (The Toro Company,
Bloomington, MN, USA) system for precise nozzle control. A fluorescent dye solution
(Bright Dyes, Jackson, MS, USA) was applied using a Toro MultiPro 5800 sprayer, and
each trial was repeated three times. Following application, UV imaging with a drone
captured deposition patterns, which were analyzed in Fiji/ImageJ (Schindelin et al., 2012)
to calculate offset distance, overlap percentage, and overspray area, providing detailed

metrics on application accuracy across treatments.

Study Site and Experimental Design

The study was conducted on a mixed-species fairway, primarily composed of perennial
ryegrass (Lolium perenne L.) and Kentucky blue grass (Poa pratensis L.), at the Virginia
Tech Golf Course in Blacksburg, Virginia (37.2279, -80.4337) between October and
December 2024. A 29 m x 144 m section of the fairway was selected for the trial area due
to its uniform turfgrass and minimal topographic variation. Before trial initiation, the
fairway was mown to a standard golf course fairway height of 1.9 cm. The three sprayer

travel speeds were chosen to capture the range of travel speeds commonly used in
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pesticide spray applications (Cornell University Cooperative Extension, 2021; The Toro
Company, 2018). The three target sizes were used to represent real-world variation in the
sizes of spot-treatment areas and buffer sizes adopted from methods and suggestions by
Booth et al. (2021) and Henderson et al. (2025).

The trial area was divided into three rectangular strips, measuring 5.5 m by 144 m
with 3 m buffers between each section. Each strip was randomly assigned one of the
tested sprayer travel speeds. The trial area was split in this manner to facilitate operating
the sprayer at a single constant speed using the ground-speed-lock function across the
entire length of each section, ensuring consistency of speed and forming a reliable basis
for comparison among speeds. Within each strip, three target sizes, 0.5 meters, 1 meter,
and 2 meters in diameter, were randomly placed, with 12 replicated targets per size. This
resulted in a total of 36 targets per strip and an overall total of 108 targets per trial run.
The random placement ensured that each target size was distributed without bias within
each speed block. The trial was repeated three times, with the trial repetition serving as
the blocking factor of the experiment. This experimental design meets the requirements
of a split plot randomized complete block design, with travel speed as the main plot
factor, target size as the sub plot factor, and trial repetition as the blocking factor.

To facilitate data collection, 5.5 m by 3.7 m blocks were marked along each of the
three trial strips. These blocks were used to standardize the positioning of the portable
ultraviolet (UV) lighting rig and capture drone imagery under uniform illumination. Once
imaging was completed in one section, the lighting rigs were moved sequentially through
all sections until every target in the larger study area had been documented, following

procedures described by Koo et al. (2025).
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Marking and Mapping Target Centers

Once the trial area was measured and delineated, the 12 targets per size were randomly
placed within each strip, with each target’s center marked and mapped. An 8 cm dot was
marked at the center of each target using fluorescent orange paint (Rust-Oleum, Vernon
Hills, IL, USA) for visibility in the drone imagery described below. The precise location
of the target centers was mapped using an Emlid rs+ (Emlid, Budapest, Hungary) GNSS
receiver configured as a rover. The Emlid rs+ rover was connected to the same Topcon
(Topcon, Tokyo, Japan) Networked Transport of RTCM via Internet Protocol (NTRIP)
caster utilized by the Toro sprayer’s GeoLink system. The rover was set to receive
corrections from Topcon NTRIP through a mobile phone acting as a bridge, providing
spatial measurements accurate to within 2 cm. The Emlid Flow application (Emlid,
Budapest, Hungary) was used to log each target’s center coordinates, which were stored
as RTK data containing longitude, latitude, ellipsoidal height, and associated root mean
square (RMS) error parameters.

After mapping all target centers, the data were exported as a comma-separated
values (.csv) file. This file was imported into ArcGIS Pro (ArcGIS Desktop v10.5.1,
Environmental Systems Research Institute. Redlands, CA) and displayed as XY Data
with longitude set as X, latitude as Y, and the coordinate system defined as World
Geodetic System 1984 (WGS 84) to maintain consistency with the Toro GeoLink’s
operating coordinates. Each target center was then overlaid with a buffer measuring 0.5
m, 1.0 m, or 2.0 m in diameter, generating circular polygons representing the intended

treatment zones. Next, the buffer layers were dissolved with their associated target center
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points, creating a single shapefile for each target that included both center coordinates
and the circular boundary. This final shapefile (Figure 1) was uploaded to the GeoLink
system on the Toro sprayer, allowing the operator to create a spray job that triggered

nozzles precisely over each buffered target.

Figure 1: ArcGIS Pro shapefile map depicting targets randomly placed throughout each

travel speed strip.

Sprayer Setup and Application Procedure

A Toro MultiPro 5800 (The Toro Company, Bloomington, MN) sprayer equipped with
Real-Time Kinematic (RTK) GNSS guidance through the GeoLink Precision Spray
System and multi-section nozzle control was used to ensure precise activation or
deactivation of individual nozzles when crossing defined buffer zones. The RTK
corrections allow for sub-2 cm positional accuracy, which allows for the detection of
fine-scale differences in spray deposition at varying speeds. Before trial initiation, the
sprayer was calibrated by measuring flow rates from each nozzle at the set standard

operating pressure of 276 kPa, verifying uniform output across the boom. The sprayer
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was equipped with 12 nozzle mounts, each fitted with TeeJet AI11008-VS Flat Tip
nozzles (TeeJet® AI11008-VS, Spraying Systems, Wheaton, IL).

