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Abstract

Agricultural spraying has evolved from conventional passive drift mitigation toward active,
intelligent precision management. This review synthesizes advancements in agricultural
precision spraying, evaluating both established passive drift-reduction techniques and
emerging active application systems. The analysis emphasizes three core technological
pillars: multi-sensor target perception, real-time variable-rate decision modeling, and
high-frequency actuation mechanisms. The findings indicate that integrating these distinct
mechanisms into a unified “perception–decision–execution” architecture offers a means
of balancing the trade-off between drift reduction and canopy coverage. By transitioning
from broadcast applications to targeted delivery, this synergistic approach may contribute
to improving pesticide utilization, minimizing off-target environmental contamination,
and enhancing the biological efficacy of crop protection. Overall, this technical progression
may facilitate the translation of precision spraying technologies from controlled laboratory
validation to broader field implementation.

Keywords: precision spraying; drift control; variable-rate application; sensor fusion; PWM
control; multi-technology synergy

1. Introduction
A substantial fraction of applied pesticide volume is lost during transit. These losses

contribute to soil and aquatic contamination. For sensitive crops, off-target herbicide
exposure may result in significant yield losses. Spraying technology has followed a distinct
evolutionary trajectory, shifting from passive drift suppression to active precision delivery.

Mechanistically, spray drift is categorized into two distinct forms: particle drift and
vapor drift [1]. Particle drift involves the physical displacement of droplets away from
the target area driven by wind currents, a trajectory governed by the complex interplay of
droplet evaporation, gravitational sedimentation, and turbulent diffusion [2,3]. Conversely,
vapor drift occurs when pesticide molecules volatilize and subsequently migrate through
the gaseous phase [4,5]. Droplets smaller than 100 µm in diameter often contribute dispro-
portionately to off-target drift. Among the variables affecting spray drift, droplet size is
considered a major influencing factor [6,7]. Moreover, when ambient wind speeds exceed
5 m/s, the drift propensity of droplets under 200 µm increases substantially [8]. Ultimately,
spray drift is rarely driven by an isolated variable. Rather, it manifests from the intricate
coupling of environmental conditions (e.g., wind velocity and direction, temperature, and
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relative humidity), equipment parameters (nozzle architecture, operating pressure, and
boom height), and the physicochemical properties of the spray solution (such as surface
tension, viscosity, and emulsion structure) [9–11].

Spraying technology has followed a distinct evolutionary trajectory over the past few
decades, with the core research objective gradually shifting from passive drift suppression
to active precision delivery, as documented in multiple comprehensive reviews [12,13].

Early research predominantly focused on mitigating drift risks by coarsening droplet
size spectra, a strategy rooted in the well-established correlation between droplet diameter
and off-target displacement [14]. To underpin these investigations, standardized droplet
characterization methodologies—including laser diffraction, phase Doppler particle anal-
ysis (PDPA), shadowgraph, and liquid immersion techniques—have been systematically
validated and compared, establishing a unified measurement framework for nozzle per-
formance evaluation [15]. Air-induction nozzles exemplify this passive mitigation ap-
proach, and their internal Venturi air-entrainment mechanism and resulting droplet size
distributions have been extensively characterized across laboratory and bench-scale test
platforms [16–18]. Subsequent studies have further extended performance validation to
emerging application scenarios, quantifying drift potential and coverage uniformity of air-
induction nozzles when mounted on agricultural drones, revealing distinct aerodynamic
behaviors compared to ground-based boom sprayers [19,20]. Other passive mitigation
strategies, such as shielded boom configurations and anti-drift curtain devices tailored
for strip intercropping systems, have also been developed and validated, offering comple-
mentary drift reduction effects alongside nozzle optimization [21]. Design factors such as
Venturi geometry, orifice area, and operating pressure have been demonstrated to exert
pronounced effects on both droplet size spectra and drift reduction efficacy, providing a
theoretical basis for targeted nozzle structural optimization [22].

However, although coarse droplets generated by air-induction nozzles can reduce
drift risk, they may also reduce canopy penetration and abaxial leaf coverage under cer-
tain canopy and operating conditions [23,24]. This fundamental trade-off between drift
reduction and target coverage is further amplified when adjuvants are incorporated: al-
though polymeric and oil-based adjuvants can modulate atomization dynamics and droplet
deposition behavior on leaf surfaces, their efficacy is highly contingent on formulation
compatibility, shear degradation resistance, and field operating conditions [25,26].

The limitations of standalone passive technologies contributed to a gradual shift in
research emphasis from drift prevention toward more targeted liquid delivery. Driven
by advances in sensing and automatic control technologies, novel precision application
modalities—including electrostatic spraying, whose charge formation modes and droplet
charging mechanisms have been systematically classified in established theoretical frame-
works [27,28], real-time orchard variable-rate sprayers, and UAV-based targeted spray-
ing systems—have been investigated as alternatives to conventional broadcast applica-
tion [29,30]. PWM variable-rate nozzles have been characterized in terms of droplet size
distribution, velocity, spray angle, and flow rate under a range of duty-cycle and adju-
vant conditions [31–33]. Consequently, spray application is increasingly considered a
systems engineering problem involving target perception, dynamic decision-making, and
precision actuation.

Reliable drift evaluation provides an important basis for technological optimization,
regulatory assessment, and verification of the biological efficacy and deposition consis-
tency of emerging application systems [34]. Field trials accurately capture drift behavior
under real-world operational conditions, enabling simultaneous measurement of canopy
deposition, off-target ground loss, and airborne drift across full crop phenological stages;
however, they are heavily constrained by limited controllability over meteorological condi-
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tions, high labor and material costs, and poor experimental repeatability [35]. Wind tunnel
testing provides a widely used standardized platform for comparing nozzle types, adju-
vant formulations, and drift-reduction devices under controlled environmental conditions.
Nevertheless, it struggles to fully replicate the intricacies of field turbulence structures and
dynamic canopy interactions, limiting its ability to predict actual field performance directly.

Alternatively, CFD simulations have become widely used in agricultural spray re-
search because they provide detailed flow-field information under controlled numerical
conditions [36–38]. CFD methods have been applied to a wide spectrum of scenarios,
including optimizing the aerodynamic performance of mechanical spray shields, model-
ing internal flow fields of irrigation and spray components, designing air-assisted and
air-curtain spray systems, and optimizing agricultural machinery structures through fluid–
solid coupling analysis [39–42]. For instance, the two-stage CFD model developed by
Cui et al. (2024) achieved a coefficient of determination of 0.8684 between predicted and
measured airflow velocities, alongside a normalized mean absolute error of 17.2%, in-
dicating a moderate agreement between the predicted and measured airflow velocities
under the evaluated conditions [43]. Beyond drift assessment, CFD has also been leveraged
to guide structural optimization of variable-rate spray equipment and orchard-specific
application systems, bridging the gap between fundamental mechanism research and
engineering implementation.

Several studies support the complementary roles of these three methodologies: wind
tunnels provide standardized comparative data, field trials evaluate performance under
practical operating conditions, and CFD simulations help interpret the underlying flow
mechanisms [44,45]. Combining these approaches may improve the reliability and compre-
hensiveness of performance evaluation and facilitate the iterative development of precision
spraying technologies.

This review systematically maps the evolutionary trajectory of agricultural precision
spraying technologies from “passive mitigation” to “active precision.” Section 2 synthesizes
passive drift reduction techniques. Section 3 shifts the focus toward active precision
spraying technologies. Section 4 explores multi-technology synergy and system integration.
Finally, Section 5 projects future developments, highlighting intelligent upgrades, platform
diversification, and addressing existing technical constraints.

Although several reviews have summarized developments in agricultural spraying
platforms and drift-mitigation technologies, a synthesis gap remains regarding the me-
chanical integration and operational interactions between passive and active approaches.
Previous reviews have often discussed passive interventions and active precision configu-
rations in separate sections or analytical frameworks.

Compared with previous general reviews, this review makes three main contributions.
First, it examines the interactions and operational boundaries between passive drift mit-
igation and active precision spraying within a unified “perception–decision–execution”
framework. Second, it discusses the fluidic and aerodynamic interactions arising from
combinations of complementary technologies, including physical shielding with low-
drift nozzles and air assistance with electrostatic charging. Third, it evaluates practical
engineering constraints, including pipeline pressure oscillations associated with PWM
switching, spatiotemporal misalignment between sensors and actuators, and the sensitivity
of machine-vision models to variations in natural illumination.

To ensure methodological transparency, this review adopted a semi-systematic litera-
ture review approach rather than a fully systematic review framework. Literature searches
were conducted on 15 June 2026, using the Web of Science Core Collection, Scopus and
Google Scholar, covering studies published primarily between 2000 and 2026. The search
strategy was developed using the following Boolean expression: (“precision spraying”
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OR “variable-rate application”) AND (“spray drift” OR “drift mitigation”) AND (“sensor
fusion” OR “LiDAR” OR “PWM control”).

The retrieved studies were screened through a multi-stage selection process, including
title and abstract screening, full-text evaluation, and relevance assessment. Studies were
excluded when they lacked quantitative experimental validation, were outside the scope
of precision spraying technologies, or were not peer-reviewed publications. A total of
285 records were identified. After 70 duplicates were removed, 215 records underwent
title and abstract screening. Of these, 98 were excluded, leaving 117 articles for full-text
assessment. Following the exclusion of 56 articles, 61 studies were included in the core
technical synthesis.

A PRISMA-style flow diagram (Figure 1) is provided to summarize the identification
and selection process. It should be noted that the 61 core studies were selected for the struc-
tured comparative synthesis, while additional references cited throughout the manuscript
were used to provide theoretical background, historical development, and complementary
explanations of specific technologies. Several foundational studies published before 2000
were retained only as contextual references because of their significant contributions to the
underlying principles of spraying technology.

Figure 1. Literature identification and selection process adapted from the PRISMA framework.
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2. Passive Drift Mitigation Technologies
2.1. Droplet Size Regulation: Design Principles and Performance Trade-Offs of Low-Drift Nozzles

Droplet size distribution is one of the main factors influencing spray drift because
droplet diameter affects aerodynamic behavior, settling velocity, and atmospheric resi-
dence time [46]. Wind-tunnel experiments and field studies have consistently shown that
changes in droplet size distribution are associated with variations in off-target losses [47,48].
Droplets smaller than 100 µm are frequently identified as major contributors to spray drift.
Accordingly, some studies have proposed 200 µm as a practical threshold for evaluating
drift-prone droplets, with droplets below this size accounting for more than 70% of the total
drift mass under specific field conditions [49,50]. Further analyses have reported a signifi-
cant negative correlation between the driftable spray fraction and volume median diameter,
although the strength of this relationship may vary with crop canopy characteristics and
meteorological conditions [51,52]. When wind speed exceeds 5 m/s, droplets smaller than
200 µm generally exhibit greater drift potential than coarser droplets [53]. Wind speed is
therefore an important meteorological factor affecting the influence of droplet size on drift.
At wind speeds below 3 m/s, the effect of droplet size may be relatively limited, whereas at
speeds above 5 m/s, enhanced turbulent transport can substantially increase the horizontal
displacement of fine droplets [54]. Temperature and relative humidity can further modify
droplet diameter through evaporation. Under low-humidity conditions, fine droplets may
continue to decrease in size during transport, thereby increasing their susceptibility to
drift [55,56]. Consequently, coarsening the droplet spectrum through nozzle design has be-
come a widely used approach to passive drift mitigation. Compared with post-atomization
measures such as adjuvant application and physical shielding, nozzle optimization can
reduce the formation of fine droplets during the initial atomization process. Its relatively
low cost, operational simplicity, and compatibility with existing spraying equipment have
contributed to its broad application in plant-protection spraying systems.

