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Abstract

Precision agriculture has become a major direction of agricultural technological develop-
ment in recent decades, addressing efficiency, environmental, and economic challenges
simultaneously. Input optimization based on site-specific data collection—particularly
variable-rate nutrient application, precision irrigation systems, and targeted crop
protection—has been shown to generate measurable cost and resource savings. The aim of
the study is to explore and systematically evaluate the economic impacts influencing preci-
sion technology in crop production. Although the technical and environmental benefits of
precision technologies are widely documented, their economic performance and farm-level
profitability remain inconsistently interpreted. The study is based on a systematic liter-
ature review of peer-reviewed English-language journal articles retrieved from the Web
of Science, Scopus, ScienceDirect, and JSTOR databases. Study selection and evaluation
were conducted in accordance with the PRISMA 2020 methodological framework. The
literature indicates that precision technologies achieve average input savings of 8–20% and
yield increases of 2–6%, while reported return on investment (ROI) values typically range
between 5% and 15%. Economic viability is strongly dependent on farm size, with most
studies identifying profitability above 100–200 ha. Additional benefits include improved
management of soil heterogeneity, enhanced nutrient-use efficiency, and reduced excess
input application, although adoption remains constrained by high investment costs and
technological complexity.

Keywords: precision agriculture; precision farming; economic efficiency; input optimization;
crop production; farm profitability; return on investment

1. Introduction
Agriculture is undergoing a major technological transformation in the twenty-first cen-

tury, driven primarily by digitalization and the adoption of precision farming. Increasing
production efficiency, reducing costs, and promoting the sustainable use of environmen-
tal resources have become key objectives in both developed and developing agricultural
systems [1–4]. Precision agriculture is based on the integration of spatial and temporal
information, enabling site-specific and georeferenced interventions in crop production,
including nutrient management, irrigation, crop protection, and soil management [5].
These approaches allow the optimization of input use while simultaneously reducing
environmental impacts.
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Recent technological innovations, such as global positioning systems (GPS), remote
sensing, drone-based monitoring, and automated or robotic machinery, have introduced
a data-driven production paradigm in agriculture [6–9]. Digitalization enables real-time
monitoring and optimization of farming operations through decision-support systems [10].
Precision farming therefore represents not only a technological development but also an
economic decision-making framework in which investment costs, operational expenditures,
risk, and return on investment are critical factors [11–16].

The literature generally agrees that the economic benefits of precision technologies
emerge over the long term, while adoption is influenced by several constraints. High
initial investment costs, limited technological and informational knowledge, and market
uncertainty are frequently identified barriers [17–19]. Smaller farms often face financial
and human capital limitations, whereas larger farms benefit from economies of scale that
improve investment feasibility. In addition, the implementation of precision farming
requires organizational adaptation and changes in managerial attitudes, as effective data
collection, analysis, and utilization demand new competencies [9,20,21].

From a sustainability perspective, georeferenced crop production contributes to reduc-
ing environmental pressure, improving nutrient-use efficiency, and stabilizing farm prof-
itability. Integrating economic and ecological considerations may therefore support both
competitiveness and long-term sustainability. Consequently, further research is required
to identify the factors influencing the economic performance of precision technologies, to
assess appropriate evaluation methodologies, and to examine differences across farm sizes
and production environments [22–28].

The aim of this study is to systematically synthesize the economic impacts associated
with the adoption of precision technology in crop production through a structured literature
review in order to assess whether precision agriculture can be considered economically
viable, competitive, and sustainable in the long term. Although technological and environ-
mental benefits are well documented, economic outcomes—particularly input-specific cost
structures and farm-level returns—remain inconsistently reported. The analysis therefore
focuses on assessing how different input categories affect economic performance. Specifi-
cally, this study examines the economic effects of precision agriculture across input types
and identifies which input domains provide the greatest cost-efficiency or profitability
advantages compared to conventional technologies. Empirical findings are evaluated
across machinery and technological inputs, land and capital inputs, and material inputs,
with particular attention to fertilizer use, precision seeding, crop protection, and irriga-
tion. In addition, the role of management practices is examined, focusing on data-driven
decision-making, managerial capabilities, and the degree of technological integration.

2. Materials and Methods
2.1. Research Design and Data Collection

As part of the secondary data collection, a comprehensive and methodologically
rigorous systematic literature review was conducted to explore scientific evidence related
to precision cultivation of soil and plants. Systematic literature reviews are increasingly
applied across scientific disciplines, as they enable the structured synthesis and critical
evaluation of complex and interdisciplinary research topics. This approach facilitates
the identification, synthesis, and critical assessment of relevant and up-to-date scientific
publications within a defined thematic scope [29,30].

2.2. Data Sources and Search Strategy

The literature search was performed using four internationally recognized scientific
databases: Web of Science, Scopus, ScienceDirect, and JSTOR. Preliminary searches indi-
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cated that the terms “precision agriculture” and “precision farming” are frequently used
interchangeably in the literature. Accordingly, both terms were included in the search strat-
egy, together with keywords related to crop production, to ensure comprehensive coverage.

An advanced search strategy was applied consistently across all databases. Publica-
tions were required to include the terms “precision agriculture” or “precision farming”
in combination with “crop production” in the title, keywords, or abstract. To ensure
conceptual consistency, the primary search strategy focused on the terms “precision agri-
culture” and “precision farming,” which represent the most established terminology in
economic analyses. The analysis was limited to peer-reviewed journal articles published in
English. The applied filters were as follows: Document type: Article; Language: English.
No temporal limitations were imposed during the literature search. All relevant peer-
reviewed articles published up to 2025 were screened in accordance with the predefined
inclusion criteria. The temporal distribution of the identified publications reveals a marked
increase in scholarly output over the past decade. In particular, studies examining precision
technologies and their economic dimensions have expanded substantially, reflecting the
growing importance of economic performance, investment efficiency, and sustainability
considerations within precision agriculture research.

Search strategy applied in the Web of Science database [31]:

((TS = (“precision agriculture”)) OR TS = (“precision farming”)) AND TS = (“crop production”)

Search strategy applied in the Scopus database [32]:

TITLE-ABS-KEY (“precision agriculture” OR “precision farming” AND “crop production”)

Search strategy applied in the Science Direct database [33]:

(“precision agriculture” OR “precision farming”) AND “crop production”

Search strategy applied in the JSTOR database JSTOR [34]:

(((“precision farming”) OR (“precision agriculture”)) AND (“crop production”))

2.3. Study Selection and Screening Procedure

The identification, screening, and selection of publications followed the PRISMA 2020
(Preferred Reporting Items for Systematic Reviews and Meta-Analyses) methodological
framework (Figure 1). The PRISMA guideline was first introduced in 2009 and has since
undergone continuous methodological refinement. In accordance with recent advances
in evidence synthesis, the PRISMA 2020 framework was applied as the most current
standard [30,35–37].

Following the combined database search, a total of 1086 publications were identified.
During data cleaning, 218 duplicate records were removed. The titles and abstracts of
the remaining 868 publications were screened to assess their relevance to the research
objectives. As a result of this screening process, 782 publications were excluded.

2.4. Inclusion and Exclusion Criteria

Publications were excluded primarily for the following reasons:

(i) the study consisted exclusively of a literature review;
(ii) the analysis focused solely on technological development without economic evaluation;
(iii) the research examined agronomic, soil-related, or environmental impacts (e.g., yield,

nutrient supply, sensor accuracy, nitrogen emissions, water use, pesticide load) with-
out providing economic calculations;

(iv) the study addressed sociological or attitudinal aspects (e.g., farmer technology adop-
tion or social impacts);
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(v) the publication did not primarily focus on precision crop production and referred to
it only marginally.

After the screening process, 86 publications remained for full-text assessment.

 
Figure 1. PRISMA 2020 flow diagram illustrating the identification, screening, eligibility assessment,
and inclusion of studies in the systematic literature review on the economic impacts of precision crop
production. Source: own editing.

2.5. Critical Appraisal and Data Synthesis

The systematic review process followed four predefined phases:

(1) formulation of a clearly defined research question;
(2) identification and preliminary selection of relevant studies based on title and abstract

screening;
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(3) identification of publications directly contributing to the research objectives and
categorization based on predefined keywords;

(4) critical appraisal and comparison of results and implications using predefined evalua-
tion criteria [36,38].

The screening process was conducted by a single reviewer, and a predefined and
structured methodological framework (PRISMA 2020) was applied to ensure transparency
and reproducibility. The inclusion and exclusion criteria were consistently implemented
throughout the entire review process, and during the full-text assessment stage, border-
line cases were re-evaluated to reduce potential selection bias. In addition, to further
enhance methodological rigor, a subset of the included studies (approximately 10%) was
independently reviewed by a second author.

Following detailed full-text analysis, 32 journal articles were identified as providing
sufficient analytical depth and relevance to form the empirical foundation of the study.
These publications included explicit economic analyses and quantified economic outcomes
related to precision crop production.