A biodegradable, fluorescent xanthene dye (Bright Dyes, Jackson, MS, USA) was
mixed into the tank solution at a rate of 40 ml dye L!. The dye-to-water ratio was
determined to be the optimal rate by a pilot study, which found that 1 ml of dye per 25 ml
of water provided the most visibility-intense fluorescent glow without over-saturating the
turfgrass canopy.

To apply the dye, the sprayer drove at a consistent speed, making one straight
pass over each of the three sections. The predetermined sprayer travel speed was
randomly assigned to each section, and the speed was maintained using the built-in
ground-speed-lock switch. The sprayer was brought to speed and locked outside the test
site and prior to passing over the first subsample. During each pass, the GeoLink software
automatically engaged or disengaged the nozzles as the sprayer moved into or out of each
target zone. Ambient conditions, including wind speed, temperature, and relative
humidity, were measured using a handheld instrument to document any environmental
factors affecting droplet movement or evaporation. Spraying was not conducted if wind
speeds exceeded 16 km/h based on local guidelines for safe pesticide applications

(VGCSAA, 2020).

UV Imaging and Data Collection
Immediately following each application, the study area was illuminated by a
portable structure mounted with six 50-W 365 nanometer (nm) ultraviolet (UV) lights

(Everbeam, British Columbia, Canada) in accordance with procedures described by Koo
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et al., 2024). The lights were evenly spaced 1.8 m apart along the edges of each plot to
achieve uniform illumination and minimize shadow effects. A DJI Mavic 2 Advanced
Enterprise drone equipped with a 48MP, 2 CMOS, RGB sensor (DJI, Shenzhen, China),
flown at a fixed altitude of 5 m above ground, captured high-resolution images of each
plot. Camera settings (ISO, shutter speed, and white balance) were standardized to
factory settings to maintain consistency among images. TIFF file formats were used to
ensure maximum data retention for subsequent analysis.

In this study, accuracy of the sprayer refers to the proximity of the actual sprayer
deposition to the intended target, measured by the distance between the center of the
sprayer deposition and target centroid, and by the percentage of overlapping area between
the sprayed area and intended target area. Precision refers to the consistency of
applications across repeated trials, evaluated by analyzing the variability in offset

distances and uniformity of spray deposition around target centers for each treatment.

Data and Statistical Analysis

All images were analyzed in Fiji, an enhanced distribution of the imaging
software ImageJ (Schindelin et al., 2012) to measure both the accuracy and precision of
the sprayer’s deposition relative to the intended target centers. To calibrate the scale in
each image and ensure the consistency of data collected, each plot was demarcated with
fluorescent orange paint at each corner, providing a known dimension of 5.5 m x 3.7 m.
In Fiji, the Straight Line Tool was used to draw a line across the known 5.5-meter
distance. Using the "Analyze > Set Scale" function, the pixel length of this line was

calibrated by entering the known real-world distance (5.5 m). The scale was then verified
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by measuring the known 3.7 m sides of the plot to confirm accuracy. The scale was then
set for that image, ensuring all subsequent measurements in the image were reported in
real-world units.

Once the scale was defined, circles representing each intended target size were
overlaid and centered on the intended target center, indicated by the orange-painted dots.
Then, the actual dye deposition was outlined by freehand selection, marking the area in
which the sprayer deposited the dye. The software’s Analyze > Measure tool returned the
area and centroid coordinates (X, Y) of each dye-marked spot. Drawing a straight line
between the intended target center (indicated by fluorescent orange paint) and the dyed
centroid returned an offset distance, or the distance between the intended target and
actual sprayer deposition, reflecting the accuracy of the sprayer’s application. The area of
overlap between the intended target and actual sprayer deposition was computed by
measuring the area of their intersection. Dividing this intersection by the area of the
intended target produced a percentage coverage measure. Any directional tendencies in
offset were determined by subtracting the intended target’s center coordinates from those
of the actual deposit centroid. The resulting coordinate differences were then translated
into standard compass directions (e.g., North, Northeast, East) using Cartesian grid logic,
where positive or negative differences along the X and Y axes corresponded to specific
directional categories. Overspray was calculated by subtracting the area of the intended
target from the area of the actual spray deposition to measure the area of dye applied
outside the intended target area.

The collected data were subject to analysis of variance (ANOVA) testing,

utilizing a significance level of 0.05 followed by Tukey’s HSD test to identify group
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differences in JMP Pro 18 (SAS Institute Inc., Cary, NC, USA). Separate least-squares

means models were fitted for each response variable of offset distance, area of overlap,

percent coverage, and overspray. Residual diagnostics performed using the Shapiro-Wilk

test for normality and Levene’s test for homogeneity of variance confirmed that

assumptions for parametric analysis were satisfied or appropriately addressed.

Results

The results of the analysis indicated that trial run had no significant effect on any

of the measured responses (Table 1). Therefore, data were analyzed collectively across all

three runs to determine the effects of sprayer speed (4.8, 7.2, 9.7 km/h), target size (0.5,

1, 2 m), and their interaction.

Table 1: Analysis of variance (ANOVA) results evaluating the significance (P < 0.05) of

the main effects of travel speed, target size, trial run, and their interactions on % overlap,

offset distance, and overspray area. Significant effects are indicated in bold.

% Overlap Offset Distance (m) Overspray Area (m?)
Speed <.0001 <.0001 <.0001
Target Size 0.0949 0.2542 <.0001
Trial Run 0.6581 0.1169 0.9718
Speed*Size 0.2034 0.2031 <.0001
Speed*Run 0.2855 0.1273 0.9935
Size*Run 0.8847 0.4976 0.2168
Speed*Size*Run 0.7370 0.5550 0.1096
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Sprayer speed significantly influenced percent overlap, offset distance, and
overspray area (Table 1). Spraying at the slowest speed, 4.8 km/h, resulted in
significantly lower overlap of the intended target (60.3%) compared to the higher speeds
of 7.2 km/h (98.4%) and 9.7 km/h (96.5%), which were not significantly different from
each other (Table 2). Offset distances followed a similar pattern; the average offset at 4.8
km/h (0.87 m) was significantly larger than the offsets at both 7.2 km/h (0.31 m) and 9.7
km/h (0.43 m), while no significant difference was observed between the two faster

speeds (Table 2).