Air-induction nozzles incorporate an internal Venturi restriction to entrain ambient air
into the liquid stream. As a representative type of low-drift nozzle, their atomization and
drift-reduction mechanisms have been investigated using numerical simulations, flow-field
measurements, and high-speed imaging [57,58]. Venturi geometry—including the contrac-
tion angle, throat diameter, diffuser length, and outlet-orifice dimensions—can influence
the local pressure distribution, air-entrainment rate, and resulting spray characteristics,
and is therefore an important consideration in nozzle design. As the pressurized liquid
passes through the Venturi throat, its velocity increases while the local static pressure
decreases. When the pressure falls below atmospheric pressure, ambient air is drawn into
the liquid through lateral inlets, forming a gas–liquid two-phase flow [59]. High-speed
imaging studies have shown that the entrained-air volume may initially increase and sub-
sequently decrease with increasing operating pressure, with the response also depending
on orifice size.

The entrained air is dispersed within the liquid stream as microbubbles, which modi-
fies liquid-sheet and ligament breakup relative to conventional hydraulic nozzles. Bubble
expansion and gas–liquid interactions can promote the formation of larger droplets con-
taining internal air inclusions. Under the evaluated conditions, this atomization behavior
is generally associated with an increase in volume median diameter and a reduction in
the proportion of droplets smaller than 100 µm, thereby lowering the fraction of droplets
that are particularly susceptible to drift. Previous studies have generally shown that air-
induction nozzles produce coarser droplet spectra than conventional flat-fan nozzles [57].
Comparative evaluations of different nozzle types have similarly indicated that, under
comparable operating-pressure and nominal-flow-rate conditions, air-induction nozzles
tend to increase the volume median diameter and reduce the proportion of fine droplets
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susceptible to drift. However, the magnitude of these effects varies with nozzle geometry,
operating pressure, formulation properties, and measurement conditions.

In an orchard study, Derksen et al. (2007) compared three nozzle configurations: a fine-
spectrum D3-25 disc-core nozzle (Dv50 = 125–155 µm), a medium-spectrum D4-25 disc-core
nozzle (Dv50 = 210–225 µm), and a TD02 air-induction nozzle (Dv50 = 253 µm) [60]. The
experiment was conducted in a mature apple orchard using ground polyester-line collectors
and high-volume airborne samplers to quantify ground deposition and airborne drift at
several downwind distances. The sampling procedure was based on standardized field
drift-test methods. Ground deposition associated with the TD02 nozzle was significantly
lower than that of the D4-25 nozzle over the 8–32 m sampling range. At distances of
8, 16, and 32 m, ground drift deposition from the TD02 nozzle was reduced by 67.8%,
85.5%, and 92.4%, respectively, relative to the D4-25 nozzle, with the differences reported
as statistically significant (p < 0.05). These results indicate that the coarser droplet spectrum
generated by the TD02 nozzle was associated with lower near-field drift under the tested
orchard conditions.

Droplet settling behavior depends on the balance between gravitational force and
aerodynamic drag. An increase in Dv50 generally favors a higher settling velocity and a
shorter atmospheric residence time. For air-filled droplets, however, this effect may be
partly moderated by their lower effective density relative to droplets composed entirely of
liquid [61]. Therefore, the reduced atmospheric residence time observed for air-induction
sprays is more appropriately interpreted as the combined result of increased droplet size
and altered droplet density, rather than as a consequence of air entrainment alone.

The mechanisms underlying drift reduction by air-induction (AI) nozzles remain an
active area of investigation, particularly with respect to the relative contributions of air
entrainment and nozzle geometry. Early studies commonly associated drift reduction with
the formation of air-filled droplets. However, comparative experiments by Guler et al. (2007)
showed that sealing the air inlets did not produce statistically significant changes in spray
characteristics when AI nozzles with comparable exit-orifice areas were evaluated [62].
These results indicate that exit-orifice geometry may have a substantial influence on droplet
formation by reducing liquid exit velocity and promoting the production of coarser droplets.
Air entrainment may provide an additional contribution by modifying droplet internal
structure and aerodynamic properties. Such changes could affect droplet deformation,
fragmentation, and retention following canopy impact, although their direct contribution
to airborne drift reduction has not yet been fully resolved.

Derksen et al. (2007) reported adaxial leaf coverages of 59% and 56% for the D3-25
nozzle at canopy heights of 2.0 and 3.0 m, respectively, compared with 54% and 49% for the
TD02 air-induction nozzle [60]. Although adaxial coverage was numerically higher with the
D3-25 nozzle, the differences between the two nozzle types were not statistically significant
at either canopy height. In contrast, abaxial coverage was significantly greater with the
D3-25 nozzle, reaching 13% compared with 6% at 2.0 m and 18% compared with 9% at 3.0 m.
Relative to the D3-25 nozzle, the TD02 nozzle was therefore associated with reductions
in abaxial coverage of 53.8% and 50.0% at canopy heights of 2.0 and 3.0 m, respectively.
These results indicate a potential trade-off between drift mitigation and deposition on the
abaxial leaf surface. The agronomic relevance of this trade-off depends on the location
and biological characteristics of the target organism, particularly when pests or pathogens
are concentrated on the underside of leaves. Table 1 provides a detailed comparison of
droplet-size characteristics and drift-deposition profiles for the three nozzle configurations.
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Table 1. Comparison of droplet size and drift deposition among the three evaluated nozzles.

Nozzle Type Dv50 (µm) Leaf Surface Covered
(2.0 m/3.0 m)

Covered on the Back of
the Leaf (2.0 m/3.0 m)

Airborne Drift Deposition at
8 m (Relative Value)

D3-25 125–155 59%/56% 13%/18% —

D4-25 210–225 57%/47% 10%/10%
Approximately threefold that

of TD02 at most sampled
elevations

TD02 253 54%/49% 6%/9% 1 (Baseline)

Doruchowski et al. (2017) conducted a four-year field study in an apple orchard to
compare the biological efficacy of coarse-spectrum air-induction (AI) nozzles with that
of conventional fine-spectrum hollow-cone nozzles at application volumes of 250, 500,
and 750 L/ha [57]. Under relatively low disease pressure, the two nozzle configurations
provided comparable control of apple scab. Under the higher infection pressure observed
in 2010 and 2013, however, the fine-spectrum spray provided better control of powdery
mildew than the coarse-spectrum AI spray. For exposed foliar pests, including aphids and
spider mites, no statistically significant differences were detected between nozzle types
across the evaluated application volumes. In contrast, effective control of concealed pests,
such as the apple blossom weevil, and wax-protected species, such as the woolly apple
aphid, was achieved only at the highest application volume of 750 L/ha, which produced
near-runoff canopy coverage.

These results indicate that nozzle selection should be adapted to the biological target
and application conditions rather than based on a single performance criterion. The
suitability of coarse-droplet drift-mitigation strategies depend on several interacting factors,
including the location and biological characteristics of the target organism, disease or pest
pressure, canopy structure, application volume, and the mode of action of the agrochemical,
particularly whether it is contact or systemic.

A comparison of drift-reduction approaches applied during atomization further illus-
trates the balance between limiting off-target movement and maintaining target deposition.
AI nozzles may reduce near-field drift by producing coarser droplet spectra and decreasing
the proportion of drift-prone fine droplets. Their relatively simple mechanical structures
also allow them to be incorporated into conventional boom-sprayer systems with lim-
ited modification. However, the production of coarser droplets may alter deposition
patterns. Under the reported experimental conditions, AI nozzles were associated with
reductions of approximately 50.0–53.8% in abaxial leaf coverage relative to conventional
fine-spectrum nozzles.

Polymeric and other chemical adjuvants provide an alternative means of modifying
spray formation by altering properties such as dynamic surface tension and extensional
viscosity without requiring changes to nozzle geometry. These additives may improve
droplet-size distribution and foliar spreading at relatively moderate operational cost. Their
performance, however, can depend on formulation composition, operating conditions, and
mechanical stability. In particular, some long-chain polymers may undergo shear degrada-
tion during continuous pumping and tank recirculation, reducing their rheological effect
over time. Consequently, adjuvant-based drift mitigation may exhibit greater variability
during operation than nozzle-based structural modification.

2.2. Physicochemical Property Regulation: Adjuvant and Formulation Engineering

While nozzle design establishes the initial droplet size distribution, the physico-
chemical properties of the spray liquid also influence the atomization process. Hilz and
Vermeer (2013) identified shear viscosity, extensional viscosity, dynamic surface tension,
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and structural heterogeneity within spray formulations as important factors affecting spray
formation [63]. Among these properties, rheological modification through the use of adju-
vants has received considerable attention because it allows droplet breakup to be adjusted
without requiring changes to the spraying hardware.

Polymeric adjuvants are widely investigated as drift-reduction additives [64]. Their
effects, however, cannot be explained solely by changes in shear viscosity. Many agricultural
polymers exhibit shear-thinning behavior, whereby their apparent viscosity decreases under
the high shear rates encountered within spray nozzles [65]. Extensional viscosity may
therefore play a more prominent role during liquid-sheet stretching and ligament breakup.
During extension, polymer chains generate elastic stresses that can delay fragmentation
and favor the formation of larger droplets. The extent of this effect depends on factors such
as polymer molecular weight, chain rigidity, and concentration, which influence the onset
and magnitude of extensional thickening.

Despite their potential to reduce drift, the field performance of polymer-based adju-
vants can be affected by several practical constraints. Polymer molecules may undergo
mechanical degradation during pumping, recirculation, and delivery, which can reduce
their rheological effectiveness relative to that observed under laboratory conditions. In
addition, adjuvant performance depends on interactions with pesticide formulations and
operating parameters. Active ingredients and formulation components, including emul-
sifiers and dispersants, may alter the physicochemical properties of the spray liquid and
thereby influence droplet formation, deposition behavior, and biological efficacy [66]. Con-
sequently, results obtained for a specific spray mixture may not be directly transferable to
other pesticide formulations or application conditions.

The evaluation of adjuvants should therefore extend beyond changes in droplet size
distribution alone. Modifications to the droplet spectrum may also affect canopy penetra-
tion, retention, spreading, and target coverage. Future research could focus on developing
predictive relationships among formulation properties, atomization behavior, and field
performance. Integrating physicochemical characterization with spray measurements and
field validation may support the more reliable incorporation of adjuvant technologies into
precision spraying systems.

2.3. Physical Shielding and Air Assistance

While nozzle design and adjuvant formulation primarily affect the droplet-generation
stage, physical shielding and air assistance act mainly during droplet transport. These
approaches rely on different mechanisms: shielding reduces the exposure of the spray
plume to ambient airflow through physical interception, whereas air assistance modifies
droplet trajectories by introducing a directed airflow toward the target [67].