During the systematic screening process, a total of 86 studies were assessed at the
full-text level, of which 32 were ultimately included in the analysis. The 54 excluded studies
shared a common limitation: although they qualitatively referred to the economic benefits
of precision agriculture (e.g., profitability, cost-efficiency, or economic sustainability), they
did not provide quantitative economic analyses or calculations. To ensure methodological
rigor, only studies that explicitly reported quantified economic outcomes were included in
the final sample.

The Results section does not include grey literature in order to avoid potential sources
of bias; it is exclusively based on the detailed analysis of the 32 studies included in the
systematic review. Grey literature refers to scientific or professional outputs that are not
published in traditional peer-reviewed journals (e.g., reports, policy documents, conference
proceedings, or preprints). While such sources may provide valuable and timely insights,
their methodological quality and level of validation can vary considerably. Consequently,
their inclusion may introduce bias; therefore, grey literature was deliberately excluded
from the present analysis.

In addition to the screening process, a qualitative critical appraisal of the included stud-
ies was conducted based on predefined evaluation criteria. These criteria included (1) the
availability of quantified economic indicators, (2) the transparency of the methodological
approach, (3) the type of validation (empirical vs. model-based), and (4) the relevance of
the analysis at the farm level.

Rather than applying a formal scoring system, the appraisal was used to ensure
minimum quality standards and consistency across the included studies. This approach
allowed for a structured evaluation of the reliability of the reported economic outcomes.

To enhance the comparability of economic outcomes across the reviewed studies, a
normalization procedure was applied. Financial values reported in different currencies
(USD, EUR, HUF) and referring to different time periods were converted into a common ref-
erence currency (EUR). Exchange rates corresponding to the respective year of publication
were used, and all monetary values were subsequently adjusted for inflation and expressed
in constant 2025 EUR terms. This approach allows for a more consistent cross-study com-
parison of key economic indicators—particularly direct cost savings per hectare—while
mitigating distortions related to currency differences and temporal variability. As such,
the normalization procedure strengthens the methodological rigor and supports a more
reliable synthesis of economic evidence.
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3. Results and Discussion
3.1. Economic Impacts of Precision Technology and Machinery Inputs

The economic impacts of technology and machinery inputs represent one of the earliest
and most intensively examined areas within the literature on precision agriculture [39–42].
Studies classified within this category primarily focus on identifying how precision
technologies—including satellite-based guidance systems, automated and autonomous
machinery, and integrated precision systems—affect production cost structures, operational
efficiency, and farm profitability [39,41–43]. In most cases, the central research question
does not concern the technical feasibility of these technologies, but rather whether cost
savings and efficiency gains generated by machinery and technology investments are
sufficient to offset increased capital requirements [39,44].

The economic indicators applied in the literature can be grouped into clearly distin-
guishable categories. One of the most frequently used indicator groups measures direct
cost savings, typically expressed on a per-hectare basis or at the farm level [39,40]. These
indicators primarily capture savings resulting from reduced overlaps, including lower fuel
consumption, labor requirements, and input use, particularly in seeding, fertilization, and
crop protection operations [40]. Studies focusing on technology and machinery inputs
consistently report that precision guidance and automation solutions generate immediate
and measurable economic benefits at this level [40,42]. However, the magnitude of these
savings exhibits considerable variability depending on field size, working width, number
of operations, and field geometry [39,40].

A second prominent group of indicators evaluates cost efficiency and profitabil-
ity, extending beyond short-term operational savings to assess overall economic per-
formance [43,44]. These analyses include cost–revenue ratios, changes in income, and
long-term profitability measures [43,44]. System-level and long-term approaches indicate
that the economic impacts of precision technologies do not materialize uniformly across
years; however, when appropriately integrated and consistently applied, these technologies
are reported to contribute to income stabilization, particularly under variable environmen-
tal and market conditions [43]. These findings indicate that the evaluation of technology
and machinery inputs cannot be reduced solely to short-term cost savings [39,44].

A third analytical approach applies efficiency and productivity assessments to evaluate
the economic role of technology and machinery inputs [45]. In this context, precision tech-
nology is not treated as a direct cost factor but as an element influencing the extent to which
farms approach the best attainable performance under a given input–output structure [45].
These analyses examine whether farms adopting precision technologies operate with higher
technical and economic efficiency than those using conventional systems. Results indicate
that precision technologies may contribute to improved efficiency; however, the effect is
not automatic and is strongly influenced by farm size, capital availability, and the degree of
technology adoption [39,45].

More recent strands of the literature interpret technology and machinery inputs not
merely as cost factors but as elements capable of reshaping production structures [42].
Economic analyses of autonomous and highly automated machinery emphasize that these
technologies may affect not only unit costs but also optimal farm size, labor demand, and
work organization [42]. Within this framework, it is reported that precision and autonomous
machinery technologies may, under certain conditions, reduce scale-related constraints,
enabling smaller or medium-sized farms to achieve competitive cost levels [39,42].

Overall, the literature focusing on technology and machinery inputs presents a con-
sistent pattern, indicating that the economic benefits of precision solutions primarily arise
from efficiency improvements, overlap reduction, and optimized labor organization. Most
studies report input savings in the range of 8–20% and yield increases of 2–10%, typically
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resulting in return on investment (ROI) values of 5–15% and payback periods of 4–8 years.
A recurring finding is that economic performance is strongly dependent on farm size, with
most technologies becoming clearly profitable above approximately 100–300 ha. Numerous
studies further report that site-specific soil, topographic, and yield variability significantly
influence performance outcomes, indicating that precision systems are most effective when
decision-support tools adequately capture within-field heterogeneity. In large-scale farm-
ing environments (e.g., operations exceeding 30,000 ha), precision systems are associated
with substantial cost savings and efficiency gains, whereas smaller farms continue to face
constraints related to investment costs, limited technological expertise, and perceived
innovation risks [40–43]. At the same time, the reviewed studies consistently indicate that
these benefits are not universal, as their magnitude is highly context-dependent and can
be fully realized only when technological investments are closely aligned with farm struc-
ture and management decision-making systems [39,44,45]. Consequently, the economic
evaluation of technology and machinery inputs requires an integrated, whole-farm-level
perspective [42,43].

The scale-related economic constraints identified for smaller farms are typically dis-
cussed within the context of traditional ownership-based models. However, this perspective
may overlook alternative organizational arrangements such as Precision Agriculture-as-a-
Service (PaaS) or cooperative investment schemes. These models allow farmers to access
advanced technologies without bearing the full capital costs, potentially reducing the
minimum economically viable farm size. While the reviewed literature provides only
limited direct evidence on such arrangements, their increasing relevance suggests that
they may represent a viable pathway to overcome scale-related barriers. Future research
should therefore explicitly examine the economic implications of service-based and shared
investment models in precision agriculture.

Table 1 summarizes the implicit research hypotheses identified in the literature, or-
ganized according to the applied economic indicators. The purpose of this classification
is to assess the extent to which reported empirical results support economic expectations
associated with precision technologies.

Table 1. Summary of key economic indicators used to evaluate technology and machinery inputs in
precision crop production. Source: authors’ own work.

Indicator Implicit Research
Hypothesis

Synthesis of Findings
from the Literature

Discussion-Oriented
Implication

Direct cost savings
per hectare

Precision machinery
technologies reduce

operational costs.

Confirmed in most studies;
effects are highly
heterogeneous.

Returns are not uniform but
strongly site-specific.

Investment costs
and payback

Investments in precision
technologies are

economically viable.
Conditionally confirmed.

Utilization intensity and
farm structure are key

determinants of payback.

Income stability Precision systems stabilize
farm income.

Supported by several
long-term studies.

Precision farming functions
more as a risk-management

tool than as a
profit-maximization strategy.

Technical efficiency
Precision technologies

increase production
efficiency.

Positive effects reported,
but not automatic.

Management quality and
system integration are

critical factors.

Optimal farm size
Autonomous precision

technologies reduce
scale constraints.

Considered likely based on
recent studies.

Indicates a shift toward
structural transformation.
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The economic impacts of technology and machinery inputs are assessed in the litera-
ture using several recurring key indicators (Table 2), which collectively capture the short-
and long-term economic implications of precision technologies.

Table 2. Key economic indicators used to assess the economic impacts of technology and machinery
inputs. Source: authors’ own work.

Indicator Implicit Research
Hypothesis

Synthesis of Findings
from the Literature Discussion-Oriented Implication

Direct cost savings
per hectare

Precision guidance
systems; automated

field operations
[39,40]

Measurable short-term cost savings are
reported due to reduced overlaps; effects

are strongest in high-input operations
and show strong dependence on field

size and operation type.

Investment costs
(Capital Expenditure,
CAPEX) and payback

(Return on
Investment, ROI)

Precision and
autonomous

machinery systems
[39,42]

Economic returns are not universal and
depend on utilization intensity and farm

structure; in the case of autonomous
technologies, lower minimum cost levels
may be achieved at smaller farm sizes.