Table 2. Main effect of sprayer operational speed on percentage overlap and offset
distance of precision spray averaged over three target sizes and three trials. Means not

connected by the same letter are significantly different at P < 0.05.

Speed (km/h) % Overlap Offset Distance (m)
4.8 km/h 60.299 (B) 0.86628 (A)
7.2 km/h 98.396 (A) 0.30879 (B)
9.7 km/h 96.510 (A) 0.43042 (B)

Overspray area showed a significant main effect of both speed and target size, as
well as an interaction between these two factors (Table 3). In general, higher speeds and
larger target diameters substantially increased overspray area. The increase in overspray
area is more pronounced at larger target sizes as speed increased, with minimal overspray
(0.57 m?) recorded when spraying 0.5 m targets at 4.8 km/h, whereas maximum

overspray (4.16 m?) occurred with the 2 m targets at the highest travel speed (9.7 km/h).
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This indicates that overspray not only increases with travel speed and target size

individually, but that the interaction of the two factors amplifies the effect at larger target

sizes, demonstrated by the difference in the effect of speed becoming more pronounced

as target size increases.

Table 3. Interaction of speed by target size on overspray area of precision spray

averaged over three trials. Means not connected by the same letter are significantly

different at P < 0.05.

Speed (km/h) 0.5 m Target 1 m Target 2 m Target
4.8 km/h 0.5665 (B) 0.8330 (B) 1.6437 (C)
7.2 km/h 0.8958 (A) 1.8393 (A) 3.5097 (B)
9.7 km/h 1.1593 (A) 2.1233 (A) 4.1597 (A)

Despite significant speed effects on offset distance, percent overlap, and
overspray, nominal logistic analysis revealed that offset direction was unaffected by
sprayer speed, target size, or trial run (p > 0.05). Nevertheless, there was a strong and
consistent directional bias: approximately 90% of offsets were located south, southeast,
or southwest of the intended targets, though the distance of offset varied. This directional
bias and the dispersion of actual spray centroids for each speed and target size

combination is illustrated in Figure 2.
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Precision Visualization: Actual Spray Centroids by Target Size and Speed
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Figure 2: The distribution of spray centroids relative to the intended target center,

represented by an orange X, with maroon dots indicating actual spray centroid locations.

Discussion

The results of this study provide quantitative evidence that GPS-guided, site-

specific spraying can achieve a high degree of accuracy and precision in turfgrass
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management. The majority of targeted spray applications were confined to the intended
treatment areas, indicating that the sprayer’s RTK-based guidance and individual nozzle
control effectively minimized off-target application, aligning with prior research
demonstrating precision sprayer’s ability to treat designated spots with minimal deviation
(Villette et al., 2021). The intermediate and higher speeds of 7.2 and 9.7 km/h
demonstrated significantly greater overlap percentages and smaller offset distances
compared to the lower speed of 4.8 km/h, which showed lower overlap and a larger offset
distance. These results are consistent with research by Sharda et al. (2013), who found
that targeted applications made while traveling 6.4 km/h or slower had a significantly
higher rate of errors, likely due to delays in nozzle actuation or extended response times
when transitioning into and out of target zones.

Target size alone had no significant impact on the offset distance and percent
overlap, indicating the sprayer maintained consistent positional accuracy and precision of
applications across varying target dimensions. Consistent accuracy and precision of
applications across target sizes indicates that turfgrass managers can implement spot-
treatment strategies for a range of applications, from small-scale weed infestations to
large areas affected by disease. However, these findings are specific to the specific
sprayer used for this study. Simulation studies have cautioned that targeted application
efficacy is influenced by nozzle spacing on the sprayer boom, with narrow spacing (0.5
m) greatly improving the accuracy of small target applications (Villette et al., 2021). The
consistent performance across target sizes also supports findings by Rasmussen et al.

(2020), who found the limiting factors in targeted applications to be primarily
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technological, relating to the boom section width and sprayer control system
responsiveness, rather than the size of the intended target.

A significant interaction between sprayer speed and target size was observed for
overspray area. Higher travel speeds and larger targets resulted in increased overspray,
which reflects the known challenge of nozzle actuation lag at higher speeds documented
by Rasmussen et al. (2020). Despite incidental overspray, the overall area treated was
81.04% less than if a full-coverage broadcast application had been applied to the entire
trial area. This supports prior research by Booth et al. (2021) and Henderson et al. (2025),
who found targeted applications significantly decreased the amount of product applied
and the overall area sprayed.

These results directly address concerns regarding the efficacy and accuracy of
GNSS-guided sprayer technologies, potentially mitigating some barriers hindering
broader industry adoption. Historically, adoption of PTM technologies in turfgrass
management has been limited by uncertainty regarding performance and operational
constraints (Price et al., 2023). Demonstrating reliable accuracy across operational
conditions may increase turf managers' confidence in adopting targeted application
methods, providing empirical support to encourage implementation.