A two-year field study compared drift from shielded and open-boom sprayers across
four droplet-size categories. Within a downwind distance of 2–31 m, the shielded sprayer
reduced drift by up to 86% for fine sprays and 56% for medium sprays. At distances of
43–104 m, drift was approximately 50% lower with the shielded configuration than with
the open boom under the evaluated conditions, with relatively limited variation among
droplet-size categories. Vieira et al. (2022) further reported that a shielded application
using AIXR nozzles without an adjuvant produced an area under the drift curve of 31.5,
which was comparable to the value of 27.7 obtained with an open-boom application using
TTI nozzles and a drift-reducing adjuvant [67]. This similarity was observed despite the
difference in initial droplet size, with Dv50 values of 447.5 and 985 µm, respectively. These
results suggest that physical shielding may partly compensate for differences in droplet-size
distribution under certain operating conditions.
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The performance of shielding systems, however, depends on their structural config-
uration. Sidahmed et al. (2004) conducted wind-tunnel experiments at an air velocity of
6.2 m/s using 8001 and 8003 nozzles operated at pressures of 138, 276, and 414 kPa [68].
The reported drift reductions were 61% for symmetrical three-foil shields, 55% for symmet-
rical two-foil shields, and 48% for unidirectional two-foil shields. The greater reduction
associated with the three-foil design was attributed to the combined effects of mechanical
interception, directed airflow, and air-curtain formation. By comparison, the unidirectional
two-foil configuration produced a less effective air-curtain effect during downwind opera-
tion. Ozkan et al. (1997) similarly evaluated nine shield configurations and reported drift
reductions ranging from 13% to 59%, depending on the design [69].

Despite their potential aerodynamic benefits, shielding systems also present opera-
tional limitations. Full-boom enclosures may restrict nozzle visibility and reduce acces-
sibility for inspection, adjustment, and maintenance [70]. In addition, pesticide residues
deposited on the shield surface may create a risk of phytotoxicity if the structure contacts
sensitive crops during operation [71]. These practical constraints may affect field usability
and user acceptance and should therefore be considered alongside drift-reduction per-
formance. A comparison of the reported drift-reduction efficiencies of different shield
configurations is provided in Table 2.

Table 2. Comparison of drift reduction efficiencies across diverse physical shield configurations.

Shield Configuration Reported Reduction in Drift or
Deposition-Distance Metric (%)

Aerodynamic & Structural
Mechanism Source Attribution

Symmetrical Triple-Foil
Enclosure 61%

Combines mechanical interception,
direct forced airflow routing, and a

multi-layer air curtain effect.
Sidahmed et al. [68]

Symmetrical Double-Foil
Shield 55%

Designed to provide direct air
assistance during both upwind and

downwind travel.
Sidahmed et al. [68]

Unidirectional
Double-Foil Shield 48%

More effective during upwind travel,
when the induced airflow forms an

air curtain; less effective during
downwind travel because this
air-curtain effect is weakened

or absent.

Sidahmed et al. [68]

Best-performing
double-foil shield

configuration
59%

Maximized aerodynamic enclosure
geometry tailored for flat-fan nozzle

spray patterns.
Ozkan et al. [69]

Least-effective shield
configuration 13%

Least effective among the evaluated
shield configurations under the

reported wind-tunnel conditions.
Ozkan et al. [69]

Air-assisted spraying employs a different approach to modifying droplet transport [72].
Wolff and Watson (1986) developed an air-assisted row-crop sprayer in which air outlets
were positioned adjacent to conventional hydraulic nozzles to direct the spray plume
toward the target zone [73]. In field trials, combining the air-carrier unit with a shield
increased whole-plant deposition by 100% in maize and 234% in soybean. Abaxial leaf
deposition increased by 900% in maize and 400% in soybean under the tested conditions.
These results suggest that the directed airflow altered droplet trajectories and may also
have promoted leaf movement or modified the aerodynamic conditions governing droplet
interception by leaf surfaces.

The air-curtain delivery system used a high-aspect-ratio tangential, or cross-flow,
fan to generate a planar air jet with an initial exit velocity of approximately 65 km/h.
Although a jet at this velocity would be expected to operate under turbulent flow conditions,
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the term “non-turbulent” used in earlier empirical descriptions appears to refer to the
relatively coherent, low-divergence structure of the linear jet rather than to a strictly
laminar flow regime. Compared with the more dispersive, three-dimensional flow fields
produced by conventional axial or centrifugal fan systems, a cross-flow fan can generate
a more rectilinear air curtain. This flow structure may reduce early mixing with ambient
crosswinds and allow the directed airflow to retain part of its momentum as it penetrates
the crop canopy.

The performance of air-assisted spraying nevertheless depends on the configuration
of the airflow system and its interaction with canopy structure. In vineyard trials with
a tunnel sprayer, Pergher et al. (2013) found that air-outlet angles of 20◦/20◦ increased
the variability of abaxial deposition and produced uneven coverage between adjacent
rows [74]. Reconfiguring the outlet angles to 0◦/30◦ improved deposition uniformity.
These results indicate that spray deposition is influenced not only by airflow velocity but
also by airflow direction and canopy geometry. Changes in airflow velocity can affect
both leaf inclination and the airflow field surrounding the leaf, thereby altering droplet
interception and deposition. Figure 2 illustrates the corresponding leaf-surface pressure
distributions under different airflow velocities.

Figure 2. Leaf surface pressure distribution under different airflow velocities [75].

Air-assisted spraying systems operating in open environments can be influenced
by ambient crosswinds. Using a two-stage computational fluid dynamics (CFD) model,
Cui et al. (2024) examined how lateral wind affects airflow and droplet transport in air-
assisted spraying [43]. Under zero-crosswind conditions, the auxiliary airflow directed
droplets toward the target canopy. When a lateral wind was introduced, the downward
airflow was deflected, which reduced canopy penetration and increased the off-target
displacement of droplets. These results indicate that ambient wind conditions can alter
the intended transport pathway of air-assisted sprays and thereby affect both deposition
performance and drift risk.

Mechanical shielding and forced air assistance therefore exhibit different performance
characteristics. Physical shields primarily reduce spray drift through mechanical inter-
ception and have been reported to decrease downwind drift by approximately 48–86%
under specific operating conditions. However, shielding does not actively promote droplet
penetration into dense canopies and may provide limited improvement in abaxial leaf
deposition. In addition, pesticide residues accumulated on shield surfaces may create a risk
of phytotoxicity if the shields contact sensitive crops during operation. By contrast, forced
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air assistance can increase canopy penetration and abaxial deposition by directing droplets
into the canopy and inducing leaf movement. Its performance, however, is sensitive to
local airflow conditions, because ambient crosswinds may deflect the assisted airflow and
increase off-target droplet transport.

Overall, these findings suggest that standalone air-assistance systems may exhibit
variable performance under complex field microclimates. Combining air assistance with
physical shielding may therefore provide a complementary approach to improving airflow
stability, canopy deposition, and drift control, although the effectiveness of such integration
should be evaluated under a range of canopy structures and environmental conditions.

2.4. Recycling Tunnel Spraying Systems

Tunnel sprayers combine drift mitigation and spray-liquid recovery of drift mitigation
and fluid recycling into a unified architecture [76,77]. By establishing a semi-enclosed
physical barrier encompassing both flanks of the target canopy, these systems can reduce off-
target dispersion. Concurrently, they actively intercept and recirculate the non-deposited
spray fraction for continuous reuse.

A tunnel sprayer equipped with external axial fans, providing an airflow rate of
2.23 m3/s per row, and lamellar separation plates was evaluated under vineyard conditions.
At both late flowering (BBCH 69) and early ripening (BBCH 81), mean foliar deposition
obtained with the tunnel sprayer did not differ significantly from that achieved with a
conventional air-blast sprayer. Although the tunnel system operated at a lower volumetric
airflow rate than the conventional sprayer (2.23 versus 3.49 m3/s), it produced comparable
canopy penetration under the tested conditions. This performance was attributed to the
higher inter-row air velocity generated within the confined tunnel (10.5 versus 6.4 m/s)
and the shorter nozzle-to-canopy distance (0.4 versus 0.8 m). Initial trials nevertheless
showed considerable variability in abaxial leaf deposition. This variation was associated
with the symmetrical 20◦/20◦ orientation of the front and rear air outlets, which caused
airflow deflection within the tunnel. Reconfiguring the outlet angles to an asymmetrical
0◦/30◦ arrangement improved deposition uniformity in the subsequent trial.

Spray-liquid recovery is an important performance indicator for recycling tunnel
sprayers. Pergher et al. (2013) reported that the recovered proportion decreased from
50.1% at late flowering (BBCH 69) to 34.0% at early ripening (BBCH 81), while foliar
deposition increased from 35.2% to 53.6% over the same period [74]. These results suggest
a seasonal relationship between canopy development and liquid recovery. As leaf area
and canopy density increase, a greater proportion of the applied spray is intercepted by
the foliage, leaving a smaller fraction available for collection and recirculation. In a dwarf
apple orchard, Jamar et al. (2010) compared a tunnel sprayer with a conventional axial-fan
sprayer using hollow-cone nozzles (ATR, Dv50 ≈ 78 µm) and air-induction cone nozzles
(TVI, Dv50 ≈ 507 µm) [78]. The recirculation system reduced pesticide use by 28% with the
ATR nozzles and by 32% with the TVI nozzles. Singh et al. (2026) subsequently applied
response surface methodology to optimize tunnel-sprayer operating parameters [79]. For
a canopy with an LAI of 1.6, the parameter combination identified as optimal within the
evaluated range consisted of a forward speed of 0.69 m/s, an air velocity of 15 m/s, and an
operating pressure of 0.75 MPa. Under these conditions, the reported foliar deposition was
3.14 × 10−2 µg/cm2, while the application volume was reduced by 38.56%.

Tunnel sprayers also present several operational constraints. Studies using TVI air-
induction nozzles have reported significantly lower deposition at the canopy apex than
that obtained with conventional sprayers [80–83]. The trajectories of coarse droplets may
be altered by the curved airflow pathways within the tunnel, indicating that some tunnel
configurations may be less compatible with coarse-droplet spray spectra. Mostade et al.
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(2010) similarly reported lower deposition uniformity than that achieved with axial-fan
sprayers in apple orchards with canopy heights of 2.80 and 3.25 m [78]. These differences
were associated with mismatches between tunnel dimensions and tree height, together
with non-optimal air-outlet configurations. Subsequent structural adjustments, including a
tunnel-opening width of 1100 mm, nozzle spacing of 350 mm, and fin spacing of 41 mm,
increased the reported recovery rate to 38.80%. This finding indicates that tunnel geometry
and airflow configuration can substantially influence liquid recovery and deposition per-
formance. Nevertheless, relatively high initial costs and limited maneuverability during
headland turns may restrict the adoption of tunnel sprayers, particularly in small- and
medium-scale orchards. Table 3 summarizes the reported recovery rates and deposition
characteristics of the evaluated tunnel-sprayer systems.

Table 3. Empirical liquid recovery rates and foliar deposition profiles for recycling tunnel sprayers.

Crop/Target
Canopy

Phenological
Stage (BBCH)

Volumetric
Recycling Rate

(%)

Absolute Foliar
Deposition

(µg/cm2)

Target Leaf Area
Index (LAI)

Source
Reference

Vineyard
Canopy

Late Flowering
(BBCH 69) 50.1% — 0.62 Pergher et al.

(2013) [74]
Vineyard
Canopy

Early Maturity
(BBCH 81) 34.0% — 1.66 Pergher et al.

(2013) [74]

Dwarf Apple
Orchard

Main Growth
Phase (ATR

Nozzle)
28.0% — — Jamar et al.

(2010) [78]

Dwarf Apple
Orchard

Main Growth
Phase (TVI

Nozzle)
32.0% — — Jamar et al.

(2010) [78]

Optimized
Orchard System

Full Canopy
Development 38.56% 3.14 × 10−2 1.60 Singh et al.