Income and
profitability stability

Complex Precision
Agriculture

Systems (PAS)
[43,44]

Precision systems are reported to sustain
profitability over the long term; annual

and spatial economic outcomes
remain heterogeneous.

Technical effi-
ciency/productivity

Precision technology
as an efficiency-

enhancing factor
[41,45]

Precision technologies are associated
with higher efficiency; however, positive

effects occur only under appropriate
system integration and

management conditions.

Optimal farm size and
cost structure

Autonomous
machinery; automation [42]

Technologies may reshape cost functions
and reduce scale-related constraints,

potentially mitigating pressures toward
increasing farm size.

Table 3 summarizes the main quantitative findings reported in the literature examining
the economic impacts of technology and machinery inputs, on a study-by-study basis. The
table presents the methodological approaches applied by individual authors as well as the
economic effects identified on the basis of these approaches.

Table 3. Summary of the literature examining the economic impacts of technology and machinery
inputs. Source: authors’ own work.

Article Methods Main Results

[39]

Economic modeling: cost–benefit analysis, ROI,
scenario Analysis: different farm sizes and input

levels, sensitivity analysis: input prices,
investment cost, yield increase, qualitative

assessment: production structure, concentration
trends, cooperation opportunities, indicators:

input savings (%), yield increase (%), net income
increase (EUR/ha), ROI (%), payback period
(years), minimum economic farm size (ha)

Input savings 10–15%, yield increase 5–10%, net
income increased 20–29 EUR/ha, ROI 8–12%,

payback 5–6 years, economically viable
>250–300 ha, Precision Farming: structural

concentration trend cooperation
needed for small farms.
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Table 3. Cont.

Article Methods Main Results

[40]

Economic modeling: cost–benefit analysis,
energy efficiency assessment: fuel consumption,

machinery working time, sensitivity analysis:
fuel price, investment cost, field area size,

indicators: fuel savings (%), time savings (%),
input savings (%), total cost savings (EUR/ha),

ROI (%) and payback period (years)

Fuel savings 5–7%, input reduction 3–5%, time
savings 10–12%, total savings 20–30 EUR/ha
(585–890 thousand EUR/year), ROI 18–25%,
payback 4–5 years, overlap errors decreased

50–70%, strongest effect: seeding and
fertilizing operations.

[43]

Introducing precision agriculture system (PAS)—
yield monitoring, cost–revenue data analysis,

and comparison of field-level profitability
between the conventional and PASs

Profits sustained on 97% of field area under PAS,
lower profit in drainage channel under PAS (due
to soybean stand, wet soils), PAS did not always

increase profit immediately, but delivered
long-term sustainability, site-specific

soil/landscape factors crucial for success of PAS,
conservation-oriented precision agriculture
systems economically viable in long term.

[45]
A questionnaire survey and FADN (Farm

Accountancy Data Network), economic analysis,
cost–revenue ratio analysis

Cost savings from precision agriculture: Overall
cost reduction ranged from 3.8–10.7%

(65–235 EUR/ha) across crops. Winter wheat: 8.3%
(175 EUR/ha) savings—the highest among cereals.
Spring wheat: lowest impact at 3.8% (80 EUR/ha).

Barley: 6.1% (135 EUR/ha) for winter vs. 4.5%
(95 EUR/ha) for spring varieties. Sugar beet: largest
benefit, 10.7% (235 EUR/ha) savings. Profitability:
short-term return 5–10%, increasing over 3–5 years

in larger farms with full tech integration.

[44]

FADN, input distance function the four-error
component model—the Generalized True

Random Effects model (GTRE); the
Törnqvist-Theil index (TTI)

Technical efficiency: average 0.83; persistent
efficiency ~0.91. Time frame: analysis covers

2005–2018. Main productivity driver:
technological change, not pure efficiency gains.
Precision farming impact: higher efficiency and
lower production costs among adopters. Policy

implication: innovation and precision
technology support are crucial for

maintaining competitiveness.

[42]

Economic modeling: cost–benefit analysis, ROI,
scale analysis (farm-size economics), cost

structure analysis, scenario analysis,
sensitivity analysis

Machinery cost reduction: 20–60%, labour cost:
near elimination, yield increase: 1–5%, ROI: 6–18%,

payback period: 4–8 years, best performance:
>500 ha farms, barriers: high investment

cost + regulatory uncertainty.

[41]
Decision-support tool (DST) optimized both
economic and environmental outcomes, net

revenue, statistical analyses

Economically targeted conservation 71% net
revenue increase across study fields. Average net

revenue: maximum production 16 EUR/ha,
maximum conservation 76 EUR/ha, targeted

conservation 50 EUR/ha, 4% higher net profit with
targeted conservation vs. maximum production.
Precision agriculture tools identified low-profit

zones suitable for conservation programs,
Decision-support tool (DST) optimized both

economic and environmental outcomes, spatial
heterogeneity consideration improved profitability
and conservation efficiency, higher farm income

and better conservation planning.
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3.2. Economic Aspects of Land and Capital Inputs in Precision Crop Production

The literature on precision agriculture focusing on land and capital inputs primarily
addresses the extent to which the economic efficiency of land use and capital allocation can
be improved by accounting for within-field heterogeneity in yield potential and profitability.
The reviewed studies consistently assume that uniform management practices may result
in suboptimal capital use and low or even negative margins across substantial portions of
cultivated land [46–48].

Among the approaches aimed at the economic optimization of land use, quantitative
results derived from normative modeling clearly demonstrate the potential of precision
land management. In a farm-level integer programming model, differentiated land-use
decisions increased net profit by 6.7% on a 400 ha representative farm, while substantially
reducing production-related environmental externalities [46]. According to the model
outcomes, precision land-use allocation generated an average net income increase of EUR
66 per ha at the whole-farm level, accompanied by reductions of 18.5% in nitrate leaching
and 12.2% in soil erosion [46]. These findings indicate that differentiated allocation of
land and capital may yield not only agronomic but also clearly measurable economic
benefits [46].

Empirical analyses, however, provide a more nuanced view of the economic perfor-
mance of land use. Multi-year studies based on data from 2018 to 2020 reveal substantial
spatial variation in within-field yield stability and gross margin that remains hidden when
farm-level averages are applied [47]. In the analyzed maize fields, approximately 57%
of the area was classified into zones characterized by high interannual yield variability,
while an additional 29% was identified as persistently below-average yield areas with low
stability [47]. In these zones, gross margins ranged from −616 to +689 EUR/ha, indicating
that certain field segments regularly generate losses while requiring significant capital
inputs [47].

Analyses examining the relationship between within-field spatial variability and
profitability further reinforce these findings. Studies evaluating the economic potential
of variable rate application (VRA) report substantial differences in contribution margins
across fields, with margins associated with VRA ranging between 1060 and 8600 EUR/ha
across different sites [48]. A positive relationship was identified between within-field fertil-
ity variability, measured using a modified Cambardella Index (CI), and margin increases,
suggesting that greater heterogeneity is associated with higher economic potential from
precision management [48]. However, it is also emphasized that this potential does not
translate automatically into realized profit, as fixed costs related to technological invest-
ments and temporal reductions in variability may reduce actual income gains [48].

An important point of convergence across the reviewed studies is the recognition of a
trade-off between profitability and stability. Empirical evidence indicates that higher aver-
age gross margins are not necessarily associated with greater yield stability, which increases
production risk, particularly under capital-intensive land-use strategies [47,48]. In contrast,
optimization models implicitly assume stable conditions and address temporal uncertainty
to a lesser extent, representing a limitation with respect to practical applicability [46].

Figure 2 illustrates the economic positioning of within-field land-use zones along the
dimensions of profitability (gross margin) and yield or income stability. The four quadrants
represent distinct land-use decision strategies that can be interpreted within the framework
of precision land management, ranging from areas characterized by high profitability and
high stability (intensive production) to zones with negative margins and unstable yields
(de-intensification and conservation). The conceptual framework is grounded in empirical
evidence on spatial variability in profitability and stability [47,48]; as well as in optimization
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modeling approaches [46]. Table 4 provides a summary of the economic characteristics and
decision implications associated with the four quadrants.

Figure 2. Economic positioning of within-field land-use zones based on profitability and yield
stability. Source: authors’ own work.

Table 4. Economic interpretation of the four quadrants in within-field land-use analysis. Source:
authors’ own work.