Future research should replicate and extend these findings using diverse sprayer
models and GNSS systems under different geographic locations, environmental
conditions, and operational scenarios. A study by Franco et al. (2017) found that pesticide
savings when making targeted applications depend not only on the sprayer’s spatial
precision, but also on the target spatial distribution, finding that many scattered targets

were more challenging to hit than few, large clusters. These findings highlight the need
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for continued research into the efficacy of targeted applications made across diverse
turfgrass conditions and pest distributions. Studies investigating interactions between
weather conditions (e.g., wind, humidity) and sprayer accuracy are warranted. Additional
trials involving various pesticides, including fungicides, herbicides, and insecticides,
would further validate accuracy and precision across chemical formulations and nozzle
types. Research investigating long-term implementation of GNSS-guided applications
across multiple seasons and diverse turfgrass systems would provide insights into
cumulative economic benefits, chemical reduction, and pest management efficacy.

In conclusion, this study provides quantitative insights into operational factors
influencing GNSS-guided pesticide applications in turfgrass systems. The outcomes
suggest that GNSS-guided sprayers can apply pesticides at operationally relevant speeds
and varying target sizes, supporting PTM objectives of reducing chemical inputs while
maintaining accurate and precise spray delivery to targeted pests. Additional research
addressing calibration requirements and broader operational conditions is essential for
facilitating wider adoption of GNSS-guided spraying technologies in turfgrass

management.
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Chapter 3: Leveraging Deep Learning for Dollar Spot Detection and
Quantification in Turfgrass

Abstract:

This study evaluates the effectiveness of fine-tuning a semantic segmentation
model to identify and quantify dollar spot in turfgrasses, the most extensively managed
and researched disease of turfgrasses worldwide. Using the DeepLabV3+ model,
recognized for its capability to segment complex shapes and integrate multi-scale
contextual information, the research leveraged a diverse dataset comprising various
turfgrass species, disease stages, and lighting conditions to ensure robust model training.
The trained model can identify and segment disease instances accurately and precisely,
and the results indicate the potential for model-based assessment to outperform
traditional visual assessment methods in speed, accuracy, and consistency, pending direct
comparison. By fine-tuning a pretrained semantic segmentation model, we adapted it for
disease segmentation using only a standard personal computer's graphics processing unit.
This approach highlights the practicality of deploying advanced deep learning
applications in turfgrass pathology with limited computational capacity. The proposed
model provides a new tool for turfgrass researchers and professionals to rapidly and
accurately quantify this important disease under real-world growing conditions.
Additionally, the findings suggest the potential to apply deep learning algorithms to other
turfgrass diseases to support data-driven decisions. This could enhance disease
management practices and improve decision-making processes for fungicidal treatments,
thereby improving the economic and environmental sustainability of turfgrass

management.

36



Introduction

The benefits of turfgrass are intertwined with modern society due to its wide range of
environmental, recreational, and aesthetic applications (Stier et al., 2015). Turfgrass
supports erosion control (Krenitsky et al., 1998), groundwater filtration (Monteiro, 2017),
and urban heat dissipation (Peters et al., 2011). It serves as a safe, affordable surface for
sports with aesthetic benefits to surrounding landscapes (Beard & Green, 1994). Across
various roles and landscapes, consumers prefer turfgrasses with high aesthetic quality
(Barnes et al., 2020; Jung & Chung, 2024; Yue et al., 2021).

High expectations in turfgrass appearance and playability require diligent
management, including the control of turfgrass diseases (Vargas, 2018). One such disease
is dollar spot, caused by several Clarireedia spp., which affects all cultivated warm- and
cool-season turfgrass species, including annual bluegrass (Poa annua L.), creeping
bentgrass (Agrostis stolonifera L.), bermudagrass (Cynodon dactylon L.), and zoysiagrass
(Zoysia japonica Steudel) (Goodman & Burpee, 1991). Its symptoms include the
development of lesions on affected leaves that progress from chlorotic to water-soaked
and finally bleached (Tredway et al., 2022). Patches may appear white or straw-colored
(Walsh et al., 1999), with sunken spots ranging in size from 7 to 15 cm, appearing as the
disease progresses (Sapkota et al., 2022). Under certain conditions, a cottony or spider
web-like growth of mycelium may appear on affected turf (Tredway et al., 2022). It can
be costly to manage, making dollar spot one of the most economically significant
turfgrass diseases (Salgado-Salazar et al., 2018).

Effective management strategies hinge not only on understanding its manifestations

but also on the precise assessment of its severity. Disease quantification is critical to
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creating disease forecasts, decision thresholds, and accurate analyses of treatment effects,
and it directly influences the decision to apply or withhold fungicidal treatment (Bock et
al., 2020). Despite this, most assessments are performed manually and require a trained
pathologist or turfgrass professional to scout for and identify diseases in crops (Shahi et
al., 2023). Traditional methods for assessing disease severity have relied on visual
estimation, a technique disposed to subjectivity and significant variation among raters
(Bock et al., 2020; Nutter et al., 1993; Schwanck & Del Ponte, 2014). This method not
only requires the expertise of trained professionals but is also notably time-consuming
(Thomas et al., 2018). The subjectivity of visual assessments, along with their need for
specialized skills and time, motivates the exploration of a more objective and efficient
approach.

One method that seeks to solve this subjectivity and provide accurate disease
analysis is digital image analysis (DIA). Richardson et al. (2001) described DIA as
capturing digital images of turfgrass and analyzing the images to quantify various
parameters, including turfgrass cover and color. The process includes acquiring high-
quality images with consistent lighting conditions, selecting appropriate portions of the
image, and quantifying the desired parameters using specialized software. Although the
acquisition of proper images can be challenging, this method significantly reduces
evaluator bias and enhances data precision and consistency compared to traditional visual
assessments. There has been success with using DIA to evaluate diseases on turfgrass,
including assessing brown patch (Rhizoctonia solani) (Sykes et al., 2020), spring dead
spot (Ophiosphaerella spp.) (Tomaso-Peterson, 2008), and dollar spot (Horvath &

Vargas, 2005). However, a notable limitation of DIA is its difficulty delineating one
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specific disease when other stresses are present on the turf, including other diseases,
drought, mower scalping, and fertility issues (Karcher & Richardson, 2013). This
limitation can create issues when using DIA for the identification and quantification of a
single disease on turfgrass. Given this constraint, a solution that can provide rapid,
accurate, and consistent disease quantification in complex scenarios is still necessary.