(2026) [79]

Recycling tunnel sprayers integrate drift mitigation with the recovery and recirculation
of non-deposited spray liquid. By partially enclosing both sides of the canopy, these
systems can reduce off-target dispersion and maintain relatively high air velocities within
the confined inter-row space [84,85]. Their practical application, however, may be limited
by relatively high initial investment and reduced maneuverability during headland turns,
particularly in small-scale orchards with restricted operating space. Liquid recovery also
varies with canopy development. Reported recovery rates decreased from 50.1% at late
flowering to 34.0% at early ripening as increasing leaf area and canopy density intercepted
a greater proportion of the applied spray. These findings indicate that recovery efficiency
tends to decline as canopy volume and leaf area increase.

3. Active Precision Spraying Technologies
3.1. Target Perception: Sensor Technologies and Multi-Source Fusion the Foundational Step in
Variable-Rate Application (VRA) Is Spatially Defining the Target—Determining Exactly “Where
to Spray”

The primary objective of the perception stage is to convert information on crop archi-
tecture, biological stress distribution, and ambient environmental conditions into signals
that can support spraying decisions. Over the past two decades, sensing technologies used
in variable-rate application (VRA) systems have progressed from ultrasonic and infrared
devices to LiDAR, machine vision, and multi-sensor fusion approaches [86]. Despite these
advances, a persistent challenge is the acquisition of sufficiently accurate and timely target
information under variable field conditions.
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Ultrasonic sensors were among the earliest sensing technologies incorporated into
VRA systems. They estimate target distance by emitting acoustic waves, receiving the
reflected signals, and calculating the corresponding time of flight. Their relatively low cost
and limited sensitivity to dust and illumination variation make them suitable for basic
canopy detection. Jeon et al. (2011) evaluated a commercial ultrasonic sensor and reported
acceptable performance under low-temperature, dusty, and windy conditions, although
detection accuracy was influenced by target geometry [87]. Irregular canopy surfaces can
produce multipath reflections and increase ranging errors. The application of filtering
algorithms reduced the root mean square error from 0.101 to 0.064 m, but residual errors
remained because signal-processing methods could not fully compensate for the physical
effects of irregular reflection. Similar observations have been reported in pistachio orchards,
where randomly oriented leaves produced diffuse reflections and reduced ranging con-
sistency. An eight-channel ultrasonic array decreased tracking errors by an average of
35%; however, variability in single-scan angular measurements remained relatively high,
and multi-frame averaging was required to stabilize the output [88,89]. These findings
indicate that ultrasonic sensors are generally more suitable for estimating target proximity
or canopy presence than for reconstructing detailed canopy morphology. They are therefore
often used as supplementary sensors in systems requiring higher spatial resolution.

Infrared sensors have followed a similar development pathway. Their rapid response
and relatively low cost have supported their use in binary target detection and canopy-
gap identification in orchards [90]. One autonomous target-aligned sprayer achieved a
maximum detection range of 10 m and a minimum detectable gap of 0.3 m. However, de-
tection performance depended on the reflectance characteristics of the target, and complex
canopy structures or changing illumination conditions could increase the frequency of false
detections. In another study, an infrared sensor detected green foliage at distances of up
to 0.65 m with a reported recognition rate of 100% at travel speeds below 1.5 m/s. The
effective detection range varied with target color, reaching 0.70 m for white, 0.26 m for gray,
and 0.14 m for black surfaces. Although this sensitivity may be acceptable in relatively
uniform green canopies, performance may decline in the presence of senescent leaves,
exposed soil, deep shadows, or other surfaces with contrasting reflectance properties.

The introduction of Light Detection and Ranging (LiDAR) has improved the spatial
characterization of crop canopies. LiDAR systems emit laser pulses and measure their
return times to generate two- or three-dimensional point-cloud data. Chen et al. (2012) used
an LMS291 scanner to develop a VRA system capable of mapping four canopy geometries
at travel speeds of 0.89–1.78 m/s, although detection accuracy decreased as operating
speed increased [91]. A UTM-30LX sensor was evaluated for profiling complex objects
and produced coefficients of variation of 6.1%, 8.6%, and 5.3% along the X, Y, and Z axes,
respectively, over a measurement range of 0.58–2.94 m. Errors along the Z axis increased at
longer distances. An LMS511 scanner was also used to estimate the cross-sectional volumes
of different geometries, with maximum relative errors of 3.3% for rectangular prisms,
7.9% for triangular prisms, and 9.4% for cylinders. These results suggest that LiDAR
measurements are generally more accurate for regular geometries, whereas increasing
structural complexity can reduce volumetric-estimation accuracy.

In greenhouse experiments using a UST-10LX sensor, measurement precision along
the X axis decreased with increasing target distance. In contrast, target color and surface
texture had relatively little influence on LiDAR measurements, distinguishing its operating
characteristics from those of optical imaging systems. More recently, maize plants were
reconstructed using an R-Fans-16 three-dimensional LiDAR. Plant-height prediction errors
remained below 10%, and leaf-area estimates achieved an R2 greater than 0.9 under the
evaluated conditions. During dynamic scanning, however, higher travel speeds reduced
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point-cloud density and lowered the accuracy of leaf-area prediction in complex canopies,
with the minimum reported R2 decreasing to 0.74. Figure 3 illustrates the extraction of
aerial point-cloud data obtained with the vertically oriented LiDAR system.

Figure 3. (a) Original point cloud; (b) filtered point cloud; and (c) RANSAC results during aerial
cloud extraction for the vertical LiDAR’s orientation when going at path 1 and row 2 [92].

Although LiDAR can provide high-precision spatial measurements, its performance
is influenced by operating distance, target geometry, scanning configuration, and vehicle
speed. Under less favorable conditions, reduced point-cloud density and uncertainty in
boundary extraction may increase measurement errors. In addition, LiDAR primarily pro-
vides geometric information, such as plant height, canopy width, and canopy volume, and
does not directly characterize pest or disease severity. This capability is generally sufficient
for canopy-volume-based variable-rate application (VRA), but applications requiring spray
adjustment according to biological stress intensity typically require complementary optical,
spectral, or thermal sensing methods [93–95].

Machine vision can supplement LiDAR by capturing optical characteristics such as
color, texture, and morphology, which can support the detection of disease lesions, weeds,
and pest-related symptoms. Esau et al. (2018) developed a site-specific weed-spraying
system for wild blueberry fields, although target discrimination became more difficult
in mixed vegetation canopies and required additional texture-based analysis [96]. In an
olive-orchard VRA system, the reported activation and deactivation delays were 0.55 and
0.85 s, respectively. At higher travel speeds, such delays may increase the spatial offset
between target detection and spray actuation. A machine-vision system for detecting rice
blast lesions required approximately 800 ms for image processing at a travel speed of
0.25 m/s. However, its dependence on a green background to reduce illumination interfer-
ence limited its direct applicability under field conditions. A monocular-vision system for
estimating citrus leaf-wall area achieved a reported error of 0.5% with a response time of
40 ms [97]. Nevertheless, monocular imaging does not directly provide depth information
and therefore has limited capacity for reconstructing complete three-dimensional canopy
structures. Overall, the field performance of machine-vision systems is affected by illumi-
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nation variability, background complexity, image-processing latency, and vehicle motion,
all of which may reduce recognition and actuation accuracy during high-speed operation.

Multi-sensor fusion provides one approach to addressing the limitations of individual
sensing modalities. Dharrao et al. (2025) combined RGB, multispectral, and thermal
infrared imaging for pest and disease detection on grape leaves [98]. The standalone RGB
model achieved an accuracy of 93.41%, whereas the multimodal fusion model achieved
96.05% under the evaluated conditions. However, thermal measurements were influenced
by ambient temperature, while the high dimensionality of multispectral data introduced
feature redundancy and, in some cases, contributed to misclassification associated with
confidence-threshold settings. In another system, industrial cameras were combined with
ultrasonic sensors for target detection in open-field vegetables, reducing targeting errors.
Nevertheless, camera performance remained sensitive to complex illumination and high-
speed movement, while the relatively low update frequency of ultrasonic measurements
introduced delays during rapid operation. LiDAR has also been integrated with binocular
vision for orchard VRA. The reported two-dimensional reconstruction error of the LiDAR
system was 0.633% ± 0.0276%, while the leaf-wall area estimated using binocular vision
differed from the LiDAR reference by 1.525% [99,100]. These results indicate that sensor
fusion can improve perception performance by combining complementary geometric
and optical information, although issues related to sensor synchronization, environmental
sensitivity, computational demand, and data redundancy still require consideration. Table 4
summarizes the reported performance characteristics of sensing technologies used in
variable-rate spraying systems.

Table 4. Performance comparison of different sensors in variable-rate spraying perception.

Sensor Type Environmental
Robustness Response Latency Typical Relative

System Cost
Typical Field
Applicability

Ultrasound
High (immune to

illumination,
moderate dust)

Moderate; multi-frame
averaging may

increase
processing delay

Low

Coarse canopy
volume estimation
for low-speed VRA

in orchards

Infrared Medium (susceptible to
sunlight and target color) Low Low

Binary
presence/absence

detection (e.g.,
gap detection)

LiDAR

High robustness to
illumination; performance
may be affected by motion
distortion, scan geometry,

rain, and dense dust

Moderate to high,
depending on

point-cloud density
and processing

hardware

High
3D canopy structure
mapping for precise

volumetric VRA

Machine vision

Medium–low under
uncontrolled natural

illumination; improved
with illumination
compensation and
model adaptation

Moderate to high,
depending on model

complexity and
computing hardware

Medium

Disease/pest
detection, weed
identification in

controlled lighting

Although multi-sensor fusion can improve perception performance by combining
complementary information from different sensing modalities, it also introduces additional
implementation challenges. LiDAR, cameras, and ultrasonic sensors generate data in
different formats, sampling frequencies, and spatial reference frames: LiDAR produces
point clouds, cameras provide pixel-based images, and ultrasonic sensors typically return
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distance measurements. Integrating these heterogeneous data streams therefore requires
accurate spatial calibration, temporal synchronization, and data registration [101–103].
In dynamic field operations, these procedures must also be completed within limited
processing times to maintain timely target detection and spray actuation.

Jiao et al. (2024) identified three main challenges associated with multi-sensor fu-
sion algorithms: heterogeneity among sensor data, the balance between computational
complexity and real-time processing capability, and dependence on expert-defined fea-
tures and the quality of annotated datasets [104]. These factors can affect model accuracy,
computational efficiency, and transferability across crops and operating environments.
Multi-sensor fusion therefore represents a promising approach for precision spraying, but
its transition from controlled experiments to reliable field deployment requires further
improvements in sensor calibration, synchronization, computational efficiency, data quality,
and system-level robustness.

3.2. Variable-Rate Decision-Making: Application Volume Modeling

While the perception stage characterizes the spatial and morphological properties of
the target, the decision-making module determines the appropriate application rate. Spray
volume should be adjusted not only according to canopy geometry but also in relation to
the severity of the biological threat, the physicochemical properties of the agrochemical
formulation, and prevailing meteorological conditions [105,106]. The control workflow of
the variable-rate spraying system is illustrated in Figure 4.

Figure 4. Variable rate spray system control flowchart [107].