Quadrant Economic Characteristic Decision Implication

High profit–High
stability Ideal production area Intensive precision

management

High profit–Low stability Profitable but risk-exposed
Stabilizing precision

interventions;
risk-management strategies

Average profit–High
stability

Low risk but
weakly profitable

Cost reduction; alternative
land use options

Low profit–Low stability Economically critical area De-intensification/
conservation zones

Overall, the quantitative evidence reported in the literature focusing on land and
capital inputs clearly indicates that precision land use represents a substantial economic
reallocation rather than a marginal fine-tuning of production practices. Increases in net
profit ranging from 5% to 10%, marginal differences amounting to several tens to hundreds
of EUR per hectare, and the identification of loss-generating field zones all suggest that
land management as an input fundamentally determines capital efficiency [46–48]. At the
same time, the reviewed studies consistently emphasize that these benefits can be sustained
only if precision land management integrates economic, agronomic, and risk-related factors
in a coordinated manner. The main findings of the literature on the economic impacts of
land and capital inputs are summarized in Table 5.

Results derived from modeled or simulation-based analyses should be interpreted
with caution, as they rely on a set of predefined assumptions and controlled conditions that
may not fully reflect real-world farming environments. While such approaches are valuable
for exploring potential outcomes and system-level interactions, they may overestimate
economic benefits due to the omission of practical constraints such as weather variability,
operational inefficiencies, and behavioral factors. Consequently, modeled results should
be considered as indicative rather than definitive, and their generalizability to actual farm
conditions requires validation through empirical evidence.
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Table 5. Summary of the literature on the economic impacts of land and capital inputs. Source:
authors’ own work.

Article Methods Main Results

[46]
Model-based: mixed Integer Linear

Programming (MILP), ANOVA, correlation,
sensitivity analysis

Net profit increased 6.7% (+66 EUR/ha), nitrate
leaching decreased 18.5%, soil erosion decreased

12.2%, payback period: 4–6 years, integrated
economic-environmental optimization at farm level.

[47]

Empirical study: yield monitor data,
economic data, geostatistical maps, mean

yield or average yield, variability or
coefficient of variation, gross margin or gross

profit margin

57% of area classified as unstable zones, 29% of area
in low-yield, stable zone (Zone D), Gross margin

ranged from –616 EUR/ha to +689 EUR/ha, Zone A
and B generally positive margins, Zone C and D

generally negative margins, Zone D recommended
for removal or reduced input use, precision

conservation has both economic and environmental
potential. (Explanation: Zone A—High yield/High
stability; Zone B—High yield/Low stability; Zone

C—Low yield/Low stability; Zone D—Low
yield/High stability)

[48]

Empirical study: Near-Infrared Spectroscopy
(NIRS) sensor, sampling, Cambardella Index
(CI), VRA (Variable Rate Application), VRS
(Variable Rate Seeding), VRF (Variable Rate
Fertilization), adjusted contribution margin,

net revenue

Contribution margin ranged 847–6 624 EUR/ha.
Positive correlation: high field variability and

higher VRA margin potential, profit
potential ̸= guaranteed profit (fixed costs matter),

declining spatial variability may reduce VRA
benefits over time, production-theoretical

framework needed for VRA decision making.

3.3. Economic Aspects of Material Inputs in Precision Crop Production
3.3.1. Economic Evaluation of Fertilizer Use

The precision agriculture literature focusing on material inputs—primarily fertilizers
and, in particular, nitrogen—addresses a central research problem related to homogeneous
field management. Under conditions of within-field heterogeneity, uniform application
practices may result in both over- and under-application. These inefficiencies simultane-
ously reduce profitability and increase environmental pressures. Accordingly, the reviewed
studies aim to quantify the economic and environmental consequences of variable-rate
fertilization approaches (VRF—Variable Rate Fertilization; VRN—Variable Rate Nitrogen;
VRT—Variable Rate Technology; VRS—Variable Rate Seeding) as well as sensor- or zone-
based application methods, and to identify the conditions under which input optimization
becomes economically viable [48–53]. Table 6 summarizes the principal economic and
environmental indicators applied in the precision farming literature focusing on material
inputs—particularly nitrogen management—along with the dominant methodological
approaches associated with these indicators. The table highlights that the joint selection of
indicators and methodological frameworks fundamentally determines the interpretability
and comparability of reported results.

Early empirical studies on VRF/VRN report relatively consistent magnitudes of eco-
nomic effects. Variable-rate fertilization typically results in input savings of 7–12%, while
yield increases of approximately 1–3% are observed [49,50]. When expressed in terms of
net revenue, these changes correspond to gains of 31–60 EUR/ha compared with conven-
tional uniform application (31–50 EUR/ha [49]; 40–60 EUR/ha [50]). However, reported
returns on investment are moderate. ROI values typically range between 4% and 12%,
with payback periods of 6–9 years. Economic performance is strongly influenced by soil
heterogeneity, nitrogen prices, and farm size [49,50].
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Table 6. Key indicators and methodological frameworks used to evaluate the economic performance
of material (nitrogen) input management. Source: authors’ own work.

Dimension What Is Measured? Typical Methodological Approaches Articles

Input savings Reduction in nitrogen use Cost–benefit analysis; experimental
comparisons; simulation modeling [49–51]

Yield effects Yield change; yield variability Yield response functions; field trials;
on-farm experiments [51–53]

Profitability Net revenue; gross margin Cost–benefit analysis;
farm-level optimization [49,51,54]

Investment economics ROI; payback period; risk exposure Sensitivity analysis; scenario analysis;
risk assessment [49,50,52]

Environmental
externalities

Nitrate leaching; N2O emissions;
emission indicators

Bio-economic modeling; life cycle
assessment (LCA) [54–56]

Analyses based on longer time series partly confirm these findings but place greater
emphasis on risk and year-to-year variability. Using data from nine years and 18 field
plots, site-specific nitrogen application resulted in an average nitrogen reduction of approx-
imately 11% and a yield increase of 3.5%, while net revenue increased by an average of
63 EUR/ha [51]. Within the same analytical framework, ROI values ranged from approxi-
mately 6% to 14%, and payback periods from 4 to 6 years. At the same time, substantial
interannual variation in yield responses was reported, leading to more volatile economic
outcomes [51]. The importance of the risk dimension is also evident in sensor-based VRN
applications in wheat. In this context, nitrogen use was reduced by 2.37 kg/ha, yields
increased by 60–120 kg/ha, and average net revenue gains amounted to +15 EUR/ha. How-
ever, annual variability was high, indicating pronounced sensitivity to market conditions
and weather variability [52]. It was emphasized that positive returns do not occur in every
year and that economically viable operation may require larger farm sizes, for example,
those exceeding 500 ha [52].

Subsequent comparative experiments have examined whether more complex zone-
based, sensor-based, or combined variable-rate strategies generate additional economic
benefits compared to simpler VRT approaches. Subsequent comparative experiments evalu-
ating different application strategies indicate that the economic advantage of VRT depends
strongly on the underlying decision rules, particularly whether zone-based, sensor-based,
or combined approaches are applied. Multi-year, multi-field analyses show that zone-
based variable-rate management zone (VR-MZ) increased yields from 12.7 to 13.4 t/ha
(5.5%). Net income above nitrogen costs (RANC—return above nitrogen cost) represents
the net income remaining after nitrogen fertilizer costs are deducted, allowing for a par-
tial economic assessment of nitrogen management strategies) ranged between 133 and
223 EUR/ha, with an average gain of +66 EUR/ha relative to uniform application [53].
In contrast, sensor-integrated strategies (VR-PSMZ—variable rate-proximal sensor and
management zones) led to excessive nitrogen savings and yield losses of 3–5% in certain
years. These results demonstrate that more complex strategies do not automatically lead
to superior economic outcomes [53]. It is also noted that practical thresholds related to
the spatial scale of variability are relevant. When spatial variability extends beyond ap-
proximately 100 m, variable-rate approaches are more likely to provide both income and
stability advantages [53].

The optimal nitrogen range varied between 110 and 180 kg/ha, while the optimal
seeding density was identified at 8–9 seeds/m2. Adjustments in seeding density exhibited
a smaller impact on ROI, for example a cost reduction of 63 EUR/ha associated with
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a decrease of 5 seeds/m2 [54]. These results indicate that material inputs—particularly
nitrogen—offer greater economic flexibility than other agronomic interventions. At the
same time, outcomes remain strongly dependent on model assumptions and site-specific
conditions [54].

Within the context of material inputs, it is particularly important to highlight that
economic and environmental effects are aligned in several studies. Under optimal con-
ditions, nitrogen management reduced nitrate leaching by 2.5 kg/ha and N2O emissions
by 7.6 kg/ha in a model-based analysis [54]. At the national scale, simulation results
indicate that a 20% improvement in nitrogen use efficiency (NUE) corresponds to an annual
reduction of approximately 1.4 million tons of nitrogen demand and a net profit increase
of about 1.6%, equivalent to 641 million EUR per year by 2026. These national-scale esti-
mates should be interpreted with caution, as they implicitly rely on assumptions regarding
adoption rates and implementation efficiency. In practice, partial adoption, heterogeneous
farm conditions, and operational constraints may significantly limit the realization of such
aggregated benefits. In parallel, changes in crop prices and land use remained below 2%,
while water quality benefits included a projected 5.72% reduction in nitrate loads [55]. From
both farm-level and life-cycle perspectives, variable-rate technology (VRT) was shown to
improve energy efficiency by 13.3% and reduce energy inputs by 11.7%. In addition, envi-
ronmental external costs decreased by 6.6% per ton of output and by 7.7% per hectare [56].
These results support the interpretation that material input optimization represents not
only a cost-reduction strategy but also an effective approach to reducing externalities [56].