The constantly advancing field of computer science provides new opportunities to
rapidly and nondestructively quantify turfgrass diseases and other pests. Deep learning,
an advanced subset of machine learning characterized by its use of deep neural networks
for hierarchical feature extraction and analysis, has proven effective for segmenting plant
diseases (Miao et al., 2020). Deep learning models can provide accurate and efficient
solutions for detecting disease in plants (Liu & Wang, 2021), offering a compelling
alternative to traditional manual disease identification and quantification methods.

While there has been limited application of deep learning with turfgrass diseases
specifically, studies have shown machine learning's efficacy in creeping bentgrass
(Agrostis stolonifera) yield predictions (Zhou & Soldat, 2021) and in turfgrass weed
detection (Yu et al., 2019). In other crops, deep learning models have been successful in
identifying diseases in cereal grains (Waldamichael et al., 2022), tomatoes (Durmus et
al., 2017), and soybeans (Yu et al., 2022).

With regard to plant disease detection, deep learning works in three distinct steps:
classification, detection, and segmentation (Wang, 2016). Classification involves
identifying the presence or absence of a disease through feature expression and
determining if the features match those of the intended disease. Detection is centered

around locating where the disease is present in the image. Finally, segmentation
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delineates the exact shape and extent of the disease by outlining the affected areas at the
pixel level. This separates the lesions or damage from the healthy parts of the plant,
providing details on the size, shape, and severity of the disease (Boulent et al., 2019).

Semantic segmentation models, a specialized type of deep learning model designed
for pixel-wise classification, classify each pixel of an image into a category predefined by
its developers. This facilitates precise mapping of disease spread within plant imagery,
enabling detailed and accurate assessment of the affected areas (Garcia-Garcia et al.,
2017). This pixel-wise classification is critical for applications where the exact
delineation of diseased versus healthy tissue informs treatment and management
decisions.

Deep learning surpasses traditional machine learning and manual methods in disease
identification and quantification by automating feature extraction, ensuring consistency,
and enhancing scalability (Hasan et al., 2020). Deep learning semantic segmentation
models are able to overcome technical limitations in disease identification (Boulent et al.,
2019) and learn features of the target disease with limited manual interference (Liu &
Wang, 2021). These advantages and the specialized capabilities of deep learning models
in enhancing disease identification with minimal manual intervention motivated the
decision to use semantic segmentation to identify and quantify dollar spot disease in
turfgrass.

By automating the dollar spot assessment process, we seek to provide an alternative
method to rapidly and accurately assess dollar spot incidence for both the scientific and
turfgrass professional communities. In doing so, we hope to provide scientists with an

objective tool to accurately and rapidly quantify dollar spot development for expedited
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data collection and turfgrass professionals with a new decision-support tool to guide the

need for fungicide applications.

Materials and Methods
2.1 Model selection

The objective of the model is to enable accurate quantification of dollar spot disease
given an image of affected turfgrass. In the field of computer vision, there are several
fundamental tasks that enable machines to interpret and understand visual data. Among
these tasks are image classification, object detection, and semantic segmentation (Feng et
al., 2019). Image classification assigns a label or category to an entire image to identify
its primary subject. While determining that dollar spot disease is present in an image is
necessary for this project, identification alone is not sufficient for quantification.
Similarly, object detection involves identifying and locating objects within an image,
often using bounding boxes or more precise methods to specify their positions. Although
an object detection model could be trained to identify occurrences of dollar spot in
turfgrass, it may not provide the fine granularity needed to accurately quantify the
severity of the disease, which is characterized by irregular patches and lesions.
Alternatively, semantic segmentation classifies each pixel in an image. This pixel-level
precision makes it highly effective at delineating the edges of each disease instance

(Figure 1).
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Image Classification Object Detection Semantic Segmentation

Figure 1: A visualization of computer vision tasks categorizing dollar spot on turfgrass.
For the image classification task, the image is classified as containing dollar spot since it
is the prevailing disease afflicting the turfgrass. For the object detection task, bounding
boxes are drawn around each instance of dollar spot. For the semantic segmentation
task, the model predicts the binary probability that each pixel represents dollar spot,

creating masks that identify affected areas.

The DeepLabV3+ machine learning model, developed by Google (Alphabet, Inc.),
was adopted for this study using methods described by Chen et al. (2018). This model
was chosen due to its proficiency in segmenting irregular shapes, which are characteristic
of dollar spot infections. The model achieves this performance through the integration of
atrous spatial pyramid pooling with an encoder-decoder architecture, employs atrous
convolution to control feature map resolution effectively, and captures contextual
information at multiple scales with reduced computational costs (Chen et al., 2018).
These features enable DeepLabV3+ to effectively combine detailed spatial information
with broad contextual understanding, making it adept at segmenting objects with irregular

contours like those of our target class. DeepLabV3+ also demonstrates superior
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performance on benchmarks like PASCAL VOC 2012 and Cityscapes without post-
processing (Chen et al., 2018). Though it has yet to be used with turfgrass, DeepLabV3+
has shown success when used for the segmentation of rice leaf diseases (Li et al., 2023)

and corn leaf diseases (Divyanth et al., 2023).