Early spray-volume models were based primarily on ground area and applied a fixed
volume per unit area without accounting for crop morphology. Although straightforward
to implement, this approach may be less suitable for three-dimensional crops such as
orchards because trees of different sizes receive the same nominal application volume,
resulting in lower deposition per unit leaf area in larger canopies. The Tree Row Volume
(TRV) model proposed by Sutton (1984) addressed this limitation by adjusting application
volume according to canopy volume and was subsequently adopted in orchard and vine-
yard spraying [102]. However, the TRV approach generally assumes a relatively uniform
distribution of foliage within the canopy. In practice, leaf density often varies spatially, with
denser foliage near the canopy exterior and lower density in the interior. Consequently,
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canopies with similar external volumes may differ substantially in total leaf area. Vineyard
experiments conducted by Pergher et al. (2013) illustrated this limitation: when the Leaf
Area Index (LAI) increased from 0.62 at late flowering to 1.66 at early ripening, deposition
per unit leaf area decreased by approximately 43.1% [74]. This result indicates that, under a
constant application rate, canopy expansion can reduce the amount of spray deposited per
unit leaf area.

Adjusting spray volume according to LAI or Leaf Area Density (LAD) may provide a
more direct representation of canopy characteristics, but obtaining these parameters in real
time remains technically challenging. Point measurements from optical instruments may
not adequately capture field-scale spatial variability, while real-time LAD estimation often
requires intensive processing of three-dimensional point-cloud data. Such computational
demands can exceed the capacity of onboard processors, particularly during high-speed
field operations [108,109].

From a broader decision-support perspective, Gil (2011) developed a vineyard appli-
cation model that estimated spray efficiency by integrating crop characteristics, pesticide
properties, equipment parameters, and environmental conditions [110]. Under the evalu-
ated conditions, the method reduced conventional application volume by approximately
39.9%. Its implementation, however, required accurate input data for variables such as LAI
and canopy volume, and some efficiency factors were derived from empirical weighting pro-
cedures. Llorens et al. (2010) proposed a variable-rate approach in which nozzle flow was
adjusted in real time according to canopy width, canopy height, and forward speed [111].
Across three grape varieties and several phenological stages, the system reduced pesticide
use by an average of 58% while achieving deposition and recovery performance comparable
to, or in some cases greater than, that of conventional spraying. Nevertheless, because leaf
density and LAI were not explicitly included, the model may be less adaptable to canopies
with substantial internal structural variability. In addition, when canopy volume was very
small, minimum operating-pressure requirements caused the actual application coefficient
to deviate from the calculated value, resulting in localized over-application.

Gil et al. (2011) subsequently developed DOSAVINA, a decision-support system that
estimated application volume by integrating canopy characteristics, equipment parameters,
environmental conditions, and pest-related information [110]. Field evaluations showed
reductions of 39.9% in total application volume and 53% in active ingredient use, while
deposition uniformity improved and control of powdery mildew and Botrytis cinerea re-
mained comparable to that achieved with conventional high-volume treatments. However,
DOSAVINA depended on pre-established crop-parameter databases and did not explicitly
account for interactions among multiple agrochemical formulations. In dense canopies,
conventional applications also produced higher recovery rates than DOSAVINA-guided
treatments under the reported test conditions.

More data-driven approaches have also been investigated. Gao et al. (2012, 2013) incor-
porated fuzzy neural networks into variable-rate decision-making using crop area, target
distance, and pest severity as input variables [112]. After 191 training iterations, the model
reached a target error of 0.001 and showed lower decision errors on the test dataset than a
conventional fuzzy-control model. However, pest severity was still determined manually,
and validation was limited to laboratory simulations. More generally, increasing model
complexity does not necessarily lead to improved field applicability. The performance of
intelligent decision models depends strongly on the quality and timeliness of their input
data, while variables such as LAI, pest severity, and local meteorological conditions remain
difficult to measure accurately and continuously during field operation.

Jiao et al. (2025) identified several recurring limitations of current application-volume
models, including dependence on offline databases or manual data entry, simplified as-
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sumptions, limited incorporation of environmental variables, and restricted transferability
across crops and canopy types [113]. They proposed the development of dynamic, multi-
factor models that incorporate real-time wind speed, temperature, humidity, and other
relevant variables, with machine-learning methods used to support adaptive parameter
matching. The practical performance of such models will nevertheless depend on whether
the perception system can provide sufficiently accurate, timely, and stable input data under
field conditions.

3.3. Precision Execution: Control Strategies and Component Reliability

Once the decision model determines the target application volume, the execution
system converts the calculated command into a corresponding fluid output. The accuracy
and response time of this conversion influence the overall performance of variable-rate
application (VRA), particularly during dynamic field operation.

Pulse-width modulation (PWM) is widely used for flow regulation in VRA systems.
In a PWM-controlled system, solenoid valves switch at a fixed frequency, and the average
flow rate is adjusted by varying the proportion of each cycle during which the valve
remains open, referred to as the duty cycle. Qiao et al. (2024) evaluated PWM control in
a maize VRA system and reported that flow rate generally increased linearly with duty
cycle, although nonlinear responses were observed at low duty cycles [114]. These results
indicate that system-specific calibration is required to establish an accurate relationship
between duty cycle and flow rate, particularly within the lower operating range.

Differences may also arise between performance measured under laboratory condi-
tions and that achieved during field operation. Jiao et al. (2025) noted that intelligent
optimization algorithms can provide precise dynamic regulation in controlled experi-
ments, whereas many field systems continue to rely on conventional proportional–integral–
derivative (PID) controllers and standard solenoid valves [113]. Under field conditions,
control accuracy may be affected by sensor interference, mechanical and hydraulic response
delays, and limited onboard computing capacity. Consequently, field control errors are
often greater than those reported in laboratory evaluations.

High-frequency actuation of solenoid valves is an important factor affecting the long-
term performance of PWM-based spraying systems. Repeated switching can generate
mechanical impacts on the valve spool and seat, which may gradually alter the opening
and closing characteristics of the actuator. Over extended operating periods, such wear
can cause deviations from the initially calibrated relationship between duty cycle and flow
rate. Solenoid valves also exhibit a finite mechanical response time, typically on the order
of tens of milliseconds. Although this delay may have a limited effect at low travel speeds,
it can produce a measurable spatial offset between target detection and spray actuation at
higher vehicle speeds. Under these conditions, the nozzle may move beyond the intended
application position before the spray command is fully executed [115–117]. Open-loop
time-proportional control provides a relatively simple method for regulating spray output
through duty-cycle adjustment [118]. However, in the absence of feedback, the system
cannot compensate automatically for pressure fluctuations, actuator deviations, or other
operational disturbances. Its performance therefore depends on relatively stable hydraulic
and mechanical conditions, which may restrict its reliability during prolonged or variable
field operation.

Pressure fluctuations within the hydraulic circuit represent another important consid-
eration in PWM-controlled spraying. Because fluid delivery is intermittent, valve opening
and closing generate transient pressure waves in the pipeline. These oscillations can affect
both volumetric flow rate and the atomization process at the nozzle orifice. Studies have
shown that droplet-size distributions generated under pulsating pressure may differ from
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those produced under steady-pressure conditions [119–121]. Such changes can influence
drift potential, deposition uniformity, and target coverage, indicating an interaction be-
tween flow-control dynamics and spray atomization. To improve system performance,
Jiao et al. (2025) suggested further investigation of solenoid-valve geometry and actuator
design, with the aim of reducing response time and improving durability under continuous
high-frequency operation [113].

4. Multi-Technology Synergy and System Integration
4.1. Combinatorial Strategies and Synergistic Effects of Drift Mitigation Technologies

The preceding sections examined passive drift-mitigation approaches, including low-
drift nozzles, adjuvant formulation, and physical shielding, together with active tech-
nologies such as air assistance and electrostatic spraying. When applied independently,
each approach is associated with specific limitations. Coarse-droplet nozzles may reduce
canopy coverage, adjuvant performance can be affected by shear degradation, the effec-
tiveness of shielding may vary with downwind distance, air-assisted spraying depends
on airflow and environmental conditions, and the charge-to-mass ratio in electrostatic
systems may vary nonlinearly with applied voltage [122–124]. These constraints have
motivated increasing interest in combining complementary mechanisms to improve overall
spraying performance.

Ozkan et al. (1997) evaluated nine shield configurations used in combination with
low-drift nozzles under wind-tunnel conditions [69]. Without shielding, the tested low-
drift nozzles reduced drift by 20–67%, whereas combining them with a two-foil shield
produced a reported drift reduction of 59%. These results suggest that shielding may reduce
variability in drift-control performance among nozzle types rather than simply adding a
fixed reduction to the effect of the nozzle. Sidahmed et al. (2004) further reported drift
reductions of 61% for symmetrical three-foil shields and 48% for unidirectional two-foil
shields [68]. This comparison indicates that shield geometry can substantially influence
aerodynamic performance and should be considered together with nozzle characteristics
when designing integrated drift-mitigation systems [125–127].

Vieira et al. (2022) compared shielded and open-boom sprayers using AIXR, ULD, and
TTI nozzles, both with and without drift-reducing adjuvants [67]. A shielded application
using an AIXR nozzle without an adjuvant produced an area under the drift curve of 31.5,
compared with 27.7 for an open-boom application using a TTI nozzle with an adjuvant.
These similar drift indices were obtained despite substantial differences in initial droplet
size, with Dv50 values of 447.5 µm for the AIXR nozzle and 985 µm for the TTI nozzle.
Under the evaluated conditions, this result suggests that combining physical shielding with
a moderately coarse spray may provide drift control comparable to that achieved using an
ultra-coarse spray and an adjuvant. Such a combination may also help maintain greater
foliar coverage than approaches based solely on very large droplets [128,129]. The value of
integrated strategies therefore lies not only in cumulative drift reduction but also in the
possibility of balancing drift mitigation with target deposition.

The combination of air assistance and electrostatic spraying represents another poten-
tial complementary strategy. Air assistance uses directed airflow to transport droplets into
the canopy and promote leaf movement, whereas electrostatic charging increases droplet
attraction to plant surfaces through Coulombic forces. Ou et al. (2025) developed an
air-assisted electrostatic nozzle based on transverse-jet atomization [130]. Vineyard experi-
ments showed that electrostatic charging increased abaxial leaf deposition under several
operating conditions. During unilateral spraying, improvements in abaxial deposition were
observed at distances of 0.90 and 1.20 m, although deep-canopy penetration decreased.
During bilateral spraying at a distance of 0.60 m, the electrostatic treatment produced
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statistically significant improvements in foliar coverage, droplet density, and deposition
uniformity [131–134]. These findings indicate that the performance of combined air-assisted
and electrostatic systems depends on operating distance, spraying configuration, airflow
intensity, and charging parameters. Although airflow can promote inward transport, exces-
sive or premature electrostatic attraction may increase deposition on the outer canopy and
reduce the number of droplets reaching deeper layers. Appropriate coordination between
aerodynamic transport and electrostatic attraction is therefore required.

Available evidence suggests that integrated approaches can improve performance
relative to individual technologies under certain conditions, although the magnitude of
the benefit depends on system configuration and operating environment. Synergistic
performance is more likely when one mechanism compensates for a specific limitation of
another, rather than when their effects are assumed to be linearly additive. Evaluation of
these systems should therefore include not only drift reduction but also foliar coverage,
canopy penetration, deposition uniformity, energy demand, operational stability, and
application efficiency.