In the existing literature, the economic viability of precision technologies has been
shown to be strongly influenced by context-dependent and adaptive factors, including farm
size, sampling resolution, and behavioral characteristics. Studies addressing context and
adaptation effects emphasize that the conditions for economic viability are often determined
not by technical factors alone but by organizational and structural characteristics. Early
VRF/VRN studies indicate that economic performance improves under conditions of
pronounced soil heterogeneity and is typically more favorable at larger farm sizes, for
example above 150 ha [49]. In other cropping systems, such as wheat, the threshold may
be substantially higher, exceeding 500 ha [52]. Evidence from regional case studies further
supports the importance of practical adaptation. The introduction of precision components
reduced wheat production costs by 2.9 EUR/ha, corresponding to approximately 4% of
total costs, while the modeled payback period was estimated at 4.4 years. The resolution
of the sampling grid was identified as a critical factor, with finer grids (1 ha versus 5 ha)
yielding more favorable outcomes [56–58]. Finally, the integration of technological effects
into agricultural systems is also conditional at the policy level. Results-based payment
schemes were found to be 1.5 times more cost-effective than alternative approaches when
targeting identical nitrogen reduction objectives. Moreover, neglecting behavioral factors
may lead to overestimations of policy impacts by up to 20% [59]. This finding represents
an important complement to the material inputs section, as economic impacts are shaped
not only by reductions in nitrogen use but also by the likelihood that farmers adopt and
sustain the application of precision systems over time [59].

Based on the reviewed literature, the economic impacts of precision nitrogen-based
material input management typically manifest as input savings of 7–12%, yield increases
of 1–3.5%, and net revenue gains ranging from 31–63 EUR/ha [49–51]. At the same time,
reported returns on investment are often moderate, with ROI values between 3% and 14%
and payback periods extending over several years, most commonly between 4 and 9 years.
These outcomes are strongly context-dependent [49–52]. More recent studies applying
complex strategies and modeling approaches indicate that additional income gains can
be achieved; however, superior performance is not automatically guaranteed by more
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advanced algorithms. In many cases, the economic optimum deviates from the agronomic
optimum [53,54]. In parallel, environmental outcomes are substantial across multiple
dimensions, including reductions in nitrate leaching and N2O emissions, improvements
in energy efficiency, mitigation of external costs, and positive effects at the national scale.
These findings support a dual interpretation of material input precision, encompassing
both economic and environmental benefits [54–56].

Table 7 summarizes the literature on the economic impacts of fertilizer inputs within
material inputs on an author-by-author basis, highlighting the main findings identified in
each study.

Table 7. Economic impacts of material (nitrogen) input management in precision crop production.
Source: authors’ own work.

Article Methods Main Results

[49]

Economic modeling: cost–benefit analysis, ROI,
statistical modeling: estimation of yield response

functions, scenario analysis: different soil
heterogeneity and nitrogen price levels, sensitivity

analysis: input price, yield increase, investment
cost, indicators: fertilizer savings (%), yield
increase (%), net return, ROI (%), payback

period (years)

Nitrogen savings 8–12%, yield increase 1.5–3%, net
return +31–50 EUR/ha, ROI 4–10%, payback

7–9 years, profit increase with high soil variability,
lower nitrate leaching, environmental gain,

economically viable > 150 ha.

[50]

Economic modeling: cost–benefit analysis, ROI,
simulation modeling: simulation of yield and
input variability, scenario analysis: different

nitrogen prices, yield levels, and soil heterogeneity,
sensitivity analysis: investment cost, input price,
yield variability, indicators: nitrogen savings (%),
yield increase (%), net return (EUR/ha), ROI (%),

payback period (years)

Nitrogen savings 7–10%, yield increase 1–3%, net
return +40–60 EUR/ha, ROI 5–12%, payback

6–8 years, profitable only with high soil variability,
key drivers: Nitrogen price, yield response,

investment cost.

[51]

Economic modeling: cost–benefit analysis, ROI,
panel data analysis: evaluation of temporal

stability, Monte Carlo simulation: estimation of
profit variability, sensitivity analysis: nitrogen
price, yield volatility, input costs, indicators:

nitrogen savings (%), yield increase (%), net return,
ROI (%), payback period (years)

Nitrogen savings 11%, yield increased 3.5%, net
return +63 EUR/ha, ROI 6–14%, payback

4–6 years, profitable only >100 ha, high weather
and soil variability impact.

[52]

Mixed economic model, economic modeling:
cost–benefit analysis, correlation and sensitivity

analysis: nitrogen price, wheat price, yield
variability, statistical tests: ANOVA and linear

regression for the yield–profit relationship,
indicators: nitrogen use (kg/ha), yield increase

(kg/ha), net return, ROI (%), payback
period (years)

N use decreased 2.7 kg/ha, yield increased
60–120 kg/ha, net return +15 EUR/ha, ROI 3–8%,

profitable only >500 ha. Key drivers: N price,
wheat price, equipment cost. Main advantage of
VRN: input savings and reduced environmental

emissions. Profitability likely only for farm
sizes > 500 ha. Results are sensitive to changes in

nitrogen and wheat prices.

[53]

Variogram model, NDVI (Normalized Difference
Vegetation Index) maps, Management, Zone

Analyst (MZA), grain yield (t/ha), Partial Factor
Productivity (PFP), Return Above Nitrogen Cost
(RANC) (EUR/ha), ANOVA, correlation analysis,

and geostatistical mapping.

Grain yield increased from 12.7–13.4 t/ha (+5.5%)
under variable-rate management zone (VR-MZ), N
productivity (PFP) 55–68 kg grain/kg N, highest in

variable rate-proximal sensor and management
zones (VR-PSMZ), net return (RANC):

133–223 EUR/ha, VR-MZ + 66 EUR/ha vs.
uniform, VR-PSMZ sometimes 37 EUR/ha lower

due to under-fertilization, spatial range
> 100 m—best ROI with 5–10% cost savings and

4–6% yield gain.
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Table 7. Cont.

Article Methods Main Results

[54]

Cost–benefit analysis, multi-year precision yield
data, Agricultural Production Systems sIMulator

(APSIM), Soil Survey Geographic
Database (SSURGO)

ROI 7.2% via economic optimum inputs. Yield
difference: 423–830 kg/ha in 2015; 100–897 kg/ha

in 2016. Optimum N-rate: 110–180 kg/ha.
Optimum seeding: 8–9 seeds/m2. Cost reduction:

172 EUR/ha from 157 kg/ha less N in 2015.

[58]
Economic return, financial and economic model,

crop condition monitoring, statistical analysis
(t-test) of yields, performance and cost model

5 ha grid: +9.6% yield/1 ha grid: +19.2% yield, ca.
3.5 EUR/ha cost reduction (4%). Payback period

about 4.4 years, finer grid (1 ha)—better
heterogeneity capture, success depends on soil

conditions, machinery level, adaptation.

[55]
National agricultural simulation model,
biogeochemical model calculation, other

economic calculations

NUE +20%, −1.4 Mt nitrogen demand/year, +1.6%
net profit (=743 million EUR/year), +350 million
EUR revenue per year, +10% NUE increase, <2%

change in crop prices and land use, −5.72% nitrate
runoff to surface waters, 43 EUR/ha water
treatment savings, 15–137 million EUR year

avoided environmental costs, Potential Jevons
effect [60] (efficiency gains may expand land use).

[57]
On-farm experiment, Monte Carlo simulation,

decision support system (DSS), sensitivity analysis,
net revenue

Significant spatiotemporal variability in crop
response, OFPE (On-Farm Precision

Experimentation) methodology supports
field-specific input optimization and probabilistic

outcome estimates, use of precision agriculture
technologies + local data enables scalable

site-specific experimentation, field-specific
decision support improves coupling of

profitability, production, and environmental goals.

[59] Agent-based modelling (ABM), bio-economic
optimization model, survey questionnaire, census

Results-based payment most cost-efficient policy
instrument (1.5× vs. others), behavioural factors

reduce achievable nitrogen reduction by 20%,
farmer heterogeneity key for policy efficacy in
precision agriculture, agent-based modelling

(ABM) enables realistic ex-ante policy assessment,
low current uptake of site-specific nitrogen

technologies in small-scale farms, policy design
must integrate behavioural insights for precision

agriculture success.