2.2 Image dataset and augmentation

The majority of this project's dataset consists of field research images from dollar
spot trials conducted by the turfgrass pathology research programs at Virginia Tech and
North Carolina State University. These images contain turfgrass in which either natural
infestations of dollar spot have occurred or asymptomatic grass has been inoculated with
the dollar spot pathogen. All instances of dollar spot in images were confirmed by trained
turfgrass pathologists at Virginia Tech. These images were not pruned for purity, and no
foreign objects, such as wooden stakes, water meters, or leaves, were removed if they
were present. The model benefits from their inclusion as it learns to distinguish between
dollar spots and other objects often present in fields of turfgrass. The dataset is
partitioned into distinct subsets, allocating 80% for training, 10% for validation, and 10%
for testing. Post data augmentation, this distribution resulted in a total of 11,830 256 x
256 image samples for training, 1478 for testing, and 1478 for validation.

The dollar spot images also ranged in season and genera, including both warm- and
cool-season turfgrasses, including fescues (Festuca spp. L.), creeping bentgrass (Agrostis
stolonifera), bermudagrass (Cynodon dactylon), and zoysiagrass (Zoysia japonica).
Images also included a wide range of turfgrass heights of cut, including golf course

greens (3 mm) and fairway height (8—15 mm), in addition to taller lawn heights (5—8 cm).
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Because these images were taken during trials, many show disease progressing within
plots, from visibly ambiguous amounts of dollar spot to plots where large portions of the
turfgrass have died. Incorporating images from various seasons, turfgrass species, and
disease stages enriches the training dataset, improving the model's ability to accurately
identify and quantify dollar spot under a wide array of conditions. Training with seasonal
variation teaches the model to adjust for differences in lighting and color variations,
which is essential for year-round disease detection. Including diverse turfgrass species,
heights of cut, and disease stages broadens the model's diagnostic scope, increasing its
utility across different cultivars and stages of disease progression. Such dataset diversity
is needed to fine-tune a model to perform well across the multifaceted scenarios
encountered in practical applications (Sladojevic et al., 2016).

Every visible instance of dollar spot within the training dataset was manually
segmented by a trained turfgrass pathologist until every image had a corresponding mask.
Every mask was then reviewed by a separate person to double-check its accuracy. To
augment the dataset and enhance the robustness of the model, each image and
corresponding mask was sliced into nonoverlapping 256 x 256 pixel tiles. Slicing the
images into smaller sections allows the model to focus on localized features of the
disease, which is particularly beneficial for learning to identify and quantify smaller or
early-stage disease manifestations (Perez & Wang, 2017). Subsequently, each tile is
augmented through horizontal flipping to create mirror images. Mirroring images adds
variability by presenting the model with flipped versions of the images. This forces it to
learn disease features regardless of their orientation, which improves the model's ability

to generalize from the training data to new, unseen images (Shorten & Khoshgoftaar,
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2019). These augmentation techniques are used to artificially expand the dataset,
providing a more diverse set of training examples (Figure 2). Data augmentation not only
helps to mitigate overfitting but also enhances the generalization capacity of deep
learning algorithms by exposing them to variations that simulate potential

transformations in real-world scenarios (Taylor & Nitschke, 2018).

Field Image Image Mask

256 x 256 Image Tiles

e &

Mirror Image

Labeling Tiling

—

Figure 2: Data preprocessing and augmentation from left to right: every instance of
dollar spot from the original field image of dollar spot is labeled by hand to create the
mask. The mask is then sliced into 256 x 256 pixel tiles and a mirror image is generated.
The tiles from the image and its mirror are both added to the dataset, and any tiles with

more than 20% disease are duplicated in the final dataset.

To further assess the model's robustness across varying levels of disease manifestation,

the images were stratified into three classes based on the prevalence of dollar spot.

Images exhibiting disease coverage between 20% and 100%, totaling 848 images; those
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with coverage ranging from 5% to 20%, totaling 2368 images; and images with less than
5% disease coverage, totaling 8614 images. This stratification facilitates a more nuanced
evaluation of the model's performance across different levels of disease severity.
Oversampling was applied to the minority class by duplicating training images with
20%—-100% disease coverage. While this helps minimize the class imbalance within the
dataset by increasing the total amount of dollar spot the model sees in each epoch, it does
not significantly contribute to overfitting because the number of easy images is small
relative to the rest of the training dataset. Oversampling alone does not adequately
address the class imbalance, however, as the amount of diseased turf is naturally sparse
compared with the amount of asymptomatic grass in most images.

DeepLab3V+ is pretrained on ImageNet (Standford Vision Lab), a database
containing over 14 million high-resolution images categorized into thousands of classes
(Deng et al., 2009). Pretraining with ImageNet does not significantly affect the model's
accuracy or precision in segmenting instances of dollar spot; rather, it helps the model
converge faster and enhances its ability to accurately distinguish nontarget class objects.
At the outset of the study, it was observed that using pretrained weights initially hindered
the model's convergence. This was likely due to our limited training data being
insufficient to override the biases the model learned from pretraining on ImageNet's
extensive and diverse dataset. To address this, the dataset was expanded by doubling the
number of labeled images and implementing the aforementioned data augmentation
techniques.

In order to train the model to differentiate dollar spot from other turfgrass diseases

and to prevent false positives on nontarget objects that the model could mistake for dollar
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spot, the dataset included 1164 negative images. The negative images included the
diseases brown patch (Rhizoctonia solani), spring dead spot (Ophiosphaerella spp.),
summer patch (Magnaporthiopsis spp.), and grey leaf spot (Pyricularia grisea). Negative
images also included abiotic factors and items, such as drought stress, scalping, patches

of soil or sand, golf balls, and divots.