Overall, comparisons between passive and active technologies indicate that individual
systems rarely optimize all performance objectives simultaneously. Passive approaches,
such as air-induction nozzles and physical shields, generally offer relatively simple mechan-
ical structures and moderate implementation costs, but they may reduce abaxial coverage
or restrict nozzle visibility and accessibility. Active systems, including PWM-based variable-
rate spraying, enable real-time regulation of application volume but require additional
sensors, processors, and control components. Their long-term field performance may also
be affected by valve wear and transient pressure fluctuations that modify flow rate and
atomization behavior. Further development of integrated systems could therefore focus on
dynamically coordinating airflow, droplet characteristics, and liquid output according to
real-time measurements of canopy density and environmental conditions.

4.2. Integrated Perception-Decision-Execution System Architecture

A variable-rate application (VRA) system generally comprises three interdependent
modules: the perception module acquires spatial and morphological information about the
target, the decision-making module determines the corresponding application rate, and
the execution module regulates the actual fluid output. Although the technical challenges
associated with each module were discussed in Section 3, this section focuses on the
engineering requirements for integrating them into a coordinated architecture capable of
reliable field operation.

Qiao et al. (2024) developed an intelligent VRA system integrating three-dimensional
LiDAR with pulse-width modulation (PWM) control and mounted the system on a
lightweight, high-clearance, self-propelled sprayer [114]. The decision algorithm converted
canopy-height information extracted from LiDAR point clouds into PWM duty-cycle com-
mands for real-time flow regulation [135]. Field experiments showed that plant height
estimated by LiDAR had a relative error of less than 10%, enabling the system to adjust
spray output in response to local variations in crop morphology. Under variable-rate
operation, droplet penetration across the upper, middle, and lower canopy layers followed
the expected decreasing pattern from the upper to the lower layer and was comparable to
that obtained with conventional uniform-rate spraying [136]. These results indicate that the
integrated system reduced agrochemical use while maintaining a similar canopy deposi-
tion pattern under the evaluated field conditions, thereby demonstrating the potential of a
closed-loop “perception–decision–execution” architecture for precision spraying [137,138].
The overall structure of the variable-rate spraying system is illustrated in Figure 5.
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Figure 5. Overall structure of the variable-rate spraying system [107].

At the engineering level, integrated variable-rate application systems face several
practical challenges. The first concerns synchronization between the sensor leads distance
and total system latency. When LiDAR is mounted at the front of the vehicle, a time
delay occurs between target detection and mechanical actuation, during which the sprayer
continues to move forward. If this delay is not adequately compensated, the spray may be
applied at a position offset from the intended target. Qiao et al. (2024) addressed this issue
using a decision model based on point-cloud thresholds; however, the accuracy of spatial
compensation remained dependent on the coordination of vehicle speed, sensor scanning
frequency, data-processing time, and actuator response [114].

A second challenge is the implementation of decision algorithms on resource-limited
onboard platforms. Three-dimensional point-cloud data require substantial storage and
computational capacity, whereas embedded processors used on agricultural vehicles often
have limited processing resources. Reducing computational demand while maintaining
acceptable prediction accuracy is therefore an important requirement for real-time deploy-
ment. A third challenge involves actuator response and hydraulic stability. High-frequency
switching of PWM solenoid valves can generate transient pressure fluctuations within the
pipeline, which may affect flow regulation and nozzle atomization [139,140]. Although
these effects may be less apparent in controlled laboratory experiments, they can accumulate
during continuous field operation and contribute to system-level performance variation.

Many integrated VRA systems are still at the prototype or experimental stage. Their
transition to broader field application requires improvements in both economic feasibil-
ity and operational reliability. The combined cost of high-resolution sensors, controllers,
onboard processors, and precision solenoid valves generally results in a higher initial
investment than that required for conventional spraying equipment. In addition, field
conditions such as mechanical vibration, temperature variation, dust, moisture, and agro-
chemical exposure may reduce the service life and measurement stability of electronic
and hydraulic components [141–143]. Addressing these cost, durability, synchronization,
and control challenges will therefore be important for the wider adoption of integrated
precision spraying systems.
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4.3. Multi-Objective Optimization of System Parameters

Variable-rate application (VRA) systems involve multiple and potentially competing
objectives, including increasing target deposition while reducing spray drift, improving
response speed while maintaining control accuracy, and reducing application volume
without compromising biological efficacy. Because these objectives cannot always be
optimized simultaneously, system design generally requires a balance among competing
performance criteria, which can be represented by solutions along a Pareto frontier [144,145].
Parameter optimization is therefore an important step in improving the efficiency and
operational performance of VRA systems.

Response Surface Methodology (RSM) is widely used for offline parameter optimiza-
tion. It employs statistically designed experiments to establish regression relationships
between operational variables and system responses and is particularly suitable for prob-
lems involving a limited number of factors and relatively smooth response surfaces [146].
Singh et al. (2025) applied RSM to optimize the structural parameters of a tunnel sprayer by
evaluating the effects of nozzle spacing, nozzle angle, tunnel-opening width, and fin spac-
ing on spray deposition and liquid recovery [79]. The parameter combination identified as
optimal within the investigated range consisted of a nozzle spacing of 350 mm, a nozzle
angle of 42.5◦, a tunnel-opening width of 1100 mm, and a fin spacing of 41 mm. Under
these conditions, spray deposition reached 2.75 × 10−2 µg/cm2, and the liquid-recovery
rate was 38.80%. In a related study, Singh et al. (2025) used RSM to optimize VRA oper-
ating parameters. At a moderate Leaf Area Index, the selected configuration produced a
deposition of 3.14 × 10−2 µg/cm2 while reducing the application volume by 38.56% [77].

RSM offers standardized experimental procedures and relatively interpretable regres-
sion models. However, its practical efficiency may decrease as the number of factors and
interaction terms increases. Its predictive performance may also be limited when the system
response is strongly nonlinear or contains complex relationships that cannot be adequately
represented by low-order polynomial models.

Hybrid Particle Swarm Optimization–Artificial Neural Network (PSO–ANN) meth-
ods provide an alternative approach for high-dimensional and nonlinear optimization
problems. In this framework, the ANN is used to model the relationships between input
parameters and target responses, while PSO searches the resulting parameter space for
a near-optimal solution [147]. Singh et al. (2025) applied this approach to the structural
optimization of a tunnel sprayer and reported that the PSO–ANN model provided greater
predictive accuracy than the RSM model under the evaluated conditions [77]. Statistical
indicators, including the coefficient of determination (R2), root mean square error (RMSE),
and ratio of performance to deviation, were used to assess the predictive performance of
the hybrid model.

The two approaches differ primarily in their modeling and optimization procedures.
RSM develops explicit regression equations based on structured experimental designs,
whereas PSO–ANN relies on data-driven neural-network modeling combined with heuris-
tic parameter-space exploration. RSM generally offers greater interpretability and lower
computational demand when relatively few variables are considered. By contrast, PSO–
ANN may be more suitable for representing complex nonlinear interactions, provided that
sufficient high-quality training data are available. The comparative characteristics and
reported performance of the two approaches are summarized in Table 5 [148].

Deep learning-based methods have improved the detection and segmentation of
spray deposits in complex images through automated feature learning [149,150]. Several
studies have reported better performance than conventional image-processing methods,
particularly in situations involving droplet overlap, uneven illumination, and background
interference. However, model accuracy remains dependent on the representativeness and
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annotation quality of the training data, and performance may decline when models are
transferred across crops, imaging systems, or environmental conditions. In addition, most
deep learning approaches primarily extract image-level features, whereas the estimation
of physical quantities, such as deposited spray mass or volume, often requires empirical
calibration, supplementary measurements, or additional modeling assumptions. These
methods are therefore well suited to image-based recognition, segmentation, and feature
extraction, but their use for direct quantitative estimation and reliable engineering imple-
mentation may require integration with sensor measurements, calibration procedures, and
physics-based models.

Table 5. Performance comparison between RSM and PSO-ANN optimization methodologies.

Optimization Method Optimized Parameters Optimization Results Quantitative Prediction
Accuracy Metrics

RSM
Nozzle spacing, nozzle
angle, tunnel opening,

fin spacing

Spray deposition:
2.75 × 10−2 µg/cm2;

liquid-recovery rate: 38.80%
Not explicitly reported

RSM
Forward speed, airspeed,

working pressure
(LAI = 1.6)

Spray deposition:
3.14 × 10−2 µg/cm2;
application-volume
reduction: 38.56%

Not explicitly reported

PSO-ANN Tunnel Sprayer
Structure Parameters

Close to the RSM
optimization results

ANN prediction model:
R2 = 0.972

The application of multi-objective optimization in spraying systems remains relatively
limited. Many existing studies combine multiple performance criteria into a single weighted
objective function. Although this approach simplifies model formulation and computation,
the results can be sensitive to the selected weights and may not fully represent the range
of trade-offs among competing objectives. Future research could therefore place greater
emphasis on Pareto-based optimization and systematic comparison of alternative solutions
involving target deposition, spray drift, biological efficacy, energy consumption, and
economic cost. Such analyses may provide a more transparent basis for selecting operating
parameters according to specific agronomic and engineering requirements.

5. Future Perspectives and Conclusions
5.1. Intelligent Upgrades: Real-Time AI Decision-Making and Digital Twins

Although deep learning has shown potential for weed recognition and pest or disease
diagnosis, its transfer from controlled laboratory settings to field applications remains
challenging. As noted by Jiao et al. (2025), many current models depend on offline databases
or manually supplied inputs. Limited incorporation of dynamic environmental variables
can reduce model adaptability under variable field conditions and restrict transferability
across crops and production environments [113]. In addition, the availability of high-quality
annotated datasets, requirements for model interpretability, and the limited computational
capacity of edge devices can constrain the practical deployment of AI-based systems.

Digital twin technology represents a possible approach to addressing some of these
limitations. By constructing a virtual representation of the spraying process, different
combinations of operating parameters can be evaluated through simulation before field
implementation, thereby supporting parameter selection and decision-making. The Smart
Droplets project has explored the integration of artificial intelligence, digital twins, and
autonomous robotic spraying to enable adaptive spray regulation and reduce off-target
losses. For UAV-based crop-protection systems, the integration of digital twins with multi-
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source information fusion has also been proposed as a potential development direction.
However, practical field implementation will depend on improvements in crop-growth
and spray-process models, real-time acquisition of environmental data, model validation
under diverse operating conditions, and the availability of sufficient onboard or edge-
computing resources.

5.2. Platform Diversification: Differentiated Evolution of Ground Machinery and UAVs

Self-propelled ground boom sprayers are widely used as platforms for variable-rate
application (VRA). Their relatively high payload capacities and large working widths make
them suitable for broad-acre crop production. However, their mobility may be limited in
complex environments, including hilly orchards, paddy fields, and areas with restricted
field access, which can reduce their applicability in these settings.

UAV-based spraying provides an alternative platform for operations in terrain that is
difficult for ground machinery to access. In related studies, multispectral UAV imagery
has been used to generate georeferenced three-dimensional orchard canopy prescription
maps, which were subsequently applied to guide variable-rate spraying. This offline
prescription-map approach can reduce the need for each sprayer to carry high-cost onboard
sensing equipment and may therefore lower overall system cost and computational demand.
Nevertheless, the integration of VRA technologies into aerial platforms remains constrained
by limited payload capacity, flight endurance, and sensitivity to ambient crosswinds.

Ground-based and aerial platforms may therefore follow different development path-
ways. Ground sprayers are likely to accommodate more comprehensive onboard sensing,
decision-making, and actuation systems, supporting closed-loop “perception–decision–
execution” control. By contrast, UAV platforms may place greater emphasis on lightweight
sensors, simplified onboard processing, and variable-rate operation guided by externally
generated or cloud-based prescription maps.