[56] Energy-analysis, life cycle assessment (LCA) in
cradle-to-farm gate, monetization

13.3% higher energy use efficiency with VRT,
11.7% reduction in specific energy and total energy
input, 15.3% increase in net energy gain, 19.7% in

PM formation, 28.7% in ozone depletion,
monetized external environmental cost reduced by

6.6% (per ton)/7.7% (per ha), need for
multi-metric, multi-functional-unit evaluation of

sustainability, VRT viability depends on
site-specific conditions and farm scale

3.3.2. Economic Evaluation of Precision Crop Protection and Seeding Technologies

The economic evaluation of precision technologies related to seeding and spraying
within arable material inputs primarily addresses the extent to which conventional uniform
application leads to input waste and efficiency losses under heterogeneous field conditions.
The reviewed studies share a common objective of assessing how site-specific seeding
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and crop protection solutions—such as precision weed control, automatic section control,
row- or nozzle-level control, and targeted (spot) spraying—affect cost savings, income
generation, and investment returns under different farm-level and spatial conditions [61–64].

In the economic assessment of seeding and spraying technologies, the literature
typically focuses on direct input savings (seed, crop protection products, fuel), net cost
reductions (EUR/ha), and investment performance indicators, including return on invest-
ment (ROI) and payback period. The methodological framework is most often based on
farm-level cost–benefit analysis, complemented by scenario and sensitivity analyses. These
approaches allow the effects of farm size, field geometry, input prices, and utilization inten-
sity to be quantified [61,63]. In more recent studies, increasing emphasis has been placed
on the economic interpretation of environmental effects, particularly through reductions in
pesticide use [64].

Analyses focusing on input savings and direct cost effects consistently report sub-
stantial reductions in crop protection product use as one of the most robust outcomes
of precision weed control and spraying systems. Based on studies conducted in Hun-
gary and Central Europe, precision weed control resulted in average herbicide savings of
15–30%, corresponding to direct cost reductions of 23–47 EUR/ha compared to conven-
tional technologies [61,65,66]. These savings were further reinforced by reductions in fuel
consumption of 8–12% and labor requirements of 6–8%, attributable to the rationalization
of spraying operations [65,66].

For precision seeding technologies, the most significant economic effect is associated
with the avoidance of double seeding and the resulting seed savings. The application of
automatic section control led to seed savings of 3.3–4.3%, corresponding to direct cost reduc-
tions of 8–12 EUR/ha. In irregularly shaped fields, savings reached up to 21 EUR/ha [62].

With respect to investment performance and farm size effects, the economic outcomes
of precision seeding and spraying technologies are strongly dependent on scale and uti-
lization intensity. In the case of precision weed control systems in Hungary, ROI values
typically ranged between 10% and 18%, with payback periods of 3–6 years. On farms
exceeding 200 ha, payback periods were reduced to as little as 2–3 years [61]. Similar magni-
tudes were reported in subsequent analyses, where ROI values for precision crop protection
fell within a 2–5-year range and were found to be consistently profitable, particularly on
farms between 100 and 300 ha [66].

For seeding technologies, the investment cost of automatic section control ranged
between 17,850–23,800 EUR, with annual maintenance costs of approximately 595 EUR.
Average ROI values ranged from 15% to 35%, and payback periods from 3 to 6 years, while
farms larger than 400 ha experienced payback periods as short as 2–3 years [62]. These
results indicate that economic viability depends not solely on the magnitude of per-hectare
savings, but also on their scale and consistent utilization.

The level of technological control—defined by the spatial and functional resolution
of interventions—and its marginal return provide important insights for the economic
evaluation of investments. According to Smith and Dhuyvetter [63] nozzle-level control
in sprayers generated additional annual benefits of only 1–3 EUR/ha, corresponding to
ROI values below 8% in most regions. Under specific conditions, however, including
small and irregularly shaped fields combined with high annual coverage, marginal ROI
values increased substantially, reaching 23–104% and, when combined with non-quantified
qualitative benefits, up to 63–206% [63]. In contrast, finer row-level control in seeding
machinery was found to be particularly profitable in many cases. In maize production,
additional income of 14–39 EUR ha was reported, alongside ROI values of 97–215% and
payback periods of 0.7–1.3 years [63].
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The most recent studies emphasize the economic potential of site-specific, targeted pes-
ticide applications. Research conducted in northern Germany indicates that direct-injection,
site-specific spraying systems achieved cost savings of 26–66% compared to conventional
full-field treatments. The average “extended gross margin” reached 860 EUR ha, compared
to 690 EUR ha under conventional practices, indicating a clear economic advantage [64].
These findings demonstrate that precision spraying can function not only as a cost-reduction
measure but also as an income-stabilizing tool, while simultaneously delivering substantial
environmental benefits. Several studies indicate diminishing marginal returns to increas-
ingly fine technological control in precision seeding and spraying systems. Beyond a
certain level of spatial or functional refinement, additional gains in input efficiency may be
outweighed by higher capital and operating expenditures. This non-linear relationship is
conceptually summarized in Figure 3.

Figure 3. Relationship between the level of technological control and net economic benefits in
precision seeding and spraying technologies. Source: authors’ own work.

Based on the economic evaluation of precision technologies related to seeding and
spraying, site-specific input application is consistently associated with substantial cost
savings and positive returns. At the same time, the magnitude of these effects is strongly
context-dependent. In the case of crop protection technologies, input reductions of 15–30%
and payback periods of 2–6 years can be considered typical outcomes [61,65,66].

Precision seeding technologies tend to be particularly profitable when finer control
directly reduces waste and yield losses. In contrast, in spraying applications, excessive
technological refinement generates economic returns only under specific conditions [63].
Overall, the literature indicates that the economic success of precision seeding and spraying
solutions is primarily determined by farm size, field geometry complexity, input price
dynamics, and the actual utilization intensity of the technology.

Table 8 summarizes the quantitative findings reported in the literature on the economic
impacts of crop protection and seeding technologies within material inputs, on an author-
by-author basis, highlighting the main results identified in each study.
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Table 8. Economic impacts of crop protection and seeding technology inputs. Source: authors’
own work.

Article Methods Main Results

[61]

Economic modeling: cost–benefit analysis, ROI,
scenario analysis: different farm sizes and

herbicide price levels, sensitivity analysis: input
price, investment cost, yield level, qualitative
assessment: decision-making motivation, risk

perception, innovation willingness

Herbicide savings 15–25%, Cost savings
35–58 EUR/ha, ROI 10–18%, up to >20% (large

farms), payback 3–6 years, down to 2–3 years for
>200 ha, key factors: investment cost, chemical

price, farm size, barriers: high initial cost,
knowledge gap, limited support.

[65]

Economic modeling: cost–benefit analysis,
scenario analysis: impact of different farm sizes,

sensitivity analysis: based on chemical price, fuel
cost, and investment cost, indicators: chemical

savings (%), fuel and labor savings (%), total cost
savings (EUR/ha), ROI and payback

period (years)

Chemical savings 20–30%, Fuel decreased 8–10%,
labor decreased 6–8%, cost savings 25–39 EUR/ha,

ROI 2.5–4 years, large farms < 2 years, barriers:
high investment, low awareness, limited subsidies.

Profitability was primarily determined by
investment cost and chemical prices. Adoption is
limited by farmers’ low technological knowledge,
high initial costs, and uncertain subsidy support.

[62]

Automatic Section Control system (ASC),
economic modeling: cost–benefit analysis, scenario
analysis: different field shapes, sensitivity analysis:
farm size (acres), indicators: seed savings (%), cost

savings (EUR/ha), ROI (%), payback
period (years)

Seed savings 3.3–4.3%, up to 6–7% (irregular
fields), cost savings 9–12 EUR/ha up to

22 EUR/ha, investment 18–24 thousand EUR,
maintenance about 597 EUR/year, ROI 15–35%, up

to 45% (large farms), payback 3–6 years, large
farms 2–3 years, best for irregular or

non-rectangular fields.

[66]

Farm Structural Survey (FSS) data, cost–benefit
analysis, scenario analysis, sensitivity analysis,
chemical use (% savings), fuel consumption (%

reduction), total cost savings (EUR/ha), ROI and
payback period (years)

Chemical use decreased 15–25%, Fuel use
decreased 10–12%, cost savings 30–47 EUR/ha,

payback 2.5–5 years, large farms < 2 years, positive
ROI if investment < 38–60 EUR/ha and

savings ≥ 10–15%, environmental impact
decreased (reduced residues and runoff).

[63]
Economic calculations (profitability, net benefit,

ROI, payback period, cost analysis); Guidance and
Section Control Profit Calculator

Sprayer (60 vs. 5 sections): ROI + 23.1% low-acre
cases often negative, with +0.56 EUR/ha benefit
ROI 63–206% (investment and area dependent),

payback 2.7–13.8 years, precision row control pays
quickly in corn; nozzle-level control profitable only

for small, irregular fields.

[64]
Field trials, scenario analysis, monitoring

technology, automatic application assistant, cost
and gross margin calculation

Cost savings: 26–66% vs. conventional spraying,
extended gross margin: 860 EUR/ha (site-specific)

and 690 EUR/ha (conventional), ca. 20% higher
profitability with precision application, investment

costs: 26–48 EUR/ha per year, break-even area:
314–3024 ha depending on scenario, reduced

pesticide use—environmental benefits, precision
application tools = economic + ecological win–win.