2.3 Encoder and decoder

ResNet-34 was selected as the encoder for our model primarily due to its relatively
small memory footprint, which facilitates efficient training and testing on the computer
used in this study (Table 1). In contrast, while a deeper network such as ResNet-152
could potentially capture a more extensive range of features from the input images, its

larger memory requirements exceed the capacity of our available computing resources

(He et al., 2016).

Table 1. Specifications of computing environment used in this study for deep learning of

dollar spot detection.

Component Specification

Operating system Ubuntu 22.04

GPU NVIDIA T550 Laptop GPU
Cores 20

VRAM 3.81 GB

RAM 16 GB

CUDA version 12.2
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PyTorch version 222

Abbreviation: GPU, graphics processing unit.

In the context of deep learning, an encoder is a critical component of a neural
network that compresses input data into a more compact representation. Specifically,
ResNet-34, a convolutional neural network processes an image to produce a feature
vector that encapsulates the essential characteristics of the input, making it suitable for
subsequent prediction tasks. The architecture of ResNet-34 uses fewer layers than
ResNet-152, which not only reduces the memory demands but also suffices for capturing
the necessary features for effective segmentation (He et al., 2016).

The decoder component of a neural network expands latent representations back to
higher dimensional spaces suitable for specific tasks like classification or segmentation.
In our model, the decoder module enhances the segmentation accuracy along dollar spot

boundaries, ensuring precise delineation of the targeted regions (Chen et al., 2018).

2.4 Loss calculation

The dataset used for this project exhibited an inherent class imbalance due to the outsized
prevalence of asymptomatic turfgrass compared with dollar spot-infested turfgrass in
most images. Without adjusting the loss function, the model learns to optimize its
performance by consistently predicting the dominant class. Loss in neural networks
quantifies the difference between the predicted values and the actual values. This guides
the network during the training phase toward more accurate predictions as it attempts to
minimize loss. The task of segmenting areas of dollar spot disease in a turfgrass canopy is

a binary classification problem because there are only two classes: “dollar spot” and
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“non-dollar spot.” Every pixel of the input images is scrutinized for the probability that it
indicates dollar spot disease or not. To account for the class imbalance, we used a
weighted binary cross-entropy loss function. This function modifies the standard binary
cross-entropy loss by introducing class-specific weights, which can help balance the
influence of each class on the model's learning process (Lin et al., 2017). The weights are
adjusted to amplify the penalty for incorrectly classifying the less represented class
(turfgrass with dollar spot), thereby mitigating the bias toward the dominant class
(turfgrass without dollar spot). This adjustment enables the model to learn a more

balanced representation of both classes.

2.5 Training and validation

To train DeepLabV3+, we used a ResNet-34 CNN encoder pre-initialized with
ImageNet weights and the AdamW optimizer with an initial learning rate of 0.0005. The
learning rate was adjusted based on the model's performance during validation, and we
used a weighted binary cross-entropy loss function to manage class imbalance. Training
was conducted over eight epochs in batches of eight images and was completed in under
3 h. All training took place on an NVIDIA T550 Laptop graphics processing unit (GPU)
with PyTorch 2.2.2 and CUDA 12.2 (Table 1), with periodic evaluations of intersection
over union (IoU) and F1 scores to fine-tune the threshold for classification. During
validation, the model was evaluated across various confidence thresholds to determine
the optimal setting by comparing the resulting IoU and F1 scores. Figure 3 illustrates the
implications of various confidence thresholds. The 10% threshold is too lenient, as even

uncertain predictions are included in the predicted mask. In this case, the model
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erroneously predicted that the lightly colored pixels on the leaf indicate dollar spot.
Conversely, the 99% confidence threshold is excessively stringent, such that even the
model's most confident and accurate predictions fail to qualify. The 90% threshold is
optimal since the probabilities the model has produced to indicate the likelihood of dollar

spot infestation for each pixel are accurately reflected in the predicted mask.

Confidence Threshold Field Image Predicted Probabilities Predicted Mask Ground Truth

S

10%

90%

99%

Figure 3: Predicted dollar spot masks from a creeping bentgrass fairway using varying
confidence thresholds. Columns from left to right represent the original image, the
predicted probability, the predicted mask, and the ground truth image used for training.

Rows represent dollar spot predictions at confidence thresholds of 10%, 90%, and 99%.

2.6 Performance metrics

To assess the performance of the trained model, we computed several standard

metrics, each offering a unique perspective on the model's effectiveness:
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1.

F1 Score: This metric is the harmonic mean of precision and recall, providing
a balanced measure of the model's accuracy and completeness in identifying

dollar spot-affected areas.

Precision X Recall

Fl =2x
Precision + Recall

TP TP
Where precision = TP + FP and recall = TP + FN

Here, TP is the number of true positives, FP is the number of false positives,
and FN is the number of false negatives. TheF1 score provides a balanced
measure of the model’s precision and recall

Mean Intersection over Union (Mean loU): This metric quantifies the overlap
between the predicted segmentation and the actual ground truth, offering a

precise measure of the model's segmentation accuracy.

IoU= — &
TP + EN + FP

C
1
mloU = — IoU:;

Where C is the total number of classes, TP is the number of true positives, FN
is the number of false negatives, and FP is the number of false positives for

each class. The mloU measures the average overlap between the predicted and
ground truth segments for all classes. For our binary classification task, C = 2.
Mean Pixel Accuracy: This metric measures the average accuracy of all pixels

across all images.
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N
1 .
MPA:NZ 1y =9)

i=1
Where N is the total number of pixels, yi is the ground truth label of the ith
pixel, y" is the predicted label of the ith pixel, and 1(y; = y™) is an indicator
function that equals 1 if yi = y" and 0 otherwise. This metric measures the
average accuracy of all pixels across all images.