5.3. Key Technical Challenges: Sensor Anti-Interference, Model Generalization, and
Execution Reliability

A review of the existing literature identifies three recurring technological challenges
that may limit the broader adoption of precision spraying systems. The first concerns
the accuracy and stability of target perception under dynamic field conditions. At higher
operating speeds, LiDAR point-cloud density may decrease, machine-vision performance
can be affected by variations in illumination, and multipath reflections can reduce the
consistency of ultrasonic measurements. Accordingly, the main challenges at the perception
level include sensor accuracy, environmental robustness, real-time processing latency,
system integration, and the spatiotemporal alignment of multimodal data.

A second challenge is the limited transferability of current application-rate models
across crops and operating environments. Many existing algorithms are calibrated us-
ing data from specific crop varieties, canopy structures, or geographical regions. Their
predictive performance may therefore decline when they are applied to different crops
or environmental conditions. In addition, dependence on offline databases or manually
entered parameters can restrict their ability to respond to real-time changes in canopy
morphology and local microclimatic conditions.

The third challenge concerns the mechanical and hydraulic reliability of the execution
system. High-frequency actuation may accelerate wear or increase the risk of malfunction
in solenoid valves, while PWM switching can generate pressure fluctuations within the
hydraulic circuit. System latency may also introduce spatial offsets between target detection
and spray actuation. These effects may be less apparent during short-term laboratory
experiments but can accumulate during continuous field operation and contribute to
reductions in control accuracy and system reliability.
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To translate these challenges into more clearly defined engineering directions, future
research could focus on four technical areas.

First, perception systems could place greater emphasis on combining complementary
sensing modalities. One potential configuration is the integration of terrestrial three-
dimensional LiDAR with multispectral or binocular vision. LiDAR can provide three-
dimensional geometric information, including plant height, canopy width, and canopy
volume, with relatively limited sensitivity to target color. Multispectral or binocular vision
can provide optical, spectral, textural, and depth-related information that supports the
identification of pest distributions, weed patches, and disease symptoms. By separating
structural characterization from biological-condition assessment, such sensor combinations
may improve perception reliability under variable field conditions. However, their perfor-
mance will still depend on accurate calibration, temporal synchronization, data registration,
and computational efficiency.

Second, improving model generalization will require the incorporation of variables
that are often omitted from static or offline application models. Spray-volume models could
progressively move beyond ground-area-based or simplified Tree Row Volume parameters
toward dynamic, multi-factor decision frameworks. Relevant inputs may include localized
wind speed and direction, ambient temperature, and relative humidity, because these
variables influence droplet evaporation and transport. Dynamic estimates of leaf area
density may also provide a more representative basis for regulating application volume
than assumptions of uniform foliage distribution, particularly as canopy structure changes
during crop development.

Third, improving execution reliability will require further investigation of the me-
chanical and hydraulic characteristics of PWM-based actuation systems. Important factors
include the response time of solenoid valves, wear of the valve spool and seat during re-
peated high-frequency switching, and changes in the calibrated relationship between duty
cycle and flow rate over time. Optimization of valve geometry and actuator structure may
help reduce response delay and improve service life. In parallel, hydraulic stabilization
strategies should be investigated to reduce transient pressure waves and flow oscilla-
tions caused by intermittent valve operation, because these disturbances can influence
droplet-size distribution and nozzle atomization.

Fourth, broader technology transfer would benefit from more standardized field-
validation procedures. Comparisons among existing studies are often complicated by
differences in environmental conditions, sampling methods, and reported performance in-
dicators. Future standardization efforts could establish consistent protocols for measuring
canopy deposition and uniformity, collecting ground and airborne drift at defined down-
wind distances, and evaluating biological efficacy across specified phenological stages.
Regulatory and testing frameworks may also need to consider the compatibility and perfor-
mance of tank-mix adjuvants under high-frequency switching and variable-rate operating
conditions. Such standardization would improve the comparability of results and provide
a more reliable basis for engineering evaluation and regulatory assessment.

5.4. Conclusions

Agricultural precision spraying is progressing from passive drift mitigation toward
active, variable-rate application. However, the reviewed literature indicates that the compo-
nents of the “perception–decision–execution” framework differ in technological maturity,
operational reliability, and readiness for field deployment. A comprehensive assessment of
current development should therefore consider both technical performance and practical
implementation constraints. At present, several technologies have achieved a relatively
high level of operational maturity, including binary target and canopy-gap detection us-
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ing filtered ultrasonic or infrared sensors, Tree Row Volume (TRV)-based application
models, and hydraulic low-drift or air-induction nozzles. These technologies generally
involve moderate implementation costs, relatively simple system architectures, and estab-
lished field-operating procedures. By comparison, high-resolution terrestrial LiDAR for
three-dimensional canopy profiling and multi-nozzle spatially selective spraying systems
remain largely at the prototype or experimental stage. More computationally demanding
approaches, including deep learning-based pest and weed identification and fuzzy-logic-
based variable-rate tank-mixing systems, have mainly been evaluated under laboratory or
controlled conditions, and their field reliability requires further validation.

The transfer of perception and decision-making technologies to field applications
is constrained by several algorithmic challenges. Heterogeneous data streams, such as
LiDAR point clouds and camera images, must be spatially registered and temporally syn-
chronized under strict real-time processing requirements, which can impose substantial
computational demands on onboard hardware. Machine-vision models may also be sen-
sitive to variations in natural illumination and often show limited transferability across
crops, canopy structures, and environmental conditions. In addition, image-processing and
model-inference delays may produce spatial offsets between target detection and spray
actuation, particularly at higher travel speeds.

At the execution level, system performance is influenced by the mechanical and hy-
draulic characteristics of the actuation components. Repeated high-frequency switching of
pulse-width modulation (PWM) solenoid valves can contribute to wear of the valve spool
and seat. Over extended operating periods, this wear may alter valve response characteris-
tics and cause deviations from the initially calibrated relationship between duty cycle and
flow rate. Intermittent fluid delivery can also generate transient pressure waves and flow
oscillations within the hydraulic circuit. These disturbances may affect volumetric flow
stability and nozzle atomization, with potential consequences for deposition uniformity
and drift control.

In addition to technical limitations, economic, operational, and regulatory factors may
influence broader field adoption. The cost of high-resolution sensors, onboard proces-
sors, electronic controllers, and precision actuators can represent a substantial investment,
particularly for small- and medium-scale farms. Operationally, shielding structures and
full-boom enclosures may restrict nozzle visibility, complicate maintenance, and reduce
maneuverability during headland turns in orchards or other confined environments. From
a regulatory perspective, existing testing and registration procedures may not fully address
the behavior of tank-mix adjuvants under variable-rate and high-frequency switching
conditions. Further development of standardized evaluation protocols may therefore
be required.

Future research could focus on improving computational efficiency, actuator reliability,
and decision-model adaptability. Lightweight edge-computing platforms and efficient
neural networks are needed to support real-time canopy characterization under limited
onboard processing capacity. The internal geometry and actuation mechanisms of solenoid
valves should also be optimized to reduce response delay and improve durability dur-
ing repeated high-frequency operation. In parallel, application-volume models should
increasingly incorporate dynamic environmental and canopy variables, including local
wind speed and direction, temperature, relative humidity, and leaf area density.

Overall, integrating perception, decision-making, and execution technologies within a
coordinated system provides a potential pathway for improving pesticide-use efficiency
and supporting the field implementation of precision spraying. Continued progress will
depend on addressing the combined algorithmic, mechanical, economic, operational, and
regulatory constraints that currently limit system reliability and scalability.
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93. Akay, A.E.; Oğuz, H.; Karas, I.R.; Aruga, K. Using LiDAR technology in forestry activities. Environ. Monit. Assess. 2009, 151,
117–125. [CrossRef] [PubMed]

94. Hudak, A.T.; Evans, J.S.; Stuart Smith, A.M. LiDAR utility for natural resource managers. Remote. Sens. 2009, 1, 934–951.
[CrossRef]

95. Wang, X.; Pan, H.; Guo, K.; Yang, X.; Luo, S. The evolution of LiDAR and its application in high precision measurement. IOP Conf.
Ser. Earth Environ. Sci. 2020, 502, 012008. [CrossRef]

96. Esau, T.; Zaman, Q.; Groulx, D.; Farooque, A.; Schumann, A.; Chang, Y. Machine vision smart sprayer for spot-application of
agrochemical in wild blueberry fields. Precis. Agric. 2018, 19, 770–788. [CrossRef]

https://doi.org/10.3390/app16157406

https://doi.org/10.4141/cjps93-165
https://doi.org/10.1016/j.cropro.2016.03.018
https://doi.org/10.3390/agronomy13051407
https://doi.org/10.4271/861463
https://www.ncbi.nlm.nih.gov/pubmed/35462798
https://doi.org/10.1016/j.cropro.2012.11.021
https://doi.org/10.3390/agronomy14081661
https://doi.org/10.1111/j.1744-7348.1995.tb07609.x
https://doi.org/10.1038/s41598-025-07194-0
https://www.ncbi.nlm.nih.gov/pubmed/40628782
https://doi.org/10.1016/j.cropro.2009.12.018
https://doi.org/10.1016/j.rineng.2026.109190
https://doi.org/10.3389/fpls.2023.1018626
https://www.ncbi.nlm.nih.gov/pubmed/36818846
https://doi.org/10.3390/agronomy15040979
https://doi.org/10.3390/agronomy15040936
https://doi.org/10.3390/agronomy15061270
https://doi.org/10.1016/j.elstat.2026.104293
https://doi.org/10.25165/j.ijabe.20251806.9727
https://shop.elsevier.com/books/precision-agriculture/zaman/978-0-443-18953-1
https://doi.org/10.1016/j.compag.2010.11.007
https://doi.org/10.25165/j.ijabe.20201306.5419
https://doi.org/10.13031/aea.32.11029
https://doi.org/10.1002/ps.6874
https://www.ncbi.nlm.nih.gov/pubmed/35306724
https://doi.org/10.13031/2013.41509
https://doi.org/10.3390/rs71215870
https://doi.org/10.1007/s10661-008-0254-1
https://www.ncbi.nlm.nih.gov/pubmed/18365761
https://doi.org/10.3390/rs1040934
https://doi.org/10.1088/1755-1315/502/1/012008
https://doi.org/10.1007/s11119-017-9557-y
https://doi.org/10.3390/app16157406


Appl. Sci. 2026, 16, 7406 31 of 33

97. Xue, X.; Luo, Q.; Bu, M.; Li, Z.; Lyu, S.; Song, S. Citrus tree canopy segmentation of orchard spraying robot based on RGB-D
image and the improved DeepLabv3+. Agronomy 2023, 13, 2059. [CrossRef]

98. Dharrao, S.; Bagal, S.; Agarkar, B.S.; Chaudhari, S.V. A Comprehensive Review of ML Techniques for Grape Disease and Pest
Monitoring. In 2025 OITS International Conference on Information Technology (OCIT); IEEE: New York, NY, USA, 2025; pp. 568–575.
[CrossRef]

99. Omasa, K.; Hosoi, F.; Konishi, A. 3D lidar imaging for detecting and understanding plant responses and canopy structure. J. Exp.
Bot. 2007, 58, 881–898. [CrossRef] [PubMed]