3.3.3. Economic Evaluation of Precision Irrigation

The economic evaluation of precision technologies related to irrigation occupies a
distinct position among arable material inputs, as irrigation water represents not only a
production factor but also an increasingly scarce and valuable resource. The central research
question addressed in the reviewed literature concerns the extent to which spatially and
temporally differentiated irrigation decisions—implemented either through technological
solutions such as variable rate irrigation (VRI) or through decision-support and modeling
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tools—can improve water use efficiency, profitability, and yield stability under conditions
of environmental uncertainty [67,68].

Empirical studies examining the economic impacts of variable rate irrigation (VRI)
consistently demonstrate that this technology enables substantial water savings compared
with conventional uniform irrigation systems. Based on field experiments conducted in
maize production in the southeastern United States, the application of VRI resulted in
reductions in water use of 15–20%, while yields increased by 2.5–6% [67]. This combined
effect translated into net revenue gains of 99–158 EUR/ha, corresponding to ROI values
of 10–18% and payback periods of 4–6 years in the analyzed context [67]. Economic
benefits were particularly pronounced in environments characterized by substantial spatial
heterogeneity in soil moisture and yield potential, where uniform irrigation practices
generated structural inefficiencies.

A different approach to the economic optimization of irrigation is represented by
decision-support, model-based analyses. Li and Hu [68] applied a multistage stochastic
programming model to evaluate the economic benefits of adapting irrigation decisions
over time while accounting for uncertainty in precipitation, water availability constraints,
and crop prices. Using a representative maize-producing farm in Nebraska as a case study,
it was shown that the stochastic approach generated, on average, 13% higher profits than
conventional deterministic models, particularly under conditions of limited irrigation water
availability [68]. These findings indicate that the economic efficiency of irrigation depends
not only on optimizing the volume of applied water but also on the timing and flexibility of
irrigation decisions. Both studies emphasize that the economic viability of the technology
is strongly dependent on farm size. Investments become clearly profitable primarily on
farms exceeding 100 ha, where fixed costs can be distributed over larger areas and where
water prices or environmental constraints are high [67,68] (Table 9).

Table 9. Economic impacts of irrigation inputs in precision crop production. Source: authors’ own work.

Article Methods Main Results

[67]

Economic modeling: cost–benefit analysis, ROI,
scenario analysis: different water price and input
cost levels, sensitivity analysis: investment cost,

yield increase, water price, energy and water use
analysis: water savings, energy consumption,

indicators: water savings (%), yield increase (%),
net return (EUR/ha), ROI (%), payback period

(years), minimum economic farm size (ha)

Water savings 15–20%, yield increase 2.5–6%, net
return +99–158 EUR/ha, ROI 10–18%, payback
4–6 years, profitable > 100 ha, high benefit on

variable soils, key gains: water and
energy efficiency, sustainability.

[68]

Multistage stochastic programming model (MSP),
classical crop yield response functions, GAMS
(General Algebraic Modeling System, version
23.4.3), CPLEX (IBM ILOG CPLEX Optimizer,

version 12.1.0) solver (IBM, Armonk, NY, USA)

10% profit increase with 2-stage stochastic model,
13% additional profit by incorporating

precipitation uncertainty in multistage model,
greatest benefit under limited water supply

scenarios, flexible weekly irrigation decisions
outperform one-time deterministic schedule,
multistage decision-making value increases

with uncertainty.

The findings related to precision irrigation should be interpreted with caution, as they
are based on a limited number of studies. In contrast to other technological categories, only
two studies were identified, one of which is based on simulation. Therefore, the presented
results should not be considered as a comprehensive systematic synthesis, but rather as
indicative case-based insights highlighting potential economic effects. Further empirical
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research is needed to draw robust conclusions regarding the economic performance of
precision irrigation.

3.4. Management Philosophy and Decision-Making in Precision Crop Production

The literature adopting a management philosophy perspective clearly indicates that
the economic benefits of precision farming do not stem from the technology itself, but from
the decision-support use of data. The GIS-based farm planning model developed by Yule
et al. [69] already demonstrated at an early stage that economic optima in heterogeneous
environments are achieved through the spatial integration of yield, soil, and cost data
rather than through uniform management practices. Under such conditions, cost savings
of 12–18%, yield increases of 4–6%, and ROI of 10–15% were reported. The key implication
of this approach lies not in the absolute magnitude of these results, but in the recognition
that precision farming was conceptualized as a management problem rather than merely
a technological issue. This perspective is further reinforced by the empirical findings of
Takács-György and Takács [70]. Their results indicate that, although precision crop protec-
tion can generate input savings of 10–20% and payback periods of 3–5 years, technology
adoption is not an automatic consequence of economic rationality. Investment costs, critical
farm size thresholds (150–200 ha), and perceived technological risk often exert a stronger
influence on decision-making than expected ROI. These findings suggest that the eco-
nomic potential of precision farming can be realized only when farmers possess adequate
management and data interpretation capacities, supported by appropriate institutional
frameworks and knowledge transfer mechanisms. Complementary evidence is provided
by Tsiboe et al. [71] who extend the management-oriented interpretation to the market level.
Their simulation-based analysis of corn futures markets shows that higher-frequency yield
information can improve price discovery yet simultaneously increase short-term volatility.
Public information was found to be incorporated into prices within 1–2 days, indicating
moderate market efficiency. However, the introduction of weekly yield forecasts during
the harvest period would likely increase daily price fluctuations and reduce futures prices
by the end of the marketing season.

However, an often overlooked aspect of precision agriculture is that reductions in
manual labor requirements may be partially offset by an increased demand for high-
skilled human capital. Data collection, processing, and decision-making require advanced
technical and analytical competencies, which may involve higher labor costs or additional
training investments. These “shadow costs” of data management are not always explicitly
accounted for in economic evaluations, potentially leading to an overestimation of net
benefits. Consequently, the transition from manual to knowledge-intensive labor should be
considered when assessing the overall economic performance of precision agriculture at
the farm level.

Overall, these studies support the conclusion that the success of precision crop produc-
tion depends less on increasing technological “intensity” than on improving the quality of
decision-making. Precision farming can therefore be interpreted as a knowledge-intensive
management philosophy in which economic performance emerges from the interaction of
technology, data, and human decision-making. As such, it cannot be separated from issues
related to risk management, learning processes, and adaptive strategy development [69–71].

Table 10 provides a synthesis of the literature addressing management philosophy
and decision-making in precision farming.
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Table 10. Summary of management and decision-making aspects of precision farming. Source:
authors’ own work.

Article Methods Main Results

[69]

Economic modeling: cost–benefit analysis, ROI,
geospatial analysis: spatial inventory mapping,
scenario analysis: different input cost and yield
level scenarios, sensitivity analysis: investment
cost, input price, yield increase, indicators: cost

savings (%), yield increase (%), net income
(GBP/ha), ROI (%), payback period (years)

Cost savings 12–18%, yield increase 4–6%, net
income ca 2.5 EUR/ha, ROI 10–15%, payback
5–7 years, high benefit on heterogeneous soils,

supports data-driven sustainable planning.

[70]

Farm-level survey data collection, economic model:
cost–benefit analysis, ROI calculation, scenario

analysis: different farm sizes, sensitivity analysis:
input price, investment cost, yield level, ROI,

qualitative assessment: farmers’ decision-making
behavior, risk perception, innovation willingness,
and constraints (knowledge and information gaps)

Average chemical savings: 10–20%, cost savings:
28–46 EUR/ha, ROI: 8–15%, exceeding 20% for

larger farms, payback period: 3–5 years;
economically viable only for farms > 150–200 ha.
Main decision factors: investment cost, farm size,
and risk perception, key constraints: high initial

cost, lack of information, and financing difficulties.
In the long term, the technology provides both cost

and environmental benefits.

[71]
USDA report, counterfactual simulation,

regression, stochastic simulation, efficiency,
weekly return

Semi-strong market efficiency: information
absorbed within 2 days, increased price volatility

under weekly yield forecast scenario,
end-of-season futures prices lower with

high-frequency data, positive yield
surprises—price drops in corn futures, frequent

precision-agriculture data can improve price
discovery but raise market instability, policy

implication: balancing transparency and stability
is crucial in data-driven markets.

In conclusion, a key conceptual insight emerging from this review is that the economic
optimum does not necessarily coincide with the agronomic optimum. While agronomic
management typically aims to maximize yield, economic optimization focuses on maximiz-
ing profitability, often implying lower input intensity. The reviewed studies suggest that
the difference in return on investment between these optima can reach approximately 7.2%
on average.