4. Mean Accuracy: This metric measures the average accuracy per image in a
batch by calculating the accuracy for each image and averaging these
accuracies.

C
1 TP;

MA = — X _—

C l,;l TP, + FN;

Where C is the total number of classes, TP is the number of true positives for
each class, and FN is the number of false negatives for each class. Mean
accuracy measures the aver-age accuracy per image in a batch by calculating
the accuracy for each image and averaging these accuracies. For our binary

classification task, C = 2.

These calculations provide a comprehensive assessment of semantic segmentation model
performance (Thoma, 2016; Csurka et al., 2023) and validate whether fine-tuning to

distinguish and segment dollar spot-affected areas of turfgrass has succeeded.

Results
Overall, the model achieved a mean pixel accuracy of .97, a mean accuracy of

.89, amean IoU of .72, and a mean F1 score of .74. Table 2 displays the performance of
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the model across three disease prevalence levels. The model was able to identify and

segment instances of disease with an average inference time of 6 ms per image.

Table 2: Performance metrics across varying levels of disease prevalence.

Disease Prevalence

0-5% Disease

5%-20% Disease

20%-100% Disease

Mean Accuracy

Mean F1 Score 0.6928 0.76188 0.7318
Mean [oU 0.7064 0.6319 0.5797
Mean Pixel Accuracy 0.9884 0.9365 0.7722

0.8748 0.9008 0.8059

Discussion

The model demonstrated better performance on images of closely mown turfgrass

compared to taller, lawn-height grasses. This can be attributed to the more discrete edges

of dollar spot infection centers on shorter grass, which appear as small circles (<50 mm)

in contrast to the larger, irregular patches observed on taller grass (Tredway et al., 2022).

Despite being trained on a diverse dataset that included both grass heights, the model

showed greater precision in identifying the clearer infection patterns of shorter turf. To

address this, future enhancements could focus on improving the model’s sensitivity to the

subtler and more irregular visual cues of dollar spot in taller grass, potentially through

targeted algorithmic adjustments that enhance feature detection in these less distinct

patterns.

The model also tends to learn color contrast as an important feature of its

predictions. This is an important feature for the model to learn, since most instances of
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dollar spot are characterized by tan or off-white spots dotting a green surface. However,
the model’s reliance on contrast becomes a limitation under certain conditions. When the
contrast between the diseased spots and the surrounding grass is subdued—due to either
the natural color of the grass or external lighting—the model’s predictive accuracy is
diminished.

The performance of the model is ultimately limited by the quantity, diversity, and
accuracy of the labels the model is trained on. Fine-tuning a model to effectively segment
turfgrass disease requires a considerable time investment to collect a diverse set of
disease samples and precisely annotate them. However, this initial period of inefficiency
will enable practitioners to receive accurate and consistent predictions within
milliseconds in the future.

The promising results of applying DeepLabV3+ for dollar spot detection and
quantification in turfgrass highlight the potential to leverage deep learning in agricultural
and environmental monitoring more broadly. Given the success of this model in
accurately identifying and quantifying dollar spot severity, similar methodologies could
be applied to a wider range of turfgrass diseases and other pests. Future studies could
explore the adaptability of this model to other turfgrass conditions, such as drought stress
or damage from physical wear, which are also critical to maintaining the health and
aesthetic value of turfgrass landscapes.

However, there is ample room for improvements and broader applications of this
model. Further studies should focus on extending the model’s utility across various
diseases, weeds, or other turfgrass afflictions. To quantify the model’s ability to

differentiate between dollar spot and other turfgrass pests and afflictions, a confusion
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matrix should be conducted to analyze the model’s performance. Integrating advanced
imaging techniques, such as high-resolution multispectral and hyperspectral imagery
from drones, satellites, and equipment-mounted sensors, could significantly refine the
model's detection capabilities by providing detailed insights into plant health invisible to
the naked eye (Zhang & Kovacs, 2012). Additionally, developing real-time disease
monitoring systems using Internet of Things, or IoT, devices could improve disease
management by enabling immediate identification and treatment actions (Liakos et al.,
2018).

The practical implications of automating disease detection can also significantly
streamline the labor-intensive process of monitoring disease spread. Traditionally, this
has involved manually counting new infection centers or visually quantifying the percent
disease coverage, a method detailed in studies by Smith et al., 2018; Steketee et al., 2016,
Ryan et al., 2012. By using models like DeepLabV 3+, which automates and accurately
quantifies infection centers, the precision of treatments can be enhanced. This allows for
interventions that are more tailored to the specific severity and spread of infections as
detected by these advanced technologies. Such automation could greatly improve the
efficiency and accuracy of disease management processes in turf management.

The objective of this study was to fine-tune and evaluate a deep learning semantic
segmentation model capable of accurately identifying and quantifying the severity of
dollar spot disease in turfgrass. These results demonstrate that a pre-trained deep learning
model, fine-tuned on a small set of expert-labeled images and trained on a personal
computer, can achieve significant accuracy and precision in segmenting instances of

dollar spot in turfgrass. It shows that large teams of developers, advanced GPUs, and
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extensive computational resources are not necessary to obtain high-quality segmentation
results when leveraging advanced pre-trained models developed through the dedicated
efforts of preceding researchers. This approach enables turfgrass scientists and
professionals to objectively quantify the severity of dollar spot infections more efficiently
and accurately than traditional methods, which are often time-consuming and subjective.
By providing a reliable, accessible tool for disease assessment, this work enables
the adoption of similar methodologies for other turfgrass diseases, broadening the scope
of disease management and potentially transforming practices in the field. This validation
supports further research into the use of deep learning models to perform time-intensive,
subjective visual assessments for disease analysis in turfgrass pathology and motivates

the development of more accessible and efficient disease management strategies.
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