100. Bergen, K.M.; Goetz, S.J.; Dubayah, R.O.; Henebry, G.M.; Hunsaker, C.T.; Imhoff, M.L.; Nelson, R.F.; Parker, G.G.; Radeloff, V.C.
Remote sensing of vegetation 3-D structure for biodiversity and habitat: Review and implications for lidar and radar spaceborne
missions. J. Geophys. Res. Biogeosci. 2009, 114, G00E06. [CrossRef]

101. Chen, Z.; Dou, H.; Gao, Y.; Zhai, C.; Wang, X.; Zou, W. Research on an orchard row centreline multipoint autonomous navigation
method based on LiDAR. Artif. Intell. Agric. 2025, 15, 221–231. [CrossRef]

102. Sutton, T.B. Evaluation of the Tree-Row-Volume Concept with Density Adjustments in Relation to Spray Deposits in Apple
Orchards. Plant Dis. 1984, 68, 480–484. [CrossRef]

103. Xu, J.; Liu, H.; Shen, Y.; Zeng, X.; Zheng, X. Individual nursery trees classification and segmentation using a point cloud-based
neural network with dense connection pattern. Sci. Hortic. 2024, 328, 112945. [CrossRef]

104. Jiao, T.; Guo, C.; Feng, X.; Chen, Y.; Song, J. Comprehensive Survey on Deep Learning Multi-Modal Fusion: Methods, Technologies
and Applications. Comput. Mater. Contin. 2024, 80, 1–35. [CrossRef]

105. Li, W.; Luo, Y.; Jiang, P.; Dong, X.; Tang, K.; Liang, Z.; Shi, Y. A sustainable crop protection through integrated technologies:
UAV-based detection, real-time pesticide mixing, and adaptive spraying. Sci. Rep. 2025, 15, 35748. [CrossRef] [PubMed]

106. Liu, H.; Zhu, H. Evaluation of a laser scanning sensor in detection of complex-shaped targets for variable-rate sprayer develop-
ment. Trans. ASABE 2016, 59, 1181–1192. [CrossRef]

107. Luo, Y.; Li, W.; Jiang, P.; Tang, K.; Liang, Z.; Shi, Y. Design and testing of a RealSense-based variable spraying control system for
field kale. Front. Plant Sci. 2025, 16, 1618159. [CrossRef] [PubMed]

108. Hosoi, F.; Omasa, K. Factors contributing to accuracy in the estimation of the woody canopy leaf area density profile using 3D
portable lidar imaging. J. Exp. Bot. 2007, 58, 3463–3473. [CrossRef] [PubMed]

109. Li, S.; Dai, L.; Wang, H.; Wang, Y.; He, Z.; Lin, S. Estimating leaf area density of individual trees using the point cloud segmentation
of terrestrial LiDAR data and a voxel-based model. Remote. Sens. 2017, 9, 1202. [CrossRef]

110. Gil, E.; Llorens, J.; Landers, A.; Llop, J.; Giralt, L. Field validation of dosaviña, a decision support system to determine the optimal
volume rate for pesticide application in vineyards. Eur. J. Agron. 2011, 35, 33–46. [CrossRef]

111. Llorens, J.; Gil, E.; Llop, J.; Escolà, A. Variable rate dosing in precision viticulture: Use of electronic devices to improve application
efficiency. Crop. Prot. 2010, 29, 239–248. [CrossRef]

112. Gao, G.; Zhou, H.; Niu, X. An intelligent variable spraying decision-making system based on fuzzy neural network for
greenhouse mobile robot. In Intelligent Computing for Sustainable Energy and Environment, Proceedings of ICSEE 2012; Springer:
Berlin/Heidelberg, Germany, 2013; Volume 355, pp. 257–265. [CrossRef]

113. Jiao, Y.; Zhang, S.; Jin, Y.; Cui, L.; Chang, C.; Ding, S.; Sun, Z.; Xue, X. Research progress on intelligent variable-rate spray
technology for precision agriculture. Agronomy 2025, 15, 1431. [CrossRef]

114. Qiao, B.; Han, L.; Wang, Z.; Li, Y.; Wang, L.; Han, H.; Liu, Y.; He, X. Design and testing of an intelligent variable-rate spraying
system based on LiDAR-guided application. Crop. Prot. 2024, 184, 106874. [CrossRef]

115. Yan, Q.; Li, D.; Wang, K.; Zheng, G. Study on the hydrodynamic evolution mechanism and drift flow patterns of pipeline
gas–liquid flow. Processes 2024, 12, 695. [CrossRef]

116. Gong, C.; Li, D.; Kang, C. Visualization of the evolution of bubbles in the spray sheet discharged from the air-induction nozzle.
Pest Manag. Sci. 2022, 78, 1850–1860. [CrossRef] [PubMed]

117. Shen, X.; Matsui, R.; Mishima, K.; Nakamura, H. Distribution parameter and drift velocity for two-phase flow in a large diameter
pipe. Nucl. Eng. Des. 2010, 240, 3991–4000. [CrossRef]

118. Yan, W.; Zhao, T. Practical explicit-time stabilization of a proportional control system. arXiv 2024, arXiv:2406.05378. [CrossRef]
119. Liu, J.; Yuan, S.; Darko, R.O. Characteristics of water and droplet size distribution from fluidic sprinklers. Irrig. Drain. 2016, 65,

522–529. [CrossRef]
120. Zhang, C.; Zhai, C.; Zhang, M.; Zhang, C.; Zou, W.; Zhao, C. Staggered-phase spray control: A method for eliminating

the inhomogeneity of deposition in low-frequency pulse-width modulation (PWM) variable spray. Agriculture 2024, 14, 465.
[CrossRef]

121. Rodrigues, S.G.; Alves, G.S.; da Cunha, J.P.A.R. Pulse Width Modulation on the Droplet Spectrum and Velocity of Spray Nozzles.
Agriculture 2025, 15, 1830. [CrossRef]

122. Fan, G.; Wang, S.; Bai, P.; Wang, D.; Shi, W.; Niu, C. Research on droplets deposition characteristics of anti-drift spray device with
multi-airflow synergy based on CFD simulation. Appl. Sci. 2022, 12, 7082. [CrossRef]

https://doi.org/10.3390/app16157406

https://doi.org/10.3390/agronomy13082059
https://doi.org/10.1109/OCIT66168.2025.11399993
https://doi.org/10.1093/jxb/erl142
https://www.ncbi.nlm.nih.gov/pubmed/17030540
https://doi.org/10.1029/2008jg000883
https://doi.org/10.1016/j.aiia.2024.12.003
https://doi.org/10.1094/pd-68-480
https://doi.org/10.1016/j.scienta.2024.112945
https://doi.org/10.32604/cmc.2024.053204
https://doi.org/10.1038/s41598-025-19473-x
https://www.ncbi.nlm.nih.gov/pubmed/41083509
https://doi.org/10.13031/trans.59.11760
https://doi.org/10.3389/fpls.2025.1618159
https://www.ncbi.nlm.nih.gov/pubmed/40831728
https://doi.org/10.1093/jxb/erm203
https://www.ncbi.nlm.nih.gov/pubmed/17977852
https://doi.org/10.3390/rs9111202
https://doi.org/10.1016/j.eja.2011.03.005
https://doi.org/10.1016/j.cropro.2009.12.022
https://doi.org/10.1007/978-3-642-37105-9_29
https://doi.org/10.3390/agronomy15061431
https://doi.org/10.1016/j.cropro.2024.106874
https://doi.org/10.3390/pr12040695
https://doi.org/10.1002/ps.6803
https://www.ncbi.nlm.nih.gov/pubmed/35060319
https://doi.org/10.1016/j.nucengdes.2010.01.004
https://doi.org/10.48550/arXiv.2406.05378
https://doi.org/10.1002/ird.2061
https://doi.org/10.3390/agriculture14030465
https://doi.org/10.3390/agriculture15171830
https://doi.org/10.3390/app12147082
https://doi.org/10.3390/app16157406


Appl. Sci. 2026, 16, 7406 32 of 33

123. Shen, Y.; Zhu, H.; Liu, H.; Chen, Y.; Ozkan, E. Development of a laser-guided, embedded-computer-controlled, air-assisted
precision sprayer. Trans. ASABE 2017, 60, 1827–1838. [CrossRef]

124. Yan, T.; Zhu, H.; Sun, L.; Wang, X.; Ling, P. Investigation of an experimental laser sensor-guided spray control system for
greenhouse variable-rate applications. Trans. ASABE 2019, 62, 899–911. [CrossRef]

125. Jensen, P.K.; Jørgensen, L.N.; Kirknel, E. Biological efficacy of herbicides and fungicides applied with low-drift and twin-fluid
nozzles. Crop. Prot. 2001, 20, 57–64. [CrossRef]

126. Huang, Y.; Thomson, S.J. Characterization of spray deposition and drift from a low drift nozzle for aerial application at different
application altitudes. Int. J. Agric. Biol. Eng. 2011, 4, 28–33. [CrossRef]

127. Bayat, A.; Bozdogan, N.Y. An air-assisted spinning disc nozzle and its performance on spray deposition and reduction of drift
potential. Crop. Prot. 2005, 24, 951–960. [CrossRef]

128. Zhou, H.; Ou, M.; Dong, X.; Zhou, W.; Dai, S.; Jia, W. Spraying performance and deposition characteristics of an improved
air-assisted nozzle with induction charging. Front. Plant Sci. 2024, 15, 1309088. [CrossRef] [PubMed]

129. Chen, Y.; Ozkan, H.E.; Zhu, H.; Derksen, R.C.; Krause, C.R. Spray deposition inside tree canopies from a newly developed
variable-rate air-assisted sprayer. Trans. ASABE 2013, 1263–1272. [CrossRef]

130. Ou, M.; Zhang, Y.; Zhang, T.; Wu, M.; Jia, W.; Dai, S.; Dong, X. Development and experiment of an air-assisted electrostatic nozzle
and sprayer for vineyard pesticide application. Crop. Prot. 2025, 200, 107455. [CrossRef]

131. Guo, J.; Dong, X.; Qiu, B. Analysis of the factors affecting the deposition coverage of air-assisted electrostatic spray on tomato
leaves. Agronomy 2024, 14, 1108. [CrossRef]

132. Gao, J.; Xu, K.; He, R.; Chen, X.; Tunio, M.H. Development and experiments of low frequency ultrasonic electrostatic atomizing
nozzle with double resonators. Int. J. Agric. Biol. Eng. 2022, 15, 39–48. [CrossRef]

133. Lin, J.; Cai, J.; Ouyang, J.; Xiao, L.; Qiu, B. The Influence of Electrostatic Spraying with Waist-Shaped Charging Devices on the
Distribution of Long-Range Air-Assisted Spray in Greenhouses. Agronomy 2024, 14, 2278. [CrossRef]

134. Law, S.E. Agricultural electrostatic spray application: A review of significant research and development during the 20th century.
J. Electrost. 2001, 51-52, 25–42. [CrossRef]

135. Li, L.; He, X.; Song, J.; Liu, Y.; Zeng, A.; Liu, Y.; Liu, C.; Liu, Z. Design and experiment of variable rate orchard sprayer based on
laser scanning sensor. Int. J. Agric. Biol. Eng. 2018, 11, 101–108. [CrossRef]

136. Farhan, S.M.; Yin, J.; Chen, Z.; Memon, M.S. A comprehensive review of LiDAR applications in crop management for precision
agriculture. Sensors 2024, 24, 5409. [CrossRef] [PubMed]
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