4. Conclusions
Based on the systematic review of the literature addressing the economic aspects of

precision crop production, it can be concluded that the application of precision technologies
generally offers measurable economic benefits. At the same time, these benefits are strongly
context-dependent and cannot be regarded as universal. Most international empirical
studies report input savings typically ranging between 8–20%, while yield increases usually
fall within the 2–6% range. Together, these effects result in moderate but relatively stable
income improvements. Reported ROI commonly range between 5–15%, with payback
periods of approximately 4–8 years. The heterogeneity of reported return on investment
(ROI) values across the reviewed studies can be largely explained by differences in field-
specific and environmental conditions. Higher ROI values are consistently associated
with fields characterized by high spatial variability and soil heterogeneity, where precision
technologies can effectively optimize input allocation. In contrast, in more homogeneous
fields, the economic benefits tend to be limited due to lower potential for input optimization.
Farm size also plays a critical role, as larger operations benefit from economies of scale,
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while smaller farms often face constraints related to high fixed costs. In addition, climatic
variability and input price levels significantly influence economic outcomes, with greater
benefits observed under conditions of higher uncertainty and elevated input costs. These
findings suggest that the economic viability of precision agriculture is highly context-
dependent, and that variability in ROI should be interpreted as a function of underlying
agronomic and economic conditions rather than technological performance alone.

One of the most consistent conclusions across the reviewed studies is that the economic
viability of precision technologies is fundamentally influenced by farm size, within-field
heterogeneity, and the depth of technological implementation. A substantial body of
evidence indicates that profitability is typically achieved only above farm sizes of approxi-
mately 100–200 ha, where high fixed investment costs can be more effectively distributed.
Variable-rate nutrient application and precision seeding technologies tend to exhibit rel-
atively stable economic returns. In contrast, spraying and irrigation technologies are
associated with greater uncertainty and are more strongly affected by weather conditions
and market volatility.

The reviewed literature further demonstrates that the economic optimum does not
necessarily coincide with the highest level of technological control. Several studies indicate
that increasing technological complexity may lead to diminishing marginal returns and
heightened economic risk, particularly under heterogeneous seasonal conditions and
volatile input and output prices. These findings support the conclusion that the economic
evaluation of precision farming cannot be reduced to isolated technology comparisons.
Instead, an integrated, system-level perspective is required.

The synthesis of management-oriented studies highlights that the success of precision
farming depends not solely on technology adoption but on the quality of data-driven
decision-making and managerial capacity. Investment decisions are shaped not only by
expected returns but also by risk perception, information constraints, learning costs, and the
institutional environment. These factors contribute to the relatively slow adoption of eco-
nomically viable precision technologies, especially among small and medium-sized farms.

The relatively slow adoption of precision agriculture technologies should be inter-
preted primarily in light of the economic constraints identified in this review. High initial
investment costs, scale-related limitations, and uncertainty regarding return on investment
represent significant barriers, particularly for small and medium-sized farms. Given that
sociological and behavioral factors were beyond the scope of this study, the observed adop-
tion patterns should be understood as economically driven rather than as a comprehensive
explanation of adoption dynamics.

Several research gaps are identified by the systematic review. A key limitation of the
existing literature is the scarcity of long-term, dynamic economic assessments, particularly
with respect to income stabilization and risk-reduction effects. Closely related to this issue
is the underrepresentation of studies that explicitly account for uncertainty, despite the
central role of yield, price, and weather risks in determining the economic outcomes of
precision farming decisions.

Another notable gap is that most studies focus on individual technologies in isolation,
whereas precision solutions are implemented as integrated systems in practice. Empirical
evidence on technological synergies and diminishing marginal returns remains limited.
Integrated bio-economic and life cycle-based analytical frameworks appear particularly
promising for addressing these limitations.

A limitation of the present review is the geographical concentration of the analyzed
studies, with a strong predominance of evidence from Central Europe and North America.
As a result, the reported economic outcomes reflect production systems characterized by
relatively high input costs, advanced technological infrastructure, and capital-intensive
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farming models. In contrast, the economic performance of precision agriculture in develop-
ing agricultural systems may differ substantially due to lower labor costs, limited access to
technology, and different risk structures. Consequently, the transferability of the reported
results to the Global South remains uncertain. Future research should therefore aim to
expand the geographical scope of economic analyses in precision agriculture to ensure a
more globally representative evidence base.

A limitation of the present review is the inclusion of studies covering a wide temporal
range, which may introduce potential bias related to technological obsolescence. Earlier
studies reflect different cost structures, technological maturity, and market conditions
compared to more recent analyses. While a formal sensitivity analysis was beyond the
scope of this study, the findings suggest that economic performance indicators—particularly
investment costs and return on investment—are likely to have evolved over time due to
declining technology costs and changing market environments. Future research should
therefore explicitly compare economic outcomes across different time periods to assess
temporal trends in the profitability of precision agriculture.

An important implication emerging from this review is the potential presence of the
Jevons effect in precision agriculture systems. The Jevons paradox refers to a situation
where efficiency improvements lead to increased overall resource use due to behavioral or
economic responses. While improvements in input-use efficiency—particularly in nitro-
gen management—can enhance profitability and reduce per-unit environmental impacts,
they may also incentivize the expansion or intensification of production. This creates a
fundamental economic–environmental trade-off, where efficiency gains at the field level
may not necessarily translate into overall environmental benefits at larger scales. As a
result, the sustainability outcomes of precision agriculture cannot be assessed solely on the
basis of technical efficiency improvements. This paradox highlights the need for policy
frameworks that align economic incentives with environmental objectives, ensuring that
efficiency gains do not lead to unintended increases in resource use. The reduction in
environmental external costs also has important policy implications. If these externalities
are internalized through instruments such as carbon pricing or results-based payment
schemes, the economic performance of precision agriculture may be further improved.
In this context, precision farming could generate additional value streams beyond direct
cost savings, particularly for smaller farms, highlighting the role of policy in enhancing
profitability and adoption.

Overall, the systematic literature review indicates that the economic advantages of
precision farming are well substantiated. However, these benefits should not be interpreted
as purely technology-driven. Rather, the future of precision agriculture lies in data-driven
decision-making, managerial capabilities, and adaptive, risk-oriented strategies.

A limitation of this review is the exclusion of studies without quantified economic
outcomes. While this ensures methodological consistency, it may omit cases where tech-
nologies do not lead to measurable yield responses. Such “non-response” situations can be
considered hidden economic costs, highlighting the need for future research to incorporate
agronomic response variability into economic evaluations.

Finally, the market-level and institutional implications of precision data remain insuf-
ficiently explored. Increasing data density, yield forecasting, big data-driven information
flows, and digital decision-support systems may influence not only farm-level outcomes
but also price formation, market volatility, and risk-sharing mechanisms. These effects are
likely to become increasingly relevant under conditions of climate change and growing
market uncertainty.
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5. Future Directions
A key methodological implication emerging from these findings is that precision

agriculture technologies should be analysed jointly rather than in isolation. In practice,
these technologies are implemented as integrated systems, and their economic effects are
unlikely to be purely additive; instead, interaction effects may arise, potentially leading
to diminishing marginal returns as technological intensity increases. For example, the
return on investment of variable-rate seeding may depend on the concurrent application
of variable-rate nitrogen or irrigation. Accordingly, future research should adopt integra-
tive modelling approaches that explicitly account for such system-level interactions and
enable the estimation of marginal economic effects under heterogeneous farm-level and
environmental conditions, thereby conceptualising precision agriculture as a system-level
decision-support framework rather than a set of independent technologies.

An additional research gap concerns the temporal stability of within-field yield zones
under changing climatic conditions. While existing studies identify relatively stable and
unstable zones based on historical data, these patterns may shift over time due to increasing
climate variability and extreme weather events. Future research should therefore adopt lon-
gitudinal approaches that account for climate-induced changes in yield stability, enabling a
more robust assessment of the long-term effectiveness of precision management strategies.

A further important research direction concerns the role of uncertainty and risk in the
economic evaluation of precision agriculture. Although precision farming is frequently
described as a risk-management tool, most existing studies rely on models assuming
stable environmental and market conditions. As a result, the income-stabilizing effects
of precision technologies remain insufficiently quantified under conditions of extreme
weather events and market volatility. Future research should therefore adopt stochastic
modeling approaches that explicitly incorporate climatic variability and price uncertainty,
enabling a more robust assessment of income variability and economic resilience at the
farm level.

A critical review of the methodological approaches applied in the included studies
reveals a clear predominance of model-based and simulation-driven analyses, while empir-
ical, field-based investigations remain comparatively underrepresented. In addition, only a
limited number of studies incorporate advanced analytical techniques such as sensitivity
analysis or stochastic modeling to explicitly address uncertainty. As a result, many reported
economic outcomes are derived under simplified or deterministic assumptions, which
may not fully capture real-world variability. This methodological imbalance highlights an
important research gap and suggests that future studies should place greater emphasis
on empirical validation and uncertainty-aware approaches to provide more robust and
realistic assessments of the economic performance of precision agriculture.
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